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Cervical cancer (CC) is one of the most common malignancies in women. Cancer cells can use metabolic reprogramming to produce macromolecules and ATP needed to sustain cell growth, division and survival. Recent evidence suggests that fatty acid metabolism and its related lipid metabolic pathways are closely related to the malignant progression of CC. In particular, it involves the synthesis, uptake, activation, oxidation, and transport of fatty acids. Similarly, more and more attention has been paid to the effects of intracellular lipolysis, transcriptional regulatory factors, other lipid metabolic pathways and diet on CC. This study reviews the latest evidence of the link between fatty acid metabolism and CC; it not only reveals its core mechanism but also discusses promising targeted drugs for fatty acid metabolism. This study on the complex relationship between carcinogenic signals and fatty acid metabolism suggests that fatty acid metabolism will become a new therapeutic target in CC.
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1 Introduction

Cervical cancer (CC) seriously affects women’s life and health. Globally, approximately 530,000 new cases and 266,000 new deaths are reported annually (1). Early HPV detection and vaccination have greatly reduced the incidence of CC and grade 3 cervical intraepithelial neoplasia (CIN3) in young women (2). Even though CC can be actively prevented, it still remains the second leading cause of cancer-related death among young and middle-aged women (3). The most common histological subtype of CC is cervical squamous cell carcinoma (CSCC) (4), which accounts for approximately 70% of all CC cases in the United States (5) and approximately 90% of CC cases in China (6, 7). SCC Ag is considered to be the most clinically valuable serum tumor marker of SCC, and its levels are usually associated with larger primary tumors, later stage, and lymph node involvement (8–10). Of note, nearly a quarter of CC patients do not have elevated SCC Ag levels (11). Furthermore, almost all CCs are related to high-risk human papillomavirus (HPV) infections, of which nearly 50% are HPV16 infections (12, 13). However, HPV infection is not a requirement. Approximately 3-8% of cases are HPV-negative CC (14–16). The American Joint Committee on Cancer (AJCC) 9th edition TNM CC staging, based on histopathological observations, was updated to reflect HPV-associated and HPV-unrelated carcinomas. Moreover, HPV-independent cervical cancer is usually linked to early lymph node metastasis and is more often diagnosed with nonsquamous histology (17, 18). Interestingly, HPV infection does not always develop into cancer; there must be additional changes. At present, most patients diagnosed with advanced CC miss the opportunity for radical surgery. The standard therapy for locally advanced cervical cancer (LACC) is concurrent chemoradiotherapy (CCRT) (19). However, the prognosis of stage III and IV patients remains poor, with 5-year progression-free survival (PFS) and overall survival (OS) rates of 51% and 55%, respectively (20). Pelvic lymph node metastasis remains an important independent prognostic factor for CC In addition, it is associated with a lower 5-year survival rate and a higher recurrence rate (21–23). However, there is no effective method to control and prevent lymph node metastasis. Although the use of targeted and immunological agents has improved survival to some extent (24, 25), there is still an unmet need for additional treatment for patients with node-positive and recurrent CC. Therefore, it is necessary to explore novel and promising therapeutic targets for CC.

As early as 1956, Otto Warburg found that glucose metabolism differed substantially between normal cells and cancer cells. Even when oxygen is abundant, cancer cells preferentially convert pyruvate to lactate rather than utilizing glucose to produce maximum energy; thus, glucose consumption increases (26). Recently, increasing studies have revealed the metabolic kinetics of cancer and subsequently introduced the concept of metabolic plasticity or metabolic recombination of cancer cells. In addition to the use of glucose, cancer cells undergo a variety of carcinogenic mutations or adaptations to allow the use of more diverse nutrients, including fatty acids, to promote tumor survival, metastasis and disease progression (27). These research achievements have led to renewed interest in defining the various roles of lipid metabolism in cancer. Moreover, the dysregulation of fatty acids and related lipid metabolism pathways can affect the occurrence of a variety of malignant tumors and lead to poor prognosis (28, 29). Interestingly, in previous studies, CC was considered to be related to lipid metabolism, which can promote the occurrence and development of cervical cancer to a certain extent (30, 31).

This review aimed to better understand the roles of fatty acid metabolism and related lipid metabolism pathways in CC. We reviewed a large number of studies, examined the effects of various fatty acid metabolic pathways in CC, and focused on their mechanisms of action and future perspectives (Figure 1 and Table 1).




Figure 1 | Fatty acid metabolism in CC. Exogenous fatty acids are ingested through CD36 and FABP. SREBP1 regulates the expression of ACLY, ACC, FASN, SCD1 and ACSL4 at the transcriptional level. Activated acyl-CoA enters mitochondria via CPT to participate in β-oxidation and generate acetyl-CoA. Eventually, acetyl-CoA enters the TCA cycle to produce ATP. In CC, CD36 promotes the Src/ERK1/2 pathway, FABP4 promotes the AKT/GSK3β/Snail pathway, FABP5 promotes the NF-κB pathway, FASN promotes the c-Src/PI3K/AKT/FAK pathway, and SCD1 promotes the Akt/GSK3β pathway to regulate the progression of cervical cancer. Abbreviations: TCA cycle, tricarboxylic acid cycle; CD36, cluster of differentiation 36; FABP, FA-binding protein; SREBP1, sterol regulatory element-binding protein 1; ACLY, ATP–citrate lyase; ACC, acetyl-CoA carboxylase; FASN, fatty acid synthase; SCD1, stearoyl-CoA desaturase-1; MUFAs, monounsaturated fatty acids; ACSL4, long-chain acyl-CoA synthetases 4; CPT1, carnitine palmitoyltransferase 1; ATGL, adipose triglyceride lipase; HSL, hormone-sensitive lipase; MAGL, monoglyceride lipase; SSO, an inhibitor of CD36; OA, oleic acid; OGT, O-linked N-acetylglucosamine transferase; C75, cerulenin, orlistat, the inhibitors of FASN; eugenol, an inhibitor of CPT1; JZL184, an inhibitor of MAGL.




Table 1 | Role of fatty acid metabolism and related lipid metabolism pathways in cervical cancer (CC).






2 Targeting de novo fatty acid synthesis

A well-studied aspect of cancer metabolism is the upregulation of de novo fatty acid synthesis (60). Unlike normal cells, tumor cells shift lipid acquisition from fatty acid uptake to enhanced de novo fatty acid synthesis to acquire characteristics of unlimited proliferation, thus providing survival advantages for tumor cells and inducing tolerance to radiotherapy and chemotherapy (61, 62). The production of nascent fatty acids is mediated by a variety of enzymes, including fatty acid synthase (FASN), stearoyl-CoA desaturase 1 (SCD1), ATP-citrate lyase (ACLY), and acetyl-CoA carboxylase (ACC). Here, we study their respective mechanisms of action in CC.



2.1 Fatty acid synthase (FASN)

Enhanced expression of fatty acid synthesis enzymes is one of the important metabolic adaptations in some malignant tumors (60, 63). For example, free fatty acids promote the proliferation and invasiveness of estrogen receptor alpha-positive breast cancer cells by activating the mTOR pathway (64). In addition, studies have shown that elevated fatty acid synthesis levels may be an early metabolic deregulation in Myc-driven prostate cancer (63). Xu et al. demonstrated that plasma fatty acid composition levels are highly likely to be potential biomarkers for ovarian cancer and other gynecological tumors (65, 66). Carcinogenic transformation is closely related to fatty acid metabolism (67). Because it provides a large amount of energy for the proliferation of malignant tumors, FASN, as the hub of lipid metabolism, plays an increasingly prominent role in tumors with lipid-rich phenotypes. In fact, a series of new FASN inhibitors have been designed. Interestingly, an experiment confirmed that the expression of FASN was upregulated in patients with CC and was associated with lymph node metastasis (28). Additionally, the correlation between the expression of FASN and clinicopathological features was evaluated, and FASN was identified as an independent prognostic factor in patients with CC by multivariate Cox proportional hazard analysis. The specific mechanism involves the ability of FASN to regulate cholesterol reprogramming, which leads to disordered lipid raft-related c-Src/PI3K/AKT/FAK signaling and further increases the invasiveness of CC cells (28). This mechanism has also been elucidated in ovarian cancer (68, 69). In addition, FASN induces lymphangiogenesis through the production of PDGF-AA/IGFBP3.Meanwhile, the FASN inhibitors cerulenin and C75 can significantly inhibit lymph node metastasis of CC (28). Although cerulenin has effects on various types of tumors in vitro and in vivo, the high activity and off-target activity of cysteine reactive epoxides hinder their clinical development, and the side effects of cerulenin and C75 in mice also include serious weight losses (70, 71). Another FASN inhibitor that has been widely investigated is orlistat, which is an anti-obesity drug approved by the FDA that has been proven to be effective in tumor biology (72, 73). Interestingly, a study demonstrated that the expression of FASN in CC was higher than that in cervical benign lesions and increased with the increase of the disease stage; however, statistical results showed no significant correlation between the expression of FASN and the grade of cervical lesions. However, in cell experiments, orlistat significantly inhibited the growth and proliferation of CC cells, and this effect was more significant in HPV16-positive and HPV18-positive CC cells. The mechanism underlying these effects was not related to necrosis but was related to apoptosis (32). One of the reasons for this result is that the sample size of this study was relatively small, and it may also be possible that FASN plays an important role in early tumor transformation. However, previous studies have shown that the expression of FASN is related to epithelial-mesenchymal transformation (EMT). FASN can promote EMT in breast cancer, while inhibition of FASN can reverse the EMT process (74). These results are compatible with those of other studies showing that the FASN inhibitor orlistat inhibits CC cell proliferation and blocks lymph node metastasis (30, 33). However, oral orlistat can cause significant gastrointestinal dysfunction, such as fat leakage and abdominal distention (75). Considering the important role of FASN inhibitors in cancer, researchers designed new protocols, such as nanoencapsulation, to improve their oral bioavailability and solubility (76).

To overcome the shortcomings of first-generation FASN inhibitors, researchers have focused on designing FASN inhibitors with superior selectivity, reversibility and nonreactivity to improve drug performance. For example, JNJ-54302833, GSK2194069, IPI-9119, and TVB-2640 have been developed, but only TVB-2640 was used in clinical trials (77). Moreover, treatment with TVB-2640 has shown potent effects in all kinds of solid tumors, including breast cancer, KRAS-mutated non-small cell lung cancer, and CC, and the combination of TVB-2640 and paclitaxel has shown effective target binding (78). Moreover, TVB-2640 is well tolerated, and adverse effects can be reversed when the drug is discontinued (79). A clinical trial involving TVB-2640 in combination with paclitaxel and trastuzumab in HER2-positive advanced breast cancer is under evaluation (80).

Certainly, FASN inhibitors are not universal, there are differences in sensitivity to different metabolic inhibitors and in metabolic characteristics of different tumors and different subtypes of the same tumor. Therefore, it is necessary to clearly understand the metabolic susceptibility of different tumors. After metabolite analysis, pancreatic cancer cells can be divided into three subtypes, namely, the low-proliferative subtype, the lipogenic subtype and the glycolytic subtype. Only the lipogenic subtype shows good sensitivity to FASN inhibitors, indicating the plasticity of the metabolic network of cancer cells (81). Therefore, to accurately predict the sensitivity of cancer cells to FASN inhibitors, we first need to understand the interactions between the different metabolic networks of cancer cells.




2.2 ATP-citrate lyase (ACLY)

ACLY catalyzes the conversion of citrate to oxaloacetate and acetyl-CoA. A variety of ACLY inhibitors have been used to treat hyperlipidemia (82, 83). ACLY is a key enzyme linking fatty acid synthesis with glycolysis. ACLY has been shown to be highly expressed in a variety of cancers (84), and its inhibitor has a more significant anticancer effect in high-glycolytic cells (85). The PI3K/Akt pathway plays an important role in CC (86). Hyperglycolysis promotes tumor growth by increasing ACLY levels and fatty acid synthesis through the activation of PI3K/Akt signaling (85). Caffeic acid combined with metformin downregulates the expression of the ACLY protein by activating AMPK, which further reduces fatty acid synthesis, resulting in an increase in the apoptosis rate of metastatic cervical HTB-34 cells (87). Mei et al. showed that the level of ACLY was increased in CC cells. Furthermore, miR-22 could mediate the downregulation of ACLY and accelerate the apoptosis of CC cells. It was also found that the tumor weight in mice treated with miR-22 was much lower than that in the control group. The mechanism underlying these effects may be that miR-22 reduced the ability of de novo lipid synthesis by inhibiting the expression of ACLY, thus inhibiting the proliferation and invasion of cancer cells (34). The combination of an AMPK activator and an ACLY inhibitor may be another strategy for cancer treatment (88). There are few studies on targeting ACLY in the treatment of CC, but it is undeniable that it may be a powerful potential target for the treatment of CC.




2.3 Acetyl-CoA carboxylase (ACC)

ACC is a rate-limiting enzyme that catalyzes the formation of malonyl-CoA from acetyl-CoA. There are two subtypes of mammalian ACC, ACCα (ACC1 or ACACA) and Accβ (ACC2 or ACACB) (89). While ACCα is enriched in adipose tissue (90), ACCβ mainly exists in oxidized tissues (91). These expression patterns determine the difference in its metabolism in different tissues. Gu et al. performed immunohistochemical staining of CD147, a transmembrane glycoprotein, in 85 cases of CC and 24 cases of normal cervical epithelia. CD147 was highly expressed in CC, with a positive rate of 78.7%. In vitro experiments showed that CD147 could promote the proliferation and lymph node metastasis of CC cells. The mechanism involves the reprogramming of lipid metabolism by CD147 through FAS and ACC1. After CD147 knockdown, the lipid content of CC cells was markedly reduced, and the migration ability of cancer cells was also greatly reduced (33). Li et al. reported that SIRT3 could accelerate lipid synthesis by upregulating ACCα in CC oncogenic tissues, thereby increasing their invasion. Moreover, in an allograft mouse model, the tumors were significantly larger in the high SIRT3 expression group than in the SIRT3 knockout group (35). Consistent with this finding, studies have shown that the level of ACACA is upregulated in CC cells. Silencing ACACA can accelerate the apoptosis of CC cells (36). Previous studies have shown that berberine can inhibit the proliferation of CC cells by reducing the activity of ACC and the synthesis of intracellular fatty acids, resulting in the decreased production of extracellular vesicles (37). Similarly, metformin can activate AMPK and downregulate ACCα levels in CC cells to inhibit lipid synthesis, thereby inhibiting tumor growth (87). Interestingly, silencing ACCα or ACCβ can promote NADPH-dependent redox balance, leading to the accelerated growth of lung cancer cells (92). At the same time, ACC levels may be useful for predicting the prognosis of some patients undergoing anticancer treatment. A MITO phase III trial found that the increase in the phosphorylation level of ACC predicted poor outcomes in patients with ovarian cancer treated with paclitaxel/carboplatin (93). The role of ACC in tumors is complex, but these indicate that targeting ACC is a potential therapeutic strategy for CC. However, to date, no ACC inhibitor has reached the stage of clinical trials for gynecological cancers.




2.4 Stearoyl-CoA desaturase-1 (SCD1)

The transformation of saturated fatty acids to monounsaturated fatty acids requires the catalysis by SCD1, which can promote the occurrence of a variety of tumors and accelerate their malignant progression. However, cancer progression may result from an imbalance between unsaturated and saturated fatty acids (94, 95). The expression level of SCD1 is highly upregulated in several malignancies, such as ovarian (96, 97), gastric (98), and lung cancer (99), and is associated with poor prognosis. SCD1 targeting or gene knockout can significantly inhibit tumor growth and restore cisplatin resistance (99–101). Wang et al. analyzed the role of SCD1 in CC using the GEPIA database. A total of 306 CC samples and 13 normal samples were included. It was found that the expression levels of SCD1 in CC tissues were high and were related to the overall survival time and staging of patients. At the same time, the low expression of KLF9 was found in advanced CC and negatively correlated with that of SCD1. The final results showed that the expression of KLF9/SCD1 could regulate the Akt/GSK3-β signaling pathway in CC cells and affect the proliferation, invasion and EMT process of CC cells. This phenomenon can be suppressed by knocking out SCD1 (38). Studies have also shown that SCD1 can regulate the level of miR-1908, and its high expression levels can promote the proliferation and invasion of CC cells (59, 102). Interestingly, a study has shown that metformin can downregulate SCD1 expression, thereby inhibiting CC cells (87). Notably, SCD1 protects tumor cells from ferroptosis (103). Therefore, targeting SCD1 provides a new idea for the treatment of CC. To date, however, virtually no SCD1 inhibitors have been clinically tested as cancer therapies in humans.





3 Targeting fatty acid uptake

The growth of tumor cells depends on the intake of exogenous fatty acids, which can promote tumor progression and metastasis (104). The intake of exogenic fatty acids mainly depends on FABP, LDLR, and CD36, which is a member of the FATP family (105). CD36 is negatively linked to the prognosis of patients and is an important biomarker of malignant tumors (106). Previous studies have demonstrated that CD36 levels are upregulated in some malignancies, such as ovarian cancer (104), breast cancer (107), gastric cancer (108), oral cancer (109), melanoma (110), and colorectal cancer (111), to maintain cancer cell progression and metastasis. In one experiment, 133 cases of CC and 47 cases of normal cervical tissues were evaluated. In normal cervical tissues, CD36 expression was detected only in 19.15% of tissues (9/47), while in CC cases, CD36 immunoreactivity was detected in 73.68% of tissues (98/133). The evaluation results showed that CD36 was closely associated with CC progression. High CD36 levels are associated with enhanced EMT, tumor differentiation and lymph node metastasis through synergistic interactions with TGF-β (39). Another study showed that dietary oleic acid, was linked with an increase in malignant tumors in HeLa cells. Oleic acid induced the activation of Src kinase and the downstream ERK1/2 pathway in a CD36-dependent manner, and the overexpression of CD36 in HeLa cells aggravated tumor growth and invasion in xenograft mice. The CD36 inhibitor sulfonyl-n-succinic acid oleic acid (SSO) can specifically and irreversibly bind to CD36 and reverse the process of malignant transformation by inhibiting the uptake of fatty acids (40). Increasing expression level of miR-1254 could inhibit the invasion of SiHa and CaSki cells. Additionally, the increase in the expression of CD36 significantly enhanced the proliferation of CC cells, and the increase in the expression of CD36 reversed the inhibitory effect of miR-1254 (41). Similarly, An et al. confirmed that the expression of CD36 in CSCC tissues was higher than that in normal cervical tissues, and the change in CD36 expression level was a unique feature associated with HR HPV infection. HR HPV infections could promote the tumorigenesis and progression of CC and are associated with shorter recurrence-free survival (42). In conclusion, we predict that CD36 is a breakthrough target for the treatment of CC.




4 Targeting fatty acid activation

Fatty acids need to be converted into acyl-CoA to be activated before lipid synthesis and oxidation. The enzyme mediating this process is long-chain acyl-CoA synthetase (ACSL), which can activate the most abundant long-chain fatty acids (112, 113). There are 5 subtypes of ACSL in mammals (ACSL1, ACSL3, ACSL4, ACSL5 and ACSL6), each with specific functions. Among them, ACSL4 is the best studied. ACSL4 can promote uncontrolled cell growth and enhance tumor escape from programmed cell death and invasion (112, 114, 115). ACSL4 is highly expressed in ovarian (116), prostate (113), liver (117), breast (118) and other tumors and is associated with poor prognosis. Interestingly, oleanolic acid (OA), which is naturally present in plant fruits and leaves, enables dramatic inhibition of the mass and volume of CC tumors in mice, and ACSL4 expression remains highly upregulated in CC cells and xenograft models treated with OA. When the level of ACSL4 is inhibited by siRNA, OA no longer has the ability to inhibit cancer cells (48). The mechanism underlying these effects may be that OA promotes ferroptosis by upregulating ACSL4 levels. Circular RNA (circRNA) has been shown to limit the progression of malignant tumors. Circular RNA (CircLMO1) has been demonstrated to promote ferroptosis induced by the high expression of ACSL4 in CC cells and prevent the growth and invasion. Additionally, ACSL4 knockdown abolished the inhibitory effect of CircLMO1 on CC cells (49). Zhao et al. demonstrated that ACSL4-mediated ferroptosis plays an essential role in the effect of the combination of paclitaxel and propofol against cancer (50). More interestingly, Li et al. demonstrated that the expression of ACSL4 was significantly lower in patients with lung adenocarcinoma, and the prognosis was poor compared with that in patients with high expression of ACSL4 (119). By contrast, some studies have also proven that the high expression of ACSL4 promotes the development of lung cancer. Owing to the heterogeneity of tumors, the role of ASCL4 in different cancers is not consistent, and the mechanism of ACSL4 in cancer promotion and inhibition is complex and variable. However, targeting ACSL4 can regulate tumor progression, so ACSL4 is very likely to be a novel target for treatment.




5 Targeting fatty acid oxidation

Fatty acid oxidation (FAO) must first occur through the action of carnitine palmitoyl transferase (CPT), which is composed of CPT1 and CPT2 located in the outer and inner membranes of mitochondria. CPT1 has three isoforms, CPT1A, CPT1B and CPT1C (120, 121). Recently, FAO has been suggested to be closely linked to cancer progression, proliferation and drug resistance. ATP is significantly decreased by blocking FAO in cancer cells (121–123). CPT1A is highly expressed in prostate cancer (124), nasopharyngeal carcinoma (125, 126), glioblastoma (127), etc. Inhibition of CPT1A significantly inhibits tumor growth, improves survival, and increases the sensitivity of nasopharyngeal carcinoma to radiotherapy (125). Almost all CCs are associated with high-risk HPV infections, and HPV16 is responsible for nearly 50% of infections (12, 13). The level of CPT1A in HPV16-positive CC tissues was reported to be markedly higher than that in normal tissues, suggesting that CPT1A could promote cervical cancer progression through lipid metabolism modifications (51). The overexpression of adipose-triglyceride lipase (ATGL) was also found to be dependent on the induction of hypoxia-inducible factor-1α (HIF1α) by reactive oxygen species (ROS), which are mediated by increased mitochondrial FAO to promote CC cell proliferation (52). Xiao et al. demonstrated that SIRT3 can promote the invasion of CC cells by activating the AMPK/PPAR pathway (128). Notably, AMPK activators and PPAR activators can induce CPT1 expression, thereby enhancing FAO (129, 130). In a phase III clinical trial conducted in a resource-scarce environment, eugenol, a CPT1 inhibitor, as one of the ingredients of antiviral AV2, was slightly effective in inducing the regression of cervical precancerous lesions, although there was no statistically significant difference between the treatment and placebo groups. However, this lack of statistical significance may change in a later stage in a high-resource environment and by expanding the sample size (131). Research on the involvement of CPT in cervical cancer seems to have received little attention, but it may bring new insights into the treatment of CC.




6 Targeting the intracellular transport of fatty acids

Fatty acid-binding proteins (FABPs) are a series of lipid chaperones and members of the superfamily of intracellular lipid-binding proteins. These proteins are mainly involved in the transport of intracellular fatty acids between organelles and promote fatty acid solubilization and metabolism. Recent studies have found that FABPs play an increasingly prominent role in oncology, and tumor progression and invasion may be linked to an elevated level of an exogenous FABP (132). A study has shown that circulating levels of A-FABP, also known as FABP4, are significantly higher in obese patients with breast cancer than in those without breast cancer, and circulating A-FABP enhances tumor stemness and aggressiveness by activating the IL-6/STAT3/ALDH1 pathway (133). FABPs are found not only in breast cancer but also in ovarian cancer (134, 135), acute myeloid leukemia (136), and liver cancer (137, 138). Interestingly, both FABP4 and FABP5 seem to play a role in CC. Real-time quantitative PCR and western blotting were used to evaluate the expression of FABP5 in 206 CC and 40 normal cervical tissues, and the mRNA and protein expression of the FABP5 was found to be significantly upregulated in CC tissues (P<0.05). In vitro experiments with silenced FABP5 showed that cell proliferation and migration were significantly decreased. In an in vivo xenograft model and lung metastasis model, the tumor formation ability of mice was significantly reduced (P<0.001), and tumor metastasis in each side of the lung lobe was also significantly reduced (P<0.001). The mechanism may involve the promotion of the occurrence and metastasis of CC through the upregulation of MMP-2 and MMP-9 (139). Consistent with the results of Liu et al, an experiment found that FABP5 expression was significantly upregulated in CC with lymph node metastasis, and FABP5 was an independent prognostic factor in multivariate Cox proportional risk model analysis. A Kaplan-Meier survival curve and log-rank test showed that patients with high FABP5 expression had significantly lower RFS and OS. In nude mice with lymph node metastasis, FABP5 knockdown resulted in a higher survival. Mechanistically, FABP5 expression promotes the invasion, EMT, and lymphangiogenesis by increasing the levels of intracellular fatty acids in CC to activate NF-κB signaling. Treatment with orlistat suppresses this effect (43). Previous work has suggested that high expression of FABP5 is positively correlated with the existence of lymph node metastasis in CC (44, 45). An experiment found that the long noncoding RNA LNMICC could promote the tumor growth, CC cell proliferation and lymph node metastasis by recruiting NPM1 to the promoter of FABP5 (46). Additionally, Jin et al. found that the FABP4 level in CSCC was strikingly higher than that in normal tissue (47), which is in line with the conclusions of previous investigations (140, 141). Moreover, the elevation of FABP4 has been shown to promote EMT through the activation of the AKT/GSK3β/Snail pathway in CSCC. Li et al. screened 243 genes related to lymph node metastasis in 178 TCGA CC samples and analyzed these genes by univariate and multivariate Cox regression analyses of FABP4 (HR=1.582, P < 0.001) FABP4 (HR=1.384, P=0.024). It was proven that FABP4 could be used as a prognostic factor to evaluate OS. Cell experiments also showed that FABP4 could promote the occurrence of lymph node metastasis by activating the AKT signaling pathway, thus accelerating the process of EMT (140). FABPs are undoubtedly potential biomarkers or targets in patients with CC.




7 Targeting the intracellular lipolytic pathway

It has been reported that intracellular lipolysis may be closely related to the survival and growth of tumor cells. Lipolysis is the process in which triglycerides stored in fat cells are hydrolyzed to produce fatty acids, thereby supplying internal or whole-body energy (142–144). This process occurs through the actions of ATGL, hormone-sensitive lipase (HSL) and monoglyceride lipase (MAGL) in turn. However, the role of lipase in cancer is still unclear. Various exceptional literature reports and reviews have also elaborated the association between lipases and cancer (144–146), among which the relationship between MAGL and cancer has been discussed the most. Castelli et al. showed that the expression of ATGL in CC was extremely high, they verified their results by bioinformatics analysis of a large human cervical cancer sample data set on an Affymetrix-U133-plus2.0 array and found that the expression level of ATGL was positively correlated with the grade of CC. Additionally, ATGL promotes tumor cell proliferation and invasion through ROS production and HIF1α induction (52). Meanwhile, HIF1α is also closely related to radiotherapy resistance and paclitaxel resistance in CC (147, 148). One study demonstrated that 2,4-dienyl-CoA reductase (DECR1) enhanced the expression of HSL to increase lipolysis and thus promote the release of fatty acids, leading to malignant progression of CC (53). Interestingly, a study also showed that the level of MAGL was upregulated in CC cells and tissues. The use of the MAGL inhibitor JZL184 or gene knockout induces apoptosis in CC cells by mediating the downregulation of Bcl-2 and the upregulation of cleaved caspase-3 and Bax (54). Lipase may be a promising target to treat CC and alleviate its drug resistance.




8 Targeting transcriptional regulators of fatty acid metabolism

In addition to FASN, another key factor worth noting is sterol regulatory element binding protein 1 (SREBP-1). SREBP-1 activation promotes the expression of FASN, ACC, and SCD1, thereby enhancing lipid synthesis (149). SREBP binds to SREBP cleavage–activating protein (SCAP) in the ER and is negatively regulated by endogenous sterol levels (150). When sterols are abundant, insulin-induced genes (INSIGs) bind tightly to SCAP and restrict SREBP to the endoplasmic reticulum. Once sterol levels drop, INSIGs dissociate from the SCAP protein, and the SREBP-SCAP complex enters the Golgi. These proteins are sequentially cleaved at the Golgi by site-1 and site-2 proteases (S1P and S2P). This releases the N-terminus of SREBP, which eventually binds to sterol response elements (SREs) in the nucleus to activate transcription (Figure 2) (150, 151). Several excellent reviews have elucidated the role of SREBP-1 in cancer, and tumor proliferation can be inhibited by knocking down or inhibiting SREBP-1 expression (62, 149, 152). One experiment proved that the level of SREBP-1 was high in CC cells, and quercetin (a naturally occurring polyphenolic flavonoid) could reduce the levels of SREBP-1 and its transcriptional targets by reducing the O-GlcNAcylation of AMPK. Thus, the growth of CC cells are inhibited and apoptosis is induced (Figure 3) (55). This is compatible with several studies suggesting that AMPK activation leads to the phosphorylation of SREBP-1, which slows cancer progression by inhibiting its nuclear translocation and the transcription of target genes (153, 154). Interestingly, O-GlcNAcylation-mediated inactivation of AMPK also accelerated the growth of colon cancer cells (155). An experiment also showed that O-linked N-acetylglucosamine transferase (OGT) upregulated the expression of O-GlcNAcylated LXRs and increased sCLU (a glycoprotein) levels by inducing SREBP-1 expression to regulate apoptosis, the cell cycle and cisplatin resistance (Figure 3) (56). Interestingly, Yang et al. showed that the levels of human hydroxysteroid dehydrogenase 2 (HSDL2) in CC tissues were significantly higher than those in normal tissues and HSDL2 upregulated the expression of FASN, ACSL and SREBP-1, thus inducing stronger invasiveness of CC. When SREBP-1 was knocked down, the proliferation and migration of CC cells were significantly inhibited (156). As a transcriptional regulator of lipid metabolism, SREBP-1 may become a new therapeutic breakthrough.




Figure 2 | SREBP binds to SCAP in the ER and is negatively regulated by endogenous sterol levels. When sterols are abundant, INSIGs bind tightly to SCAP and restrict SREBP to the endoplasmic reticulum. Once sterol levels drop, INSIGs dissociate from the SCAP protein, and the SREBP-SCAP complex enters the Golgi. These proteins are sequentially cleaved at the Golgi by S1P and S2P. This releases the N-terminus of SREBP, which eventually binds to sterol response elements (SREs) in the nucleus to activate transcription.






Figure 3 | Schematic representation of quercetin- and OGT-mediated effects on adipogenesis and cell growth in CC. Quercetin could reduce the expression of SREBP-1 and its transcriptional targets by reducing the O-GlcNAcylation of AMPK. Thus, the growth of CC cells is inhibited and apoptosis is induced. OGT upregulated the expression of O-GlcNAcylated LXRs and increased sCLU levels by inducing SREBP-1 expression. Thus, CC cells become resistant to chemotherapy drugs such as cisplatin. LXRs, liver X receptors; sCLU, secretory clusterin.






9 Targeting other lipid metabolic pathways

Lipids are a class of substances that are insoluble in water and include glycerol phosphates, triglycerides, sterols, and sphingolipids (157). A large number of studies have proved that disorders of lipid metabolism are closely related to the occurrence of various cancers. It is worth noting that the relationship between phospholipids and cholesterol levels and cancer has received much less attention in the past. However, research has shown that lysophosphatidic acid (LPA) may be a potential biomarker of gynecological cancer (65). LPA is a glycerophospholipid that stimulates cell migration and tumor cell invasion. Interestingly, Sui et al. showed that the serum LPA level in cervical cancer patients was significantly higher than that in healthy people, which was consistent with the results of Xu et al. (65), and found that LPA stimulated the progression of CC through the Ras/Raf1/MEK/ERK pathway. Noticeably, LPA could block the alterations in the caspase-3 enzyme activity caused by cisplatin, resulting in the resistance to cisplatin-induced apoptosis (57). An experiment also showed that LPA markedly reduced the expression level of the caspase-3 protein in doxorubicin hydrochloride-induced CC cells and protected CC cells from doxorubicin hydrochloride-induced apoptosis (58). These results provide sufficient experimental basis for the possibility of using LPA as a therapeutic target for CC. Lipogenesis generally includes fatty acid synthesis and the mevalonate pathway, the latter referring to isoprenoid and cholesterol synthesis. It is well known that acetyl-CoA is the raw material for the synthesis of fatty acids and cholesterol (158). Studies have shown that HMG-CoA inhibitors, statins, can not only reduce cholesterol levels but also inhibit cell proliferation and chemical resistance in gynecological cancers, including CC (159). At the same time, an experiment has found an unexpected link between fatty acid metabolism and cholesterol metabolism (160). MiR-1908 is a miRNA located in the intron of fatty acid desaturase 1 gene. It has been found that miR-1908 is highly expressed in CC, ovarian cancer, breast cancer and other tumors and is related to their poor prognosis. It is interesting that the expression of miR-1908 is regulated by free fatty acids, cholesterol, SCD1 and other factors (59). Liu et al. proved that FASN, a key enzyme in fatty acid synthesis, was highly expressed in patients with CC and found that FASN could regulate cholesterol metabolism, increase total cholesterol and free cholesterol when overexpressed, lead to lipid raft reprogramming and actin remodeling, and help enhance the invasion and migration of CC cells. After targeted inhibition of FASN, the total amount of cholesterol and free cholesterol decreased, thus effectively reducing the lymph node metastasis of CC (28). A recent experiment showed that the mechanism of FASN regulation of cholesterol metabolism in liver cancer was similar to this mechanism (161). The interference between these metabolic pathways provides more possibilities for targeted therapy of CC.




10 Dietary interventions

In several large studies, obesity and a high body mass index have been found to be positively associated with the development of CC (162, 163). These studies have also proved that the diet influences the occurrence and progression of cancer, and the level of fatty acid intake has been shown to contribute to these effects (164–166). Among fatty acids, omega-3 polyunsaturated fatty acids (ω-3 PUFAs), such as α-linolenic acid (α-ALA), docosahexaenoic acid (DHA), and eicosapentaenoic acid (EPA), are widely believed to have triglyceride-lowering and anti-inflammatory properties, whereas ω-6 PUFAs, including linoleic acid (LA) and arachidonic acid (AA), are thought to be involved in proinflammatory mechanisms (167–169). One study showed that increased consumption of ω-3 PUFAs (EPA) in men with prostate cancer reduced tumor vascularization and inhibited the progression of prostate cancer (170). Similarly, ω-3 PUFAs inhibit the invasion of gastric cancer through the COX-1/PGE3 signaling axis, and ω-6 PUFAs enhance the potential of malignant metastasis through COX-2/PGE2 (171). A randomized controlled study suggested that increasing the intake of ω-3 PUFAs was effective in maintaining the nutritional status and skeletal muscle mass in women with CC and alleviating the toxicity of chemoradiotherapy (172). α-ALA inhibits the growth of CC cells by downregulating the expression of HPV oncoproteins E6 and E7, thereby restoring the expression of Rb and p53 (173). Notably, DHA could induce the apoptosis of CC cells by reducing the levels of the anti-apoptotic proteins Bax, cleaved caspase-3 and Bcl-2 and regulate the levels of VEGF and MMP-9 to control the invasion of CC cells (174). However, excessive intake of ω-3 PUFAs may result in immunosuppression and other adverse effects. Since ω-3 PUFAs and ω-6 PUFAs are both essential fatty acids, it is necessary to reasonably adjust the diet, aiming to control their appropriate levels. Olive oil, a component of the Mediterranean diet, has recently been found to have antitumor effects in breast, prostate and other cancers (175). The main ingredient in olive oil is oleic acid (OA), which has recently been found to promote the progression of CC in vitro and in vivo (40, 176). However, Muhammad et al. found that monounsaturated and diunsaturated fatty acids could improve the sensitivity of obese patients with CC to radiotherapy, and the tumor volume was significantly reduced in a mouse xenograft tumor model treated with oleate and radiotherapy compared with that in the radiotherapy alone group. The supplementation of oleate and linoleate during radiotherapy increases the expression of P53, PPARγ, and CD36 to support increased free fatty acid uptake, thereby regulating the cell cycle and inducing apoptosis (177). However, these contradictory results make the effect of dietary olive oil or OA on cancer inconclusive. Complex interactions between environmental factors and genetics may partially explain this phenomenon. At a later stage, much research is still needed to explain the link between dietary olive oil or OA and cancer. Certainly, a diet combined with other treatments may have greater potential for the treatment of CC.




11 Conclusion

Lipid reprogramming has been widely confirmed as an important marker of CC that can act on membrane production, energy production and signal transduction to control cell growth, differentiation and motility. This review analyzed in detail the involvement of various pathways of fatty acid metabolism in CC. Targeting or knocking down proteins or enzymes involved in the process of fatty acid metabolism can effectively limit the growth and progression of CC cells, inhibit lymph node metastasis to a certain extent, improve the sensitivity of CC to chemoradiotherapy, and significantly improve the treatment effect and prognosis. Therefore, targeting fatty acid metabolism is extraordinarily attractive for the treatment of CC to achieve precise antitumor effects. However, due to the plasticity of tumor fatty acid metabolism, few preclinical studies can be effectively applied to the clinical field. A novel combination strategy or strict diet provides promising prospects. Further experiments to investigate the dynamic relationship between fatty acid metabolism reprogramming and CC and to overcome the complexity and plasticity of fatty acid metabolism in cancer are extremely important. Although this road is tortuous, fatty acid metabolism and its related lipid metabolism pathways are expected to become new targets for CC treatment.
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Cancer-associated cachexia (CAC) is a major characteristic of advanced cancer, associates with almost all types of cancer. Recent studies have found that lipopenia is an important feature of CAC, and it even occurs earlier than sarcopenia. Different types of adipose tissue are all important in the process of CAC. In CAC patients, the catabolism of white adipose tissue (WAT) is increased, leading to an increase in circulating free fatty acids (FFAs), resulting in “ lipotoxic”. At the same time, WAT also is induced by a variety of mechanisms, browning into brown adipose tissue (BAT). BAT is activated in CAC and greatly increases energy expenditure in patients. In addition, the production of lipid is reduced in CAC, and the cross-talk between adipose tissue and other systems, such as muscle tissue and immune system, also aggravates the progression of CAC. The treatment of CAC is still a vital clinical problem, and the abnormal lipid metabolism in CAC provides a new way for the treatment of CAC. In this article, we will review the mechanism of metabolic abnormalities of adipose tissue in CAC and its role in treatment.
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1 Introduction

Cancer-associated cachexia (CAC) is a “multifactorial syndrome” characterized by increased catabolism, weight loss, and decreased skeletal muscle mass and strength (with or without adipose tissue loss) (1). CAC associates with almost all types of cancer and accounts for a quarter of cancer-related deaths (2). Prevalence of cachexia ranges 50 to 80% in advanced cancer (3). CAC is a continuum with three stages of clinical relevance: precachexia, cachexia, and refractory cachexia. Patients who have more than 5% loss of stable body weight over the past 6 months, or a body-mass index (BMI) less than 20 kg/m² and ongoing weight loss of more than 2%, or sarcopenia and ongoing weight loss of more than 2%, but have not entered the refractory stage, are classified as having cachexia (1). Early CAC can also occur in patients with curable cancer and can be reversed by appropriate treatment (4). However, we often do not diagnose CAC in cancer patients until weight loss has occurred, and there are still few methods for early diagnosis of CAC.

CAC is due to the negative energy balance metabolic changes caused by higher energy demand from the tumor and reduced calorie intake of the host, including inflammation, increased catabolism and excessive energy consumption (5–7). It can lead to multi-organ functional disturbance, which is associated with increased susceptibility to infection, higher incidence of metastasis, decreased response of cancer cells to treatment, decreased quality of life, and poor prognosis (1, 8–11). CAC is affected by endogenous and environmental factors, such as complications, genetic risk factors, gender, age, and anti-tumor treatment (12–14). It has been pointed out that tumor or host derived cytokines can affect the metabolism of CAC (15). Cachexia mainly damages skeletal muscle, adipose tissue, liver, brain, intestine, pancreas, bone, and heart (16). The metabolic disorders can further aggravate this multifactorial syndrome (17).

There are many changes in adipose tissue metabolism in cancer patients. Increasing evidence demonstrates that adipose wasting occurs before muscle loss in the early stage of CAC (18). No matter what the patient’s weight is, fat loss is an adverse prognostic factor for terminal cancer (19). Studies have shown that the changes of adipose tissue morphology and function in CAC patients have important clinical significance, preserving adipose mass and correcting abnormal lipid metabolism in CAC represents a promising therapeutic strategy (20).

However, the knowledge about mechanisms of abnormal lipid metabolism in CAC is still limited. In this review, we summarized the classification and characteristics of adipose tissue and the changes of them in patients with CAC. Finally, we described existing therapeutic approaches and discussed potential new strategies that arose by targeting the link between adipose tissue and cachexia, with a view to providing directions for future clinical treatment of CAC.




2 Adipose tissue

Adipose tissue is a large, interactive multi-chamber organ with clear histological and anatomical structure (21). Mature adipocytes account for only one-third of adipose tissue, and the remaining two-thirds of adipose tissue are composed of nerves, blood vessels, fibroblasts, and adipocyte precursor cells (22). It was found that adipose tissue not only played multiple and complex roles in mechanical buffering and energy storage, but also had paracrine and endocrine functions as an important secretory organ (23, 24). It can regulate energy balance and homeostasis in vivo from many aspects, including appetite, inflammation, insulin sensitivity, and lipid metabolism (25). Nowadays, increasing evidence shows that there are changes in lipid metabolism in patients with CAC.

According to its distribution, adipose tissue can be divided into subcutaneous adipose tissue (SCAT) and visceral adipose tissue (VAT), which have different anatomical, metabolic and endocrine characteristics. SCAT accounts for about 80% of total body fat in healthy adults (26). SCAT can be further divided into superficial SCAT and deep SCAT (27). VAT is mainly distributed in the abdominal cavity and retroperitoneum. The metabolic functions of VAT and SCAT are quite different. For example, compared with SCAT, visceral adipocytes have more active metabolism and greater lipolysis activity. Adipocytes of VAT have stronger insulin resistance than those of SCAT (28, 29). At the same time, SCAT is the main source of leptin production (26). Excess energy accumulates in adipocytes of SCAT, which acts as a metabolic pool. Visceral fat accumulation occurs only when SCAT capacity is insufficient or damaged.

According to functional characteristics, adipose tissue can be divided into three types: white adipose tissue (WAT), brown adipose tissue (BAT), or beige adipose tissue.

WAT is the most common type. White adipocytes are the main storage space of triglyceride. The main function of white adipocytes is to store fat and regulate free fatty acids (FFAs). It is mainly composed of large spherical adipocytes, in which single lipid droplets occupy the majority of the cell volume and mainly store energy in the form of triglycerides (21). WAT exists in subcutaneous and visceral tissues, and the increase of WAT quality in viscera is associated with increased metabolic risk (27, 30). WAT has important endocrine and paracrine effects (21, 31, 32).

Unlike WAT, brown adipocytes in BAT contain a large number of mitochondria and scattered lipid droplets. The main function of BAT is energy dissipation, which provides non-shivering thermogenesis to the body during energy-demanding conditions such as exercise, fasting or cold stimulus (33). BAT is mainly located in the interscapular region and perirenal regions of rodents and infants (34, 35), but BAT is normal component of several subcutaneous and visceral depots and is not exclusive to these areas (21). The development and gene characteristics of WAT and BAT are different (36–38). Classic brown adipocytes come from myogenic factor 5 (Myf-5) cell lines, while white adipocytes come from non Myf-5 cell lines (39). Thus, brown adipocytes are labeled with Myf-5 (40) and paired box 7 (41), similar to myogenic precursor cells. BAT contains rich vascular tree and dense capillary network (25). BAT consumes energy in the form of heat production (42–44), which is mainly due to the high level expression of uncoupling protein 1 (UCP1) in mitochondria and its proton leakage pathway (45–47), which is vital to lipid oxidation and thermogenesis. BAT, as an endocrine organ, regulates energy homeostasis by consuming fatty acids and glucose, and plays a key role in carbohydrate and lipid metabolism (47, 48).

Thirdly, there is a type of adipocyte, defined as “Brite” (white brown) (49) or “Beige” (50), which is derived from pre-existing white adipocytes (21). Beige adipocytes have plasticity and can be transformed from WAT by a variety of different pathways (21, 51, 52). The function of beige adipocytes is similar to that of brown adipocytes (49). In patients with CAC, beige adipocytes can develop, expand and activate under multiple environmental stimulation, which is the target of endocrine and paracrine stimulation (53, 54). The formation of beige adipocytes can be triggered by inflammatory mediators (such as interleukin-6 [IL-6] (55)) and tumor-derived compounds (such as parathyroid hormone related protein [PTHrP] (56, 57)). In mouse models, the formation of most beige adipocytes is a strong response to environmental factors, such as long-term low-temperature exposure (35).

The genetic characteristics of brown adipocytes and beige adipocytes partially overlap, except for specific markers, such as zinc finger (Zic1) in cerebellum (58). The common characteristics of brown and beige adipocytes are a large number of lipid droplets and dense accumulation of UCP1 positive mitochondria, although brown adipocytes had higher UCP1 expression level (39). Although brown and beige adipocytes are similar in morphology and biochemistry, they also have some distinct characteristics (35), because they come from different embryonic precursor cells (40). For example, brown adipocytes are mainly located in the interscapular and perirenal regions of rodents, while beige adipocytes exist in various WAT pools, especially in inguinal subcutaneous adipose tissue (59).

All three types of adipose tissue are important in the energy balance disrupted by CAC. WAT and BAT usually have opposite physiological functions. WAT is responsible for energy accumulation of lipid droplets in cells, while BAT is responsible for energy dissipation through heat production. Clinically, browning of WAT and activation of BAT are effective methods to combat obesity and metabolic syndrome, but in CAC we may need to block these mechanisms in order to preserve more adipose tissue. Changes in lipid metabolism under local or systemic stimulation make it a potential cause of CAC. In the case of congenital or acquired lipodystrophy, cachexia or any other severe malnutrition, there is almost total lack of adipose tissue, even severe multiple organ dysfunction results from the lack of leptin and other adipokines.




3 Changes of lipid metabolism in patients with CAC

Lipid metabolism and adipose tissue mass are regulated by two pathways: lipolysis and lipogenesis. Lipolysis and lipogenesis balance maintain the dynamic balance of adipocytes and regulate the energy balance of CAC patients. Adipose tissue atrophy in cancer patients is attributed to increased lipolysis and lipid oxidation, decreased lipogenesis, impaired fat deposition and lipogenesis, and browning of WAT (60). Compared with non-cancer patients, the volume of adipocytes in cancer patients was smaller, but the total number of adipocytes did not change. Adipocytes isolated from patients with cachexia showed stronger catecholamine and natriuretic peptide-induced lipolysis (61). Weight loss patients also showed more sensitive characteristics to catecholamine signal (62). In addition, compared with cancer patients without cachexia, the expression of UCP1 in adipose tissue of CAC patients is higher, which may lead to adipose tissue atrophy and more heat production (55).

Patients with CAC often show systemic hypermetabolism with reduced energy intake and increased energy consumption, especially the abnormal increase of resting energy expenditure is considered to be the main cause of energy consumption. CAC, which is characterized by adipose tissue loss (60), is the terminal manifestation of metabolic changes in adipose tissue. The metabolic changes of adipose tissue have been proved to play an important role in CAC. In the context of CAC, changes in lipid metabolism and energy consumption have been shown to be harmful (16). In patients with terminal cancer, reduced adipose tissue is associated with poor prognosis (18, 19). In cachexia, fat loss is faster and earlier than lean tissue loss, especially in the period before death.

Adipose tissue contributes to weight loss in starvation, while skeletal muscle and adipose tissue mass decrease significantly in CAC patients. Lipolysis of adipocytes is the main cause of adipose tissue loss in cancer patients, and plays an important role in the course of CAC, and it is not related to malnutrition (63). The mechanism of adipose tissue loss in CAC is believed to be due to increased lipolytic activity and lipid utilization (64), while other mechanisms, such as impaired lipogenesis, may also be one of the reasons (Figure 1). In the experimental model of cachexia, the decrease of adipose tissue appeared before the decrease of skeletal muscle mass and food intake (65). Studies have also shown that the decrease in adipose tissue is due to a significant decrease in adipocyte size resulting from a decrease in fat reserve, rather than a decrease in the number of cells (cell death) (64, 66). Some studies have found that lipogenesis and lipoprotein lipase (LPL) expression and activity have not been significantly down regulated in CAC patients (67, 68). A study identified the marker components of “cachectin” including Ataxin-10, which are sufficient to trigger abnormal fatty acid metabolism and cardiac atrophy. The serum level of Ataxin-10 is significantly increased in CAC patients (69).




Figure 1 | The mechanism of adipose tissue loss in CAC. The mechanism of adipose tissue loss in CAC is complicated, and these mechanisms can be roughly divided into increased lipolysis, browning of WAT, increased thermogenesis of BAT, and decreased lipogenesis. Cancer cells produce a variety of cytokines to promote adipose tissue loss, such as IL-6, TNF-α, PTHrP, etc. These cytokines not only promote lipolysis, but also promote WAT browning and upregulation of UCP1 in BAT, ultimately leading to an increase in thermogenesis and energy consumption. At the same time, the crosstalk between adipocyte and immune cells and nervous system also plays an important role in abnormal lipid metabolism of CAC. The loss of adipose tissue has a chain reaction that can produce hyperlipidemia and promote skeletal muscle atrophy, making CAC patients’ condition worse. CAC, cancer-associated cachexia; WAT, white adipose tissue; BAT, brown adipose tissue; FFAs, free fat acids; ATGL, adipose triglyceride lipase; HSL, hormone-sensitive lipase; MGL, monoglyceride lipase; LPL, lipoprotein lipase; FAS, fatty acid synthase; UCP1, uncoupling protein 1; β3-AR, adrenoceptor beta 3; ADP, adenosine diphosphate; ATP, adenosine triphosphate; IL-6, interleukin-6; TNF-α, tumor necrosis factor α; PTHrP, parathyroid hormone related protein; ZAG, zinc-α 2-glycoprotein; PLF-1, proliferin-1; GDF15, growth differentiation factor 15; CIDEA, DNA fragmentation factor like effector A; AMPK, adenosine 5’-monophosphate (AMP)-dependent protein kinase; COX-2, cyclooxygenase 2; GLUT-4, glucose transporter 4.





3.1 Catabolism of WAT

The reduction of WAT in visceral and subcutaneous tissues plays an important role in CAC (60). High lipolysis is an important feature of cachexia in cancer patients and rodents (70, 71). Lipolysis depends on three kinds of lipases: adipose triglyceride lipase (ATGL), hormone-sensitive lipase (HSL) and monoglyceride lipase (MGL). Increased expression and activity of these three enzymes lead to the decrease of adipose tissue and the increase of circulating FFAs and glycerol (68, 72).

In CAC patients, the high levels of circulating FFAs and glycerin is caused by the involvement of ATGL and HSL in the catabolism of triglyceride in WAT (73). Excess free lipid molecules are “lipotoxic”, leading to cellular dysfunction and even death, insulin resistance in animals and humans, and have side effects on many organs (16, 74, 75). Compared with cancer patients with stable weight, the expression of HSL was increased in patients with CAC (61, 76). A large amount of evidence shows that the overexpression of ATGL and HSL in WAT of CAC patients is related to the decrease of BMI (73). Inhibition of HSL or ATGL expression in mice not only retained WAT, but also reduced the loss of skeletal muscle, which indicated that mutual regulation between adipose tissue and muscle play an important role in CAC (71, 73). CGI-58 can bind and activate ATGL (ATGL is the only lipase activated by CGI-58) (77). G0S2 (G0/S2 switch gene 2) is considered to be the main selective inhibitor of ATGL, which can weaken the effect of ATGL in vitro and in vivo, and regulate triglyceride hydrolysis through this mechanism (78).

In addition, patients with cachexia often have insulin resistance or decreased insulin secretion (79), which may be due to the fact that the body prevents insulin from playing its anti-lipolysis role in CAC. Transcriptome analysis of adipose tissue from patients with gastrointestinal cancer cachexia showed that the expression of related pathways regulating energy conversion was up-regulated (64). Both tumor cells and host immune cells (such as macrophages and lymphocytes) release cytokines or hormones, such as IL-6, tumor necrosis factor α (TNF-α), zinc-α 2-glycoprotein (ZAG, also known as lipid mobilization factor), proliferin-1, catecholamines, and natriuretic peptide, which can promote lipolysis and reduce insulin sensitivity in CAC patients (6, 73, 80, 81). They are involved in the regulation of proinflammatory state, stress response, anorexia, disease behavior, hypermetabolism and accelerated decomposition of protein, muscle and adipose tissue in CAC patients (82). Systemic inflammation and changes in the human immune system are important determinants of this state (83, 84), which suggest that inflammatory cytokines may be biomarkers for the diagnosis of CAC (71).




3.2 Adipose tissue browning

In mammals, adaptive thermogenesis occurs mainly in brown and beige adipocytes (35). The increase of energy consumption can also be explained by the increased heat production and “browning” of WAT (55, 56). WAT browning refers to the transformation from WAT to BAT, and its name comes from the dark color associated with mitochondria. The gradual transformation of adipose tissue types is an interesting feature of CAC.

This process promotes mitochondrial respiration, leading to thermogenesis rather than ATP synthesis, thus activating lipid mobilization and increasing energy consumption (85). Beige adipocytes, which are phenotypically different from those in WAT and BAT, can appear under severe cold exposure (86), adrenergic stimulation (87) and prostaglandin synthase (cyclooxygenase 2, COX-2) (88). These cells can significantly promote total energy consumption and lead to fat loss (89). Obesity related studies have shown that the central nervous system, especially the hypothalamus, is an important regulatory organ for browning (87). Klaus Felix et al. found that the level of glucagon-like peptide-1 (GLP-1) was increased in pancreatic cancer cachexia patients (90), GLP-1 appears to trigger satiety and inhibit food intake through molecular regulation in the hypothalamus (91). At the molecular level, transcription factors such as peroxisome proliferator activated receptor gamma (PPARγ), PPARγ coactivator 1α (PGC-1α), transcription factor PR domain-containing 16 (PDRM16) and CCAAT enhancer binding protein β (C/EBP-β) regulate the transcription events of differentiation into brown adipocytes (92, 93). This is related to upregulation of UCP1 expression, increased heat production (non-shivering), loss of ATP production and increased energy catabolism (73). WAT atrophy and adipose tissue browning occurred in the early stage of CAC (94). The loss of brown adipocytes may lead to browning of WAT, which indicates that there is a compensatory mechanism between mature brown adipocytes and beige adipocytes (95).

In adipose tissue, proinflammatory factors promote the browning of WAT. With the development of CAC, inflammatory microenvironment and metabolic disorder caused by IL-6, TNF-α and parathyroid related peptide secreted by tumors and host immune system will promote browning of WAT (59, 94). IL-6 promotes systemic metabolism to a certain extent by regulating BAT activation and adipose tissue browning (80). In addition, tumor-derived IL-6 and adrenoceptor beta 3 (β3-AR) activation is associated with CAC mediated adipose tissue browning. Neutralization of IL-6 or β3-AR can significantly improve cachexia (55). The introduction of IL-6 into the brain by adenovirus vector can significantly increase the expression of UCP1 in sympathetic innervated brown adipocytes, but not in denervated brown adipocytes, indicating that IL-6 might activate BAT through β3-AR signaling pathway (96). Although PTHrP treatment did not change tumor size in Lewis mouse lung CAC model, it resulted in CAC related weight loss and skeletal muscle atrophy, and activated beige cells to produce heat. On the contrary, blocking PTHrP with neutralizing antibody can prevent adipose tissue and skeletal muscle atrophy. In addition, PTHrP shares the G-protein coupled receptor signaling pathway with β 3-AR agonists, and upregulates the protein expression level of UCP1 in white and brown adipocytes (56). Therefore, tumor cell-derived IL-6 and PTHrP may play an important role in CAC by activating BAT and/or adipose tissue browning.

Two G-protein coupled receptors, called FFA receptor 1 (FFA1) and FFA receptor 4 (FFA4), were identified as molecular targets for ω-3 polyunsaturated fatty acids (97, 98). When activated, these receptors can promote a variety of effects, such as increasing insulin sensitivity, inducing adipose tissue browning, promoting analgesia by releasing β-endorphin, controlling energy homeostasis, and reducing food intake (99, 100). Activation of FFA4 results in browning of adipose tissue (99, 101). Lewis lung cancer mouse models lacking the adipose tissue specific PRDM16 showed reduced browning, thermogenesis and lipoatrophy (56). By neutralizing browning promoting hormones, such as PTHrP, the improvement of CAC and the reduction of adipose tissue loss were observed in animal models (56). WAT showed heterogeneity in browning efficiency. Some parts such as visceral adipose tissue is resistant to browning. It has been reported that visceral adipose tissue browning may be a compensatory heat production mechanism (102), but its conversion mechanism is still unclear. Hongmei Yang et al. found that exosomes from Lewis lung carcinoma cells can induce lipolysis in vitro and in vivo by delivering PTHrP, and inhibition of exosome generation prevented the fat loss of tumor bearing mice (103, 104). Furthermore, there have been many studies in recent years confirming that non-coding RNA plays an important role in the browning of WAT. Wenjuan Di et al. found that miR-146b-5p was enriched in cancer-related exosomes, which plays an essential role in WAT browning. miR-146b-5p can directly repress the downstream gene homeodomain‐containing gene C10 (HOXC10), thereby regulating lipolysis (105). Non-coding RNA such as miR-155, miR-425-3p, and miR-182-5p have also been shown to play a role in promoting WAT catabolism and browning in several cancer species (106–108). Further study on the mechanism of systemic metabolic and inflammatory changes leading to the transformation of WAT into BAT can further improve our understanding and treatment of cachexia.




3.3 Activation of BAT

There is a lot of evidence that BAT is activated under different conditions of cachexia. The enhanced heat production of BAT is considered to be one of the main reasons for the increase of resting energy expenditure in cancer patients (72). The activity of BAT was also positively correlated with the stage of cancer (109).

BAT is characterized by high mitochondrial content and increased expression of UCP1. UCP1 regulates body temperature through oxidative phosphorylation of uncoupling ATP, resulting in increased energy consumption, increased heat production, and lipolysis, leading to weight loss and progression of CAC (56, 59, 94). The activation of BAT is mediated by β3-AR, which is activated by the sympathetic nervous system, leading to adipocyte contraction (56). β3-AR was activated and UCP1 expression was increased, which activated the delipidation in BAT (110). Catecholamine signaling in BAT transduction was enhanced in cachexia mice, but blocking the β3-AR by propranolol could prevent the increase of body temperature (111). Catecholamine levels are associated with BAT activity and BMI (112). Moreover, FFAs released by lipolysis are direct activators of UCP1 (33), indicating that enhanced WAT catabolism in CAC will promote BAT activation.

Brown adipose precursor cells expressing early B-cell factor 2 and platelet-derived growth factor receptor α differentiated into mature brown adipocytes (113). The regulation of BAT depends on a variety of cytokines. β1-adrenergic receptor (ADRB1) mediates norepinephrine induced BAT formation (114). The expression of ADRB1 was correlated with the rate of lipolysis in patients with CAC (76), Prep1 is a adipo-osteogenesis regulatory factor, which is related to the increase of BAT density and osteogenesis reduction (115). IL-6 also plays an important role in mediating BAT activation by increasing the expression of UCP1 and activating fatty acid β-oxidation related gene thermogenesis in gastric cancer and colon cancer patients with cachexia (80). With Lewis lung cancer model, it has been proved that tumor-derived PTHrP regulates the expression of genes involved in adipose tissue thermogenesis, lipolytic enzymes and muscle atrophy. These studies suggest that blocking BAT activation may be a way to treat cachexia. However, due to the difficulty of BAT localization in human body, the research progress on BAT is very slow at present.




3.4 Crosstalk between adipocyte and non-adipocyte

In the context of CAC, there are communications between adipocytes and a variety of non-adipocytes, which is the key to control energy homeostasis and prevent metabolic diseases. DNA fragmentation factor like effector A (CIDEA) is an important metabolic regulator and apoptosis inducing factor. Adipocyte dysfunction leads to the increase of CIDEA, followed by the degradation of adenosine 5’-monophosphate (AMP)-dependent protein kinase (AMPK) in cachexia adipose tissue (116). By hypothalamic AMPK signal, the secretion of leptin, adiponectin and insulin are controlled (117). When the effect of insulin is enhanced, IL-6 secreted by skeletal muscle will increase. IL-6 acts on muscle contraction also by activating AMPK (117). Meanwhile, IL-6 induces Toll-like receptor-4 gene expression via activation of STAT3, leading to insulin resistance in human skeletal muscle, which further accelerates muscle wasting (118). Lipolysis results in increased FFAs in circulation, and FFAs will eventually enter skeletal muscle and cause muscle atrophy (91). Blocking fatty acid oxidation not only rescued human myotubes, but also improved muscle mass and body weight in CAC models in vivo, which indicates that there may be interaction between adipose tissue and skeletal muscle (119). Rowena Suriben’s study has indicated that growth differentiation factor 15 (GDF15) elicits a lipolytic response in adipose tissue and leads to reduced adipose and muscle mass and function in tumor-bearing mice, inhibiting GDF15-driven lipid mobilization and oxidation can be translated to preservation of skeletal muscle mass (120). GDF15 regulates survival of motor and chipmaker sensory neurons (121), so lipid and skeletal muscle may interact through neurons.

During cachexia, systemic inflammation is one of the main driving forces of fat consumption. Cancer cells secrete a variety of mediators, such as TNF-α, IL-6, IFN-γ, ZAG and PTHrP, which can promote browning (55, 56, 122). TNF-α belongs to cachectin (123), which can be released from adipose tissue and mediates CAC by reducing the expression of glucose transporter 4 (GLUT4), which in turn inhibits glucose transport and adipogenesis (124). In addition, adipose tissue is closely related to inflammatory cells, the cross-talk between immune response and adipose tissue biology has been proved. Macrophages can infiltrate WAT and activate immune responses in cachexia mice. A study has shown that macrophages can regulate WAT browning through paracrine heat shock protein A12A (125). Recently, Hao Xie et al. demonstrated that the immune-sympathetic neutron communication axis is essential for WAT browning in CAC. IL-6 and PTHrP can activate immune cells, including macrophages. Then, the type 2 macrophages will produce neurotrophins and increase polyamine synthesis and secretion. This increases neuronal activity, leading to enhanced local catecholamine synthesis, β-adrenergic stimulation of WAT, and WAT browning (126). Not only that, virus-specific CD8(+) T cells caused morphologic and molecular changes in adipose tissue, which may also lead to cachexia (127). Another study implicates adipocytes as predominantly negative regulators of the surrounding myeloid cells (128). At the same time, studies have shown that the imbalance of the immune system affects the gut microbiota (129), which also plays an important role in CAC. One clinical study has shown that compared with non-cachexic people, Proteobacteria, an unknown genus from the Enterobacteriaceae family, and Veillonella were more abundant among CAC patients (130). Currently, the crosstalk between adipose tissue and other tissues is attracting more and more attention, and the study of these mechanisms may provide us with a more holistic understanding of CAC, so as to develop diagnosis and treatment strategies.




3.5 Reduced lipogenesis

The decrease of fat mass in cancer patients depends on the decrease of lipid deposition and lipogenesis. In the process of lipogenesis in adipose tissue, some fatty acids will be re-esterified to triglycerides, forming a futile cycle, which is mediated by AMPK pathway, and the activity of AMPK pathway in cachexia adipose tissue is decreased (116). The activities of fatty acid synthase (FAS) and LPL in adipose tissue of cancer patients were decreased (131). A large number of animal studies have also shown that the activity of LPL is reduced in cancer (132). LPL hydrolyses free circulating triacylglycerol present in chylomicrons very-low-density lipoproteins (VLDLs), whose decreased activity is associated with increased IL-6 (133). Compared with cancer patients with stable weight, patients with CAC have more adipose tissue oxidation (134). Mice-bearing colon adenocarcinoma showed an increase in LPL activity in the heart and adipose tissue increasing weight loss but decreasing with further weight loss. It is suggested that the initial rise in LPL activity provides more oxidation of fatty acids in cachexia state (7, 135). These evidences suggest that the dysfunction of LPL is related to the occurrence and development of CAC, and testing the activity of LPL may be useful for the diagnosis of cachexia. In the experimental model of CAC, the process of lipogenesis was weakened and the expression of lipogenic transcription factors was decreased, which was related to the decrease of adipocyte size and the higher expression of TNF-α (136–138). Besides, non-coding RNA also affects lipogenesis, Diya Sun et al. found that the expression of miR-410-3p was higher in subcutaneous adipose tissues and serum exosomes of CAC patients, which significantly inhibited adipogenesis and lipid accumulation (139). Additionally, due to anorexia associated with CAC or the difficulty of eating due to cancer, the intake of lipids and other nutrients will be reduced, which will also lead to the reduction of lipogenesis.





4 Therapy strategy

However, the research progress in the treatment of CAC and the improvement of patients’ prognosis is relatively slow, there is also no definite treatment plan for the abnormal lipid metabolism of CAC patients. Studies have shown that CAC is often reversible if intervention is carried out in pre-cachexia or cachexia stage (10, 140). The main treatment strategies used in these stages include exercise and nutritional support, as well as the elimination of any direct cause of cancer (such as reduced food intake or malnutrition due to obstruction or compression) (140, 141). Unfortunately, many cases have been diagnosed as refractory cachexia, when CAC is usually irreversible (1, 140). At present, the main researches focus on the treatment of CAC. Several treatment options have been proposed, but have not been clinically confirmed. The treatment combination mainly involves two pathways: the anabolic pathway and the antimetabolic pathway for muscle and fat catabolism (82). Neutralization of metabolic changes is the first task to overcome cachexia, including the control of skeletal muscle protein decomposition rate, as well as the control of liver, lipid and carbohydrate protein metabolism abnormalities.

A retrospective study by Dingemans et al. included 12 phase II clinical trials involving 11 compounds. These drugs fight CAC through one of the following mechanisms: increase appetite, improve digestion, reduce systemic inflammation, and increase the ratio of muscle synthesis and degradation (142). Many other drugs have entered phase III trials, but it is difficult to achieve multiple clinical endpoints at the same time. Anamorelin, an auxin receptor agonist, has demonstrated its ability to improve lean weight in phase II clinical trials in patients with non-small cell lung cancer and CAC (143). However, the results of this phase II trial and subsequent phase III trial showed that although lean weight was improved, grip strength did not improve (143, 144), which was rejected by the European Drug Administration in 2017. Enobosarm, a selective androgen receptor regulator, showed a significant increase in total lean body weight in the phase II study (145), but it did not produce consistent end-point results in the phase III trial (146, 147). There are many influencing factors in CAC. Current studies cannot fully elucidate the pathophysiological mechanisms of CAC, so as to effectively reduce or reverse all clinical factors of CAC. Therefore, even if the development of many drugs is moving in the right direction, few of them can pass phase II and III studies.

As we mentioned above, lipopenia is an important feature of CAC, and several studies have suggested potential therapeutic strategies for lipid metabolism in CAC, which are summarized in Table 1. Our summary shows that although so many potential strategies have been identified, they are still far from clinical practice. Based on the available evidence, nutritional strategies such as supplementing patients with unsaturated fatty acids and marine phospholipids may be effective (7, 164). Some chemotherapeutic agents, such as cytarabine, promote fat depletion, and we can intervene early in the treatment of patients using these chemotherapeutic agents (165). Exercise training may also reduce inflammation and improve the condition of muscle and adipose tissue in CAC patients (166). What’s more, the application of some new technologies may be helpful to this field. The appearance of 3D bioprinted WAT model is helpful for us to further study and understand the mechanism of adipose tissue metabolism in cachexia (167). Portable biosensors can make it easier for us to monitor lipolysis in patients (168). However, these strategies still need more clinical data to support, the treatment of CAC is still a major challenge for clinicians.


Table 1 | Potential therapeutic strategies for lipopenia in CAC.






5 Conclusions

CAC is a chronic disease involving multiple organs and tissues, which requires multi-mode treatment, including drug treatment, nutritional support and physical exercise, so as to better adapt to the complex mechanisms of body consumption. While enhancing the balance of anabolism/catabolism, it can improve the physical condition and improve the quality of life (169, 170). However, the ideal drugs against CAC are still under development.

Studies have shown that adipose tissue is involved in the formation of CAC, and abnormal lipid metabolism plays an important role in the development of CAC (Figure 2). In adipose tissue, WAT guides the system energy production through the balance between lipogenesis and lipolysis. BAT has been found to have important physiological and pathological functions in adults. Browning stimulates the differentiation and thermogenesis of beige adipocytes. These adipose tissues contribute differently to CAC. In the development of CAC, adipose tissue interacts with other cells or organs, showing therapeutic potential. Since abnormal lipid metabolism occurs at the early stage of CAC, correcting abnormal lipid metabolism and appropriately increasing adipose tissue may delay or even prevent the further deterioration of CAC. Therefore, it is also very important to explore related biomarkers to monitor lipid metabolism in cancer patients. In this field, we need to continue to pay attention to and think about the following questions: (1) At present, there is a lack of clinical monitoring indicators of lipid metabolism, and it is difficult for us to identify abnormal fat loss in cancer patients at an early stage. At the same time, the specific changes of each fat depot during fat loss are still not clear. (2) Some studies have shown that appropriate diet control and exercise can increase muscle strength and promote metabolic health in cancer patients. However, there is still a lack of relevant research conclusions on whether these measures are safe for patients with CAC and whether these interventions should be implemented in patients with CAC. (3) The related side effects of anti-tumor therapy may also promote the development of CAC. The effects of these therapies, including chemotherapy, radiotherapy, immunotherapy and targeted therapy, on lipid metabolism remain unclear. (4) Current animal models of CAC may not adequately simulate the actual physiological changes of CAC, many mechanistic details of abnormal lipid metabolism in CAC need to be further explored, and the interaction between different types of cancers and adipose tissue may also be different.




Figure 2 | Abnormal lipid metabolism in CAC and potential therapeutic strategies.



In this review, we systematically summarize the currently known mechanisms related to abnormal lipid metabolism in CAC. Although we have summarized a number of potential treatments for abnormal lipid metabolism in CAC in this review, most of them still require further drug development and clinical validation. CAC is still an unavoidable problem for oncologists. Through this review of abnormal lipid metabolism in CAC, we hope that drugs targeting abnormal lipid metabolism in CAC can be developed in the future, so as to effectively treat CAC and improve the prognosis of patients with CAC.

Abnormal lipid metabolism in CAC can be summarized as increased catabolism and decreased synthesis of white adipose tissue, increased browning of adipose tissue and abnormal activation of brown adipose tissue, and crosstalk between adipose tissue and non-adipose tissue further promotes adipose loss. There are a number of treatments available to prevent lipopenia, such as exercise, appetite promotion, caloric and nutrient supplementation by oral or parenteral nutrition, and NSAIDs and other drugs that may be beneficial to fat preservation, the specific items are listed in Table 1. In clinical practice, these strategies are often used in combination to prevent the progression of CAC, and drugs targeting the above abnormal lipid metabolism need to be developed and explored in the future.
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Background

Nicotinamide adenine dinucleotide (NAD+) is vital for not only energy metabolism but also signaling pathways. A major source of NAD+ depletion is the activation of poly (ADP-ribose) polymerase (PARP) in response to DNA damage. We have previously demonstrated that metformin can cause both caspase-dependent cell death and PARP-dependent cell death in the MCF7 breast cancer cells but not in the MDA-MB-231 (231) breast cancer cells while in high-glucose media. We hypothesize that depletion of NAD+ in MCF7 cells via activation of PARP contributes to the cell death caused by metformin. Nicotinamide phosphoribosyltransferase (NAMPT), a key rate-limiting step in converting nicotinamide (vitamin B3) into NAD+, is essential for regenerating NAD+ for normal cellular processes. Evidence shows that overexpression of NAMPT is associated with tumorigenesis. We hypothesize that NAMPT expression may determine the extent to which cancer cells are sensitive to metformin.





Results

In this study, we found that metformin significantly decreases NAD+ levels over time, and that this could be delayed by PARP inhibitors. Pretreatment with NAD+ in MCF7 cells also prevents cell death and the enlargement of mitochondria and protects mitochondria from losing membrane potential caused by metformin. This leads to MCF7 cell resistance to metformin cytotoxicity in a manner similar to 231 cells. By studying the differences in NAD+ regulation in these two breast cancer cell lines, we demonstrate that NAMPT is expressed at higher levels in 231 cells than in MCF7 cells. When NAMPT is genetically repressed in 231 cells, they become much more sensitive to metformin-induced cell death. Conversely, overexpressing NAMPT in HEK-293 (293) cells causes the cells to be more resistant to metformin’s growth inhibitory effects. The addition of a NAMPT activator also decreased the sensitivity of MCF7 cells to metformin, while the NAMPT activator, P7C3, protects against metformin-induced cytotoxicity.





Conclusions

Depletion of cellular NAD+ is a key aspect of sensitivity of cancer cells to the cytotoxic effects of metformin. NAMPT plays a key role in maintaining sufficient levels of NAD+, and cells that express elevated levels of NAMPT are resistant to killing by metformin.
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Introduction

Metformin, a commonly prescribed anti-type 2 diabetes drug, has gained attention due to its effects on cancer cell growth and survival (1–10) and possible effects on reducing cancer risk in type 2 diabetes patients who take metformin (11–13). This has been suggested to be related to its effects on inhibition of cell growth (1, 3, 4, 6, 14, 15) and induction of cell death (2, 10, 16–18). Our previous study demonstrates that metformin causes both caspase-dependent and poly (ADP-ribose) polymerase (PARP)-dependent cell death (10). The activation of poly (ADP-ribose) polymerase-1 (PARP-1), a nuclear enzyme that catalyzes the synthesis of long, branching (ADP-ribose) polymers (PAR) from nicotinamide adenine dinucleotide (NAD+), can transfer multiple ADP-ribose moieties from NAD+ to nuclear proteins and to PARP itself (19–23). This process is also expected to deplete the NAD+ reservoir.

NAD+ is required for multiple reactions by regulating numerous enzymes including dehydrogenases, poly(ADP-ribose) polymerases, Sir2 family proteins (sirtuins), mono (ADP ribosyl) transferases, and ADP-ribosyl cyclases (24). By regulating the aforementioned enzymes, NAD+ levels intercede in cell cycle progression, DNA repair, metabolic regulation, and circadian rhythms, which are important in the pathogenesis in various diseases and the functionality of various cells. Several studies have shown that maintaining NAD+ level in the cell can profoundly decrease cell death (25–27). These studies have fundamentally changed our understanding about NAD+, suggesting novel paradigms about the metabolism and biological activities of NAD+. Consumption of NAD+ severely compromises ATP synthesis, whereas synthesis of NAD+ requires ATP during glycolysis and oxidative phosphorylation (28, 29). Therefore, activation of PARP may lead to an energy deficit and contribute to cell death caused by metformin.

Understanding how cancer cells maintain and replenish NAD+ levels is essential in understanding if depleting NAD+ reserves through metformin treatment will work. Nicotinamide phosphoribosyltransferase (NAMPT) is a rate-limiting enzyme in the regeneration of NAD+ from nicotinamide. Mammalian cells can use other sources such as nicotinic acid or tryptophan to produce NAD+, even though using nicotinamide through NAMPT is the most efficient and predominant manner of regenerating NAD+ (30–32). Although crucial to normal systemic functionality, NAMPT has recently been associated with tumorigenesis (33), and its increased expression is associated with the pathogenesis or various cancers (34–36). NAMPT may prove to be a key factor in determining the resiliency of cancers to cancer therapies, which induce metabolic stress or DNA damage.

In this study, we explore metformin’s effects on NAD+ levels, if PARP plays a role in NAD+ depletion, and how NAD+ levels affect metformin cytotoxicity. Since NAMPT plays an essential role in NAD+ replenishment, we explore how NAMPT levels can affect cancer susceptibility to metformin. We hypothesize that metformin-induced depletion of NAD augments the cytotoxicity following metformin exposure.





Materials and methods




Chemicals and cell culture

Metformin (1, 1-dimethylbiguanide, #D5035, Sigma, St. Louis, USA), PARP inhibitor II (INH2BP, #407850, Calbiochem, USA), MCF7, 293T, and 231-MDA-MB (231) cells were purchased from ATCC (Manassas, USA) and maintained in Dulbecco’s modified Eagle’s medium (DMEM) with 10% fetal bovine serum supplemented with 100 U/ml penicillin and 100 µg/ml streptomycin in a humidified incubator with 5% CO2. Upon receiving the cell lines, cells were immediately cultured and expanded to prepare frozen ampule stocks. Cells were passaged for no more than 2–3 months before establishing new cultures from the early passage frozen ampules. Cell lines were routinely checked for mycoplasma contamination and were verified to be mycoplasma free by IDEXX RADIL Laboratories.





Trypan blue exclusive assay

For the MCF7 and 293T experiments, cells were plated into 35-mm dishes. For the 231 experiments, cells were plated in a 24-well plate. The following day, cells were treated as indicated. After incubation for the indicated time, cells were trypsinized and stained using 0.2% trypan blue. Trypan blue-positive cells and -negative cells were determined using a hemacytometer.





Phase microscopy

Cells were treated as indicated and pictures were taken at 200× magnification using a Zeiss Axiovert 35 light microscope equipped with a Nikon digital camera.





Confocal microscopy

MCF7 cells that stably transfected with pAcGFP-Mito Vector were plated on the cover glass in 35-mm dishes and treated as indicated. Cells were washed in 1× PBS and fixed in 4% paraformaldehyde for 15 min. Finally, slides were washed in 1× PBS three times and mounted using Vectorshield medium containing DAPI. Slides were observed using an Olympus FV1000 confocal microscope. PAcGFP1-Mito Vector was purchased from Clontech, USA.





Flow cytometry

MCF7 cells were treated as indicated in the figure. Then, cells were incubated with 100 nM TMRE for 10 min, and cells were washed in 1× PBS once and trypsinized. All flow cytometry measurements were done using an Accuri C6 flow cytometer.





Western blot

Cells were plated on 35-mm dishes. After treatment for the indicated time period, live cells were harvested and lysed by the addition of sodium dodecyl sulfate (SDS) sample buffer [2.5 mM Tris–HCl (pH 6.8), 2.5% SDS, 100 mM dithiothreitol, 10% glycerol, and 0.025% bromophenol blue]. Equal amounts of protein were separated on a 4%–20% Mini-PROTEAN® TGX™ Gel (Bio-Rad Laboratories). Proteins were transferred to Trans-Blot® Turbo™ RTA Mini PVDF with a Bio-Rad Trans-blot apparatus using a transfer buffer [48 mM Tris–HCl, 39 mM glycine]. The membranes were immersed in 5% non-fat dry milk in Tris-buffered saline containing Tween20 (TBS-T) [10 mM Tris–HCl (pH 7.5), 150 mM NaCl, and 0.1% Tween-20] with an NAMPT antibody (Raybiotech cat # RR08-0003) for either 3 h at room temperature or 4°C overnight. After thoroughly washing with TBS-T, an appropriate secondary antibody conjugated to horseradish peroxidase (HRP) was applied. The membrane was again washed, and proteins were then detected using GE Healthcare Amersham™ ECL™ Prime Western Blotting Detection Reagent imaged on a BioSpectrum Imaging System (UVP, LLC).

In the NAD+ assay for the 231 experiments, cells were grown at 75% confluence in 60-mm dishes. For the 293T experiments, 300,000 cells were plated in each well in a six-well plate. The following day, 231 cells were treated with 2.5 mM glucose complete media while 293T cells received 10 mM glucose complete media and appropriate dishes were treated with 8 mM metformin. After 24 h of treatment, cells were trypsinized and counted via a hemacytometer. Cells were then rinsed with 1× PBS and vortexed in NAD extraction buffer included in the EnzyChrom™ NAD/NADH Assay Kit (BioAssay Systems) and kit directions were followed from this point. The 231 experiments used 300,000 cells/sample while the 293T experiments used 500,000 cells/sample.

For MCF7 experiments, MCF7 cells were grown to 75% confluence in 60-mm tissue culture dishes, with 500, 000 cells plated per dish. After plating for 24 h, the following drugs were added: Metformin (8 mM), P7C3 (5 µM), and Metformin (8 mM) combined with P7C3 (5 µM). NAD was obtained using the EnzyChrom NAD/NADH (E2ND-100) kit as instructed by the vendor BioAssay.





ATP assay

A total of 150,000 231 cells were plated in each well of a 12-well plate. The following day, 2.5 mM glucose complete media was added along with indicated treatments. After 24 h of treatment, cells were trypsinized and counted via a hemacytometer. A total of 100,000 cells were placed in a tube and rinsed with 1× PBS. ATP Determination Kit (Life Technologies) was used to determine ATP content.





Cytotoxicity assay

A total of 1,000 MCF7 cells were plated in a 96-well plate, and concentrations of P7C3 (Selleckchem) ranging from 0 to 5 µM in the presence and absence of metformin (10 mM) were added 24 h after plating. After drug administration for 48 h, a cytotoxicity assay was performed using Sytox Green (Invitrogen). After adding Sytox Green for 15 min, 0.6% Triton X was added to determine the total number of cells.





xCELLigence data

After a background reading was completed on E-plates, 20,000 231 NAMPT knockdown stable cells were plated per well. Cells were allowed to plate at room temperature for 20 min before placing plates in the xCELLigence Real-Time Cell Analyzer (RTCA) (Acea Biosciences. Inc.). The following day, fresh media and treatments were added as indicated. Cell index, which is a dimensionless measurement of electrical impedance from cells that reflects cell number, cell morphology, and adhesion, was measured.





Construction of stable cell lines

MDA-MB-231 cells were retrovirally transduced using a NAMPT shRNA-mir (clone ID RLGH-GU42575, Transomic Technologies). Puromycin (0.5 µg/ml) was used to select out stables. Once colonies were established, cloning rings were used to isolate colonies. Western blotting was used to determine the level of NAMPT protein expression.





Overexpression of NAMPT

HEK-293 cells were plated at 300,000 cells/well in a six-well plate in triplicate. The following day, NAMPT mRNA (GeneCopeia Cat # EX-A1275-M02) or empty vector (GeneCopeia Cat # EX-NEG-M02) were transfected using Dreamfect (OZ Biosciences). Forty-eight hours later, the NAD assay was performed as described above.





Statistical analysis

Comparison of two groups was done using unpaired t-test in GraphPad Prism software (La Jolla, CA). p-values less than or equal to 0.05 were considered to have significance.






Results

Our previous data have shown that metformin causes cell death in MCF7 cells via caspase-dependent and PARP-dependent cell death (10). Since NAD+ is used in PARP activation [19-23], we looked at the NAD+ level in association with PARP-dependent cell death. In Figure 1A, we evaluated the level of NAD+ after 1 and 2 days of metformin treatment. After 1 day of treatment, NAD+ levels significantly decreased and further decreased on day 2. To verify the link between PARP and NAD+ levels, a PARP inhibitor was utilized. In Figure 1B, MCF7 cells were pretreated with the PARP inhibitor for 1 day and then treated with or without metformin for an additional 2 days. The PARP inhibitor pretreatment prevented the reduction of NAD+ caused by metformin treatment. This suggests that the depletion of NAD+ caused by metformin is partially due to the activation of PARP.




Figure 1 | Metformin decreased NAD+ levels after 1 day of treatment and can partially be blocked by PARP inhibitors. (A) NAD+ levels of MCF7 cells that were treated with 8 mM metformin as indicated. (B) NAD+ levels of MCF7 cells that were pretreated with a PARP inhibitor (10 μM) for 1 day and treated subsequently with metformin (8 mM) for 1 or 2 additional days in the presence of the PARP inhibitor. The same number of cells was used for each sample in the NAD assay (true for all subsequent NAD+ assays). (* and # indicate significant difference between groups with p < 0.05.) Lanes labeled Con represent cells not treated with metformin and lanes labeled Met denote those treated with metformin. Lanes labeled PARP indicate cells treated with a PARP inhibitor and DMSO indicates control samples not treated with PARP inhibitor.



Our previous data have shown that PARP inhibition could partially prevent the cell death caused by metformin (10). This correlates with the prevention of the decrease of NAD+ shown in Figure 1, so we assessed whether the addition of exogenous NAD+ to the media could delay the cell death caused by metformin. MCF7 cells were pretreated with NAD+ for 3 days and then treated with or without metformin for 2 days. As seen in Figure 2, NAD+ pretreatment increased the number of live cells (Figure 2A) and prevented the cell death (Figure 2B) caused by metformin, which further confirms that the cell death is partially caused by depletion of NAD+ by metformin.




Figure 2 | Metformin decreases live cells and induces cell death in vitro, which can be prevented by the addition of exogenous NAD+. MCF7 cells were pretreated with NAD+ (1 mM) for 3 days and subsequently treated with or without metformin (8 mM) for 2 days. Dead and live cell numbers were obtained using the trypan blue exclusion assay. (* and # indicate significant difference between groups with p < 0.05.).



As shown in our previous study, metformin can cause enlargement of mitochondria, which could be prevented by a PARP inhibitor (10). We next studied whether pretreating with exogenous NAD+ could prevent mitochondrial enlargement. MCF7 stable cells expressing pAcGFP-Mito Vector were pretreated with NAD+ for 3 days, then treated with or without metformin for 2 days. Figure 3A displays phase contrast pictures showing an accumulation of large, clear vesicles present in the metformin-treated cells while the pretreatment of NAD+ with metformin lacks these vesicles. Confocal images shown in Figure 3B confirm that the large vesicles are enlarged mitochondria, which was also demonstrated in our previous paper. The NAD+ pretreatment prevented the enlargement of mitochondria caused by metformin. Furthermore, membrane potential was investigated since NAD+ has been documented to be involved in the membrane potential maintenance (37). MCF7 cells were pretreated with NAD+ for 3 days and were subsequently treated with or without metformin for 2 days. NAD+ pretreatment could partially reverse metformin’s effects on mitochondrial membrane potential as seen in Figure 3C. NAD+ protects the mitochondrial membrane potential from metformin, allowing the mitochondria to maintain morphology leading to the delay of cell death. This finding further elucidates the mechanism of metformin function in causing cell death in MCF7 breast cancer cells.




Figure 3 | Pretreatment of MCF7 cells with NAD+ prevents the enlargement of mitochondria and protects mitochondria from losing membrane potential caused by metformin. MCF7 cells were pretreated with NAD+ (1 mM) for 3 days and then treated with or without metformin for 2 days. (A) Phase contrast image of MCF7 cells. (B) MCF7 stable cells expressing pAcGFP1-Mito Vector were visualized using confocal microscopy to see the morphology of the mitochondria. (C) Cells were stained using TMRE. Flow cytometry was used to detect the change of mitochondrial membrane potential.



Since NAD+ levels are important in determining the fate of a cancer cell to surviving a therapy, we examined if the protein NAMPT, the rate-limiting enzyme in NAD biosynthesis, played a role in a cancer cell line resistance to metformin treatment. In our previous study, we found that the breast cancer cell line MDA-MB-231 (231) cells were resistant to metformin’s apoptotic effects in culture media containing 25 mM glucose. Of note is that in another study of ours, 231 cells were metformin sensitive when incubated in a lower glucose level media (38). In Figure 4A, NAMPT protein levels were examined in MCF7 and 231 cells via Western blot. 231 cells had much higher levels of NAMPT, which may partially account for the metformin resistance in 231 cells in high-glucose media while MCF7 cells are sensitive.




Figure 4 | 231 cells overexpress NAMPT compared to MCF7 cells. When NAMPT is knocked down in 231 cells, NAD+ and ATP levels are depleted following metformin treatment, inducing metformin sensitivity. (A) Western blot showing that metformin-resistant 231 cells have higher levels of NAMPT compared to metformin-sensitive MCF7 cells. (B) Western blot showing 231 stable cells expressing shNAMPT have low NAMPT expression. (C) NAMPT knockdown leads to lower NAD+ levels after 1 day of treatment with 8 mM metformin (*p = 0.029, #p = 0.0069, ◊p = 0.004). (D) ATP depletion was also seen with the same treatments (*p = 0.000029, #p = 0.00018). (E) Enhanced cell death in shNAMPT stables following metformin treatment shown in a Trypan Blue exclusion assay (*p = 0.0000024, #p = 0.0000037). (F) Depiction of the time that the cell index reached less than 1 after 8 mM metformin treatment (*p = 0.0003, #p = 0.0008).



To elucidate the role that NAMPT plays in protecting 231 cells from metformin-induced apoptosis, we created stable knockdowns of NAMPT and confirmed expression of NAMPT by Western blot in Figure 4B. To verify that the NAMPT knockdown causes a decrease in NAD+, a NAD+ assay was performed as shown in Figure 4C. Indeed, there was a significant decrease of NAD+ levels comparing the SHCONTROL and SHNAMPT cell lines in the control treatment. When treated with metformin, the SHCONTROL line had a significant decrease in NAD+ compared to control treatment. Interestingly, when the SHNAMPT cells were treated with metformin, they were not able to reach an even lower level of NAD+.

Since NAD+ is not only involved in PARP activation but also a key factor in maintaining metabolism, an ATP assay was performed as shown in Figure 4D. The SHCONTROL cells had a large drop in ATP levels when treated with metformin. However, an even more striking significant drop in ATP was found between the SHCONTROL metformin-treated cells and the SHNAMPT metformin-treated cells, indicating that maintaining NAD+ levels is also important for the maintenance of ATP.

We have shown that NAMPT expression is important in maintaining NAD+ and ATP levels when cells are under metabolic stress, such as following metformin-induced ROS activity [Haugrad, 2014]. We hypothesized that NAMPT overexpression would be involved in determining cancer cell sensitivity to metformin. In Figure 4E, a trypan blue exclusion assay was performed, which displayed the significant increase in cell death in SHNAMPT metformin-treated cells compared to SHCONTROL metformin-treated cells after 1 day. To further confirm this result, an xCELLigence assay was utilized to track the time the cell index reached less than one while cells were treated with metformin in low glucose (2.5 mM glucose). As shown in Figure 4F, the two 231 SHNAMPT stables reached a cell index of less than 1 with an estimated 37 h sooner than the 231 SHCONTROL cells, which confirms that the status of NAMPT may determine the rate at which the 231 cells die from metformin and low-glucose treatment.

To further support the importance of NAMPT and NAD levels in cells, we examined how overexpression of NAMPT affected NAD+ levels and cytotoxicity. We used 293T cells to overexpress NAMPT as shown in Western blot analysis in Figure 5A. Overexpressing NAMPT in 293T cells led to statistically significant higher NAD levels not only in the control-treated cells but also in the metformin-treated cells (Figure 5B). Figure 5C shows that the higher levels of NAMPT significantly prevented growth inhibition when 293T cells were treated with metformin. Similarly, activation of NAMPT with P7C3 in MCF7 cells significantly reduced metformin-induced cytotoxicity at concentrations of 1 and 5 μM P7C3 (Figure 6A). Increased NAD levels were observed when P7C3 was combined with metformin as compared to metformin alone (Figure 6B). The NAMPT activator P7C3 protects against metformin-induced cytotoxicity, suggesting that increased NAD+ levels may hinder metformin-induced cytotoxicity.




Figure 5 | 293T cell NAMPT overexpression results in higher NAD+ levels and lower growth inhibition in the presence of metformin. (A) Western blot analysis following transfection of NAMPT mRNA or Empty Vector (EV) in 293T cells. (B) Following NAMPT mRNA transfection, 293T cells were treated for 1 day, counted via trypan exclusion assay (*p = 0.023, #p = 0.00060). (C) Growth inhibition analysis via Trypan Blue assay of 293T mRNA transfection followed by metformin treatment (*p = 0.023).






Figure 6 | (A) P7C3 protects against metformin-induced cytotoxicity and reduces NAD. Sytox Green assays indicate that P7C3 significantly protected against metformin-induced cytotoxicity at 1 and 5 μM P7C3, with error bars denoting standard deviation, according to an unpaired t-test with p < 0.05 (*). (B) NAD assays conducted after 48 h indicate that metformin (8 mM) reduces NAD while 5 mM P7C3 protects against metformin-induced NAD reduction. NAD levels were increased when P7C3 was combined with metformin as compared to metformin alone.







Discussion

Our present findings support the importance of NAD+ in sensitivity of cancer cells to metformin cytotoxicity. In our previous study (10), we showed that metformin induces cell death in MCF7 cells in a caspase-dependent and PARP-dependent manner. As supported by other literature (39) and by other studies of ours (38, 40), metformin inhibits complex I of the electron transport chain. This inhibition leads to an accumulation of reactive oxygen species (ROS) causing DNA damage. In response to the DNA damage, PARP is activated and uses NAD+ to create PAR to start DNA repair. While DNA repair is advantageous to the cancer cell, overactivation of PARP leads to NAD+ depletion. NAD+ is not only involved in DNA repair but also necessary for glycolysis and oxidative phosphorylation. Metformin, by inducing PARP overactivation, may cause a “metabolic catastrophe” as supported in the depletion of ATP in Figure 4D in cells with low NAD+ levels (38).

As demonstrated in our previous work, metformin induced ROS production in mitochondria as measured by flow cytometry using the dye Mitosox in MCF7 cells (40). Our unpublished data illustrate that 231 SHNAMPT stables experienced ROS levels similar to those of SHCONTROL cells in response to metformin using the same assay. Even though metformin induced similar oxidative stress in 231 SHCONTROL and SHNAMPT stable cell lines, 231 SHNAMPT cells had significant increased sensitivity to metformin cytotoxicity, which is due to their already depleted NAD+ available to the cells to maintain metabolism while combating DNA damage. Our studies on both MCF7 and 231 cells further highlight the importance of NAMPT in maintaining cellular NAD+ levels and in the ability of cancer cells to maintain an energy balance to avoid cancer therapy cytotoxicity. Metformin or other therapies inducing DNA damage may cause metabolic catastrophes through NAD+ shortage in some tumors but may not be as effective in other tumors depending on the levels of NAMPT expression.

Even though intensive studies have been done to understand the mechanisms of metformin on cancer cell growth inhibition and cell death, it has been shown that there is quite a bit of variation in response to metformin in different cancer cells (2, 16). By further understanding the differences between cancer cells, it may shed light on further understanding mechanisms of metformin and provide important information in the application of metformin for cancer prevention and treatment

The group of Isakovic has shown that metformin caused massive induction of caspase-dependent apoptosis associated with c-Jun N-terminal kinase (JNK) activation, mitochondrial depolarization, and oxidative stress in confluent C6 cultures, and metformin-triggered apoptosis was completely prevented by a mitochondrial permeability transition blocker (cyclosporin A) (2). However, our unpublished data indicate that cyclosporin A could not block the cell death caused by metformin in MCF7 cells. This suggests that even though metformin can cause apoptotic cell death in different cell types, the mechanisms of cell death may not be the same and may depend on the response of mitochondria to metformin treatment in various cell types. As shown in Figure 3A, MCF7 cells respond to metformin with the enlargement of mitochondria when in high-glucose media, which can be prevented with the addition of NAD+ or a PARP inhibitor (10). This also brings the possible link between the morphological changes of mitochondria and cell death. Furthermore, while metformin-sensitive MCF7 cells have drastic mitochondrial morphology changes, metformin-resistant 231 cells that have higher NAMPT expression do not, leading us to propose that mitochondrial dynamics and metabolic phenotype are different in these two cell lines while in high-glucose media. However, as mentioned before, we have shown an enhanced sensitivity to metformin in low-glucose media in both MCF7 and 231 cells while MCF10A cells were left unaffected (38), showing promise for the specificity of this treatment to be on tumor cells. Interestingly, mitochondrial changes were not seen in the MCF7 cells in low-glucose/metformin treatment. This is due to an enhanced metabolic catastrophe that does not allow time for mitochondrial morphology changes.

Future studies on mitochondrial dynamics and proteins involved will further aid in understanding why metformin is more effective in some cell lines than others. Such studies will provide essential information concerning the potential use of metformin as an anti-cancer drug and also in understanding the drug mode of action in the treatment of type 2 diabetes.

NAMPT, the critical rate-limiting enzyme of the NAD+ salvage pathway, has recently become an intriguing protein for a target in creating new drug therapies or for being used as a biomarker. NAMPT levels are often significantly elevated in a number of tumor types (33, 36), are associated with advanced tumor progression (35), and can be induced by hypoxia, which is another marker of poor prognosis (34). Here, we demonstrate that the level of NAMPT expression determines the sensitivity of cells to metformin treatment, which makes NAMPT an attractive target for drug development. NAMPT inhibitors such as FK866 (also known as APO866) have shown promise in in vitro and in vivo studies. For example, in vitro, FK866 induces cell death in both chemotherapy-sensitive and -resistant small cell lung cancer cell lines (40). In chronic lymphocytic leukemia, FK866 has been identified as a possible targeted therapeutic in high-risk patients, and three clinical trials have been completed showing that FK866 was well tolerated (41). These drugs could be used as cancer sensitizers to treatments that induce NAD+ depletion such as a low-glucose diet or metformin.

Our overall model is that metformin inhibits Complex I of the electron transport chain (NADH:ubiquinone oxidoreductase), leading to an increase in superoxide and accumulation of ROS. Metformin-mediated increases in cellular ROS causes DNA damage, which promotes an increase in PARP activity. This is supported by studies that show that when PARP is inhibited, there is a decrease in metformin-induced cell death. Since PARP uses NAD+ as the substrate to synthesize poly(ADP-ribose), metformin-induced PARP activity leads to NAD+ depletion. Therefore, treating with exogenous NAD + or increasing NAMPT activity reduces metformin-induced cell death, while knocking down NAMPT levels enhances metformin-induced cell death.

Overall, this study highlights the role that NAD+ availability plays in not only metformin treatment, but also other potential treatments. NAMPT expression may considerably alter how cancer cells may react to different treatments. If further large-scale clinical trials confirm the antitumor effects of metformin, this drug may become an alternative cancer adjuvant therapy in conjunction with standard-of-care chemotherapeutics.
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Branched-chain amino acids (BCAAs), including valine, leucine, and isoleucine, are crucial amino acids with significant implications in tumorigenesis across various human malignancies. Studies have demonstrated that altered BCAA metabolism can influence tumor growth and progression. Increased levels of BCAAs have been associated with tumor growth inhibition, indicating their potential as anti-cancer agents. Conversely, a deficiency in BCAAs can promote tumor metastasis to different organs due to the disruptive effects of high BCAA concentrations on tumor cell migration and invasion. This disruption is associated with tumor cell adhesion, angiogenesis, metastasis, and invasion. Furthermore, BCAAs serve as nitrogen donors, contributing to synthesizing macromolecules such as proteins and nucleotides crucial for cancer cell growth. Consequently, BCAAs exhibit a dual role in cancer, and their effects on tumor growth or inhibition are contingent upon various conditions and concentrations. This review discusses these contrasting findings, providing valuable insights into BCAA-related therapeutic interventions and ultimately contributing to a better understanding of their potential role in cancer treatment.
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1 Introduction

Cancer is one of the most critical problems related to human health, which affects millions of people worldwide every year and leads to numerous deaths (1). Studies have revealed that the metabolism of tumor and immune cells in the tumor microenvironment (TME) plays a crucial role in cancer development and antitumor immune responses (2). For instance, tumor cells utilize various metabolic pathways to produce biological macromolecules that support their energy and proliferation (3, 4). On the other hand, the concentration of nutrients in the TME affects the selection of the metabolic pathways and macromolecules by tumor cells to reach the optimum conditions for their growth and survival. Among the macromolecules used by tumor and immune cells, amino acids, glucose, and fatty acids are essential for producing energy and growth (5–7).

Recent studies have suggested that an imbalance in amino acids, including essential and non-essential ones, may contribute to the pathogenesis of various human disorders, including cancer (8). Among these amino acids, branched-chain amino acids (BCAAs), including leucine, isoleucine, and valine, are essential and cannot be synthesized by the human body. Therefore, including BCAA-rich proteins in the diet is necessary to support protein synthesis, increase albumin levels, and prevent proteolysis (9, 10). Interestingly, BCAAs have been found to inhibit tumor cell migration and metastasis by reducing the expression of N-cadherin (11). However, the role of BCAAs in cancer remains controversial, as some studies have indicated that the catabolism of these amino acids can enhance tumor growth and progression in a dose-dependent manner (12). As a result, targeting the enzymes involved in BCAA catabolism or utilizing BCAA-rich diets has emerged as potential therapeutic interventions (13). Nonetheless, due to the dual role of BCAAs in cancer, the implementation of these therapeutic approaches may present challenges and limitations (14).

This review delves into the role of BCAAs in cancer pathogenesis, and therapeutic interventions involving the inhibition of BCAA catabolism and the utilization of BCAA-rich diets for cancer treatment are summarized. Additionally, the achievements and limitations of these approaches are discussed, providing a comprehensive analysis of BCAA-related strategies in cancer treatment.




2 BCAA biology

The nine essential amino acids include valine, leucine, isoleucine, histidine, lysine, tryptophan, methionine, phenylalanine, and threonine (15). Among these crucial amino acids, BCAAs (leucine, isoleucine, and valine) have an aliphatic side chain and a branch composed of a central carbon bound to three or more carbon atoms. BCAAs are non-polar aliphatic amino acids consisting of a carboxylic acid group, an amino group, and an isopropyl group on the side chains. Valine (HO2CCH(NH2)CH(CH3)2) is an aliphatic and highly hydrophobic amino acid found in the interior of globular proteins. Valine preserves mental strength, promotes muscle growth, aids in tissue repair, and provides energy support as a glycogenic essential amino acid. Soy, fish, cheese, vegetables, and meats are rich sources of valine. L-Valine is one of the twenty proteinogenic amino acids encoded by GUC, GUU, GUA, and GUG codons (16).

Leucine (HO2CCH(NH2)CH2CH(CH3)2) is a hydrophobic amino acid encoded by UUA, UUG, CUC, CUU, CUG, and CUA codons. It is a critical component of astacin and ferritin subunits. Leucine deficiency is rare because it is available in several foods (17). Another BCAA, isoleucine (HO2CCH(NH2)CH(CH3)CH2CH3), is synthesized from pyruvate by bacteria that utilize leucine biosynthesis enzymes. Isoleucine is encoded by the AUU, AUC, and AUA codons and is found in seeds, nuts, meats, cheese, fish, and eggs (18).

BCAAs belong to the proteinogenic amino acids category (19). They play a role in several physiological and metabolic mechanisms, such as promoting protein synthesis and degradation in skeletal muscles and other tissues, hormone production, detoxification of nitrogenous wastes, wound healing, initiating signaling pathways, regulating gene expression, cell apoptosis and regeneration, insulin resistance, and glucose metabolism (20–22). BCAAs can promote glycogen sparing, and there is a close association between BCAAs, brain levels of tryptophan, and serotonin (23). The oxidation of BCAAs primarily occurs in skeletal muscles by specific enzymes, enhancing fatty acid oxidation and preventing obesity. However, other amino acids are catabolized in the liver (20). BCAAs also participate in immune system processes. It has been revealed that immune cells produce decarboxylase and dehydrogenase enzymes responsible for breaking down BCAAs, thereby improving lymphocyte growth and proliferation, dendritic cell (DC) maturation, and boosting cytotoxic T cell activity (24, 25).

Cells sense the availability of intracellular concentrations of BCAAs, such as leucine, to regulate ribosome biogenesis and protein synthesis. Phosphorylated sestrin2, by binding to gator2, negatively regulates the mammalian target of rapamycin complex 1 (mTORC1) protein kinase, which is involved in cell growth. It has been shown that sestrin is dephosphorylated after binding to leucine, reducing its inhibitory effect on gator2. As a result, the mTORC1 pathway is activated and leads to cell growth (26, 27). Another interesting interaction of leucine with mTORC1 is enhancing the acetylation of Raptor (a partner of mTORC1) by leucine-derived acetyl-CoA, which improves growth signals (28). Therefore, leucine can significantly promote cell growth by activating the mTORC1 pathway (29). Evidence suggests that uncontrolled activation of the mTOR pathway has been reported in several human cancers. Therefore, increasing the concentrations of BCAAs, especially leucine, may enhance the growth of tumor cells (30).




3 BCAAs catabolism

As mentioned before, BCAAs can be catabolized by enzymes, which affect the levels of leucine, isoleucine, and valine in an overlapping manner (29). Since leucine is abundant in proteins, the breakdown of exogenous proteins from foods or internal sources such as muscles releases a large amount of this amino acid (31). The final product of the oxidation of BCAAs varies depending on their type because studies have shown that the carbon precursors used for glucose production, which occurs independently of acetyl-CoA, are only produced by the catabolism of valine and isoleucine (29). Moreover, the production of carbon derived from BCAAs during their catabolism can provide the necessary fuel for the tricarboxylic acid (TCA) cycle and oxidative phosphorylation, supplying energy to the cells. Additionally, it has been shown that BCAA catabolism can facilitate the synthesis of other amino acids and nucleotides through the de novo pathway, as well as proteins, by affecting proteinogenic amino acids or enhancing nutritional cell signals. The breakdown of BCAAs produces metabolites that can potentially influence the epigenome. One notable example is the generation of acetyl-CoA from BCAA catabolism (29). Acetyl-CoA serves as a crucial supplier of acetyl groups for histone acetylation, thereby influencing the epigenetic characteristics of cells by affecting acetyl-CoA levels (32–34).

Transamination is an essential phenomenon in the catabolism of free BCAAs, carried out by the enzymes branched-chain amino acid transaminase 1 (BCAT1) and BCAT2. BCAAs can undergo transamination, and the transfer of nitrogen to α-ketoglutarate (α-KG) leads to the generation of glutamate and branched-chain keto acids (BCKAs), including ketovaline (α-ketoisovalerate), ketoleucine (α-ketoisocaproate), and ketoisoleucine (α-keto-β-methylvalerate). BCAT1 and BCAT2, both highly active reversible enzymes present in the cytosol and mitochondria, act upon all three BCAAs and their corresponding BCKAs. Interestingly, to regenerate α-KG and BCAA, BCAT1 and BCAT2 transfer nitrogen from glutamate back to a BCKA (29). Therefore, nitrogen can be replaced quickly between BCAAs, glutamate, α-KG, and BCKAs even in a minimum BCAAs catabolism state. A multimeric enzyme complex called BCKA dehydrogenase (BCKDH), which consists of E1, E2, and E3 subunits, catalyzes the oxidative decarboxylation of BCKAs to generate acyl-CoA derivatives, including isovaleryl-CoA, 2-methylbutyryl-CoA, and isobutyryl-CoA in various cells and tissues. These acyl-CoA derivatives are metabolized through distinct pathways. Specifically, valine catabolism yields propionyl-CoA, leucine generates acetyl-CoA and acetoacetate, and isoleucine produces acetyl-CoA and propionyl-CoA (35).

In mammals, the activity of BCKDH is irreversible. Additionally, the absence of enzymes synthesizing BCKAs from the de novo pathway makes it impossible to produce BCAAs in the body (36).




4 BCAA catabolism and cancer

Recent investigations show that several human disorders, such as cancer, can be associated with increased circulatory levels of BCAAs (Figure 1). Furthermore, whole-body protein turnover and dietary intake determine the plasma levels of BCAAs because the gut is responsible for BCAA absorption and their release into the blood circulation (37–39). In the conditions of need, BCAAs are released from proteins and catabolized in the tissues that express BCATs, such as skeletal muscles, leading to the production of BCKA and its release into the bloodstream. Due to the expression of BCKDH in the liver, circulatory BCKAs provide carbon for fatty acid synthesis, ketogenesis, and gluconeogenesis (40).




Figure 1 | Role of BCAAs catabolism in cancer. BCAAs catabolism is induced by BCAT1, BCAT2, BCKDK, and BCKDH to produce metabolic intermediates such as acetyl-CoA, initiating the TCA cycle and producing energy. BCAAs also can induce mTORC1 and cell growth and proliferation. BCAAs catabolism can collectively lead to chemoresistance, upregulation of SOX2, induction of USP1 and deubiquitylation of BCAT2, glutamine synthesis, tumor cell growth, proliferation, migration, and metastasis.



Systemic glucose metabolism can be affected by BCAAs via the regulation of insulin release and tissue sensitivity to this hormone (41, 42). On the other hand, insulin, through regulating the BCKDH enzyme in the liver, is involved in regulating BCAA catabolism. Therefore, impairment in the normal function of the pancreas, obesity, diabetes, and insulin resistance can affect BCAA breakdown in skeletal muscles, liver BCKA breakdown, and plasma concentrations of BCAAs (43). It has been reported that tumor cells may reprogram the systemic metabolism of BCAAs, leading to cancer progression (29, 44). Glutamine is one of the essential amino acids produced from BCAA catabolism and is a basic requirement for numerous tumor cells (35). Tumor cells use BCAAs as fuel, increasing the expression of BCAT1 and catabolizing them to provide glutamine. Studies have reported that the increase in BCAT1 enzyme levels is associated with tumor growth and proliferation in various cancers, and inhibiting it in certain cases, such as glioblastoma, leads to a decrease in tumor development (45–47).

Interestingly, in Hepatocellular carcinoma (HCC), only the levels of BCAT1/2 are upregulated, leading to chemoresistance, while BCKDH and other enzymes involved in BCAA catabolism are decreased (45, 48). In contrast, an investigation revealed that in breast cancer, along with BCAT1, the expression of BCKDHA and BCKDHB was upregulated, thus promoting tumor cell growth (49). BCAT1 also can induce the mTORC1 pathway to amplify mitochondrial biogenesis and generate ATP, providing energy and enhancing tumor cells’ growth and colony formation in breast cancer (49). Upregulation of BCAT1 is also reported in other human malignancies, such as ovarian cancer. An investigation on ovarian cancer cells showed that suppressing BCAT1 can downregulate involved genes in tumorigenesis and reduce ATP levels generated by the TCA cycle (50). BCAAs are used as a potential carbon source for the biogenesis of fatty acids to facilitate cell proliferation (12). In pancreatic ductal adenocarcinoma (PDAC), the concentrations of BCAA levels are significantly elevated, which is associated with tumor growth and development because BCAT2 is upregulated in PDAC, and the inhibition of this enzyme is associated with suppressing PDAC progression (51, 52).

Moreover, pancreatic stellate cells (PSCs) in PDAC regulate BCAA metabolism. Assessment of serum and tissue BCAAs in patients with PDAC revealed their levels significantly increased; however, adding BCAA to PDAC cell culture medium in several concentrations cannot affect tumor cell proliferation and migration. This study showed that following coculture of aPSCs with PDAC cells induced the proliferation of tumor cells by affecting the pattern of proteins involved in the BCAA degradation pathway (53).

A significant upregulation of BCKDK was reported in patients with colorectal cancer and was accompanied by an unpromising prognosis. Preclinical studies on colorectal cancer demonstrated that BCKDK activates MEK/ERK pathway, inducing tumorigenesis (54, 55).

Leucine is a ketogenic amino acid that can be imported from the circulation into the brain parenchyma (56). In this way, it can provide the metabolic requirements of cancer cells in brain tumors as an effective substrate and complement of glucose. Evidence shows that brain tumor cells can eliminate leucine from their milieu and augment their media with the metabolite 2-oxoisocaproate. Moreover, enriched media with a high leucine concentration produced 3-hydroxybutyrate and citrate, indicating metabolic reprogramming of tumor cells. In human tumor samples as well as cultured cancer cells, the expression of 3-methylcrotonyl-CoA carboxylase was detected. This enzyme is involved in the irreversible leucine catabolic processes (57). Accordingly, tumor cells can catabolize leucine and deliver its carbon atoms to the TCA cycle. In addition, leucine contributes to the production of lipids required for citrate to be withdrawn from the TCA cycle (57).

Serum metabolites in patients with non-small-cell lung cancer (NSCLC) and NSCLC cell cultures supernatant were examined, and findings showed that following upregulation of BCKDK, BCAA concentration significantly increased. At the same time, citrate levels were reduced in preoperative NSCLC patients than in healthy subjects. Furthermore, knockout of BCKDK inhibited tumor cell proliferation and induced apoptosis of NSCLC cells ex vivo. The oxidative phosphorylation and ROS levels increased, and glycolysis was repressed. These data indicated that BCKDK affects oxidative phosphorylation and glycolysis via regulating BCAA and citrate degradation, inducing NSCLC progression (58).

It has been revealed that liver cancer cells induce BCAA catabolism in the absence of glutamine, increasing carbon and nitrogen to generate nucleotide and enhancing the cell cycle and cell survival. Under glutamine deficiency conditions, O-linked-N-acetylglucosaminylation is increased, stabilizing mitochondrion protein phosphatase 1K (PPM1K) protein, as well as increasing BCKDHA dephosphorylation and BCAAs decomposition. An upregulation of BCKDHA and dephosphorylated BCKDHA induces tumorigenesis and is associated with poor prognosis in patients with HCC (59).

Analysis of genes involved in BCAA catabolism in pancreatic cancer showed that among dihydrolipoamide branched chain transacylase E2 (DBT), 4-aminobutyrate aminotransferase (ABAT), acetyl-CoA acetyltransferase 1 (ACAT1), BCAT1, and BCAT2, which were correlated to poor prognosis, ABAT and BCAT2 were hub genes with satisfactory prognosis values. Moreover, the upregulation of BCAT2 was associated with increased infiltration of stromal CD68+ macrophage in the TME of the high-risk group (60). Studies on breast cancer cell lines, such as BCC and MCF-7, showed that these cells provide their required energy via degrading BCAAs and can generate mevalonate by leucine degradation. Additionally, metabolic flux analysis around the mevalonate node demonstrated that high concentrations of acetoacetate were produced from BCAA-derived carbon, and this metabolite could be a potential source for lipid synthesis (61). These data indicate that the degradation of BCAAs could be a potential carbon/energy source for tumor cell proliferation and a potential therapeutic target for cancer treatment.

Unexpectedly, an investigation found that the increased levels of BCAA, by increasing dietary intake in mice or the genetic model, inhibited tumor growth and breast cancer lung metastasis. According to the survival analysis results, the expression of genes involved in BCAA catabolism, such as PPM1K, is robustly correlated to tumorigenesis in patients with breast cancer. Knockout of ppm1k in mice led to the accumulation of BCAAs due to impaired BCAA catabolism, increasing infiltrated NK cells and inhibiting tumor growth in the studied animals without affecting tumor cell proliferation and vasculature (11).

Metabolic diseases, such as type 2 diabetes mellitus and obesity, could be associated with human malignancies, and adipose tissue is actively involved in developing these disorders. Based on available knowledge, white adipose tissue stores excess energy, whereas brown and beige adipose tissues (thermogenic fats) can convert energy to heat and act as metabolic sinks of glucose, amino acids, and fatty acids (62). In the TME, these activated thermogenic adipocytes induce cancer development by providing fuel sources and leading to chemoresistance (63). Therefore, there seems to be a close relationship between adipose tissue and BCAA catabolism, which can affect tumor metabolism and lead to cancer development (64). Angiopoietin-like-4 (ANGPTL4) regulates lipids and BCAAs metabolism and is involved in tumor metastasis and progression. A study shows that ANGPTL4 is downregulated in osteosarcoma (OS). There is a negative correlation between the ANGPTL4 expression and BCAA catabolism in OS cell lines and human samples. Therefore, ANGPTL4 knockdown in OS cells leads to accumulating BCAAs, activating the mTOR pathway, and boosting OS cell proliferation and progression. Accordingly, targeting the ANGPTL4/BCAA/mTOR axis could be a potential therapeutic target to reduce OS development (65).

It has been discovered that BCAT1 is overexpressed at the protein level in tumor cells and tissues isolated from patients with metastatic lung cancer. Transcriptomic data analysis in the TCGA database also demonstrated that upregulation of BCAT1 transcription was associated with poor overall survival. This is because high concentrations of BCAT1 depleted α-KG and increased SOX2 expression. Since SOX2 is a transcription factor in regulating stemness and metastasis of cancer cells, upregulation of BACT1 can induce tumor development (66).

In human blood malignancies, a study reported that BCAA metabolism affects human leukemia cells to preserve their stemness regardless of lymphoid or myeloid types. Analysis of human primary acute leukemic cells showed that these cells could express BCAA transporters for BCAA uptake, BCAT1, and had higher levels of cellular BCAA as well as α-KG than CD34+ hematopoietic stem progenitor cells (HSPCs) as control (67). In xenograft leukemia models, BCAA deprivation from the daily diet significantly suppressed tumor cells’ self-renewal, expansion, and engraftment. Moreover, suppressing BCAA catabolism in primary ALL or AML cells lead to the inactivation of the polycomb repressive complex 2 (PRC2) function. PRC2 regulates stem cell signatures by preventing embryonic ectoderm development (EED) and zeste homolog 2 (EZH2) transcriptions as PRC components (67).

Considering the dual role of BCAAs in inhibiting the growth of tumor cells and tumor development, it appears that targeting different components involved in the catabolic pathways of BCAAs can be a merit in cancer therapy.




5 Therapeutic interventions

BCAAs play an essential role in the metabolism and biogenesis of macromolecules, and as discussed, their catabolism can affect the metabolism and behavior of tumor cells through different mechanisms. This section discusses the BCAA-related therapeutic intervention for treating various human malignancies (Table 1).


Table 1 | BCAA-related therapeutic approaches for the treatment of cancer.





5.1 Targeted therapies

Evidence revealed that modulating the accumulation of BCAAs can regulate tumor cell proliferation, tumor burden, and overall survival. Dietary BCAA intake is also associated with cancer development in some malignancies. Moreover, reducing BCAA catabolism via therapeutic tumor interventions could have functional benefits (48). Based on the available studies, the enzymes involved in the catabolism of BCAAs, such as BCAT1, BCAT2, and BCKDK, could be potential therapeutic targets for cancer treatment (35, 78). However, some studies reported that BCAT1 and BCAT2 are not involved in human cancers such as PDAC because these enzymes can not induce PDAC tumor formation.

Consequently, the origin tissue is a critical factor in how tumors meet their metabolic needs (79). Based on these findings, perhaps the inhibition of these enzymes may not be effective in some cancers. Nonetheless, analysis of samples from patients with malignant melanoma and mouse malignant B16 melanoma cell lines showed that BCAT1 was overexpressed in both sample types. Moreover, BCAT1 knockdown inhibited the proliferation and migration of melanoma cells and decreased oxidative phosphorylation (68). These findings show that BCAT1 can be a suitable therapeutic target in treating human cancers such as malignant melanoma. It has been revealed that the cytosolic BCAT isoform could be associated with human epidermal growth factor receptor 2 (HER2)-positive tumors, while its mitochondrial isoform is highly expressed in estrogen (ER)-positive tumors. Therefore, targeting BCAT enzymes should consider their isoforms in various cancers with different phenotypes (80).

Evidence has shown that targeting BCKDK with small-molecule and allosteric inhibitors could be effective in suppressing tumor cell development. The mechanism of action of these inhibitors is binding to BCKDK, prompting movements within the N-terminal domain helix, and finally detaching BCKDK from BCKDH and degrading BCKDK (55, 81). (S)-α-chlorophenylpropionate and 3,6-dichloro-1-benzothiophene-2-carboxylic acid (BT2) are BCKDK allosteric inhibitors (82, 83). However, BT2 is more effective than (S)-α-chlorophenylpropionate, and has greater metabolic stability. After treatment with BT2, BCKDH activities increased in the culture medium of primary hepatocytes (55). BCKDK also activates the RAS/RAF/MEK/ERK pathway by phosphorylating MEK, which promotes tumor cell proliferation (54). It has been reported that, like genetic and pharmacological inhibition of BCKDK, treating triple-negative breast cancer (TNBC) cells with doxorubicin downregulated BCKDK expression, reducing the intracellular concentrations of BCKAs. Additionally, silencing of BCKDK in TNBC cells reduced the expression of genes involved in mitochondrial metabolism and complex electron protein, as well as the consumption of oxygen and ATP generation. BCKDK silencing also induced apoptotic pathways. Silencing BCKDK in combination with doxorubicin intensified apoptosis and caspase activity, inhibiting TNBC cell proliferation. Suppressing BCKDK in TNBC cells could also upregulate sestrin 2 while simultaneously decreasing mTORC1 signaling and protein synthesis. Thus, BCAAs flux remodeling by BCKDK inhibition in TNBC could be a potential therapeutic approach to hinder tumor growth and progression (69). Another investigation showed that inhibition of BCKDK by siRNA or chemical inhibitors could reduce BCAA levels and synergistically induce the antitumor effects of paclitaxel in breast and ovarian cancer cells. However, BCKDK inhibition also deactivated the mTORC1-Aurora pathway, overcoming M phase cell cycle arrest stimulated by paclitaxel (70). In patients with ovarian cancer, a higher level of BCKDK is associated with advanced pathological grades. Moreover, BCKDK overexpression promotes ovarian cancer cell proliferation and migration by inducing the MEK/ERK pathway. Accordingly, BCKDK knockdown with shRNAs repressed ovarian cancer cell proliferation and migration in vivo and ex vivo (71). Transfection of anti-BCKDK siRNA into non-small cell lung cancer cells, including A549, HCC827, and H1299, reduced the expression of BCKDK, decreased BCKDE1α phosphorylation, and inhibited the proliferation of tumor cells in these cancers. In addition, G0/G1 cell cycle arrest and an increase in the expression of P21 occurred following the inhibition of BCKDK (72). Ubiquitin-specific protease 1 (USP1), a human deubiquitinase, plays a significant role in regulating the cellular responses to DNA damage and controlling cell differentiation (84). BCAAs promote the expression of USP1 protein, and USP1 can deubiquitylate BCAT2. Furthermore, suppressing USP1 can inhibit tumor cell growth and proliferation as well as clone formation in PDAC mice models. These outcomes indicate that targeting USP1/BCAT2 in the BCAA metabolic pathway could be a therapeutic strategy for treating PDAC (73).




5.2 Dietary interventions

The results of studies on different cancers show several contradictions regarding the dietary intake of BCAAs as a therapeutic approach. For instance, an experimental study on LSL-KrasG12D/+; Pdx1-Cre (KC) mice revealed that a BCAA-rich diet stimulates the progression of pancreatic intraepithelial neoplasia (73). A multicentric Italian case-control study also reported a positive association between dietary intake of BCAAs and the risk of pancreatic cancer (74). Supplementation of BCAAs to 1594 HCC patients undergoing locoregional therapies, including radiofrequency ablation, hepatic artery infusion chemotherapy, or transarterial chemoembolization, could improve the non-protein respiratory quotient (npRQ, which represents the ratio of carbohydrate to fat oxidation), increase albumin levels, and improve quality of life. Furthermore, BCAA supplementation reduced the Child-Pugh score (a score used to evaluate the prognosis of chronic liver disease), decreased the recurrence rate, and prolonged overall survival (8). It is possible that supplement therapy with BCAAs can help reduce the side effects caused by conventional cancer therapies, such as chemotherapy, radiotherapy, or surgery. In this regard, an investigation revealed that administering BCAAs during the oncological surgical period led to satisfactory outcomes in reducing post-operative morbidity from ascites and infections (85). However, it should be noted that the catabolism of this group of amino acids may potentially benefit tumor growth, and further studies in this field are needed to determine the optimal dosage as well as the specific types of cancer.

On the other hand, it has been reported that high-BCAA diets can suppress the growth of breast cancer cells and lung metastases in mice. A high concentration of BCAAs in the culture medium impaired the ability of breast cancer cells to migrate and invade, likely due to the downregulation of N-cadherin. Additionally, a low BCAA diet increased the colonization of tumor cells in the lung. These data revealed that high BCAA diets effective in treating breast cancer by suppressing tumor cell growth and metastasis (11). Another study also found a significant association between higher dietary intake of BCAAs and a decreased risk of postmenopausal breast cancer (75). However, the evaluation of the association between long-term dietary intakes of BCAAs and invasive breast cancer risk showed no association between dietary intakes of total or individual BCAAs and the risk of breast cancer (86).

A large case-control study on colorectal cancer patients showed an inverse association between BCAA intake and the risk of sigmoid colon cancer risk (76). These data are consistent with findings from several large US cohorts that do not support the hypothesis of a positive association between dietary BCAA intake and colorectal cancer risk (78). Another investigation suggested positive associations between higher dietary intake of BCAAs and the risk of all-cause mortality in CRC patients (77). Considering the contradictions in this area, further studies are needed to confirm these results, identify underlying mechanisms, and caution should be exercised when supplementing BCAAs in individuals with cancer (87).





6 Concluding remarks

In conclusion, extensive research has established the undeniable role of BCAAs and the activated biological pathways they engage in cancer. Activation of various enzymes in the catabolism of BCAAs leads to the production of metabolites that indirectly contribute to tumor growth and development. Therefore, targeting these enzymes presents a promising therapeutic approach for cancer treatment. However, the effectiveness of such interventions varies across different cancers due to the presence of diverse isoforms of these enzymes in distinct cancer phenotypes, posing challenges in treatment.

Contrastingly, supplement therapy with BCAAs has demonstrated tumor growth inhibition in certain cancers while showing no impact on others. Consequently, it is essential to consider the contradictory data derived from different studies and acknowledge the presence of numerous confounding factors that influence the results. To obtain reliable and valid outcomes, it is imperative to conduct studies with larger sample sizes and employ rigorous measures to minimize the impact of confounding factors. By doing so, we can comprehensively understand the complex relationship between BCAAs, cancer, and potential therapeutic interventions.
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Currently, immune checkpoint inhibitors (ICIs) are widely considered the standard initial treatment for advanced non-small cell lung cancer (NSCLC) when there are no targetable driver oncogenic alternations. NSCLC tumors that have two alterations in tumor suppressor genes, such as liver kinase B1 (LKB1) and/or Kelch-like ECH-associated protein 1 (KEAP1), have been found to exhibit reduced responsiveness to these therapeutic strategies, as revealed by multiomics analyses identifying immunosuppressed phenotypes. Recent advancements in various biological approaches have gradually unveiled the molecular mechanisms underlying intrinsic reprogrammed metabolism in tumor cells, which contribute to the evasion of immune responses by the tumor. Notably, metabolic alterations in glycolysis and glutaminolysis have a significant impact on tumor aggressiveness and the remodeling of the tumor microenvironment. Since glucose and glutamine are essential for the proliferation and activation of effector T cells, heightened consumption of these nutrients by tumor cells results in immunosuppression and resistance to ICI therapies. This review provides a comprehensive summary of the clinical efficacies of current therapeutic strategies against NSCLC harboring LKB1 and/or KEAP1 mutations, along with the metabolic alterations in glycolysis and glutaminolysis observed in these cancer cells. Furthermore, ongoing trials targeting these metabolic alterations are discussed as potential approaches to overcome the extremely poor prognosis associated with this type of cancer.
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1 Introduction

The advent of immune checkpoint inhibitor (ICI) therapy has revolutionized the treatment approach for various cancers, including advanced non-small cell lung cancer (NSCLC). Currently, the standard first-line therapy for advanced NSCLC without targetable driver oncogenic alternations consists of multiple treatment regimens involving ICIs, either alone or in combination with platinum-based chemotherapy (1–8). Predictors such as programmed death 1 ligand-1 (PD-L1) tumor proportion scores (TPS) or tumor mutational burden (TMB) are available but insufficient in accurately forecasting the treatment outcome (9–11). In first-line therapies for advanced NSCLC, ICIs as monotherapy, such as pembrolizumab and atezolizumab, have demonstrated clinical benefits primarily in patients with high tumor PD-L1 expression (2, 3). However, several combinations of ICIs and platinum-based chemotherapies have been approved as standard first-line therapies irrespective of TPS, although the effectiveness of these combinations still relies to some extent on the tumor PD-L1 expression status. Nonetheless, even among the subset of patients with high tumor PD-L1 expression, approximately 20–30% initially exhibit resistance to ICIs, either alone or in conjunction with platinum-based chemotherapy (1, 9).

Recent multiomics analyses, including next-generation sequencing-based tests (NGS), have played a crucial role in identifying predictive biomarkers for ICI therapies and uncovering mechanisms of immune evasion in cancer (9, 12–15). Among them, T cell–inflamed gene expression profile and proteogenomic characterization in addition to NGS data analysis have revealed that specific driver mutations in NSCLC exhibit discrete immune phenotypes (16, 17). Notably, two tumor suppressor genes, liver kinase B1 (LKB1) and Kelch-like ECH-associated protein 1 (KEAP1), are associated with inactivating driver mutations that contribute to an immunosuppressed phenotype (18). Somatic mutations in LKB1, encoded by serine/threonine kinase 11 (STK11), occur in approximately 20-25% of lung adenocarcinoma (LUAD), while inactivating mutations in KEAP1 are observed in approximately 10-15% of LUAD (19–21). Several studies using a large number of clinical specimens have also reported a high frequency of co-occurring mutations in STK11 and KEAP1 (22–24). NSCLC with STK11 and/or KEAP1 mutations represents one of most aggressive types of cancer, characterized by resistance to standard cytotoxic chemotherapy or radiotherapy (20, 25–27). However, these tumors also exhibit reduced efficacy to immunotherapy, independent of PD-L1 expression and high TMB (18, 28, 29). This highlights the urgent need for novel therapeutic strategies to effectively treat NSCLC patients with these specific mutations. T-cell infiltration in tumors is known to be relatively weak, and researchers have investigated various factors that contribute to this, such as the secretion of immunosuppressive molecules and impairment of antigen presentation (17, 18). Among these factors, the metabolic reprogramming of glycolysis and glutaminolysis in tumor cells has emerged as a current area of focus for explaining the limited response to immunotherapy (30, 31). The intrinsic metabolic reprogramming of tumor cells, which is essential for tumor growth, also impacts various cells within the tumor microenvironment (TME), leading to immune evasion by the tumor (30–34).

To understand how the inactivation of the two tumor suppressors leads to metabolic reprogramming of glycolysis and glutaminolysis, researchers have gradually uncovered the molecular mechanisms through various biological approaches. These metabolic alterations play a significant role in promoting tumor aggressiveness and reconstructing the TME to support tumor growth (31, 35, 36). In this review, we provide a summary of the current therapeutic strategies and their clinical efficacies against NSCLC with LKB1 and/or KEAP1 inactivation. Furthermore, we delve into the metabolic alterations of glycolysis and glutaminolysis in NSCLC with these mutations, which are associated with ICI resistance, and discuss ongoing trials that target metabolic alterations.




2 Clinical efficacies of ICI regimen to advanced NSCLC



2.1 Heterogeneity of PD-L1 expression and ICIs efficacy in NSCLC

PD-L1 expression on cancer cells is regulated by various mechanisms, including inflammatory cytokines, mechanical signals, and tumor-intrinsic cell signaling. Consequently, there is heterogeneity in the PD-L1 expression levels across tumors (37–40), making them imperfect markers for predicting the response to ICIs. However, during the clinical development of anti-PD-1/PD-L1 antibodies, tumor PD-L1 expression status was used for patient selection based on the observed association between the objective response rate of anti-PD-1 antibody, pembrolizumab, and tumor PD-L1 expression level (41). The KEYNOTE-010 study demonstrated the durable response of pembrolizumab in patients with high tumor PD-L1 expression, leading to subsequent KEYNOTE-024 trial that compared pembrolizumab monotherapy with platinum-based chemotherapy specifically in patients with high tumor PD-L1 expression (2, 42). In these trials, which selected patients based on tumor PD-L1 expression status, the anti-PD-1 antibody showed superior survival outcomes compared to platinum-based chemotherapy, and subsequently, the anti-PD-L1 antibody atezolizumab also demonstrated overall superiority over platinum-based chemotherapy (3, 43) (Figures 1A, B; Supplementary Table 1). Several phase III studies have investigated the clinical efficacy of combining anti-PD-1/PD-L1 antibodies with platinum-based chemotherapy, irrespective of tumor PD-L1 expression, in comparison to platinum-based cytotoxic chemotherapy. These studies, namely, KEYNOTE-189, IMpower150, IMpower130, IMpower132, and KEYNOTE-407, have now become standard first-line options (4, 5, 44–49) (Figures 1A, B; Supplementary Table 1). In addition, the combination of anti-PD-1 antibody and anti-cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) antibody has also demonstrated similar survival superiority. CheckMate 227 and CheckMate 9LA trials showed that the clinical benefits of nivolumab plus ipilimumab and nivolumab plus ipilimumab in combination with platinum-based chemotherapy, respectively, surpassed those of platinum-based chemotherapy alone (7, 50–52). Moreover, in the phase III POSEIDON study, the combination of anti-PD-L1 antibody durvalumab and anti-CTLA-4 antibody tremelimumab, along with platinum-based chemotherapy, recently showed positive results in terms of both progression-free survival (PFS) and overall survival (OS) when compared to platinum-based chemotherapy alone (8) (Figures 1A, B; Supplementary Table 1). These combination regimens involving ICIs have emerged as the leading options for standard first-line therapy in advanced NSCLC cases without targetable drive alterations, regardless of TPS and TMB.




Figure 1 | Bar graph comparing control and trial arms in pivotal phase III clinical trials in terms of median progression-free survival (A) and median overall survival (B).



In contrast, most molecular-targeted therapies have become established as the standard first-line treatment for NSCLC cases with epidermal growth factor receptor (EGFR), anaplastic lymphoma kinase (ALK), ROS proto-oncogene 1 (ROS1), B-Raf proto-oncogene (BRAF), and Ret proto-oncogene (RET) alterations, exhibiting over 50% antitumor response rates and long-term PFS (53). A recent significant advancement in molecular-targeted therapy is the approval of sotorasib for second-line treatment in NSCLC cases with Kirsten rat sarcoma viral oncogene homolog (KRAS) G12C mutation, following immunotherapy-based therapies (54). Interestingly, the presence of oncogenic driver gene mutations has been found to have an impact on the efficacy of ICIs in NSCLC. Specifically, EGFR and KRAS mutations have been identified as key factors associated with ICI efficacy. NSCLC patients with KRAS mutations have shown favorable responses to ICIs with or without platinum-based chemotherapy compared to those without KRAS mutations. For instance, in a study involving patients with non-squamous NSCLC treated with pembrolizumab alone or in combination with chemotherapy, those with KRAS mutations had a longer PFS compared to patients with wild-type KRAS (median PFS 16.5 months vs. 8.0 months) (55). Another study also reported that KRAS mutations were significant favorable prognostic factors in NSCLC patients treated with pembrolizumab in combination with carboplatin plus pemetrexed for non-squamous NSCLC or paclitaxel for squamous NSCLC (56). A subgroup analysis of the IMpower150 trial revealed that the combination of atezolizumab, bevacizumab, carboplatin, and paclitaxel (ABCP) showed a greater PFS benefit in the population with KRAS mutations compared to the combination of bevacizumab, carboplatin, and paclitaxel, with hazard ratios (HRs) of 0.42 and 0.65, respectively, in KRAS mutation-positive and KRAS mutation wild-type populations (57).

Conversely, a meta-analysis of phase III studies comparing ICI monotherapy to docetaxel in the pretreatment setting revealed that ICI monotherapy is less beneficial in NSCLC patients with EGFR mutant compared to those of wild-type (58). However, several clinical trials have shown the clinical benefit of combining ICIs with platinum-based chemotherapy and an anti-vascular endothelial growth factor (VEGF) strategy. In a subset analysis of the IMpower150 trial, the combination of atezolizumab, carboplatin, paclitaxel, and bevacizumab demonstrated longer PFS and OS compared to carboplatin, paclitaxel, and bevacizumab in patients with common EGFR mutations (59). VEGF-A has been found to have an immunosuppressive role by promoting the function of regulatory T-cell and driving the growth of EGFR mutant NSCLC. Therefore, combining ICIs with VEGF-A inhibitors, such as bevacizumab, has emerged as an appealing treatment strategy for EGFR mutant NSCLC after driver-targeted therapy failure (60–62). However, regarding the predictive value of driver oncogenes other than EGFR and KRAS mutations, conclusive evidence has not been established at this stage. Several small retrospective cohort studies have reported the efficacy of ICI monotherapy in NSCLC patients with other diver oncogenic alterations, with response rates ranging from 0% in NSCLC patients with ALK fusion to 24% in NSCLC patients with BRAF mutation (40, 63, 64). Nevertheless, these findings are insufficient to draw definitive conclusions regarding the clinical relevance of ICIs for patients with these driver gene alternations other than EGFR and KRAS. Regarding RET alternations, the ongoing phase III trials comparing the RET inhibitor selpercatinib to other treatments will provide insights into the clinical efficacy of combination therapy involving ICIs for those patients (65).




2.2 Therapeutic efficacies of ICI regimens to advanced NSCLC with LKB1 and/or KEAP1 inactivation

Recent large-scale profiling studies using NGS in NSCLC have uncovered multiple non-random patterns of driver gene alterations. These patterns often exhibit co-occurrence or mutual exclusivity and are associated with specific driver alterations. One notable example is the co-occurrence of oncogenic driver alterations, such as KRAS and EGFR mutations, along with the inactivation of well-known tumor suppressor genes like tumor protein p53 (TP53), LKB1 (STK11), and KEAP1. These co-occurring patterns have significant biological implications and can influence tumor evolution and progression (18). Furthermore, these co-occurring patterns also impact the clinical efficacies of various therapies, including ICI and cytotoxic chemotherapy. In patients with KRAS-mutant NSCLC who were treated with ICI monotherapies or ICI combination therapies, the response rate was remarkably higher in the group with TP53 co-mutation compared to the group with STK11 co-mutation (28). The median PFS and median OS were reported as 3.0 months and 16.0 months, respectively, for patients with KRAS/TP53 co-mutation (KP group), while it was 1.8 months and 6.4 months for patients with KRAS/STK11 co-mutation (KL group). The underlying biological mechanism explaining the poor efficacy of ICIs in the KL group may be attributed to the immunosuppressive TME caused by LKB1 inactivation followed by STK11 mutation (18). LKB1 inactivation in cancer cells leads to the production of several immunosuppressive cytokines, such as Interleukin (IL)-6, IL-33, chemokine (C-X-C motif) ligand 7, and granulocyte colony-stimulating factor, which contribute to the mobilization of neutrophils (66). Neutrophils play a role in impeding T-cell movement and function, leading to the development of an “immune desert environment” characterized by reduced tumor-infiltrating lymphocytes. The limited efficacy of ICI monotherapies and ICI combined with cytotoxic chemotherapies has been observed in NSCLC patients with STK11 or KEAP1 mutations. In the subgroup analysis of the IMpower150 trial, the KRAS-mutant NSCLC patients and co-occurring STK11 and/or KEAP1 mutations exhibited a significantly shorter median PFS of the combination therapy ABCP compared to those with wild type in both STK11 and KEAP1 (6.0 months vs. 15.2 months) (57) (Supplementary Table 2). In contrast, NSCLC patients with KRAS/TP53 co-mutation had a longer median PFS with ABCP compared to those with KRAS mutations and wild-type TP53 (14.3 months vs. 7.3 months) (57). In the subgroup analysis of the KEYNOTE-189 trial, the overall response rate (ORR) of pembrolizumab in combination with platinum plus pemetrexed was 30.6% in NSCLC patients with STK11 mutation, whereas it was 48.8% in those with STK11 wild type (67) (Supplementary Table 2). Furthermore, in NSCLC patients with KEAP1 mutation, the ORR of pembrolizumab in combination with platinum plus pemetrexed was 35.6% (67). The median PFS for patients with STK11 mutation and those with KEAP1 mutation were 6.1 and 5.1 months (Figures 2A, C), respectively, indicating that the clinical efficacy of ICIs combined with cytotoxic chemotherapy is also limited in NSCLC patients with both gene mutations. However, since STK11 and/or KEAP1 mutations are also associated with poor clinical outcomes to cytotoxic chemotherapy without ICIs, there may still a benefit in adding PD-1/PD-L1 inhibitors to platinum-based chemotherapy even in this population.




Figure 2 | Bar graph comparing control and trial arms in subgroup analyses of pivotal clinical trials for NSCLC with STK11 or KEAP1 mutation in terms of median progression-free survival (A, C) and median overall survival (B, D).



To enhance the clinical outcomes of PD-1/PD-L1 inhibitor-based therapy for “immune desert environment” NSCLC caused by STK11 and/or KEAP1 mutations, the addition of CTLA-4 inhibitors to PD-1/PD-L1 inhibitors represents a promising approach. CTLA-4 is expressed on activated T cells upon tumor antigen presentation by dendritic cells. It has a stronger binding affinity to CD80/86 compared to CD28, which is responsible for T-cell activation, thereby suppressing T-cell activation (68). Anti-CTLA-4 antibodies, such as ipilimumab and tremelimumab, block the binding of CTLA-4 to CD80/86, leading to enhanced and sustained T-cell activation (68). The reported clinical benefits of combining PD-1/PD-L1 inhibitors with CTLA-4 inhibitors for NSCLC with STK11 and/or KEAP1 mutations are based on exploratory analyses of phase III clinical trials and involve unstratified univariate analysis with a relatively smaller sample size. In the subgroup analysis of CheckMate 227, the PFS-HR of nivolumab plus ipilimumab compared to platinum-base chemotherapy were 1.04 for patients with STK11 mutation (n = 78) and 0.25 for those with KEAP1 mutation (n = 38) (69) (Figures 2A, C; Supplementary Table 2). In the subgroup analysis of CheckMate 9LA, the PFS-HRs of nivolumab plus ipilimumab with platinum-based chemotherapy compared to platinum-based chemotherapy alone were 0.61 (95%CI: 0.37–1.00) for patients with STK11 mutation and 0.34 (95%CI: 0.14–0.83) for patients with KEAP1 mutation (52) (Figures 2A, C; Supplementary Table 2). Further, in the subgroup analysis of the POSEIDON trial, the PFS-HRs of durvalumab plus tremelimumab with platinum-based chemotherapy compared to platinum-based chemotherapy alone were 0.47 (95%CI: 0.23–0.93) for patients with STK11 mutation (n = 53) and 0.94 (95%CI: 0.33–3.35) for patients with KEAP1 mutation (n = 28) (70) (Figures 2A, C; Supplementary Table 2). The subgroup analyses of these major clinical trials indicate that certain ICI combination therapies may have some degree of effectiveness in treating NSCLC with STK11 or KEAP1 mutations, although their therapeutic benefits are generally limited (Figures 2A–D). Specifically, KRAS-mutant NSCLC with STK11 or KEAP1 mutations tends to have a poorer prognosis, and comprehensive co-mutation analyses in KRAS-mutant NSCLC have not been conducted extensively for other ICI combination therapies except IMpower150 (57). Therefore, for NSCLC cases with these mutations, it is important to continue clinical and molecular analyses and to develop more advanced therapeutic strategies targeting novel therapeutic targets.





3 Glycolysis and glutaminolysis in NSCLC with LKB1 and/or KEAP1 inactivation



3.1 Glycolysis in NSCLC with LKB1 inactivation

Cancer cells have possess a distinct metabolic characteristic known as the Warburg effect, wherein they preferentially utilize the glycolytic pathway for energy production, even in the presence of sufficient oxygen (71–73). This unique glycometabolism trait is characterized by increased glucose uptake and enhanced carbohydrate conversion into lactose. By consuming high amounts of glucose, tumor cells can rapidly proliferate and generate ATP, while also obtaining the necessary glycometabolic intermediates for synthesizing cellular components (73–75). Glucose is not only vital for tumor cell growth but also plays a crucial role in the proliferation and activation of effector T cells. Consequently, intratumoral effector T cells must outcompete tumor cells to acquire glucose (33, 76). Hence, in rapidly growing tumors, high glucose consumption itself may contribute to immunosuppression. In support of this, a study by Zappasodi et al. explored the correlation between tumor immune infiltration and glycolysis of cancer cells in advanced melanoma patients treated with ipilimumab. They discovered that high expression of glucose catabolism genes in melanoma was inversely associated with infiltration of substantial immune cells, suggesting that tumors with low glycolytic activity are more likely to respond to anti-CTLA-4 antibodies (77). Furthermore, lactate dehydrogenase A (LDHA) and monocarboxylate transporter 1 (MCT1), which are key enzymes involved in glycolysis and lactate production, have been found to exhibit an inverse correlation with immune infiltrates even after ipilimumab treatment (77). This suggests that anti-CTLA-4 blockade alone may be insufficient to enhance immune cell infiltration in highly glycolytic tumors.

LKB1 is recognized as a key metabolic regulator that exerts control over glucose metabolism by inducing the expression of critical genes encoding enzymes involved in glycolysis, gluconeogenesis, aerobic oxidation, and the pentose phosphate pathway. It achieves this regulation by acting on several downstream targets, including the central metabolic sensor called AMP-activated protein kinase (AMPK) (78–82). Under conditions of energy stress, LKB1 directly phosphorylates AMPK, which in turn promotes the activation of catabolic pathways such as glycolysis and fatty acid oxidation. Simultaneously, it suppresses anabolic pathways, including gluconeogenic enzymes, to maintain intracellular ATP levels (81, 82). Furthermore, the LKB1-AMPK axis plays a role in regulating cell growth and division by inhibiting the mammalian target of rapamycin complex 1 (mTORC1), which serves as the central integrator of nutrient and mitogenic signals. Notably, mTORC1 is often activated in cancer cells, contributing to tumor progression (81, 83). When LKB1 function is compromised, these downstream factors become dysregulated, leading to increased glucose uptake and consumption, as well as a metabolic shift toward aerobic glycolysis. Even in benign tumors with LKB1 haploinsufficient, there have been reports of enhanced accumulation of 18F-deoxyglucose on positron emission tomography, indicating that the loss of LKB1 function directly influences glucose metabolic reprogramming (84). Studies using the naturally LKB1-inactivated NSCLC cell line A549 have demonstrated that the activation of hypoxia-inducible factor 1 alpha (HIF-1α), induced by LKB1 inactivation, contributes to the enhancement of the aerobic glycolytic system (85). The absence of LKB1 was found to result in increased HIF-1α expression, which was shown to depend on both mTOR signaling and cellular mitochondrial reactive oxygen species (ROS) levels. Notably, HIF-1α knockdown in LKB1-deficient cell line significantly reduced proliferation under low-glucose conditions, indicating that HIF-1α promotes the growth of NSCLC with LKB1 inactivation even when nutrients are limited (85). Alongside LKB1 inactivation, KRAS mutation, which is the most prevalent oncogenic alteration in tumors with LKB1 inactivation, also leads to heightened glucose uptake and increased glycolytic activity. This is achieved through the upregulation of glucose transporter 1 (GLUT1) and key glycolytic enzymes such as LDHA, hexokinases, and phosphofructokinase 1 (PFK1) (86–88). Mutant KRAS, by upregulating GLUT1 and these glycolytic enzymes, further enhances aerobic glycolysis. Therefore, lung cancer cells with simultaneous LKB1 inactivation and KRAS mutation are likely to exhibit greater glucose uptake and consumption, contributing to their rapid tumor growth and suppression of intratumor effector T-cell activity (Figure 3A).




Figure 3 | Overview of glucose and glutamine (Gln) metabolism in KRAS-mutant NSCLC with LKB1 or KEAP1 inactivation. (A) Overview of glucose and Gln metabolism in KRAS-mutant NSCLC with LKB1 inactivation. Glucose is imported by glucose transporter 1 (GLUT1) and is then metabolized by glycolysis into pyruvate. Pyruvate then either enters the tricarboxylic acid (TCA) cycle for ATP synthesis or is converted to lactate by lactate dehydrogenase (LDH). Mutant-KRAS enhances aerobic glycolysis by upregulating GLUT1 and LDH. After exported by monocarboxylate transporter 4 (MCT4), lactate increases extracellular acidification rate of tumor microenvironment (TME) and has diverse effects on various immune cells. Gln is imported by SLC1A5 where it then enters into the mitochondria and is converted to glutamate (Glu) by glutaminase (GLS), which is highly increased in NSCLC with LKB1 inactivation. The released NH4+ during the conversion to Glu is used for the synthesis of the purine/pyrimidine base. Carbamoyl phosphate synthetase 1 (CPS1), which is the first rate-limiting mitochondrial enzyme in the urea cycle, is overexpressed in NSCLC with LKB1 inactivation. Glu is also used for the precursor of glutathione (GSH), which promotes reactive oxygen species (ROS) detoxification. In addition, the excess synthesized Glu is excreted out via xCT/SLC7A11 and is then required for T-cell activation. (B) Overview of glucose and Gln metabolism in KRAS-mutant NSCLC with KEAP1 inactivation. Glucose and Gln metabolism are promoted to the anabolic pathway through interaction with the phosphatidylinositol 3’-kinase/protein kinase B signaling. Gln exchanges Glu for cystine via the antiporter xCT (SLC3A2/SLC7A11), which activated NRF2 target. Both cystine and Gln are used to produce GSH, leading to ROS neutralization. Gln is also used in purine base synthesis, and fewer Gln are used for TCA cycle.



Tumor cells that undergo rapid proliferation stimulate the formation of tumor blood vessels by releasing factors that promote angiogenesis. This process is crucial for acquiring nutrients and oxygen. However, the resulting vasculature is often immature and hyperpermeable, leading to the development of hypoxic regions within the tumor. These hypoxic areas create a barrier that hampers the infiltration of immune cells (89). Moreover, the hypoxic tumor microenvironment contributes to the accumulation of immunosuppressive metabolic byproducts. These metabolic alterations negatively impact the function of effector T cells, while they may have little to no effect or even benefit suppressive immune populations like regulatory T cells (Treg) and suppressive myeloid populations (31, 90). The increased glycolytic activity in tumor leads to the production of large amounts of lactate, which in turn acidifies the extracellular spaces. NSCLC with LKB1 inactivation is associated with an elevated extracellular acidification rate (ECAR), which indicates higher lactate levels. Introducing transient expression of LKB1 in an NSCLC cell line with LKB1 inactivation resulted in a 20% decrease in ECAR (85). Despite its ability to lower pH, lactate has diverse effects on immune cell populations. For instance, it promotes a metabolic shift in Treg to enable their activity in low-glucose environments and induces macrophages to adopt an M2 phenotype, which supports tumor growth (91–93). Notably, the accumulation of lactic acid can suppress the proliferation of CD4+ and CD8+ T cells, as well as inhibit their cytokine production (94). Lactate can deplete intracellular nicotinamide adenine dinucleotide+ (NAD+) levels and impair effector T cells because LDH uses lactate to generate NAD+ hydrogen (NADH). Conversely, Treg can continue to function in high lactate environments where conventional T cells are suppressed due to the NAD+ produced by mitochondrial metabolism (91, 93).

Furthermore, it is recognized that circulating lactate is transported into cells via MCT1 and used as an energy source and substrate for lipogenesis in certain cancer types (95). In an analysis that measured the uptake of metabolic intermediates from tumor samples after labeled glucose infusion in NSCLC patients, elevated lactate labeling was observed, indicating the uptake of lactate in tumors compared to glycolytic metabolites (96). In addition, a xenograft model using an NSCLC cell line with LKB1 inactivation showed increased labeled lactate in the tumor, indicating the uptake of extracellular lactate and its incorporation into the tricarboxylic acid (TCA) cycle as a carbon source (96). This study suggests that lactate plays a crucial role as an energy source in LKB1-inactivated NSCLC. Apart from LDHA/B, elevated levels of the lactate transporter MCT1/4 have also been observed in lung cancer cells with LKB1 inactivation (96, 97), suggesting that intracellular lactate is not only incorporated into the TCA cycle but that extracellular lactate released by neighboring cancer cells can be taken up and incorporated into the TCA cycle as an energy source (Figure 3A).




3.2 Glutaminolysis in LKB1-inactivated NSCLC

Glutamine (Gln) is a vital amino acid with significant roles in cellular functions, including energy and biomolecule synthesis, as well as ROS scavenging. Upon cellular uptake, Gln is converted into glutamate (Glu) by the enzyme glutaminase (GLS). It is further converted to α-ketoglutarate, which enters the TCA cycle, generating metabolic intermediates for lipid, nucleic acid, and protein synthesis. In the TME, both tumor cells and infiltrating immune cells have a high demand for Gln, similar to glucose. T-cell activation and proliferation heavily rely on Gln metabolism, and when Gln is insufficient in the TME, the high consumption by tumors can inhibit T-cell activity. Conversely, reduced Gln metabolism in tumors has shown to increase Gln utilization within the TME (34). In a mouse model of colorectal cancer using MC38 tumor-bearing mice, combination therapy of anti-PD-1 monoclonal antibody and a Gln antagonist prodrug, 6-diazo-5-oxo-L-norleucine, resulted in enhanced tumor growth inhibition (98).

Several oncogenes and tumor suppressors play a role in regulating Gln metabolism, and LKB1 inactivation is also implicated in Gln flux regulation. LKB1 ectopic expression in NSCLC cells with LKB1 deficiency led to a decrease in Gln-derived Glu (85). Furthermore, in the LKB1-deficient NSCLC cell line A549, the majority of Gln-derived carbon entered the TCA cycle compared to glucose-derived carbon, in contrast to the cell line with LKB1 ectopic expression (85). Moreover, LKB1-inactivated NSCLC cells exhibit higher levels of GLS expression and more active conversion of Gln to Glu (99). The released NH4+ during this conversion is used for the synthesis of purine/pyrimidine bases, which are essential for rapid cell proliferation. Notably, studies have demonstrated characteristic overexpression of carbamoyl phosphate synthetase 1 (CPS1), the first rate-limiting mitochondrial enzyme in the urea cycle, in a subset of NSCLC with LKB1 inactivation (100, 101). CPS1 plays a vital role in promoting cell growth by increasing the bioavailability of carbamoyl phosphate, an intermediary metabolite required for de novo pyrimidine synthesis. The CPS1 expression is transcriptionally regulated by LKB1 through AMPK, and cases with high CPS1 expression have been associated with poor prognosis, particularly in NSCLC with LKB1 inactivation (100, 101). Thus, LKB1-inactivated lung cancers effectively utilize excess Gln, and the activation of these metabolic pathways may contribute to their high malignancy. Furthermore, oncogenic KRAS has been shown to stimulate Gln catabolism in the mitochondria (87, 88). Since both KRAS and LKB1 regulate metabolism, the co-mutation of these two genes could lead to a unique metabolic phenotype not observed with either mutation alone. In fact, CPS1 plays a pivotal role in maintaining the balance between purine and pyrimidine in NSCLC cells with co-mutated KRAS and LKB1, and the enzyme also provides an alternative pool of carbamoyl phosphate to sustain pyrimidine availability (101). Hence, apart from glucose metabolism, reprogramming of Gln metabolism in tumors harboring co-mutated KRAS and LKB1 likely contributes to aggressive oncological behavior and impacts TME (Figure 3A). Notably, the clinical response to PD-(L)1 inhibition is significantly poorer in NSCLC patients with co-mutated KRAS and STK11 compared to those with only STK11 mutation (102).

Cellular metabolism generates ROS, which need to be scavenged to prevent damage to DNA, RNA, and proteins. Gln metabolism also plays an important role in maintaining oxidative homeostasis. Glu, generated from Gln by the catalytic action of GLS, serves as the precursor of glutathione (GSH), which promotes ROS detoxification (103). GSH, along with thioredoxin, plays a major role in neutralizing ROS and is synthesized through an NADPH-dependent mechanism. Loss of LKB1 activity resulting in metabolic reprogramming leads to elevated ROS levels and metabolic stress, while the conversion of Gln to Glu significantly contributes to ROS neutralization by stimulating the production of GSH (104). Furthermore, due to the increased aerobic glycolysis in cancer cells, metabolites are shunted toward the pentose phosphate pathway (PPP), which aids in ROS scavenging. In LKB1 mutant cell lines, such as A549 and H460 cells, genes associated with the PPP are upregulated, indicating their dependence on this pathway (105). Meanwhile, A549 cells that re-express LKB1 exhibit a higher apoptosis rate under ROS stress compared to control cells (104), suggesting that the upregulation of Gln conversion observed in LKB1-inactivating mutations may confer increased resistance to ROS.




3.3 Glutaminolysis in KEAP1-inactivated NSCLC

The KEAP1-nuclear factor erythroid-derived 2-like 2 (NRF2) pathway plays a crucial role in regulating the cellular response to oxidative stress, and its signaling abnormalities have been observed in various cancer types, including NSCLC (106, 107). In normal conditions, KEAP1 ubiquitinates NRF2, encoded by the NFE2L2 gene, for degradation through ubiquitination. However, under stress conditions, KEAP1 activity is reduced, leading to increased transcription of NRF2 target genes. This activation of NRF2 signaling enhances antioxidant defense against ROS and regulates drug detoxification and immune response (106, 107). In NSCLC, KEAP1 deficiency is commonly observed in LUAD, while activating alterations of NFE2L2 are more prevalent in squamous cell lung carcinoma (~20%), with both alterations being mutually exclusive (108). The constitutive activation of NRF2 signaling in advanced cancer patients diminishes the therapeutic effects of chemotherapy and radiation therapy, as these treatments rely on inducing cell death through DNA replication damage and ROS induction (106, 107). Furthermore, recent studies have revealed that NRF2 activation promotes various metabolic reprogramming processes and is associated with tumor progression in NSCLC, including glutaminolysis (109–111).

Similar to tumors with LKB1 inactivation, tumors harboring KEAP1 mutations increased uptake of Gln from TME, leading to reduced availability of Gln for infiltrating T cells and consequent inhibition of their activation. Activation of NRF2 signaling resulting from KEAP1 inactivation promotes glucose and Gln metabolism toward the anabolic pathway through phosphatidylinositol 3’-kinase/protein kinase B signaling (112). This increased Gln consumption is accompanied by increased expression of the Gln importer SLC1A5 (113). Furthermore, the incorporated Gln exchanges Glu for cystine through the antiporter xCT (SLC3A2/SLC7A11), which is upregulated as a target of NRF2 activation, in a Gln degradation-dependent manner (113, 114). Both cystine and Gln contribute to the production of GSH, thereby enhancing antioxidant activity. In addition, Gln is actively used in purine base synthesis. Therefore, tumors with KEAP1 inactivation may have limited Gln availability for the TCA cycle (Figure 3B). NRF2 knockdown in NSCLC cell lines, such as A549, reduces GSH formation from Gln (104). Furthermore, KEAP1-mutant NSCLC cell lines demonstrate sensitivity to GLS inhibition due to their high dependence on Gln uptake in the culture medium (104). Integrating these findings, the combination of GLS inhibition and immunotherapy may offer a promising therapeutic strategy in KEAP1-inactivated NSCLC. By suppressing Gln uptake, this strategy could potentially activate T cells in the TME while attenuating the antioxidant effect of KEAP1-inactivated tumors. Furthermore, Pranavi et al. found that NSCLC with KEAP1 inactivation exhibits increased dependence on glucose under glucose-limiting conditions, as NRF2-dependent SLC7A11 expression is upregulated, resulting in cytotoxicity related to disulfide stress (115). In addition, they demonstrated the high sensitivity of KEAP1-inactivated NSCLC to GLUT inhibitor (115). These findings suggest that targeting Gln and glucose metabolism could be an attractive therapeutic target in NSCLC cases with KEAP1 inactivation or constitutive activation of NRF2.




3.4 Glutaminolysis in NSCLC with co-occurring mutations of STK11 and KEAP1

Clinical data analysis reveals that lung cancers characterized by simultaneous mutations in LKB1 and KEAP1 exhibit an exceptionally poor prognosis (23). In vitro and in vivo studies have demonstrated that co-occurring mutations of STK11 and KEAP1 in KRAS-mutant NSCLC promote tumor growth and confer enhanced resistance to radiotherapy (116). The co-inactivation of LKB1 and KEAP1 cooperatively promotes metabolic reprogramming in KRAS-mutant tumor, and even in the presence of KEAP1 inactivation, LKB1 inactivation modulates NRF2 activity through increased ROS levels (104). LKB1-mutant cells induce NRF2-dependent Glu cysteine ligase expression, a key enzyme that generates γ-Gly-Gly from Gln and cysteine to increase the GSH pool (104). These results indicate that KRAS-mutant NSCLC with co-inactivation of LKB1 and KEAP1 enhanced Gln dependence compared to KRAS-mutant NSCLC with LKB1 or KEAP1 inactivation. Consistently, KRAS-mutant NSCLC cell lines with co-inactivation of LKB1 and KEAP1 display increased sensitivity to GLS inhibitors compared to other cell lines (104), indicating that targeting glutaminolysis in KRAS-mutant NSCLC with co-inactivation of LKB1 and KEAP1 holds promise as a therapeutic strategy.

In a study conducted by Best et al., distinct metabolic characteristics were observed among KRAS-KEAP1 (KK), KRAS-LKB1 (KL), and KRAS-KEAP1-LKB1 (KKL) mutant LUAD using genetically engineered mouse models (99). In KRAS-mutant LUAD with LKB1 inactivation, the expression of GLS1, an enzyme responsible for metabolizing Gln to Glu, was significantly higher compared to KRAS-mutant NSCLC with co-inactivation of LKB1 and KEAP1. The conversion of Gln to Glu was particularly enhanced in the KL mouse model (Figure 3A). Furthermore, the influx of α-ketoglutaric acid into the TCA cycle was significantly increased in KL mice compared to KK or KKL mice (99). Tumors from KL mice also exhibited a notable increase in orotic acid, which is synthesized during the Gln to Glu conversion process via carbamoyl phosphate. Orotic acid is a precursor of pyrimidine and its synthesis directly affects pyrimidine production (99). Tumors from KL mice also exhibited a notable increase in orotic acid, which is synthesized during the Gln to Glu conversion process via carbamoyl phosphate. Orotic acid is a precursor of pyrimidine and its synthesis directly affects pyrimidine production (117, 118). Increased orotic acid synthesis is closely linked to enhanced nucleic acid synthesis, as nucleotide synthesis is tightly regulated by pyrimidine. In KRAS-mutant LUAD with LKB1, CPS1, an enzyme responsible for carbamoyl phosphate synthesis in the mitochondria, is highly expressed, and the heightened Gln metabolism contributes to rapid tumor growth through increased nucleic acid synthesis (100, 101). Excess Glu synthesized is also released from cancer cells via xCT/SLC7A11 (119, 120). Best et al. demonstrated that the release of Glu from cancer cells is crucial for T-cell activation and clonal expansion of T-cell receptors (99). Therefore, GLS inhibition attenuates CD8+ T-cell activation, suggesting that the combining GLS inhibitors with immunotherapy may not enhance the immune response. Particularly in KL mice, the amount of Glu released from cancer cells was higher, and KKL mice exhibited a similar Glu metabolic pattern to KL mice compared to KK mice (99). These findings suggest that GLS inhibitors may be less effective in KRAS-mutant LUAD with LKB1 inactivation and co-occurring mutations of LKB1 and KEAP1 compared to KRAS-mutant LUAD with KEAP1 inactivation.





4 Discussion

To date, subgroup analyses of pivotal clinical trials have shown that current ICI combination regimens have some effectiveness in NSCLC patients with LKB1 or KEAP1 inactivation compared to standard platinum doublet chemotherapies (52, 57, 67, 69, 70). However, their efficacy is not sufficient to significantly improve long-term prognosis compared to NSCLC patients without LKB1 and KEAP1 inactivation (52, 57, 67, 69, 70). This indicates that the combination of anti-PD-1/PD-L1 antibodies with cytotoxic chemotherapies and/or anti-CTLA-4 antibodies is unable to fully restore the dysfunctional state of T cells or NK cells in NSCLC with these mutations. Moreover, the clinical efficacy of most regimens has not yet been analyzed for KRAS-mutant NSCLC with LKB1 or KEAP1 inactivation, which is associated with the poorest prognosis (29, 102). On the other hand, a subgroup analysis of the IMpower150 trial revealed that the trial arm, ABCP regimen, demonstrated superior antitumor effects compared to the control arm in KRAS-mutant NSCLC with STK11 or KEAP1 mutations (57). By normalizing abnormal tumor vasculature, the addition of VEGF-A inhibitors to ICIs can increase the infiltration of effector T cells into tumors (121). Furthermore, since VEGF-A receptors are expressed on various tumor-promoting immune cells, such as Tregs and immature dendritic cells, this combination therapy may have additional effects in converting the intrinsically immunosuppressive TME into an immunosupportive one, even in immune cold subtypes (121). However, further analysis is needed to fully understand the significance of VEGF-A inhibition for immune cold tumors from both basic and clinical perspectives. Regarding molecular-targeted agents for KRAS G12C mutations, sotorasib and adagrasib are now indicated as a second-line treatment following ICI regimens and has expanded the therapeutic options for KRAS-mutant NSCLC patients (54). However, its efficacy is limited in cases of NSCLC with co-mutations of STK11 and KEAP1 (122). Similarly, in NSCLC with EGFR mutations, co-mutations such as TP53 and RB transcriptional corepressor 1 can affect the antitumor effect of EGFR-tyrosine kinase inhibitors (123). Therefore, in addition to targeting oncogenic driver alterations, it is increasingly important to identify inactivating mutations in tumor suppressor genes that can impact the efficacy of immunotherapy and of molecularly targeted agents. In fact, some clinical trials of novel molecularly targeted agents targeting KRAS G12C mutation have included STK11 mutation as a stratification factor (124, 125) (Table 1). These trends underscore the need for novel therapeutic strategies in the treatment of NSCLC with STK11 and/or KEAP1 mutations, as the efficacy of ICIs and molecular targeting agents directly affects patient outcomes.


Table 1 | Summary of on-goiong trials against advanced NSCLC with STK11 or KEAP1 mutation.



Concurrent with the advancements in immune checkpoint inhibitors (ICIs) and molecularly targeted therapies, recent fundamental research has uncovered that each driver gene alteration has a cancer-specific impact on the TME through metabolic reprogramming. Specifically, the alteration of glucose and glutamine (Gln) metabolism resulting from LKB1 or KEAP1 inactivation appears to play a significant role in diminishing the effectiveness of current immunotherapies by suppressing the activity of effector T cells. Ongoing clinical trials targeting glucose or Gln metabolism, as depicted in Table 1, aim to develop novel therapies for NSCLC with LKB1 or KEAP1 inactivation (126–128).

One therapeutic strategy being explored involves the addition of metformin, a commonly used medication for type 2 diabetes, to cytotoxic chemotherapy. Accumulating evidence supports the antitumor effects of metformin, as it enhances AMPK-mediated cell growth inhibition and cisplatin-induced apoptosis in LKB1-inactivated NSCLC (135, 136). Interestingly, despite initial reports indicating that metformin requires LKB1 for the regulation of gluconeogenesis in the liver, it demonstrates efficacy in LKB1-inactivated NSCLC (137). Clinical trials targeting Gln metabolism have also been initiated, employing Gln antagonists and oral GLS inhibitors, to explore a new therapeutic approach for NSCLC with LKB1 inactivation or KEAP1 inactivation/NFE2L2 alteration (127, 128) (Table 1). However, the utilization of glutamate (Glu) released from cancer cells by T cells reveals a complex and interconnected relationship between cancer metabolism and immune cells within the TME (99). Furthermore, NSCLC with concurrent STK11 and KEAP1 mutations exhibit distinct Gln metabolism patterns compared to NSCLC with KEAP1 mutation alone, suggesting that the antitumor effects of targeting Gln metabolism may vary among NSCLC subgroups with different mutation co-occurring patterns (99). Therefore, considering the potential impact of diverse metabolic reprogramming based on specific mutation patterns, it will be crucial to assess the response of each mutated subgroup when treated with Gln metabolism inhibitors, either alone or in combination with a PD-(L)1 inhibitor.

In conclusion, high consumption of glycolysis and glutaminolysis in immune-resistant phenotype tumors, such as NSCLC with LKB1 and/or KEAP1 inactivation, not only contribute to tumor aggressiveness but also impede intratumor T-cell function. The presence of co-occurring mutations in NSCLC leads to distinct metabolic alterations that impact immune cells within TME. These differences in metabolic reprogramming may affect clinical efficacies of current ICI combination regimens and novel agents targeting metabolic enzymes. To develop new therapeutic strategies that target metabolic alterations in combination with ICI regimens for NSCLC with LKB1 and/or KEAP1 inactivation, further extensive analyses on a larger scale will be necessary.
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Gastrointestinal malignancies, including colon adenocarcinoma (COAD) and liver hepatocellular carcinoma (LIHC), remain leading causes of cancer-related deaths worldwide. To better understand the underlying mechanisms of these cancers and identify potential therapeutic targets, we analyzed publicly accessible Cancer Genome Atlas datasets of COAD and LIHC. Our analysis revealed that differentially expressed genes (DEGs) during early tumorigenesis were associated with cell cycle regulation. Additionally, genes related to lipid metabolism were significantly enriched in both COAD and LIHC, suggesting a crucial role for dysregulated lipid metabolism in their development and progression. We also identified a subset of DEGs associated with mitochondrial function and structure, including upregulated genes involved in mitochondrial protein import and respiratory complex assembly. Further, we identified mitochondrial 3-hydroxy-3-methylglutaryl-CoA synthase (HMGCS2) as a crucial regulator of cancer cell metabolism. Using a genome-scale metabolic model, we demonstrated that HMGCS2 suppression increased glycolysis, lipid biosynthesis, and elongation while decreasing fatty acid oxidation in colon cancer cells. Our study highlights the potential contribution of dysregulated lipid metabolism, including ketogenesis, to COAD and LIHC development and progression and identifies potential therapeutic targets for these malignancies.
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1 Introduction

Cancer is the leading cause of death worldwide, accounting for 19.3 million new cases and nearly 10.0 million deaths in 2020 (1). The socioeconomic burden of cancer has dramatically increased. In the United States, the economic burden on patients was higher than $21.09 billion in 2019 (2). Although lung cancer is the major cause of cancer-related deaths (18%), gastrointestinal (GI) colorectal and liver cancers (9.4% and 8.3%, respectively) are the second most common causes (1). Despite substantial advances in cancer research in recent decades, the survival rate for these cancers remains remarkably low. Colorectal cancer has a 5-year overall survival rate of approximately 60% (14% of patients with distant metastasis) (3), and liver cancer has a 5-year survival rate of approximately 20% (3% of patients with distant metastasis) (4). Although they occur in different organs, these two cancers share common underlying mechanisms such as inflammation, oxidative stress, and alterations in signaling pathways, which promote their development and progression. Therefore, studying the common mechanisms of these two cancers can provide valuable insights into the fundamental processes of cancer biology and have important clinical implications (5).

In 1930, Warburg discovered alterations in cancer cell metabolism, indicating increased aerobic glycolysis with a high rate of lactate production for biomass synthesis and rapid ATP production (6). Reprogramming of cellular metabolism has been identified as a hallmark of cancer (7) and cancer cell metabolism has been recognized as a promising treatment target (8). Intriguingly, epidemiological studies have also revealed that chronic metabolic stress, such as obesity and diabetes mellitus, is associated with the development of these two GI cancers with the highest mortality rate (9–12). However, little is known about the role of metabolic dysregulation in the early stages of tumorigenesis.

Previously, the Warburg effect was considered a compensatory mechanism for mitochondrial dysfunction in cancer cells (13). However, recently, the mitochondria, which are critical players in cellular energy metabolism, were found to play essential roles in promoting cancer cell growth and tumorigenesis (13, 14). Mitochondrial dysregulation can contribute to the development and progression of cancer by altering energy metabolism, promoting oxidative stress and inflammation, and affecting cellular signaling pathways (15).

Therefore, elucidating the complex interplay between mitochondrial function and cancer biology is critical for developing effective therapies. In this study, we performed a comparative analysis of genetic signatures from normal and GI cancer tissues obtained from The Cancer Genome Atlas (TCGA) to gain insight into the pathogenesis of colon adenocarcinoma (COAD) and hepatocellular carcinoma (LIHC) (16). Our analysis revealed that mitochondrial 3-hydroxy-3-methylglutaryl-CoA synthase (HMGCS2), a key enzyme in ketogenesis and member of the HMG-CoA protein family, is a crucial regulator of cancer cell metabolism (17). Specifically, we found that HMGCS2 expression was downregulated in both COAD and LIHC tissues compared to that in normal tissues. Furthermore, using a genome-scale metabolic model (GSM), we showed that HMGCS2 suppression increased glycolysis, lipid biosynthesis and elongation, and decreased fatty acid oxidation (FAO). Finally, in vitro experiments using cancer cell lines provided further evidence to support the role of HMGCS2 in cancer cell metabolism. Collectively, our findings suggest that dysregulated lipid metabolism, including decreased ketogenesis due to HMGCS2 suppression, is a potential therapeutic target for treating GI malignancies.




2 Materials and methods



2.1 Colon adenocarcinoma and lung adenocarcinoma data

The RNA-seq data for COAD and LIHC were downloaded from TCGA portal (18). The data type derived from TCGA was used only for STAR-Counts. We obtained 437 COAD and 424 LIHC RNA-seq datasets. To identify metabolic alterations during the early stages, stage I cancer data were selected by comparison with the metadata derived from TCGA. Finally, we obtained 39 normal and 62 tumor samples from COAD, and 50 normal and 171 tumor samples from LIHC.




2.2 RNA-seq analysis

To ensure data quality, we filtered the STAR counts by removing those with average counts of less than one in all patients. We then applied DESeq2 in Bioconductor (19) to normalize the filtered count data and extract differentially expressed genes (DEGs) from normal and tumor tissues with an adjusted p-value cutoff of 0.01. To visualize the DEGs, we used a cutoff of |log2foldchange (log2FC)| > 0.58 and converted any genes with p-adjust value (padj) or Log2FC as NA to “1” to prevent undetectable error. The DEGs were displayed using Enhanced Volcano in Bioconductor (20), where the gray dots represented “non-DEGs,” red dots represented “log¬2FC > 0.58 and padj <0.01,” and blue dots represented “log2FC < -0.58 and padj <0.01”.




2.3 Principal component analysis plot generation

Each gene in the normal and tumor tissues in COAD and LIHC contained numerous dimensions. To visualize the genes, dimensionality reduction was performed using principal component analysis (PCA) and the results were visualized using ggplot2 in R (21). The PCA plot visualizes PC1 on the x-axis and PC2 on the y-axis, and the normal and tumor groups are represented by ellipses.




2.4 Gene ontology enrichment analysis and gene set enrichment analysis

To comprehensively understand the functions of the DEGs, we conducted a Gene Ontology (GO) enrichment analysis using ClusterProfiler in Bioconductor (22). Specifically, we used a p-adjusted value cutoff of 0.01 for genes with a log2FC > 0.58 and log2FC < -0.58 to indicate upregulated and downregulated genes, respectively. To confirm the metabolic process alterations in the early stages of tumorigenesis, we focused only on biological process (BP) terms that indicate cellular or physiological effects. The results of the GO enrichment analysis are displayed as a heatmap with -log10 p-values, where the upregulated gene set is depicted in red, and the downregulated gene set is depicted in blue. After conducting the GO analysis, we visualized the results using a heatmap. A heat map was generated using the pheatmap function in Bioconductor, which showed the expression levels of the identified genes (23).

To further investigate the metabolic processes involved in COAD and LIHC, we utilized the Gene Set Enrichment Analysis (GSEA) tool provided by ClusterProfiler in Bioconductor (24). The analysis was conducted using a p-value cutoff of 0.05, and only BP (biological process) gene set terms were considered to compare metabolic processes in both cancers. The GSEA results are presented using an enrichment plot in Bioconductor (25) and include the normalized enrichment score (NES) and corresponding p-value.




2.5 Genome-scale metabolic model analysis

In this study, we performed constraint-based simulations using two genome-scale metabolic models (GSMs) to elucidate the functional role of HMGCS2 in cancer metabolism. Specifically, we utilized the colon cancer model (26) and the iHepatocytes2322 curated liver model (27) and conducted simulations using the COBRA Toolbox v.3.0[28] and the method of minimization of metabolic adjustment (28). We generated HMGCS2 knock-out colon models by limiting the lower bounds of the HMGCS2-related reactions (HMR1437, HMR4604, and HMR1573) to nine, while the HMGCS2-overexpressed colon models had upper bounds of 4000 for these three reactions. Similarly, HMGCS2 knock-out liver models were derived from iHepatocytes2322 by limiting the lower bounds of HMGCS2-related five reactions (HMR1437, HMR4604, HMR1573, HMR0027, and HMR0030) to 0, while HMGCS2-overexpressed liver models had a lower bound of 2000 and an upper bound of 4000 for these five reactions.

To investigate the functional role of HMGCS2 in cancer metabolism, we observed changes in reaction flux by genetically altering HMGCS2. Specifically, we defined reactions whose flux decreased in HMGCS2 knock-out models and increased in HMGCS2 overexpression models as “flux decreasing” reactions, while reactions whose flux increased in HMGCS2 knock-out models and decreased in HMGCS2 overexpression models were defined as “flux increasing” reactions. We then counted the number of flux-increasing and decreasing reactions per subsystem and categorized these numbers by the total number of reactions in each subsystem to summarize flux changes.

Next, we analyzed the effects of gene perturbation of HMGCS2 in glycolysis and lipid metabolism in colon and liver models. Specifically, we calculated flux changes by subtracting the fluxes of the original models from those of the perturbation models and considered flux changes higher than 10% of the original flux with positive and negative signs as “up-regulated” and “down-regulated,” respectively. Reactions whose changes were neither up- nor down-regulated were assigned as “no change,” while reactions that were unidentified in the model were indicated as “unidentified”.




2.6 Measurement of oxygen consumption rate and extracellular acidification rate

Colon cancer (Caco-2) cells, derived from human colorectal adenocarcinoma, were procured from ATCC and maintained in Dulbecco’s Modified Eagle’s Medium supplemented with 10% fetal bovine serum and 1% penicillin-streptomycin-amphotericin B at 37°C with 5% CO2. To target HMGCS2 [NM_001166107.1 and NM_005518.3], siRNA sequences were purchased from Bioneer (Korea), and Lipofectamine RNAiMAX (Thermo Fisher Scientific, Inc., MA, USA) was used to transfect the siRNA according to the manufacturer’s instructions.

To measure the Oxygen Consumption Rate (OCR) and Extracellular Acidification Rate (ECAR) of Caco-2 monolayers, we employed a Seahorse XFp Extracellular Flux Analyzer (Agilent Technologies, Santa Clara, CA, USA). The Seahorse XFp Sensor Cartridge was pre-hydrated with XFp Callibrant solution one day prior to the test and incubated overnight at 37°C in a CO2-free incubator to eliminate CO2, which could interfere with pH-sensitive measurements. Subsequently, Caco-2 cells were seeded onto XFp Miniplates at a density of 2×104 cells/well and allowed to settle overnight. On the day of the assay, the complete growth medium was replaced with 180 ul/well of XF assay medium, which was maintained at 37°C in a non-CO2 incubator for 1 h to allow pre-equilibration with the XF assay medium. We then analyzed the mitochondrial function of the cells by sequentially injecting oligomycin (1 µM), carbonyl cyanide-4 (trifluoromethoxy) phenylhydrazone (FCCP, 0.5 µM), and a mix of rotenone and antimycin A. Finally, OCR and ECAR values were normalized using cellular protein content.





3 Results



3.1 Identifying common and unique transcriptomic signatures of colon cancer and hepatocellular carcinoma

The present study aimed to identify common genetic foundations and related signaling pathways in GI malignancies. We extensively analyzed the publicly accessible TCGA database, focusing on the COAD and LIHC datasets comprising 437 and 424 samples, respectively. To investigate the metabolic changes in early tumorigenesis, we used only Stage I cancer data for further analysis, resulting in 39 normal samples and 62 tumor samples for COAD, and 50 normal samples and 171 tumor samples for LIHC.

As is demonstrated in Supplementary Figure 1A, the PCA plot clearly displays distinct elliptical clusters that effectively separated the normal and tumor samples. This supports the notion that the expression profiles of GI systems change substantially due to tumorigenesis. Using a list of DEGs, we generated volcano plots (Figure 1A) to identify significant differences in gene expression profiles between normal and cancer tissues. We found 7837 and 8767 up-regulated genes and 7232 and 3642 down-regulated genes in the colon and liver tissues, respectively. Tables 1, 2 show the top ten upregulated and downregulated DEGs in both COAD and LIHC tissues based on p-values. In COAD, ETS variant transcription factor 4 (ETV4), keratin 80 (KRT80), and forkhead box Q1 (FOXQ1) were the top three upregulated genes, whereas estrophin 4 (BEST4), glycolipid transfer protein (GLTP), and carbonic anhydrase 7 (CA7) were the top three downregulated genes. Similarly, in LIHC, plasmalemma vesicle-associated protein (PLVAP), collagen type XV alpha 1 chain (COL15A1), and gamma-aminobutyric acid type A receptor subunit delta (GABRD) were the top three upregulated genes, whereas ADAM metallopeptidase with thrombospondin type 1 motif 13 (ADAMTS13), oncoprotein induced transcript 3 (OIT3), and stabilin 2 (STAB2) were the top three downregulated genes.




Figure 1 | Transcriptomic signatures of colon cancer and hepatocellular Carcinoma. (A) Volcano plot showing the differentially expressed genes (DEGs) in colon adenocarcinoma (COAD) and hepatocellular carcinoma (LIHC) compared to normal tissue. (B) Heatmap of GSEA enriched pathways from the common DEGs of COAD and LIHC. (C) Enrichment plots related to glycose and lipid metabolism in COAD. (D) Enrichment plots related to glycose and lipid metabolism in LIHC. (E) Heatmap of gene sets related glycolysis and gluconeogenesis in COAD and LIHC. DEG, differentially expressed gene; COAD, colon adenocarcinoma; LIHC, liver hepatocellular carcinoma; GSEA, gene set enrichment analysis.




Table 1 | List of top ten up- and down-regulated differentially expressed genes between colon cancer and normal tissue.




Table 2 | List of top ten up- and down-regulated differentially expressed genes in colon cancer and normal tissue.



To gain further insight into the metabolic pathways that were enriched during the early stages of tumorigenesis, we conducted a pathway enrichment analysis using GSEA. As shown in Figure 1B and Supplemental Figure 1B, the heatmap displays the enriched pathways in cancer and normal tissues. The analysis revealed that the genes differentially expressed during early tumorigenesis are associated with various aspects of cell cycle regulation. Notably, genes involved in “DNA replication,” “mitotic nuclear division,” and “cell cycle G2/M phase transition” were found to be positively enriched in both COAD and LIHC. Furthermore, the results indicate that genes related to lipid metabolism were significantly enriched in COAD and LIHC. Specifically, “fatty acid beta-oxidation (FAO)” and “cellular lipid catabolic process” were found to be negatively associated with early tumorigenesis in both cancer types (Figures 1B–D). These findings suggested that dysregulated lipid metabolism is crucial in the development and progression of COAD and LIHC.

To assess glucose metabolism in both COAD and LIHC groups, we compared the gene expression of key irreversible enzymes involved in regulating glycolysis and gluconeogenesis (Figure 1E). The major rate-limiting enzymes in glycolysis, including phosphofructokinase homologs (PFKP and PFKM) and pyruvate kinase (PKM), which were significantly increased in both COAD and LIHC. Conversely, the levels of key enzymes related to gluconeogenesis, such as pyruvate kinase (PC), phosphoenolpyruvate carboxykinase (PCK1 and PCK2), and glucose-6-phosphatase (G6PC1 and G6PC2), were significantly decreased. These findings were consistent with the expected alterations in glucose metabolism in COAD and LIHC, commonly known as the Warburg effect (29), suggesting a shift towards increased glucose uptake and utilization through glycolysis in these malignancies.




3.2 Comparison of transcriptomic signatures for mitochondrial energy metabolism in colon cancer and hepatocellular carcinoma

Mitochondria are key organelles in cellular energy metabolism, as they serve as the primary sites for oxidative phosphorylation (OXPHOS) and FAO, and for ATP production (30). When analyzing the DEGs in COAD and LIHC, we identified a specific subset of 426 and 325 genes, respectively, that were significantly linked to mitochondrial function and structure (31) (Figure 2A). Notably, among the mitochondrial genes identified, 164 were common DEGs between the two cancers (Figure 2B).




Figure 2 | Altered mitochondrial energy metabolism in colon cancer and hepatocellular carcinoma. (A) Venn diagrams indicating the numbers of total DEGs and mitochondrial DEGs in COAD and LIHC. (B) Venn diagrams indicating overlapping genes between mitochondrial DEGs of COAD and LIHC. (C) Heatmap of GSEA enriched pathways from the common mitochondrial DEGS of COAD and LIHC. (D) Heatmap of DEGs related glucose and lipid metabolism. DEG, differentially expressed gene; COAD, colon adenocarcinoma; LIHC, liver hepatocellular carcinoma.



As shown in Figure 2C and Supplementary Figure 2, our results demonstrate the enrichment of mitochondrial genes based on the DEGs identified between cancer and normal tissue samples. Interestingly, we observed an upregulation in genes involved in “mitochondrial protein import” and “mitochondrial respiratory complex assembly,” which are critical components of mitochondrial biogenesis and energy generation (32, 33), in both COAD and LIHC. Conversely, we noted a downregulation of genes related to “FAO” and “lipid catabolic process.” Our findings suggest a potential shift in the metabolic profile of GI cancers towards an increased reliance on mitochondrial biogenesis and a decreased dependence on lipid metabolism.

The heat map displayed in Figure 2D shows the common DEGs involved in mitochondria-related metabolism in both COAD and LIHC. Our analysis revealed a significant increase in the expression of genes associated with fatty acid synthesis, whereas most genes related to FAO were downregulated. Furthermore, we observed a decrease in several genes involved in tryptophan metabolism, including kynurenine 3-monooxygenase (KMO) (34) and monoamine oxidase A (MAOA) (35). Additionally, we noted a decrease in the expression of the succinate dehydrogenase complex subunit D (SDHD) gene, which encodes a subunit of the mitochondrial enzyme responsible for succinate oxidation and is a well-known tumor suppressor (36). These results provide important insights into the altered metabolic pathways in GI cancers, which may contribute to their development and progression.




3.3 HMGCS2: a possible key determinant of energy metabolism in GI malignancies

To identify crucial candidates that regulate energy metabolism in GI malignancies, we conducted a correlation network analysis using the GeneBridge toolkit (37). This newly developed bioinformatics tool allows the imputation of gene functions and biological connectivity using large-scale multispecies expression datasets (37). The analysis revealed that 285 genes in COAD and 2399 genes, including 3-Hydroxy-3-Methylglutaryl-CoA Synthase 2 (HMGCS2), were associated with “fatty acid oxidation” (GO:0006635) (Figure 3A). Among these genes, 25 genes including 3-Hydroxy-3-Methylglutaryl-CoA Synthase 2 (HMGCS2) are common mitochondrial genes between COAD and LIHC. To identify crucial mitochondrial genes associated with GI malignancies, we calculated the hazard ratio (HR) for each gene’s related all-cause mortality in COAD and LIHC. Figure 3B displays the HR of common mitochondrial genes, with HMGCS2 being one of the most highly expressed HR genes in both cancers. Patients with low HMGCS2 expression had higher HR than those with high HMGCS2 expression in both malignancies.




Figure 3 | Significance of HMGCS2 as a Prognostic Marker for GI Malignancies. (A) Manhattan plot for module: fatty acid oxidation in colon and liver. (B) Overall survival according to HMGCS2 expression in COAD and LIHC. (C) HMGCS2 expression in colon, liver, lung, and rectosigmoid junction cancer. COAD, colon adenocarcinoma; LIHC, liver hepatocellular carcinoma. *p<0.05; ****p<0.0001.



Then, we performed survival analyses of cancer patients based on the expressions of DEGs that are commonly observed in COAD and LIHC using the GEPIA tool (38). By analyzing common DEGs, we identified a set of 25 genes that were particularly linked to FAO. Moreover, our investigation revealed 6 genes that have a noteworthy impact on the survival of patients with cancer. Of these 6 genes, HMGCS2 was the only gene that displayed a statistically significant difference in the overall survival rates of patients with both COAD and LIHC (Figure 3C; Supplementary Figure 3). Notably, the expression of HMGCS2 was found to be considerably reduced in lung cancer and rectosigmoid junction cancer, and in COAD and LIHC, compared to normal tissues (Figure 3D). In addition, HMGCS2 expression was also found to be significantly lower in colon and liver cancer, as shown in Supplementary Figure 4, where we analyzed public cancer datasets for colon and liver cancer. These results indicated that HMGCS2 may play a critical role in the pathogenesis of GI malignancies.




3.4 Predictive modeling of HMGCS2-driven metabolic flux in GI malignancies

To gain further insight into the metabolic functions of HMGCS2 in GI malignancies, we conducted genome-scale metabolic simulations using the COAD and LIHC models. In the COAD model, the suppression of HMGCS2 led to a significant increase in the fluxes of over half of the reactions in the fatty acid synthesis subsystems (i.e., fatty acid biosynthesis and elongation), whereas the fluxes in the fatty acid degradation subsystems (i.e., fatty acid destruction, beta-oxidation, and mitochondrial carnitine shuttle) were significantly reduced (Figures 4A, B; Supplementary Figure 2). Furthermore, HMGCS2 inhibition resulted in a notable upregulation in the flux of glycolysis subsystems and downregulation in the flux of oxidative phosphorylation. Remarkably, the suppression of HMGCS2 resulted in similar changes in metabolic flux in a normal liver tissue model (Supplementary Figure 5). However, in the LIHC model, suppression of HMGCS2 did not cause significant changes in metabolic flux prediction.




Figure 4 | Prediction of HMGCS2-driven metabolic flux. (A) Bar plots of predicted increasing and decreasing subsystems according to HMGCS2 knock-out in colon cancer using genome-scale metabolic model. (B) Schematic overview of the metabolic flux according to HMGCS2 knock-out in colon cancer in the genome-scale metabolic model. (C) Real-time assessment of oxygen-consumption rate in control (Vehicle) and HMGCS2 knockdown (KD) Caco-2 Cells: basal and mitochondrial stress conditions with oligomycin, FCCP, and rotenone plus antimycin. (D) Normalized extracellular acidification rate in Vehicle and HMGCS2 KD cells. OM, oligomycin. *p<0.05.



To further investigate the role of HMGCS2 in energy metabolism in cancer cells, we measured oxidative phosphorylation and glycolysis using a Seahorse extracellular flux analyzer (39). Our investigation focused on human Caco-2 cells and aimed to explore the effects of HMGCS2 inhibition on these metabolic pathways. HMGCS2 knockdown resulted in a discernible decrease in the OCR of Caco-2 cells, suggesting decreased oxidative phosphorylation (Figure 4C). We also noticed a corresponding increase in the ECAR in these cells, indicating enhanced glycolysis (Figure 4D; Supplementary Figure 6). These results support the notion that the inhibitory effects of HGMCS2 alter the metabolic flux, which is in line with the predictions made by our model.





4 Discussion

In this study, we aimed to identify common genetic profiles and related signaling pathways in gastrointestinal malignancies, specifically COAD and LIHC. Transcriptomic analysis using TCGA database revealed that the expression profiles of GI systems resulting from tumorigenesis effectively separated normal and cancer tissues, as was evidenced by distinct elliptical clusters in the PCA plot. From DEG analysis, we identified significant changes in gene expression between normal and cancerous tissues. In COAD, ETV4 was the most highly upregulated gene compared to normal tissues. Recently, this transcription factor was shown to be critical for cancer growth and was positively correlated with poor prognosis in cancer patients (40, 41). In terms of metabolism, ETV4 activates PPARγ signaling (42), which directly regulated glycolysis and fatty acid metabolism in cancer cells (43, 44). Similarly, cadherin 3 (CDH3) is another highly expressed gene in COAD that encodes P-cadherin and has been linked to poor prognosis in cancer patients and increased glycolysis in cancer cells (45). In LIHC, PLVAP was most significantly upregulated compared to normal tissues. This gene has also been found to critically influence cancer development, including facilitating vascular growth (46, 47). Regarding carbohydrate metabolism, we observed an increase in gene sets associated with glycolysis and a decrease in those associated with gluconeogenesis in both COAD and LIHC. These changes in gene expression may indicate a shift towards glycolytic metabolism in these types of cancers. This is consistent with the Warburg effect, a phenomenon in cancer cells in which glycolysis is preferentially used instead of oxidative phosphorylation to generate energy, even in the presence of oxygen.

We investigated the DEGs related to mitochondrial function in COAD and LIHC. Our results showed that genes associated with mitochondrial protein import were significantly upregulated in both COAD and LIHC. Mitochondrial protein import is a crucial component of various physiological processes such as mitochondrial biogenesis, energy metabolism, and maintenance of mitochondrial morphology (48). Recently, the upregulation of mitochondrial protein import-related genes was observed in different cancers (49). Although the exact mechanisms underlying this increase remain unclear, one possible explanation is that the overexpression of these genes may contribute to an increase in mitochondrial biomass (49). Cancer cells rely on glycolysis, which produces less ATP than oxidative phosphorylation, for ATP generation. Therefore, in cancer cells, an increase in mitochondrial biomass may compensate for the reduced ATP generation via glycolysis (50, 51).

Moreover, the present study revealed that in both COAD and LIHC, FAO-associated DEGs were significantly downregulated, whereas the DEGs related to fatty acid synthesis were upregulated. Increased de novo lipogenesis (DNL) is a metabolic reprogramming phenomenon in cancer cells. DNL provides a diverse cellular pool of lipid species with various functions, such as membrane structure, ATP synthesis substrate, energy storage, and pro-tumorigenic signaling molecules (52, 53). An increase in DNL is also linked to the activation of oncogenic signaling pathways, such as the PI3K/Akt/mTOR pathway, which is frequently dysregulated in cancer (52). Therefore, further investigation into the role of lipid metabolism in cancer cells is essential for developing new therapeutic strategies targeting cancer-specific metabolic vulnerabilities.

Our results revealed an alteration in the mitochondrial gene HMGCS2, which encodes mitochondrial 3-hydroxy-3-methylglutaryl CoA synthase (HMC-CoA synthase), a rate-limiting enzyme for ketogenesis (54). HMGCS2-mediated conversion of Acetoacetyl-CoA to HMG-CoA leads to the production of acetoacetate, which is subsequently converted to β-hydroxybutyric acid, a specific type of ketone body (55). Genome-scale metabolic model analysis showed that HMGCS2 perturbation upregulated the committed steps in the glycolysis pathway and lipid biosynthesis, whereas the committed step in lipid degradation was downregulated. These results suggested that HMGCS2 is important for the metabolic reprogramming of cancer cells.

HMGCS2 is a pivotal enzyme in ketogenesis, a process that is essential for providing alternative energy sources to cells under certain metabolic conditions. Decreased HMGCS2 expression may lead to reduced ketone body production, which may be a critical factor in the development and progression of GI cancers. The importance of ketogenesis in cancer metabolism is well established, as it contributes to the enhanced energy demands of rapidly proliferating cancer cells. Disruption of ketogenesis can result in the accumulation of reactive oxygen species (ROS) and inflammation, both of which have been linked to tumorigenesis (56). Conversely, ketone supplementation has been shown to exert anti-cancer effects on various types of malignancies. Recently, Ruozheng et al. demonstrated that a ketogenic diet decreased tumor growth and enhanced the anti-cancer effects of immune checkpoint inhibitors in colon cancer (57). Increased ketogenesis due to HMGCS2 overexpression led to similar results. This study revealed that increased ketogenesis suppressed KLF-5 dependent CXCL12 signaling, which is implicated in the growth and metastasis of cancer cells (57). These findings suggest that modulating HMGCS2 activity could be a promising therapeutic strategy for treating colon cancer.

This study had several limitations. First, we assessed metabolic changes based on transcriptome analysis of COAD and LIHC. Further studies using independent datasets and functional experiments are necessary to confirm and extend the findings of the present study. Secondly, this study focused only on early-stage colon and liver cancer samples, and the results may not be applicable to late-stage or other cancer types.




5 Conclusions

In conclusion, we identified common and unique transcriptomic signatures associated with COAD and LIHC. These findings suggested that dysregulated lipid metabolism and mitochondrial function play critical roles in the development and progression of these malignancies. Decreased HMGCS2 activity and the related decrease in ketogenesis in GI cancer cells may play crucial roles in the altered energy metabolism observed in these cells. Further investigation into the role of HMGCS2 in GI cancer development and progression could help identify novel therapeutic targets for treating these malignancies.
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Approximately 15% of cancers exhibit loss of the chromosomal locus 9p21.3 – the genomic location of the tumour suppressor gene CDKN2A and the methionine salvage gene methylthioadenosine phosphorylase (MTAP). A loss of MTAP increases the pool of its substrate methylthioadenosine (MTA), which binds to and inhibits activity of protein arginine methyltransferase 5 (PRMT5). PRMT5 utilises the universal methyl donor S-adenosylmethionine (SAM) to methylate arginine residues of protein substrates and regulate their activity, notably histones to regulate transcription. Recently, targeting PRMT5, or MAT2A that impacts PRMT5 activity by producing SAM, has shown promise as a therapeutic strategy in oncology, generating synthetic lethality in MTAP-negative cancers. However, clinical development of PRMT5 and MAT2A inhibitors has been challenging and highlights the need for further understanding of the downstream mediators of drug effects. Here, we discuss the rationale and methods for targeting the MAT2A/PRMT5 axis for cancer therapy. We evaluate the current limitations in our understanding of the mechanism of MAT2A/PRMT5 inhibitors and identify the challenges that must be addressed to maximise the potential of these drugs. In addition, we review the current literature defining downstream effectors of PRMT5 activity that could determine sensitivity to MAT2A/PRMT5 inhibition and therefore present a rationale for novel combination therapies that may not rely on synthetic lethality with MTAP loss.
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1 Introduction



1.1 MTAP deletion creates therapeutic vulnerabilities in tumours

Gain-of-function or activating genetic alterations that occur in many cancers have proven useful as precision therapy targets. However, loss-of-function alterations must be targeted indirectly. To utilise these alterations for therapy, there must be a thorough understanding of the altered processes associated with the loss of gene products and any cancer-specific susceptibilities that may arise. Large genomic deletions that occur in cancers can lead to a growth or survival advantage by loss of tumour suppressor function. However, co-deletion of other genetic material in close physical proximity (“passenger deletions”) may create new “synthetically lethal” or “collateral” vulnerabilities to therapy (1, 2). The chromosome 9p21.3 region is deleted in approximately 15% of cancers (3, 4) and contains the tumour suppressor gene cyclin-dependent kinase inhibitor 2A (CDKN2A). This gene encodes for the p14 (5) and p16 (6) proteins that stabilise p53 and block G1 progression respectively. Only 100 kb away from the CDKN2A locus resides a key gene in the methionine metabolism cycle, 5’-deoxy-5’-methylthioadenosine phosphorylase (MTAP) (7). MTAP is co-deleted with homozygous loss of CDKN2A in approximately 80-90% of cases of 9p21.3 homozygous deletion (8) and its loss is associated with poor prognosis (9–11). The co-occurrence of CDKN2A/MTAP deletion may explain early literature that observed MTAP loss in leukaemia (12, 13) and breast cancer (14).

MTAP metabolises methylthioadenosine (MTA) in the methionine salvage cycle, regenerating methionine for further cycling (Figure 1) (15). Methionine is an essential amino acid and loss of MTAP increases cellular dependence upon exogenous methionine (16), with implications for nucleotide synthesis, folate metabolism, glutathione synthesis and the urea cycle. MTA is a product of the synthesis of the universal methyl donor, S-adenosylmethionine (SAM), and the polyamine synthesis pathway. MTA was shown to be secreted into culture medium by MTAP-negative leukaemia cells in vitro (17), whilst elevated levels of MTA and MTA secretion have frequently been observed in multiple cell lines derived from solid tumours with homozygous deletion of MTAP (18–20). MTAP is the only enzyme known to metabolise MTA, which highlights a lack of redundancy in this process and suggests that targeting methionine metabolism may be an effective therapy against MTAP-negative malignancies. Furthermore, loss of 9p21.3 has been shown to be a driver, or trunk event, that occurs early in cancer evolution (21). This suggests that MTAP deletion is present before additional branch mutations have occurred, i.e. before other adaptive processes can take place.




Figure 1 | The methionine cycle and interrelated pathways. The production and utilisation of SAM is central to the methionine cycle and allows protein methylation by methyltransferases. The methionine salvage cycle recovers methionine through the conversion of MTA to methionine via the analogue MTR. ACHY, adenosylhomocysteine; AMD1, adenosylmethionine decarboxylase 1; ASA, arginonosuccinic acid; MTR, methylthioribose; ODC, ornithine decarboxylase; SAH, S-adenosyl-homocysteine; THF, tetrahydrofolate.



Multiple studies in 2016 undertook short hairpin RNA (shRNA) screens to identify genes that cause synthetic lethality with both endogenous and genetically engineered loss of MTAP (18–20). All provided evidence of a conditional dependence on protein arginine methyl transferase 5 (PRMT5), RIOK1, WDR77 (MEP50) and methionine adenosyltransferase II alpha (MAT2A). These proteins are involved in the methionine cycle or subsequent methylation reactions: MAT2A catalyses the direct production of SAM (22, 23); PRMT5 and its associated binding partners RIOK1 (24) and MEP50 (25, 26) utilise SAM as methyl donor to methylate specific protein targets.

In this review, we examine the current understanding of therapeutic vulnerabilities intrinsic to MTAP-negative tumours, focusing on MAT2A and PRMT5, which are receiving increasing attention in clinical development. We discuss the function of MAT2A and PRMT5, including binding partners, current methods of inhibition, downstream signalling and effect on metabolic pathways. We review the interplay between these proteins, and how therapeutic inhibition impacts growth, cell cycle, apoptosis or DNA damage response. Finally, we highlight the challenges that face the therapeutic targeting of the MAT2A/PRMT5 axis, the need for additional predictive biomarkers other than MTAP status, and how these biomarkers could predict rational combination therapies.





2 The structure and function of PRMT5

PRMT5 is a member of the family of protein arginine methyltransferases responsible for methylating specific arginine residues of a wide range of proteins and thus regulate protein activity. This includes histones that regulate chromatin structure and epigenetic regulation of gene expression (27). The nine members of the PRMT family can be split into four distinct types that distinguish their activity. Type I, II and III PRMTs catalyse the formation of monomethylarginine intermediates at the terminal guanidino nitrogen atom of arginine, which can be subsequently modified to produce asymmetric dimethylarginines (ADMA) by the type I PRMTs (e.g. PRMT1) or symmetric dimethylarginines (SDMA) by the type II PRMTs (e.g. PRMT5). Type IV PRMTs can also monomethylate arginine, but they do this at the internal guanidine nitrogen atom of arginine (28, 29).

PRMT5 is the principal type II PRMT and functions mainly as a negative regulator of transcription (30). PRMT5 contains two distinct domains: a C-terminal catalytic domain that interacts with the methyl donor SAM and a N-terminal TIM barrel domain that allows interaction with binding partners such as MEP50 (26). PRMT5 binds to MEP50 to produce PRMT5-MEP50 heterodimers, which in turn form a tetramer complex; these interactions are essential for stimulating the activity of PRMT5. SAM is then utilised by the complex as a methyl donor to allow the addition of the methyl group to the target arginine. PRMT5 binds to substrate adaptor proteins (SAPs) that are required for PRMT5 targeting and subsequent methylation. All SAPs share the peptide sequence GQF[D/E]DA[D/E] known as the PRMT5 binding motif (PBM), which facilitates PRMT5 binding (31), and the specific SAP that binds to PRMT5 can localise its activity to different substrates (Figure 2). The PRMT5 complex has been shown to preferentially bind an arginine- and glycine-rich (GRG) domain in the target substrate proteins as the site of arginine methylation (32). More than 100 substrates have been identified that are methylated by PRMT5 to regulate their functions, including proteins that promote survival and tumorigenesis (32, 33).




Figure 2 | A selection of binding partners (SAPS) of PRMT5 and some of their targets. PRMT5 binds to the PBM of a number of SAPs that localise its arginine methylation activity to different sites. Here, we show four PRMT5 SAPs that act as adapters to specify binding to transcription factors such as SOX10 and MITF, translation regulating proteins such as nucleolin, splicing factors such as SmD3, and CDK regulators such as the cyclin CCNE1.






3 PRMT5 activity and cancer

Many studies have identified that increased activity and upregulation of PRMT5 is a key regulator of cancer progression and marker for poor prognosis in multiple malignancies, including breast (34), gastric (35), glioblastoma (36), leukaemia (37), lung (38), lymphoma (39), ovarian (40), pancreatic (41) and prostate cancer (42). PRMT5 can act to promote tumorigenesis by methylating histone and non-histone proteins to regulate transcriptional and post-translational cell growth pathways, respectively (Table 1).


Table 1 | PRMT5 targets.





3.1 Epigenetic control of tumour regulating genes by PRMT5

Overexpression of PRMT5 has important consequences for the epigenetic landscape of cancer across different cancer types. An early study identified PRMT5 as a binding partner of hSWI/SNF complexes that cooperatively target tumour suppressor genes ST7 and NM23 to inhibit their transcription (51). Transcriptome profiling of PRMT5/MEP50 shRNA knockdown lung cancer models identified differential expression of components of the TGFβ pathway, suggesting that PRMT5 may be important for the TGFβ response and subsequent cancer metastasis (46). Knockdown of PRMT5 and MEP50 showed a reduction of activating epigenetic methylation markers (H3R2me1 and H3R4me3) at the promoters of SNAIL1 and VIM, both key epithelial-mesenchymal transition (EMT) and metastasis activator genes. In the same conditions, a reduction of repressive marks (H4R3me2) at the tumour suppressor genes SPDEF and CDH1 was observed (46). Co-operator of PRMT5 (COPR5), a SAP, is essential for PRMT5 binding and H4R3 methylation at transcription starts sites of genes such as CCNE1 (44). In prostate cancer cells, the androgen receptor (AR) promoter was shown to be an epigenetic target of PRMT5, and knockdown of PRMT5 caused a reduction in H4R3me2 marks at the AR promoter and a subsequent reduction in AR expression (42). In breast cancer stem cells, it was shown that PRMT5 functions to methylate H3R2, allowing SET1 binding and H3K4 trimethylation at the FOXP1 promoter to activate FOXP1 transcription both in vitro and in vivo. The expressed FOXP1 protein promoted breast cancer cell proliferation by activating oestrogen receptor (ER) signalling (34). PRMT5 was reported to deposit H4R3me2 marks at the c-Myc-binding E-box element (CANNTG), and that, in addition to c-Myc, PRMT5 binding results in the silencing of downstream genes. The genes affected include negative regulators of cell cycle, such as PTEN, CDKN2C, CDKN1A, CDKN1C and p63 (35). PRMT5 has also been shown to epigenetically silence the promoter region (via an increase of H4R3me2 and H3K9me3 marks) of the c-Myc regulator gene FBW7 (41). A reduction in PRMT5 activity also has a negative regulatory effect on the DNA damage repair Fanconi Anaemia (FA) family genes via reduced H3R2 monomethylation markers at FA gene promoters (48). PRMT5 was also suggested to regulate MHC II expression by histone methylation at the promoters of CD74 and CIITA, therefore affecting how tumours present to the immune system (45). Hence, PRMT5 has shown specific epigenetic control of a range of cancer-relevant genes and promotes growth and progression.




3.2 Transcription factor regulation by PRMT5

p53 is a widely studied tumour suppressor protein that responds to DNA damage by arresting growth and inducing an apoptotic response (57). PRMT5 has been shown to associate with STRAP (DNA damage cofactor) and p53, leading to the subsequent methylation of p53, whilst low expression of PRMT5 led to p53-induced apoptosis (52). The presence and methyltransferase activity of PRMT5 was later shown to be sufficient to inactivate p53 in haematopoietic stem progenitor cells (HSPCs), inhibit apoptosis and increase self-renewal in vitro and in vivo (53). Thus, an increase in PRMT5 expression will positively impact cancer proliferation.

As with p53, the transcription factor E2F1 can promote apoptosis by activating pro-apoptotic genes. PRMT5 has been found to methylate and destabilise E2F1 (47) and short interfering RNA (siRNA) knockdown of PRMT5 caused an increase in E2F1 mRNA and protein levels in ovarian cancer cells, resulting in decreased growth rate and induction of apoptosis (40). E2F1 can act in a mutually exclusive pro- or anti-proliferative manner, the former when marked with the symmetric methylation of R111/R113 by PRMT5. Conversely, asymmetric methylation of R109 by PRMT1 induces apoptosis. PRMT5 methylation of E2F1 and PRMT1 knockdown were both linked to a decrease in mRNA levels of apoptosis associated proteins (APAF1, p73 and E2F-1). Moreover, symmetric arginine methylation of E2F1 via PRMT5 was read by proliferation-promoting protein p100-TSN, which increased the binding of p100-TSN to promoters of proliferation-inducing genes (cyclin E, Cdc6 and DHFR) (58). Knockdown or inhibition of E2F1 and PRMT5 in HCT116 cells was later shown to lead to reduced expression of cell migration and invasion genes (e.g. cortactin/CTTN) and consequently defects in these processes. Further, PRMT5/E2F1 expression and cortactin/CTTN expression showed positive correlations across different types of cancer in the Cancer Genome Atlas datasets (TCGA) (59), suggesting that E2F1 and PRMT5 regulate the process of cell migration and invasion.

PRMT5 has been reported to promote c-Myc expression and consequently up-regulate the NF-κB pathway (43). Furthermore, PRMT5 has been shown to stabilise c-Myc in pancreatic cancer cells (41). PRMT5 also methylates the c-Myc agonist Mxi1 to promote β-Trcp ligase-directed degradation of Mxi1. Consequently, inhibition of PRMT5 achieved radiosensitivity in non-small cell lung cancer (NSCLC) (50). These results highlight an important and widespread role of PRMT5 in promoting the oncogenic mechanisms of cancer. Reduction or inhibition of PRMT5 could therefore be an approach for treating cancer.




3.3 The role of PRMT5 in splicing and DNA damage repair

Seven small nuclear ribonucleoproteins (snRNPs) formed of Sm proteins and small nuclear RNA assemble to form the spliceosome (60). The spliceosome requires the snRNP assembly factor SMN to accurately assemble and bind at sites that require splicing (61). SMN binds the dimethylated arginine/glycine (GRG) domains of Sm proteins to allow for accurate recognition (62). Sm dimethylation is attributed to the 20S methyltransferase complex, or methylosome, comprising PRMT5, MEP50 and the SAP pICln (63). The methylosome (specifically PRMT5) acts to add SDMA modifications to Sm proteins that are required for snRNP biogenesis and the resulting process of splicing in vivo (55). Post-translational dimethylation of the splicing-associated protein ZNF326 was reduced upon PRMT5 inhibition by causing inclusion of AT rich introns in target genes, which phenocopied the loss of ZNF326 protein (56, 64). Deletion of PRMT5 has been shown to cause perturbed splicing leading to reduced canonical, and increased alternative, splicing specifically in pre-mRNAs with a weak 5’ donor site (65). This study highlighted alternatively spliced Mdm4 mRNA as a recurrent product of PRMT5 deletion. Mdm4 encodes for a key activator of p53 and alternative splicing leads to increased activation of the p53 transcription process and indicates a response to PRMT5 inhibitors (66).

RNA sequencing of cells in which PRMT5 has been pharmacologically inhibited, demonstrated that a reduction in activity of PRMT5 caused an increase in detained introns (67). A detained intron (DI) describes the presence of a post-transcriptional intron in pre-mRNA that results in the transcript being detained within the nucleus (68). DI-containing transcripts are then either processed further by post-transcriptional splicing or degraded – leading to an overall reduction in the translated protein product (69). These types of alternative splicing upon PRMT5 downregulation in breast cancer cell line MDA-MB-231 were found to be enriched for transcription products associated with RNA processing such as splicing genes- HNRNPC, HNRNPH1, RBM5, RBM23, RBM39 and U2AF1 (56). In glioblastoma, PRMT5 inhibition globally increased abnormal splicing events, while mis-spliced transcripts were enriched in cell cycle progression pathways (70). Profiling the PRMT5 methylome identified 11 proteins that are essential in the proliferation of acute myeloid leukaemia (AML) cells (37). Nine of these PRMT5 substrates are regulators of RNA metabolism and splicing (Figure 3). AML cells were also shown to have increased DI-containing transcripts encoding the transcription factor ATF4 when PRMT5 was inhibited, decreasing levels of ATF4 and increasing oxidative stress and senescence (71). AML cells with genetic abnormalities in splicing gene Srsf2 were preferentially killed over Srsf2 WT cells when treated with PRMT5 inhibitors (72).




Figure 3 | PRMT5 substrates associated with AML proliferation outlined by Radzisheuskaya et al., 2019. (A) The eleven PRMT5 substrate genes identified as responsible for proliferation in AML and their functions. The genes in bold represent the nine genes that are involved in RNA metabolism and splicing. (B) The nine RNA metabolism and splicing proteins that are methylated by PRMT5 and whereabouts they act in the process of RNA metabolism and splicing.



PRMT5 methylation has been identified as an important regulating process for the DNA damage repair pathways. Under normal conditions, the TIP60 (KAT5) complex acetylates H4K16, displaces the non-homologous end joining (NHEJ)-promoting 53BP1 protein and directs DNA damage repair towards the homologous recombination (HR) pathway (54, 73). By contrast, PRMT5 deficiency leads to alternative splicing of TIP60, impairing acetyltransferase activity (73). In addition, PRMT5 directly methylates the TIP60 complex cofactor protein RUVBL1 that is essential for accurate complex function (54). In a PRMT5-deficient environment, the TIP60 complex cannot function to promote HR and consequently error-prone NHEJ is favoured – a potential explanation for upregulation of p53 seen previously (65). When MAT2A or PRMT5 were inhibited pharmacologically, Kalev et al. observed an increase in R-loop nuclear signals, micronuclei and the DNA damage marker γH2AX (74). The formation of R-loops and consequent DNA damage (and vice-versa) was attributed to irregular splicing arising from lack of PRMT5 activity. Furthermore, this study showed an increase in DIs located in the key DNA damage repair regulator ATM, and FA pathway transcripts FANCL, FANCA and FANCD2, and an associated reduction in protein levels. FA pathway proteins and ATM facilitate HR upon DNA damage (75).





4 The function of MAT2A

MAT2A was identified as a top synthetically-lethal hit in three independent shRNA screens in MTAP-negative cell lines (18–20). The methionine adenosyltransferase (MAT) enzymes are a family of three proteins that are involved in the synthesis of the molecule SAM (76). The MAT2A substrates methionine and ATP are processed to produce SAM via an adenosine intermediate (77). SAM can then be utilised by methyltransferases, such as PRMT5, for downstream methylation processes. The enhanced expression and activity of MAT2A results in an elevated production of SAM and has been associated with tumour progression in liver cancer (78), hepatocellular carcinoma (HCC) (79, 80) and colorectal cancer (81, 82). Therefore, targeting MAT2A as a possible strategy for treating cancers (especially in MTAP-negative cancers) may reduce tumour growth.




5 Pharmacological PRMT5/MAT2A inhibition and selectivity for MTAP-deficient cells

A limiting factor to targeting PRMT5 directly is its important role in normal tissue function, but a synthetically lethal interaction with an MTAP-negative background should, in principle, provide a suitable therapeutic window. However, since MTA and SAM bind competitively to the substrate binding pocket of PRMT5 (19)​, MTA accumulation downstream of MTAP loss is a ‘double-edged sword’ in the context of PRMT5 inhibition. A SAM-uncompetitive pharmacological inhibitor of PRMT5 (EPZ015666/GSK3326595) was shown to be an effective anti-proliferative agent in mantle cell lymphoma (MCL) models with overexpression of PRMT5 (83). However, EPZ015666 showed no substantial antiproliferative effect in endogenous and engineered MTAP-negative cell lines (18) due to increased levels of MTA outcompeting SAM binding; PRMT5 has a lower affinity for SAM than MTA (19, 25, 84). Additional compounds found to bind in a SAM/MTA-competitive manner, including LLY-283 (85) and JNJ-64619178 (86, 87), are also less effective in conditions of elevated MTA levels. Subsequently compounds have recently been produced that interact with PRMT5 when bound to MTA, and which selectively target MTAP-negative cancer cells to varying degrees or elicit a synergistic effect in a MTAP-negative background (88, 89). Also, interaction between PRMT5 and SAPs can be targeted by BRD0639 and blocking this interaction reduced PRMT5 function and perturbed cellular growth in MTAP-negative cell lines in vitro (90). Several PRMT5 inhibitors are now in early-stage clinical trials for different types of cancers (Table 2).


Table 2 | Protein arginine methyltransferase 5 inhibitors.



Inhibiting MAT2A and reducing SAM levels has been proposed to cause PRMT5 inhibition both by removing its substrate and, in the case of MTAP-negative tumours, by providing a greater opportunity for MTA binding. Inhibiting MAT2A will therefore act to reduce protein methylation via PRMT5 (Figure 4), in addition to broader metabolism (nucleotide synthesis, glutathione synthesis, etc). Targeting MAT2A rather than PRMT5 directly has shown a greater selectivity for cells with an MTAP-negative background (19). As the MAT2A paralog MAT1A is the primary SAM producer in hepatic tissues there is also a lower risk of liver toxicity with selective inhibition of MAT2A (76). The first inhibitors of MAT2A (Table 3) were substrate-competitive molecules adapted from the structure of methionine - cycloleucine (91) and aminobicyclohexanecarboxylic acid (92). However, these analogues did not possess the potency and binding specificity for an effective and accurate therapy. The development of small molecules called FIDAS (fluorinated N,N-dialkylaminostilbene) agents showed an improved potency down to low nanomolar concentrations (93, 94). However, the compounds did not show high selectivity for MAT2A at higher drug dosages in vitro (94). A non-substrate competitive inhibitor, PF-9366, showed promise with a higher potency for MAT2A; this molecule competitively binds to an allosteric site which mediates interactions with the binding partner MAT2B (95). MAT2B has been suggested to regulate MAT2A in low methionine or high methionine conditions by respectively activating or inhibiting MAT2A activity (95). Other data have suggested that the presence of MAT2B does not affect MAT2A activity but does improve MAT2A stability and longevity in low substrate concentrations (98). Therefore, these data suggest that the capacity of MAT2A inhibition via PF-9366 may be dependent on MAT2B levels or methionine/ATP availability. Extended PF-9366 and cycloleucine treatment led to adaptation in cultured cell lines resulting in an upregulation of MAT2A expression, indicating possible resistance mechanisms (95).




Figure 4 | The inhibition of MAT2A exacerbates the reduction in PRMT5 activity present in a MTAP-negative background. Here, we show the changes in PRMT5 activity over different genetic backgrounds [MTAP-positive (A) and MTAP-negative (B)] and in an MATZA inhibited state within an MTAP-negative background (C). The outcome of these differences is a change in levels of methylation of PRMT5 targets.




Table 3 | Methionine adenosyltransferase II alpha inhibitors.



A series of further non-substrate competitive inhibitors was developed, including an orally bioavailable in vivo candidate molecule AGI-25696 (96). AGI-25696 was a poor candidate for human treatment due to high plasma protein binding and consequent low tissue uptake. By masking polarity internally and reducing the hydrogen donors of the molecule, the absorption was improved, and potency maintained (96). The final compound produced, AG-270, has been shown to be effective in reducing proliferation both within in vitro cell lines and in vivo xenograft models (74). AG-270 is being investigated in a MTAP-negative solid tumour and lymphoma phase 1 clinical trial (NCT03435250) and a phase 1/2 clinical trial in advanced and metastatic oesophageal squamous cell carcinoma (ESCC) (NCT05312372). A similar study used a fragment approach to design new MAT2A inhibitors that show a high potency and functionality in vivo (97). The study resulted in a drug called compound 28, showed comparable features to AG-270 in that both are orally bioavailable and bind to the MAT2B allosteric region of MAT2A. Both AG-270 (74) and compound 28 (97) showed high potency in vitro; reducing proliferation and SDMA markers in a HCT116 MTAP-negative background. In a xenograft study of HCT116 MTAP-negative tumours AG-270 resulted in 75% growth inhibition (96), while treatment with compound 28 led to complete tumour stasis (97). Another small molecule MAT2A inhibitor by IDEAYA (IDE397) is also in phase 1 clinical trials for MTAP-negative solid-tumours (NCT04794699).

PRMT5 clinical trials for PRT543 (NCT03886831) and GSK3326595 (NCT04676516) have been completed and have reported disappointing clinical responses to the monotherapy (99, 100). Just one of the baseline 49 patients achieved complete remission after treatment with PRT543 (101) and GSK has discontinued the trial with GSK3326595 (100). Even though these studies have not reported results selectively in an MTAP-negative tumour background, other clinical evidence is emerging that MTAP-negativity does not predict intra tumoral MTA accumulation as seen in model systems (102). This suggests that despite substantive pre-clinical evidence, this genomic biomarker may not sufficiently predict response to MAT2A/PRMT5 inhibition sensitivity in the clinic.




6 Determinants of response to MAT2A/PRMT5 targeting beyond MTAP status as a route to effective treatment

The selective sensitivity of MTAP-negative cancer to MAT2A or PRMT5 inhibition is argued to result from abnormally high levels of MTA. While high MTA levels have been demonstrated extensively in MTAP-negative cancer cells in vitro (18–20), lower than expected levels of MTA have been observed in vivo (102). Barekatain et al. conducted metabolomic analysis of 17 primary glioblastoma multiforme (GBM) tumours, xenograft tumours derived from a series of GBM lines and a 50 GBM tumour metabolomic dataset, which overall showed no significant difference in MTA levels between MTAP-negative and MTAP-positive primary tumours (102). Consequently, there was not the expected PRMT5 inhibition in primary MTAP-negative tumours (shown by a lack of significant reduction in SDMA markers). Barekatain et al. showed evidence that MTA produced from the MTAP-negative tumour is being processed by the intratumour, MTAP-positive stromal cells. A noticeable finding highlighted that in vivo xenografts may not accurately model endogenous tumour response, as xenografts are less populated by stromal cells when comparing their histology to primary GBM tumour tissue (102). These challenges emphasise the importance of reproducible model systems that result in more “patient-like” models. Overall, this study suggests caution in the use of MTAP status as the sole predictive biomarker for identifying patients to receive MAT2A/PRMT5 inhibitor therapy.

In general, metabolite levels are likely to differ between cultured cells in vitro and patient tumours in vivo, not least because the composition of common culture media and levels of oxygenation do not recapitulate the physiological environment where tumours form in the body (103). Furthermore, tissue lineage can also influence the metabolic phenotype of a tumour, even when they share the same oncogenic driver mutations (104). For example, it has been shown that the accumulation of MTA resulting from a homozygous MTAP deletion was only reproducible between cell lines when grown in a complete nutrient culture medium, and not when cultured in methionine- or cysteine-depleted media (105). Each cell line in this study demonstrated distinct metabolic profiles upon amino acid restriction, which were clustered more by tissue type than MTAP status. These observations also imply that nutrient supply, including dietary methionine or cysteine, could add to patient-to-patient variability in response to therapy targeting the MAT2A/PRMT5/MTAP axis and that combining MAT2A/PRMT5 inhibition with nutrient depletion could result in enhanced responses. Reducing the level of methionine in the body, either enzymatically (106) or through dietary restriction (107), has been shown to reduce tumour volume or increase life span in mice, respectively. Methionine depletion has also been shown to be tolerable with no clinical toxicity in patients (108). When polyamine synthesis is increased in MTAP-deleted cells, it can cause reactive oxygen species (ROS) to form and lead to cell death by ferroptosis through lipid oxidation. This effect is amplified by a reduction in cysteine, which impairs the transsulfuration pathway that normally helps to resolve lipid oxidation and reduces the production of glutathione (109).

Given the fundamental importance of SAM levels or arginine methylation in normal tissue function and the systemic impact of MAT2A/PRMT5 inhibitors to lower these, it is important to consider how the combination of such agents with standard-of-care therapies can be rationally designed to benefit from synergy, reduce dosage and alleviate on-target toxicity. In particular, difficult-to-treat cancers could benefit from combination approaches with MAT2A/PRMT5 inhibitors alongside compounds that target the DNA damage response (110).

As described above, PRMT5 activity results in alternative splicing of the transcripts of key DNA damage repair proteins, such as ATM and FA family members, which facilitate repair of double strand DNA breaks, e.g. induced by inter-strand crosslinking. The combination of PRMT5 inhibitors and interstrand crosslinking agents induced an increase in unrepaired inter-strand crosslinks and lead to greater genomic instability (48), implying that MAT2A or PRMT5 inhibitors create a deficiency in the HR DNA repair pathway. Tumours with a defective HR pathway, such as BRCA2-negative breast and ovarian cancer, become dependent on PARP1-mediated repair pathways (111). This finding suggests that MAT2A/PRMT5 inhibition may act synergistically in combination with PARP inhibitors, as has been reported in one study of AML (73). PARP inhibitors have also shown significant synergy with type I PRMT inhibitors in NSCLC and in ovarian cancer, where type I PRMT inhibition re-sensitised resistant PEO4 ovarian cancer cells to PARP inhibitor treatment in vitro (112). Combination therapy using well characterised chemotherapies alongside PRMT5 inhibitors has shown promising results by targeting both PRMT5 inhibitor sensitive and resistant cells simultaneously. In one study, PRMT5 inhibition resistance was found to be associated with the upregulation of the microtubule regulator, stathmin 2 (STMN2) (113). Upregulation of STMN2 was found to be essential for resistance, and was also responsible for sensitivity to taxanes, such as paclitaxel (113). A combination of MAT2A inhibitors and taxanes was also shown to produce synergy when treating engineered (HCT116) and intrinsically (KP4) MTAP-negative cell lines (74).

Pharmacological inhibition of PRMT5 has been suggested to combine effectively with anti-PD1 immune checkpoint therapy (ICT) drugs in different types of cancers. In murine melanoma cell lines, PRMT5 was shown to methylate IFN-γ-inducible protein 204 (IFI16/IFI204) and negatively regulate NLRC5 transcription (49). Pharmacological inhibition or shRNA knockdown of PRMT5 increased production of type-I interferons by inhibiting IFI16 (IFI204) and increased NLRC5-promotion of major histocompatibility complex (MHC) I antigen presentation genes (49). PRMT5 inhibition was later reported to induce lymphocyte infiltration and MHC II expression in mouse liver HCC tumours, which was demonstrated by an increase in CD45.1, CD4 and CD8 staining in fixed liver tumours and up-regulation of H2-Ab1, Cd74 and MHC II transactivator Ciita at the mRNA level (45). The combination of a PRMT5 inhibitor and anti-PD1 therapy produced a significant reduction in tumour volume and an increase in CD4+ and CD8+ T cell infiltration compared to either therapy alone in vivo (45). In contrast, PRMT5 inhibition has also been reported to promote PD-L1 expression in lung cancer and ultimately disrupt antitumour immunity by increasing the marker for immune inhibition (114). While combining PRMT5 inhibition with PD-L1 therapy has potential benefits, it has been reported that the MTA-rich environment in MTAP-negative cancer cells stimulate the immunosuppressive (M2) state in macrophages through activation of the adenosine A2B receptor (115), thus inhibiting immune invasion. SAM and MTA secreted by tumours can reduce global chromatin accessibility in T cells, leading to dysfunction that may contribute to a poor anti-tumour immune response (116). As such, investigating the impact of MAT2A inhibitors on the function of tumour-associated T cells may provide additional insight into how the efficacy of immune-checkpoint inhibitors could be improved.




7 Conclusions

Deletion of MTAP is frequently observed in a wide variety of cancers due to its proximity to the key tumour suppressor gene CDKN2A. The codeletion of MTAP provides a selectable marker for the identification of cancer patients who might benefit from targeting of methionine metabolism and/or protein methylation due to accumulation of the metabolite MTA. Here we have reviewed current pharmacological methods of targeting SAM production via MAT2A inhibition and direct PRMT5 inhibition (both of which reduce PRMT5-specific methylation reactions) and reported evidence for and against the selectivity of these treatments for MTAP-negative tumours. Future generations of drugs that target PRMT5 activity in an MTAP-negative background must focus on maximising their selectivity for inhibiting PRMT5 specifically within the cancer cell (i.e. when PRMT5 is bound to MTA). Moving forward, to best understand the population of patients that will benefit from therapeutic treatment with MAT2A/PRMT5 inhibitors we require a greater understanding of the molecular rewiring after inhibition. Our current understanding of the downstream effects of PRMT5 inhibition include the impairment of pre-mRNA splicing and DNA damage repair, co-treatment of cancers with agents that target these pathways such as PARP inhibitors and chemotherapy, is potentially synergistic. Such a strategy provides an alternative rationale for the use of MAT2A/PRMT5 inhibitors beyond synthetic lethality with MTAP loss and presents additional predictive biomarkers for future clinical development of combination treatments.
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Background

Although lactate metabolism-related genes (LMRGs) have attracted attention for their effects on cancer immunity, little is known about their function in clear cell renal cell carcinoma (ccRCC). The aim of this study was to examine the cellular specificity of lactate metabolism and how it affected the first-line treatment outcomes in ccRCC.





Methods

GSE159115 was used to examine the features of lactate metabolism at the single-cell level. Utilizing the transcriptome, methylation profile, and genomic data from TCGA-KIRC, a multi-omics study of LMRG expression characteristics was performed. A prognostic index based on a gene-pair algorithm was created to assess how LMRGs affected patients’ clinical outcomes. To simulate the relationship between the prognostic index and the frontline treatment, pRRophetic and Subclass Mapping were used. E-MTAB-1980, E-MTAB-3267, Checkmate, and Javelin-101 were used for external validation.





Results

The variable expression of some LMRGs in ccRCC can be linked to variations in DNA copy number or promoter methylation levels. Lactate metabolism was active in tumor cells and vSMCs, and LDHA, MCT1, and MCT4 were substantially expressed in tumor cells, according to single-cell analysis. The high-risk patients would benefit from immune checkpoint blockade monotherapy (ICB) and ICB plus tyrosine kinase inhibitors (TKI) therapy, whereas the low-risk individuals responded to mTOR-targeted therapy.





Conclusions

At the single-cell level, our investigation demonstrated the cellular specificity of lactate metabolism in ccRCC. We proposed that the lactate-related gene pair index might be utilized to identify frontline therapy responders in ccRCC patients as well as predict prognosis.
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Introduction

Metabolic disorders are widely involved in the occurrence and development of various diseases (1, 2), and recent evidence has accumulated that metabolic disorders in cancer cells are not only a hallmark of cancer, but may also be the fundamental cause of tumors. In 1923, Otto Warburg observed that tumor cells tend to take up large amounts of glucose and produce excess lactic acid through anaerobic glycolysis. This property will not change in the presence of sufficient oxygen, a phenomenon known as the Warburg effect (3). Lactate has long been considered a metabolic waste product, but recent studies have identified lactate as one of the most significant metabolites in the tumor microenvironment that contributes to microenvironmental acidosis and immunosuppression. Malignant cell-produced lactic acid causes acidification of the tumor microenvironment (TME), promotes proliferation and accumulation of myeloid-derived suppressive cells (MDSCs), and inhibits the cytolytic function of effector cells (4). Lactic acid inhibits the differentiation and maturation of monocytes into dendritic cells, and several studies have confirmed the ability of lactic acid to induce polarization into M2-type macrophages (5–7). Lactic acid inhibits antigen presentation function by activating GPR81 in DC cells and inhibiting the production of cAMP, IL-6, IL-12, MHC-II, and other immunoreactive factors (8). A recent study reported that lactate inhibits RIG-I-like signaling and suppresses type I interferon production by inhibiting MAVS protein polymerization (9). Lactate signaling also promotes Treg differentiation and its mediated inhibition, promotes inflammatory Th17 cell differentiation, and inhibits the killing effect of CD8+ T cells and NK cells (10, 11). Moreover, lactate serves as an important carbon source for tumor cells as well as immune cells, and it is taken up by cells to mediate various intracellular signaling and function changes. Zhao et al. reported for the first time that lactate can also act as a modifying substrate to mediate lysine lactylation modification of histones under the action of histone acetyltransferase p300, which regulates the expression of genes related to macrophage polarization during immune activation (12, 13). Subsequently, HDAC1-3 was identified as the most potent lysine lactylation modification “eraser” (14).

The modern lifestyle has greatly changed the disease spectrum of cancer. In developed countries or urban areas, the incidence rate of cancer related to obesity and westernized lifestyle raised very high, including colorectal cancer, prostate cancer, kidney cancer and bladder cancer {Chen:fh}. Clear cell renal cell carcinoma (ccRCC) is a typical metabolic disorder tumor with robust lipid and glycogen accumulation, and recent studies have increasingly focused on the role of lactate-related metabolic factors in renal carcinogenesis. Lactate dehydrogenase, which catalyzes the production of lactate from pyruvate and is deeply involved in the regulation of the Warburg effect, was the first widely studied regulator in RCC. Hala et al. reported for the first time the correlation between LDHA upregulation and poor prognosis in RCC patients through tissue immunohistochemical studies (15). Zhao et al. discovered that LDHA was highly expressed in RCC tissues and that it mediated tumor metastasis by promoting epithelial-mesenchymal transition (EMT) (16, 17). Further research revealed that the promoting effect of lactate on EMT may be partially dependent on Sirtuin-1 activity inhibition (18). LDH reflects tumor tissue hypoxia and neovascularization levels and is widely used as a tumor load-related marker. A retrospective clinical trial reported that serum baseline LDH levels were an independent risk factor for postoperative PFS in patients with metastatic ccRCC treated with Nivolumab and were associated with poorer PFS in patients in the IMDC staging favorable group (19). Systematic reviews and meta-analyses announced that a high baseline serum LDH to lymphocyte ratio was independently correlated to the prognosis of metastatic RCC patients treated with tyrosine kinase inhibitors (TKI) (20, 21). Zhang et al. conducted a meta-analysis of lactate dehydrogenase’s prognostic role in metastatic RCC and found that high preoperative serum LDH levels were significantly correlated with poor postoperative overall survival (OS) and progression-free survival (PFS) (22). In addition, MCTs, which mediate the intercellular lactate shuttle, have also received extensive attention. By analyzing microarray data constructed from a large number of surgical specimens and performing immunohistochemical staining, Paul et al. demonstrated that MCT1 was an independent predictor of cancer-specific survival (CSS) in ccRCC (23). Overexpression of MCT1 and its partner CD147 have also been used to predict ccRCC progression (24). These findings suggest that lactate-related metabolism factors profoundly influence RCC progression and hold predictive value for frontline adjuvant therapy.

The value of lactate metabolism-related genes (LMRGs) in the prognosis of ccRCC has been recently investigated, but there are several shortcomings (25, 26). First, the lactate metabolism regulators discussed in prior publications were not comprehensive; second, their conclusions have not been validated in real-world patient cohorts treated with targeted therapy or immune checkpoint blockade (ICB); and, in addition, there is a lack of single-cell level investigation to elucidate the cell type specificity of lactate metabolism. In the present study, we explain the alteration of lactate metabolism-related processes and regulators with respect to different immune cell types. We proposed a novel prognostic index by constructing lactate-related gene pairs, which has exhibited robust stability and predictive power in previously published datasets because it does not depend on absolute gene expression level. Most importantly, validation in cohorts treated with TKI or ICB directly demonstrated the value of the lactate-related gene pair index (LRGPI) in guiding the selection of frontline adjuvant strategies.





Materials and methods




Data acquisition and pre-processing

In this study, we integrated several independent datasets for comprehensive analysis. We obtained transcriptomic and 450K methylation sequencing profiles and the Masked Copy Number segment file for the TCGA-KIRC cohort from the Xena portal as a development dataset. FPKM values were transformed into TPM values to maintain comparability with MicroArray platform-derived data. Gene expression and clinical profiles of E-MTAB-1980 and E-MTAB-3267 were obtained from the ArrayExpress portal (https://www.ebi.ac.uk/arrayexpress/) as the test set. In addition, several datasets were obtained from the GEO portal (https://www.ncbi.nlm.nih.gov/gds/?term=) for external validation. Specifically, six datasets based on the GPL570 platform (GSE36895, GSE53757, GSE66272, GSE73731, GSE46699, and GSE22541) were combined into the external validation set GPL570, and three datasets based on GPL10588 (GSE40435, GSE105261, and GSE65615) were merged into GPL10588. The “sva” function of the “Combat” package was used to merge data generated from the same platform to remove batch effects. The Checkmate cohort consisted of 181 cases of metastatic ccRCC treated with Nivolmab and 130 cases treated with Everolimus, with TPM transcriptome data and corresponding clinical information obtained from the report of Brau et al. (27). In addition, the phase III clinical trial Javelin-101 enrolled 726 cases of advanced RCC and compared the efficacy of Sunitinib and Avelumab plus Axitinib. The TPM transcriptome data and clinical outcome of Javelin-101 were obtained from Motzer et al. (28). The log ratio transformed proteomic expression data and their biospecimen information were downloaded from the CPTAC portal (https://proteomics.cancer.gov/programs/cptac) for protein level validation. Briefly, there were 83 normal samples and 111 ccRCC tumor samples in the CPTAC-ccRCC cohort. Representative normal kidney tissue and renal cancer pathology IHC slides were downloaded from the HPA portal (https://www.proteinatlas.org).





Curation of genes involved in the lactate metabolism process

Six GO processes involved in lactate metabolism were archived and collected from MSigDB, including GO_LACTATION, GO_LACTATE_METABOLIC_PROCESS, GO_LACTATE_TRANSMEMBRANE_TRANSPORT, GO_LACTATE_TRANSMEMBRANE_ TRANSPORTER_ACTIVITY, GO_LACTATE_DEHYDROGENASE_ACTIVITY, GO_L_LACTATE_DEHYDROGENASE_ACTIVITY. In total, these gene sets contain 74 hub genes related to lactate metabolism.





Differentially expressed genes analysis and genomic heterogeneity analysis

The “limma” package was used to perform DEG analysis on high throughout sequencing/Microarray-derived data. Nonsynonymous mutations of a single gene were extracted from the Mutect file and defined with reference to Brau et al (27). The methylation data were preprocessed with reference to the published report (29). The gene promoter region was defined as TSS1500, TSS200, 5’-UTR, and 1stExon. The median value of the promoter region probe was used to represent the promoter region methylation level of a single gene. The copy number variation (CNV) file and reference markers file were submitted to the GISTIC 2.0 modules in the GenePattern platform (https://cloud.genepattern.org/gp/pages/index.jsf) to perform CNV analysis. The Human Hg38 reference genome was set as a reference, the amplifications and deletions threshold were set at 0.3 (q value<0.05), and the confidence level was set at 0.99.





Single-cell RNA sequencing data analysis

sc-RNA seq data for seven ccRCC tumors and six normal samples, along with cell type annotations, were stored as GSE159115 in the GEO database. The “Seurat” package was used to create single-cell objects for each sample, retaining cells with mitochondrial genes 25% of the time and nFeature_RNA > 300. The data of each sample was normalized, and 2000 genes with the highest variance were chosen based on variance stabilization transformation. Anchors were identified using the FindIntegrationAnchors function, and all samples were integrated into one Seurat object using the IntegrateData function to remove batch effects. The Seurat objects were then downscaled using the umap method, and visualization was done using the “scRNAtoolVis” package. Gene set enrichment assessment at the single-cell level was performed using the “AUCell” and “SCpubr” packages, respectively. Cell-specific molecular markers were identified by the FindAllMarkers function (logFCfilter=0.25, adjusted p-value <0.05, min.pct=0.25). CytoTRACE can assess the differentiation status of individual cells while also generating a numeric vector of each gene’s Pearson correlation with CytoTRACE (30). The degree of dedifferentiation of individual tumor tissues was assessed using a curated stem gene set of 109 genes with proliferation and immune-related genes removed as proposed by Miranda et al. (31).





Western blotting

The human normal renal epithelial cell line HK2 and the tumor cell lines ACHN, 786-O, and OS-RC-2 were used for western blotting analysis in according to the standard procedure. The antibodies were purchased from the ABclonal Technology company (LDHA, #A0861, LDHB, #A7625).





Lactate metabolism-related gene pairs construction

Gene alias in different datasets was manually checked to keep consistent with the current gene symbols in Genecard (https://www.genecards.org/), and we retained 64 lactate metabolism genes detected in all datasets to construct lactate-related gene pairs. The gene pair construction procedure was based on that previously reported in the literature, with some modifications to the details (32). The main steps include the following: 1) identification of genes significantly associated with OS using uni-variate Cox regression (p<0.05); 2) pairwise comparison of the prognostic gene Gi with all LMRGs Gj, and for each gene pair (Pij) starting with Gi, Scoreij=1 if Gi > Gj and 0 otherwise; 3) if Scoreij is consistent (i.e. Scoreij = 0 or 1) in more than 70% of the samples, then this gene pair was abolished. This method calculates scores based on the relative expression levels between gene pairs without considering absolute gene expression levels or data normalization methods, thus providing superior stability and cross-platform reproducibility.





Development of a prognostic index using adaptive LASSO algorithm

To enhance the stability of the prognostic index, patients with an OS time shorter than 1 month were excluded before the construction and validation of the prognostic index. LMRGPs found to be significantly associated with OS by performing univariate Cox regression (p < 0.05) were chosen as LRGPI candidates. To minimize the excessive penalty of parameters in traditional LASSO regression, we applied the adaptive lasso method to screen the best combination of parameters to construct LRGPI. Adaptive lasso is done using the “glmnet” package. Specifically, the process consists of the following steps: 1) run a 10-fold cross-validated ridge regression to obtain penalty weight coefficients; 2) run a 10-fold cross-validated LASSO regression based on the penalty weights. The adaptive lasso gives the optimal combination of parameters and the corresponding non-zero coefficients for reaching the minimum partial likelihood deviation, and LRGPI is calculated as the sum of LMRGP scores (1 or 0) multiplied by the corresponding coefficients. The scheme of LRGPI construction and workflow of this study is illustrated in Figure 1.




Figure 1 | Graphical Abstract: The scheme of LRGPI construction and workflow of this study.







Deconvolution of the immune infiltration and gene set activity evaluation

We used the “IOBR” package to analyze the TME components. IOBR integrated nine mostly used deconvolution methods, including CIBERSORT, EPIC, MCPcounter, xCELL, ESTIMATE, TIMER, quanTIseq, and IPS, and numeric published gene sets related to tumor metabolism, cancer hallmarks, TME, etc. (33). CIBERSORT was selected for deconvolution assessment of the level of infiltrating immune cells. The “ssgsva” algorithm built into this package was used for gene set enrichment to assess the activity of the tumor metabolism activity. Enrichment analysis of cancer hallmarks and TME was performed using the “fgsea” package.





Predicting the correlation of LRGPI with frontline adjuvant therapy

The “pRRophetic” package was used to estimate the drug sensitivity of individual samples, as reported by Zhou et al. (34). Specifically, the transcriptomic data of urological cell lines and experimentally determined IC50 values for the target drugs were designated as standard data, and the package used the transcriptomic data of the samples to be tested to construct a ridge regression model, thereby deriving the estimated IC50 values of the samples to be tested. A gene expression pattern similarity comparison was performed using the Subclass Mapping module of the GenePattern portal. Specifically, 47 melanoma patients treated with CTLA4/PD-1 blockade and their drug response labels were designated as standards. Their transcriptome data and tags were submitted to the portal module together with the samples to be tested and grouping labels to obtain gene expression similarity test p-values (35).





Statistical analysis

Visual image plotting and statistical analysis of this study were completed using R 4.1.1. The classic Kaplan-Meier curve was used to visualize patient survival status, while the log-rank test was used to differentiate survival differences between groups. The prognostic value of numerical or categorical factors was assessed using univariate or multivariate Cox regression models, and forest plots were drawn using the “forestplot” package. The nomogram under the univariate model was plotted using the “rms” package, and the predictive efficacy of the model was assessed using ROC curves and calibration curves. The heat map in the paper is drawn using the “ComplexHeatmap” package. We used the Wilcoxon test or the Kruskal-Wallis test for two-group or multi-group continuous variables, and a two-sided test with a p-value < 0.05 was considered a statistically significant difference. The Bonferroni correction was used to reduce the likelihood of Type I error in multiple replicate tests.






Results




Multi-omics analysis of differentially expressed lactate metabolism-related genes in ccRCC

DEG analysis of the three cohorts (TCGA-KIRC, GPL570, and GPL10588) identified 30 DELMRGs (Figures S1A–C). The mutation landscape did not find high-frequency mutations in DELMRGs (Figure 2A, frequency > 5%), but CNV analysis revealed frequent gene copy number amplification and deletion (Figure 2B). Further, we examined the promoter methylation levels of DELMRGs and found that several genes (such as OAS2, KALRN, SLC16A7, PER2) had significantly lower methylation levels in tumor samples, while several genes (SLC6A3, CDO1, and SERPINC1) were significantly higher methylated (Figure 2C). Proteomic data verified that LDHA, HK2, NCOR2, CAV1, CCND1, OAS2, VEGFA, MED1, and PAM were significantly higher expressed, while PFKFB2, LDHB, PNKD, LDHD, HAGH, SLC16A7, SLC5A12, GOT2, and SLC25A12 were lower expressed in tumor samples (Figure S1D; Supplementary Table 1). In addition, the DELMRGs were further validated in protein expression level by their representative normal and tumor tissue staining slides in HPA portal (Figure S2). We then described the correlation and prognostic value of the DELMRGs using an integrated network (Figure 2D). Most DELMRGs interacted positively, and many genes, including MED1, ZBTB7B, SOCS2, SLC6A3, SLC5A12, SLC25A12, PRLR, PER2, PAM, NCOA1, LDHD, LDHA, KALRN, HAGH, GOT2, CCND1, and APLN played protective roles in patients’ overall survival (OS).




Figure 2 | (A) Heatmap with bar plots displayed the mutation rates of DELMRGs. (B) Heatmap displayed the amplification and deletion landscape of 30 DELMGs. (C) Heatmap showed the promoter methylation level of 30 DELMGs. (D) Integrated network of correlation and prognostic value of the DELMRGs.







Disordered lactate metabolism processes in different cell types

Sc-RNA seq data can provide complementary information on cell-level variation beyond bulk-tissue sequencing data. According to the original literature (36), tumor tissue-derived cells were annotated into 13 cell types (Figure 3A). Each single cell was scored for six lactate metabolism-related biological process activities by the AUCell algorithm, and activities of these processes of the tumor tissue-derived cells were all significantly higher than those of the normal tissue-derived cells (Figure 3B). Further comparison across all tumor tissue cell types revealed that tumor cells, pericytes, endothelial cells, and vSMC cells hold the highest lactate metabolism activity than other cell types, while lactate transport across membranes was most active in tumor cells. The lactate dehydrogenase and L-lactate dehydrogenase activities of tumor cells, CD8+ T cells, vSMC cells, and MKI67+ macrophages were also higher than other cell types (Figures S3A–F). In addition, the enrichment results produced by “SCpubr” package highlighted the prominent lactate dehydrogenase and L-lactate dehydrogenase activities in tumor cells (Figure 3C).




Figure 3 | Lactate metabolism was activated in ccRCC tumor samples and different cell types. (A) UMAP reduction plots of cells grouped by sample and cell types. (B) The boxplots presented the “AUCell” scores that evaluated lactate metabolism processes at the single-cell level between tumor and normal samples. (C) Heatmap presented the enrichment scores produced by ‘Scpubr’ package in tumor sample-derived single cells.



We explored the expression levels of four major lactate dehydrogenase (LDHA, LDHB, LDHC, and LDHD) and found that LDHA was significantly higher expressed in tumor tissue-derived cells and LDHB was higher expressed in normal tissue-derived cells (Figure 4A). Further, cell line experiments showed a significant increase in LDHA expression and a significant decrease in LDHB expression in the tumor cell lines ACHN, 786-O, and OS-RC-2 relative to the human normal renal epithelial cell line HK2 (Figure 4B). Cell-specific molecular markers were then extracted (Supplementary Table 2). We observed the expression level of LMRGs in different cell types, and we found that LDHA was mainly expressed in tumor cells and ACKR1+ endothelial, while LDHB was highly expressed in vSMC, tumor cells, mast cells, and CD8+ T cells (Figure S4). Cells absorb glucose via GLUT1(SLC2A1), hypoxic cells release lactate through MCT4(SLC16A4), while tumor cells and endothelial cells absorb lactate through MCT1(SLC16A1). We explored the expression levels of transporter proteins in different cell types and found that GLUT1 and MCT1/4 were most highly expressed in ccRCC tumor cells (Figure 4C). These results suggest the idea that that lactate in the TME is mainly produced by vSMC and consumed and utilized by ccRCC tumor cells. Moreover, pericytes, endothelial cells, MKI67+ macrophages, and CD8+ T cells also hold a certain lactate uptake ability, suggesting the potential impact of lactate on their biological functions. In addition, the results of CytoTRACE showed that LDHA is highly correlated with inferred cancer stemness at the single-cell level (Figure 4D), and we verified the correlation at the bulk-tissue level using the TCGA cohort (Figure 4E).




Figure 4 | (A) Stacked violin plot displayed the expression level of LDHA, LDHB, LDHC, and LDHD in tumor and normal sample cells in sc-RNA Seq data (GSE159115), (B) LDHA and LDHB expression level were validated in RCC cell lines by Western blot. (C) Clustered dot plots of SLC2A1, SLC16A1, and SLC16A4 in tumor sample cells. (D) Bar plot showed the Pearson`s correlation of the top20 genes with dedifferentiation status calculated by CytoTRACE. (E) Scatter plot with a linear regression correlation of LDHA expression and cancer stemness evaluated by PNAS stem gene set in TCGA-KIRC.







Establishment of a LRGPI to predict patients` prognosis

Here, we wonder whether the lactate metabolism-related prognostic index could be used to assess the clinical outcome of ccRCC patients. To minimize the impact caused by different sequencing platforms and standardization methods, we converted the lactate metabolism-related gene expression matrix into a gene pair matrix with values of 0 or 1. The univariate Cox regression identified 29 prognosis-related lactate metabolism genes. A total of 129 gene pairs were generated, and 96 gene pairs were significantly correlated to patients` OS. Adaptive lasso regression yielded the best combination of 18 gene pairs (Figures 5A, B, Supplementary Table S3). LRGPI was calculated as the method described. Patients were divided into high-and low-LRGPI groups based on the median LRGPI value, and the survival curves showed that patients in the high- LRGPI group had significantly lower overall survival (OS) and disease-free survival (DFS) rates than those in the low-LRGPI group (Figures 5C, D). The predictive efficiency of LRGPI for 1-year, 3-year, and 5-year prognosis reached 0.778, 0.755, and 0.803 for OS and 0.678, 0.720, and 0.723 for DFS, respectively (Figures 5E, F). LRGPI was proved to be an independent risk factor for patients` prognosis by adjusting clinical parameters in the multivariate Cox model (Figure 5G). To further improve the accuracy of clinical application, we integrated tumor T-stage, histologic grade, metastatic status, patient age, and LRGPI to construct a nomogram to predict patients` OS (Figure 5H). The ROC curve was used to assess the predictive capacity of the nomogram, and the area under the curve (AUC) reached 0.89, 0.85, and 0.86 for overall survival at 1, 3, and 5 years, respectively (Figure 5I). The predictive accuracy of the nomogram was further evaluated using the calibration curve, and the predicted OS status at 1, 3, and 5 years was found to be very close to the actual observation, indicating a robust predictive capability of the nomogram (Figure 5J).




Figure 5 | (A, B) The best combination of LMRG pairs was selected by adaptive-Lasso regression. (C, D) Survival analysis showed a different survival portion between the high- and low- LRGPI subgroups in TCGA-KIRC for OS (C) and DFS (D). (E, F) Time-dependent ROC curves evaluated the prediction capacity of LRGPI for OS (E) and DFS (F) in TCGA-KIRC cohort. (G) Forest plots of uni- and multivariate Cox regression models demonstrated that LRGPI is an independent risk factor for patients` prognosis. (H) Nomogram to predict patients’ OS in TCGA-KIRC. The model incorporated the AJCC T stage, ISUP grade, metastatic status, patients’ age, and LRGPI. (I) Time-dependent ROC curves to evaluate the prediction capacity of the nomogram for patients` OS. (J) Calibration curves evaluated the prediction accuracy of the nomogram for patients` OS. ***p<0.001.



The GSEA results suggest activation of metabolic activities such as glycolysis, lipogenesis, fatty acid metabolism, and hypoxia in the high-LRGPI group samples, indicating high proliferation and energy demand in these samples. Meanwhile, immune response signals such as IFN responses, TGFβ signaling, IL2/STAT5 signaling, and KRAS signaling were also significantly upregulated (Figure S5A). To elucidate the association between LRGPI and cancer metabolism, enrichment scores for 103 tumor metabolism signals were calculated, and 75 signals were differentially distributed between the two groups (Figure 6A). We found that aerobic energy production pathways such as glycogen degradation, sugar degradation, the tricarboxylic acid cycle, pyruvate metabolism, and lactate degradation were significantly inhibited in patients with high LRGPI scores. At the same time, LRGPI was also negatively correlated to fatty acid degradation and long-chain fatty acid synthesis (Figure 6B), suggesting that fatty acids accumulated in the samples of the high-LRGPI subgroup.




Figure 6 | (A) Heatmap displays the differentially distributed cancer metabolism gene sets between high- and low-LRGPI subgroups in TCGA-KIRC cohort. The samples are ordered by LRGPI from lowest to highest. (B) Scatter plots with a linear regression correlation of LRGPI and fatty acid degradation and fatty acid elongation activity. (C, D) Survival analysis showed a different survival portion between the high- and low- LRGPI subgroups in E-MTAB-1980 for OS (C) and in E-MTAB-3267 for PFS (D). (E, F) Time-dependent ROC curves evaluated the prediction capacity of LRGPI for OS in E-MTAB-1980 (E) and for PFS in E-MTAB-3267 (F). (G–J) ROC curves displayed the prognosis prediction power of LRGPI and Sun`s lactate score for patients` clinical outcomes in several cohorts.







External validation and efficacy comparison of LRGPI

LRGPI were then generated for each tumor sample in E-MTAB1980 and E-MTAB3267 for external validation. Similar to the TCGA-KIRC, patients in the high-LRGPI subgroup identically showed significantly lower OS or PFS rates than patients in the low-LRGPI subgroup (Figures 6C, D). The predictive efficacy of LRGPI for 1-year, 3-year, and 5-year OS in E-MTAB-1980 was 0.753, 0.780, and 0.722, respectively (Figure 6E). For metastatic ccRCC patients treated by Sunitinib, the predictive power for PFS at 1, 2, and 3 years was 0.657, 0.725, and 0.768, respectively (Figure 6F). LRGPI remained an independent risk factor after adjusting clinical factors in E-MTAB1980 (Figure S5B). In addition, we applied the nomogram established in TCGA-KIRC to E-MTAB1980 (Figure S5C), and the calibration curve still observed a high degree of agreement between predicted and actual survival status (Figure S5D). The clinical nomogram achieved impressive predictive powers of 0.89, 0.92, and 0.87 for 1-year, 3-year, and 5-year OS, respectively (Figure S5E).

Sun et al. used 3 lactate metabolism genes (FBP1, HADH, and TYMP) to establish a prognostic signature to predict the ccRCC prognosis (26). We compared the predictive efficacy of Sun with LRGPI (Figures 6G–J). LRGPI achieved comparable or higher predictive power with Sun in all cohorts, but only in the TCGA-KIRC did the difference in the AUC value reach a statistically significant level.





Correlation of LRGPI and targeted therapy for ccRCC patients

E-MTAB-3267 included 53 patients with metastatic ccRCC treated with sunitinib and responsive labels. For Sun`s lactate score, no significant difference in PFS between the high-and low-score groups was observed (Figure 7A). Patients were grouped according to Sunitinib responsiveness, and no significant differences in IRGPI or Sun`s lactate score were observed between the two groups (Figures 7B, C). The Checkmate trial documented clinical data from patients who failed initial treatment with sunitinib, and among 130 advanced ccRCC patients with complete records, we found that while no significant difference in PFS between the high-and low-IRGPI groups was observed, patients in the low-IRGPI subgroup showed extended OS time (Figures 7D, E). To further validate our findings, ridge regression was run to calculate the estimated IC50 values for each tumor sample in the 4 cohorts (TCGA, E-MTAB1980, GPL570, and GPL10558) using drug sensitivity data (IC50 values) provided by GDSC for urological tumor cell lines. Simulation results for the four cohorts consistently showed significantly lower IC50 values for Sunitinib and Temsirolimus in the low-IRGPI subgroup samples than in the high-IRGPI subgroup samples (Figures 7F–I). Validation results from drug-sensitivity simulation extrapolation and real-world cohorts exhibited a high degree of consistency in terms of mechanistic target of rapamycin (mTOR)-targeted agents, suggesting that patients in the low-IRGPI subgroup could benefit from mTOR-targeted therapy.




Figure 7 | (A) Survival curves showed no significant difference in PFS between high- and low- Sun`s lactate score subgroups. (B, C) Boxplots displayed the comparison of Sun`s lactate score and LRGPI between the Sunitinib response and non-response samples. (D, E) Survival curves demonstrated that LRGPI was able to distinguish the OS (D) but not the PFS (E) in Everolimus-treated patients. (F–I) The predicted IC50 values of ccRCC samples for Sunitinib and Temsirolimus between high- and low- LRGPI groups in the TCGA-KIRC (F), E-MTAB-1980 (G), GPL570 (H), GPL10588 (I) cohorts.







Correlation of LRGPI and immunotherapy benefit for ccRCC patients

According to the immunophenotype, inflammatory and lymphocyte-depleted ccRCC scored the lowest, and the wound-healing subtype scored the highest (Figure S5F). Using CIBERSORT to deconvolute the immune components, we found that the low-IRGPI subgroup harbored a significantly higher abundance of antigen-presenting cells (DCs, macrophages), monocytes, mast cells, and memory CD4+ T cell infiltrates, whereas the high-IRGPI subgroup had a higher abundance of Treg (Figure 8A). We then performed GSEA analysis of 119 TME-related signals and found significant activation of important immune activation markers such as angiogenic genes (GPAGs), effector CD8+ T, TCR signaling, antigen presentation signaling, MHC-II class signaling, natural killer cytotoxicity, and Merck18 signaling, as well as activation of ICB resistance signaling in the high-IRGPI subgroup (Figure 8B).




Figure 8 |     (A) Boxplot displayed the percentage of infiltrated immune cell types deconvoluted by CIBERSORT in TCGA-KIRC cohort. Wilcoxon test, ns, p>0.05, *p<0.05, **p < 0.01; ***p<0.001. (B) GSEA table of significantly altered TME-related gene sets between high- and low-LRGPI subgroups in TCGA-KIRC cohort. (C–F) Heatmaps displayed the nominal and Bonferroni-corrected p-values of Subclass mapping results in the TI-KIRC (C), E-MTAB-1980 I, GPL570 (E), GPL10588 (F) cohorts. (G–J) Boxplots showed that PD-1 was higher expressed in the high-LRGPI groups in the TCGA-KIRC (G), E-MTAB-1980 (H), GPL570 (I), GPL10588 (J) cohorts. (K–M) Survival curves showed that LRGPI was able to distinguish the PFS in PD-L1- patients under Avelumab plus Axitinib treatment. ns, p<0.05.



To clarify whether the immunoreactivity difference ultimately affects immunotherapy outcomes, we divided all patients in the Checkmate cohort into high- and low- LRGPI subgroups and found that patients in the low- IRGPI subgroup who received Nivolumab treatment showed no significant survival benefit beyond those who received Everolimus in terms of either PFS or OS (Figures S6A, B). However, patients in the high-IRGPI subgroup who received Nivolumab showed significantly longer OS time in comparison to those treated with Everolimus (Figures S6C, D). There are two possible explanations: either the high-IRGPI subgroup patients were not the best population to benefit from Everolimus, or the high-IRGPI subgroup patients had a significant response to Nivolumab. To test the above conjecture, we performed a gene expression profile comparison using melanoma samples treated with CTLA4/PD-1 blockade. The results showed that the gene expression profiles of the high-IRGPI samples showed significant concordance with PD-1-responsive melanoma samples in the four cohorts (Figures 8C–F, Bonferroni adjusted p-value < 0.05), demonstrating that the high-IRGPI samples were likely to respond to PD-1 blockade. High-IRGPI samples showed significantly higher levels of PD-1 expression in the four cohorts (Figures 8G–J).

The strategy of ICB plus TKI adjuvant therapy has pushed the adjuvant treatment of RCC into a new era, and the combination strategy is believed to be beneficial in reducing the multiple adverse effects of monotherapy and improving patient response rates (37). We then ask whether LRGPI has predictive value for the combination treatment outcomes. The Javelin-101 trial enrolled 354 RCC patients treated with Avelumab plus Axitinib. Patients` survival differences were not observed when grouping patients based on median LRGPI values (Figure 8K). When PD-L1 staining positive or negative subgroups were compared (Figures 8L, M), we were ecstatic to discover that the high-IRGPI subgroup had significantly longer PFS among PD-L1 patients. This is an interesting finding, and more prospective clinical trial cohorts are needed to further validate our findings in the future.






Discussion

It has been well known that the lactate content of tumor tissue is higher than that of normal tissue, and lactate is necessary for cancer development. Lactate-related coding genes, or LncRNA, have been identified and shown to have predictive value in cancers such as colon cancer and lung cancer in thorough studies of tumor bulk tissue sequencing data (38, 39). The prognostic value of LMRGs in ccRCC was first discussed and reported by Sun et al. including 267 LMRGs involved in the lactate metabolic process, HP increased serum lactate, HP lactic acidosis, and HP lactic aciduria (26). Almost at the same time, Guo et al. focused on 27 genes involved in lactate metabolism and transport in ccRCC. In this presented report, we included 64 LMRGs from lactate metabolism, transporter proteins, and lactate dehydrogenase activity, which is a difference from previous reports (25). Here we constructed a novel prognostic index, the IRGPI, and demonstrated the advantage of the LRGPI in distinguishing the prognosis of ccRCC patients. Compared to the previously developed lactate-related scoring system, re-assigning gene pairs by comparing the relative expression levels of genes within each gene pair to construct a scoring system has stability across detection platforms, which means that individual tumor scores can be easily reproduced through quantitative RT-PCR in clinical practice (40).

The combined multi-omics analysis revealed that the different expression levels of these LMRGs can be partially attributed to changes in promoter methylation levels or to single-gene DNA copy number variation. We provide the first single-cell level evidence to confirm the disordered regulation of lactate metabolism, lactate transport processes, and lactate dehydrogenase activity in ccRCC tumor samples. We identified lactate metabolism markers for ccRCC cell types and found high expression levels of LDHA in tumor cells and CD8+ T cells. Besides tumor cells, MCT1 was also expressed on Pericytes and endothelial cells, while MCT4 was expressed on vSMC. Meanwhile, we observed highly active lactate dehydrogenase in tumor cells, ACKR1+ endothelial cells, MKI67+ macrophages, CD8+ T cells, and vSMC cells. Mild lactate metabolic activity was also observed in endothelial cells such as vSMC, Plasmacytes, Pericytes, and endothelial cells, but lactate transport was invariably inhibited in these cell types (Figure 3C). These findings suggest that vSMC cells act as the “producers” of lactic acid, while tumor cells and peripheral cells are the “consumers” under certain conditions. The phenomenon of tumor cells and vascular endothelial cells being able to survive, proliferate, and migrate in hypoxic environments has long been observed. The new vascular system can withstand the challenging environment of fluctuating oxygen tension because to the choice of respiratory-independent metabolism in endothelial cells. In addition, the accumulation of lactic acid in tumors is achieved by inhibiting PHD2 and activating HIF1-α and NF-κB, and to a large extent, it contributes to the angiogenesis phenotype (41). The driving force of lactic acid promoting angiogenesis provides new therapeutic options without the drawbacks of traditional anti-angiogenic drugs for ccRCC (42, 43). Interestingly, despite such high lactate dehydrogenase activity in T cells and MKI67+ macrophages, there is an apparent lack of lactate metabolic processes. Although this is consistent with the previously observed near absence of glycolytic activity in tumor-infiltrating T cells, no plausible mechanistic elaboration can be provided for this purpose (8, 44). Ubaldo et al. (45) first reported that lactic acid promotes stemness-related genes expression in breast cancer. Vineet et al. found that the LDHA product L-2 hydroxyglutamic acid (L-2HG) acts as an epigenetic modifier leading to H3 hypermethylation, thereby regulating stemness-related gene transcription in pancreatic tumors (46). To our knowledge, this is the first report to propose the correlation between LDHA and ccRCC stemness, and future elaborate experiments in vivo and in vitro are warranted to reveal the underlying mechanism.

Of note, Sun et al. reported that the low score samples were sensitive to Sunitinib and Temsirolimus, but did not validate their inference in a real-world cohort. We replicated the Sun`s lactate score and validated it in E-MTAB-3267, but unfortunately failed to find the efficacy of the Sun`s score in distinguishing sunitinib responsiveness or patients’ prognosis. IRGPI was sufficient to distinguish the prognosis of Sunitinib-treated patients, but the difference between responders and non-responders in the real-world cohort also did not reach statistical significance. One possible reason is that the number of cases included in E-MTAB-3267 was too small, and further validation in a larger cohort is desired. Our drug sensitivity simulation inference and real-world cohort validation confirmed the responsiveness of the low-LRGPI samples to Temsirolimus. The PI3K-Akt-mTOR-HIF axis drives cellular glycolysis and the Warburg effect, and its dysregulation is common in carcinogenesis (47). Thus, the intrinsic link between LRGPI and the responsiveness of mTOR-targeted therapy is not difficult to understand.

Proliferating tumor cells and activated immune cells exhibit enhanced metabolic activity, taking up large amounts of glucose to generate lactic acid via the Warburg effect and transporting the products for uptake by surrounding cells as energy-consuming substances or anabolic substrates. The idea that harmful lactate accumulation in the TME is one of the main causes of immunosuppression has been widely recognized (47, 48). Lactate accumulation inhibits the viability and cytotoxic products of antitumor effector cells, such as CD8+ T cells and NK cells, and promotes the differentiation and expansion of immunosuppressive cell populations, such as Treg, TAM, and MDSC (47). We investigated the relationship between LRGPI and the TME of ccRCC and found decreased antigen-presenting cells (DC, M1) and increased Treg/Tfh infiltration, as well as activation of CD8+ T effector signaling, TCR signaling, IFN signaling, antigen-presenting signaling, and NK cytotoxicity in high-LRGPI samples. We also observed elevated PD-1 expression in high-IRGPI samples and similar gene expression patterns to PD-1-blockade responders. The inference and external validation demonstrate that high-LRGPI ccRCC samples would benefit from PD-1 blockade therapy. Recently, Kumagai et al. reported that lactate upregulates PD-1 expression on Treg through massive uptake by MCT1 but inhibits PD-1 expression in CD8+ T cells. PD-1 blockade leading to Treg activation but not CD8+ T cells is the main mechanism of lactate-induced ICB failure (49). In addition, it has been demonstrated that ICB plus lactate blockade/lactate dehydrogenase inhibitors synergistically reduce Treg function, resulting in a more potent anti-tumor capacity than ICB monotherapy (11). The use of the LDH inhibitor oxamate to reduce lactate production in combination with pembrolizumab significantly increased CD8+ T cell infiltration in a humanized mouse model of non-small cell lung cancer and enhanced the effect of pembrolizumab monotherapy (50). We are aware that there are still no animal studies or clinical trials to test the lactate-targeted regimen in RCC. Based on these pan-cancer study facts, it is interesting to introduce the lactate-targeted strategy to RCC. Notably, lactate and its products have significant cell type-specific effects (51, 52). More detailed preclinical experiments are urgently needed to explore the biological response of immune cells to lactic acid changes before designing intervention strategies to precisely manipulate anti-tumor immunity. We have examined the guiding utility of LRGPI for patients undergoing combination therapy with ICB + TKI for the first time, in contrast to earlier studies on the establishment of prognostic markers for ccRCC. Interestingly, the findings showed that LRGPI is a significant factor in determining how patients with PD-L1-RCC would fare. Patients with greater oxygen transport and lipid metabolism activity in the arm receiving the combination of avelumab and Axitinib had longer PFS, according to the original study by Mozter et al (28). In an era where personalized treatment is increasingly emphasized, patient subgroup analysis reveals that the patient population for which the scoring system is applicable has more positive clinical significance.

This study has the inherent shortcomings of retrospective bioinformatics studies; using real-world tumor samples for PCR quantification of the LGRPI proposed in this study and validation of its prognostic guiding value in ccRCC, or even RCC of different pathological types, in different therapeutic contexts, will be the focus of the next research efforts. In immune cells, the lactate signaling pathway may be the link between metabolism and immunity. For example, how are key lactate metabolism and transport molecules such as LDGA, GLUT1, MCT1, and MCT4 expressed in renal cancer cells, vSMC, endothelial cells, macrophages, CD8+ T cells, and what are the effects on lactate uptake and utilization in cells? How does lactate in the microenvironment affect the aggregation and functional activation of immune cell populations dominated by macrophages and CD8+ T cells? Due to article length constraints, exploration of the specific mechanisms by which lactate promotes kidney cancer progression and modulates the immune microenvironment will also be the focus of the next study.





Conclusion

Altogether, this study illustrates the cellular specificity of lactate metabolism in ccRCC at the single-cell level. We proposed that LRGPI could be used to not only predict prognosis but also effectively distinguish frontline therapy responders in ccRCC patients.
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The kynurenine pathway (KP) and associated catabolites play key roles in promoting tumor progression and modulating the host anti-tumor immune response. To date, considerable focus has been on the role of indoleamine 2,3-dioxygenase 1 (IDO1) and its catabolite, kynurenine (Kyn). However, increasing evidence has demonstrated that downstream KP enzymes and their associated metabolite products can also elicit tumor-microenvironment immune suppression. These advancements in our understanding of the tumor promotive role of the KP have led to the conception of novel therapeutic strategies to target the KP pathway for anti-cancer effects and reversal of immune escape. This review aims to 1) highlight the known biological functions of key enzymes in the KP, and 2) provide a comprehensive overview of existing and emerging therapies aimed at targeting discrete enzymes in the KP for anti-cancer treatment.
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1 Introduction

The kynurenine pathway (KP) has been recognized as a key mediator of tumor immune escape (1–3). Three enzymes, indolamine 2,3-dioxygenase 1 and 2 (IDO1, IDO2) and tryptophan 2,3-dioxygenase (TDO) initiate the first steps in the KP, converting tryptophan (Trp) to N-formyl-kynurenine, which can be further metabolized by arylformamidase (AFMID) yielding the immunosuppressive catabolite kynurenine (Kyn). Whereas TDO is predominately expressed in the liver and accounts for the majority of Trp metabolism, IDO-mediated metabolism predominately occurs secondary to inflammation (4, 5). Upregulation of IDO in tumor cells or antigen-presenting cells leads to Trp depletion and accumulation of its downstream catabolite Kyn in the local tumor microenvironment (TME), resulting in immunosuppression by inducing T cell anergy and apoptosis and suppressing T cell differentiation (1–3, 6–9). Building upon this underlying biological mechanism, substantial efforts have been dedicated to the development of small molecule inhibitors and agonists targeting the KP as anti-cancer agents to circumvent tumor immune suppression. Among the most investigated IDO inhibitors are epacadostat, navoximod, and indoximod, each of which have been explored as a monotherapy and in combination with immune check-point inhibitors (ICI) and/or chemotherapy (10–21). Despite early success in Phase I/II clinical trials, ECHO-202/KEYNOTE-037 failed to demonstrate additional benefit of epacadostat in combination with pembrolizumab (10) and similar findings have since been reported for navoximod with atezolizumab (19), raising uncertainty about the benefits of targeting IDO1 for anti-cancer treatment.

Yet, it is increasingly recognized that, beyond the well covered Trp-IDO-Kyn axis, other enzymes in the KP along with their associated catabolites can modulate the TME to evade immune surveillance and enable tumor progression (22–26). Moreover, emerging data suggests that KP-related enzymes, such as IDO1, can promote tumor progression through functions that are independent of enzymatic activity (27). The purpose of this review is to 1) highlight the known tumor promotive functions of key enzymes in the KP and 2) provide a comprehensive overview of existing and emerging therapies aimed at targeting discrete enzymes in the KP for anti-cancer treatment.




2 Role of the kynurenine pathway in cancer development and immune suppression



2.1 Indoleamine 2,3-dioxygenase 1

Indoleamine 2,3-dioxygenase 1 (IDO1) is a rate-limiting enzyme in the metabolism of the essential amino acid Trp into downstream kynurenines (Figure 1) (7). Under physiological conditions, the IDO1 functions to generate cellular nicotinamide adenine dinucleotide (NAD+). However, IDO1 is overexpressed in several cancer types (28, 29) and is prognostic for poor disease-free survival and overall survival (30, 31).




Figure 1 | Created with BioRender.com. Schematic of the KP, Kynurenine Pathway; AFMID, arylformamidase; HAAO, 3-hydroxyanthranilate 3,4-dioxygenase; IDO1, indoleamine 2,3-dioxygenase 1; IDO2, indoleamine 2,3-dioxygenase 2; KAT, kynurenine aminotransferase; KMO, kynurenine 3-monooxygenase; KYNU, kynureninase; NAD+, nicotinamide adenine dinucleotide; TDO2, tryptophan 2,3-dioxygenase; QPTR, quinolinic acid phosphoribosyl transferase.



Seminal studies by Munn and colleagues demonstrated that reduced bioavailability of Trp due to IDO overactivation in dendritic cells (DCs) leads to accumulation of uncharged Trp-tRNAs in T cells and that the accumulation of Trp-tRNAs induces integrated stress response kinase (GCN2)-mediated suppression of the translation initiation factor 2a (eIF2a) resulting in subsequent cell growth arrest (6). Tryptophan starvation-mediated activation of GCN2 has also been shown to down-regulate the T cell receptor (TCR) zeta-chain in naïve T cells, resulting in diminished T cell function (32). Another study demonstrated a GCN2-independent mechanism whereby IDO-mediated catabolism of Trp inhibits immunoregulatory kinases mTOR and PKC resulting in induction of autophagy and immunosuppression (18). Subsequent studies demonstrated that IDO-mediated catabolism of Trp results in the accumulation of Kyn (7) that stimulates ligand-activated transcription factor aryl hydrocarbon receptor (AhR) signaling and promotes the generation of immune-tolerant DCs and regulator T cells (Tregs) (1, 7, 8). To this end, Liu and colleagues demonstrated that interferon-gamma (IFNγ) produced by cytotoxic CD8+ T cells stimulates Kyn release by tumor-repopulating cells (TRCs) and that TRC-derived Kyn is subsequently taken up by CD8+ T cells through TCR-mediated upregulation of solute carrier family 7 member 8 (SLC7A8) and Solute Carrier Family 36 Member 4 (SLC36A4, also known as PAT4), resulting in Kyn-AhR-mediated upregulation of programmed cell death protein 1 (PD-1) (33). Inhibition of IDO1 in CD8+ T cells promoted Trp accumulation and downregulation of PD-1 (34). Another study found that IFNγ secreted by acute myeloid leukemia (AML) cells upregulated IFNγ-dependent genes related to Treg induction, including IDO1, in mesenchymal stromal cells (MSCs). Genetic ablation of IFNγ production by AML cells reduced MSC IDO1 expression and Treg infiltration, thereby attenuating AML engraftment (35).

The IDO1-Kyn-AhR axis has also been shown to impair natural killer (NK) cell and macrophage function. Specifically, Kyn inhibits expression of the natural cytotoxicity triggering receptor 1 (NCR1, also known as NKp46) and killer cell lectin like receptor K1 (KLRK1, also referred to as NKG2D) on NK cells resulting in impaired tumor-killing functions (36, 37). Recently, Fang and colleagues demonstrated that IDO1 regulates expression of ADAM metallopeptidase domain 10 (ADAM10) via IDO1-Kyn-AhR pathway in non-small cell lung cancer (NSCLC) cells and that the induction of ADAM10 downregulates the NKG2D Ligand (NKG2DL). Targeting of IDO1 via RY103, a novel IDO1 inhibitor, improved NK cell-mediate anti-tumor activity in xenograft mouse models of lung cancer (38). Takenaka and colleagues reported that increased IDO-mediated release of Kyn by glioblastoma cells promotes AhR activation in tumor-associated macrophages (TAMs); activation of AhR signaling in TAMs increased expression of the ectonucleotidase CD39 and accumulation of adenosine in the tumor microenvironment (TME) leading to suppression of CD8+ T cell function (39). Interestingly, studies by Campesato and colleagues reported that IDO-Kyn-AhR-mediated immunosuppression depends on the interplay between Tregs and TAMs (40). Using a preclinical mouse model of B16-F10 melanoma overexpressing IDO1 (B16IDO), authors demonstrated that IDO-expressing tumors have marked increases in Treg frequency and upregulated expression of FoxP3 in tumor infiltrating CD4+ T cells compared to B16WT-tumor bearing mice. Concomitant to Tregs was an increased abundance of TAMs (CD11b+F4/80highLy6G−) that accumulated during tumor progression. Gene expression analyses of B16IDO-derived Tregs and TAMs revealed prominent upregulation of AhR and AhR-responsive genes. Depletion of macrophages with αCSF1-R or clodronate liposomes delayed the progression of IDO-expressing tumors but not wild-type tumors, an effect that could be reversed upon CD8+ T cell depletion. Similarly, specific depletion of Tregs using Foxp3DTR mice significantly abrogated the myeloid-enriched phenotype found in B16IDO tumors, with reduced infiltration of CD11b+ cells and M2-like TAMs after treatment with DT. Co-culture experiments further demonstrated that Treg inhibitor function and expansion of M2-like macrophages was dependent on Kyn-AhR signaling (40).

Whereas IDO1 has largely been studied in the context of Trp-IDO1-Kyn-AhR signaling, IDO1 may also promote tumor progression through non-enzymatic functions (27). To this end, IDO1 can act as a signal-transducing molecule via two immunoreceptor Tyrosine-based inhibitory motifs (ITIMs) in the non-enzymatic domain of the enzyme. Phosphorylation of the ITIMs promotes interaction with SHP family tyrosine phosphatases (41, 42). Moreover, IDO1 can directly bind class IA PI3K regulatory subunits, resulting in IDO1 anchoring to early endosomes and activation of ITIM-mediated signaling (43).

In the context of cancer, using B16-F10 mouse melanoma cells transfected with either the wild-type Ido1 gene (Ido1WT) or a mutated variant lacking the catalytic, but not signaling activity (Ido1H350A), Orecchini and colleagues demonstrated that IDO1 promote tumor growth by increasing SHP-2-mediated activation of Ras and Erk signaling in vitro and in vivo. Furthermore, B16H350A tumor bearing mice exhibited markedly enhanced tumor growth, and worse overall survival compared to B16wt or B16mock control mice. Immunophenotyping of tumors indicated that B16H350A tumors had lower IFNγ-producing CD4+ and CD8+ T lymphocytes and a significantly higher percentage of CD4+Fox3p+ Tregs compared to respective controls (27). Zhai and colleagues established IDO-deficient glioblastoma (GBM) cell lines reconstituted with IDO wild-type or IDO enzyme-null cDNA to assess tumor promotive roles of IDO1 independent of its catalytic activity. They found that nonenzymatic tumor cell IDO1 activity increased expression of complement factor H (CFH) and its isoform, factor H like protein (FHL-1) in human GBM, resulting in increased intratumoral Tregs and myeloid-derived suppressor cells, accelerated tumor growth and poor survival (44). These findings highlight an increasingly appreciated role of IDO1 in signal transduction, and, importantly, underscore an alternative mechanism of IDO1-mediated immune suppression that may not be impeded by small molecule IDO inhibitors.




2.2 Indoleamine 2,3-dioxygenase 2

The IDO1 paralogue IDO2 is another enzyme involved in the catabolism of tryptophan to downstream kynurenines. INDOL1, the encoding gene for IDO2, is located on chromosome 8p12 near INDO (located on chromosome 8p11), the encoding gene for IDO1 (45). In The Cancer Genome Atlas (TCGA)-PanCancer Atlas transcriptomic datasets, increased tumoral IDO2 is highly correlated with IDO1 expression (Spearman ρ coefficient: 0.59 (95% CI: 0.58-0.61)) (Figure 2), suggesting potential co-regulation (46). In this regard, studies by Kado and colleagues demonstrated that 2,3,7,8-tetrachlorodibenzio-p-dioxin (TCDD)-mediated activation of AhR signaling increased IDO2 expression in wildtype MCF7 breast cancer cells but not in CRISPR-cas9 AhR-knockout MCF-7 cells. Promoter analyses identified short-tandem repeat containing four core sequences of a xenobiotic response element (XRE) upstream of the start site of the human ido2 gene, reinforcing AhR as an upstream regulator (47). TCDD-mediated AhR activation in DC cells also induced expression of IDO1 and IDO2 (48). Interestingly, Li and colleagues demonstrated that tolerogenic phenotype of IFN-γ-induced IDO2 expression in DCs is maintained via autocrine IDO-Kyn/AhR-IDO loop (49). Thus, in tumors with high IDO1/IDO2 expression, increased IDO2 expression may be driven through the IDO1-Kyn/AhR signaling axis.




Figure 2 | Forest plot illustrating association between IDO1 and IDO2 mRNA expression in the TCGA PanCancer Atlas transcriptomic datasets. Nodes represent spearman correlation coefficients, corresponding 95% confidence intervals, and 2-sided p-values.



With respect to cancer cell functions, small interfering RNA (siRNA)-mediated knockdown of IDO2 inhibited cancer cell proliferation, induced cell cycle arrest in G1 and apoptosis, and reduced cell migration of B16-BL6 melanoma cells in vitro. Mechanistically, IDO2 knockdown increased generation of reactive oxygen species (ROS), and decreased generation of NAD+ (50).

In the context of the tumor immunophenotype, a pan-cancer analysis of IDO2 in the TCGA transcriptomic datasets revealed IDO2 mRNA expression to be strongly associated with high infiltration of immune cells in the tumor microenvironment, as well as tumor mutational load (TMB), microsatellite instability (MSI), mismatch repair (MMR), and immune checkpoint related genes (51).

IDO2 may promote tumor immune suppression through the Trp-Kyn-AhR axis. Studies by Yamasuge and colleagues demonstrated that Ido2 knockout (KO) tumors had higher intratumor Trp and reduced Kyn levels compared to wild-type Ido2 tumors in a Lewis lung carcinoma mouse model, indicating Ido2 Trp catalytic activity (52). Moreover, Ido2 KO tumors had significantly higher CD3+ and CD8+ TILs compared to wild-type Ido2 tumors (52).

Yet, it is unlikely that the biological function(s) of IDO2 are completely redundant with that of IDO1. This is reinforced by the fact that the Km of IDO2 for Trp is markedly lower than IDO1 (Km 500- to 1000-fold lower), despite both enzymes containing residues necessary for Trp catalytic activity (53, 54). Indeed, studies in autoimmune disease have identified several functions of IDO2 that are independent of IDO1 and Trp catalytic activity. For instance, Metz and colleagues found that IDO1-dependent T regulatory cell generation is defective in Ido2-/- mice. Mechanistically, Ido2 deficient mice, but not wild-type Ido2 mice, exhibited lower expression of immune regulatory cytokines, including IFN-γ, TNF-α, IL-6, and MCP-1/CCL2 (55). Merlo and colleagues reported that IDO1 mediates T cell suppressive effects whereas IDO2 mediates autoreactive B cell responses to promote inflammation (56). Using a catalytically inactive IDO2 knock-in mouse model, authors demonstrated that IDO2, but not IDO1, can directly interact with GAPDH, Runx1, RANbp10, and Mgea5 to potentiate an inflammatory response in autoimmune arthritis (57).

The above studies lend to an intriguing question as to whether a concomitant upregulation of tumoral IDO1 and IDO2 may synergize to suppress an anti-cancer immune response, which may lend to additional opportunities for cancer interception (see Section 2 below).




2.3 Tryptophan 2,3-dioxygenase

Liver-associated tryptophan 2,3-dioxygenase (TDO2) is another heme-containing enzyme that is involved in the catabolism of Trp to downstream kynurenines (Figure 1) and that has been reported to be frequently overexpressed in various malignancies (58). Elevated tumoral TDO2 expression is associated with poor prognosis in several cancer types including kidney renal papillary cell carcinoma, glioma, testicular germ cell tumors, and uveal melanoma (58) as well as liver (59), colorectal (CRC) (60), and breast cancer (61). Moreover, high TDO2 expression level positively correlated with higher immune infiltration, especially DCs, as well as immune checkpoint-related gene markers, such as LAIR1, CD276, NRP1, CD80, and CD86 (58). Regulation of TDO2 expression has been linked to IL-1β- C/EBPβ-MAPK signaling activities (62).

Like IDO1, TDO2-mediated Kyn promotes tumor immune suppression through AhR-signaling in various cancer types (63, 64). To this end, single-cell RNA sequencing (scRNA-seq) of 13 cancerous tissues identified a subset of myofibroblasts that exclusively expressed TDO2 and that clustered with CD4+ and CD8+ T cells distal to tumor nests. Functional experiments demonstrated that TDO2+ myofibroblasts induce transformation of CD4+ T cells into Tregs and caused CD8+ T cell dysfunction. In a murine model of oral squamous cell carcinoma (OSCC), small molecule inhibition of TDO2 via LM10 attenuated the inhibitory states of T cells, restored the T cell antitumor response, and prevented malignant transformation (65). Interestingly, Schramme and colleagues demonstrated that C57BL/6 TDO-KO mice (66) engrafted with MC38 CRC cells were more sensitive to anti-CTLA4 or anti-PD1 treatment compared to MC38-tumor bearing wild-type C57BL/6 mice. Enhanced efficacy of ICI in C57BL/6 TDO-KO tumor bearing mice was attributed to higher systemic Trp levels, which could be reversed through a Trp-low diet (67). These studies implicate host metabolism Trp independent of cancer TDO2 status as being a determinant of response to ICI.

In addition to its role in immune suppression, TDO2 has also been demonstrated to promote migration and invasion of liver cancer cells via Wnt5a signaling activities (59). Another study demonstrated that TDO2-Kyn-AhR activation in liver cancer cells induces autocrine interleukin 6 (IL-6)-mediated Signal transducer and activator of transcription 3 (STAT3) and Nuclear factor kappa beta (NFκB)/T Cell Immunoglobulin And Mucin Domain Containing 4 (TIM4) signaling to promote tumor progression (68). Inhibition of AhR signaling by PDM2 attenuated tumor growth in a xenograft model of liver cancer (68). In the context of CRC, deficiency in adenomatous polyposis coli (APC) results in TCF4/β-catenin-mediated upregulation of the TDO2-Kyn-AhR axis to increase glycolysis and drive anabolic cancer cell growth (69). Knockdown of TDO2 in LoVo and HCT116 CRC cells attenuated cell growth, and reduced migration, invasion and colony formation potential through inactivation of TDO2-kynureninase (KYNU)-AhR signaling (60).




2.4 Arylformamidase

Arylformamidase (AFMID) is another downstream KP enzyme that is frequently overexpressed in various malignancies (70), and that catalyzes the hydrolysis of N-formyl-Kynurenine into Kyn and formate (Figure 1) (71). Although the functional role of AFMID upregulation in cancer remains poorly understood, Venkateswaran and colleagues demonstrated that oncogenic MYC increases expression of the Trp importers SLC1A5 and SLC7A5 as well as AFMID in colon cancer. Increased uptake and catabolism of Trp results in the accumulation of Kyn that enables cancer cell proliferation in part through AhR-signaling (72).

Splicing changes in AFMID have also been associated with survival and relapse in patients with hepatocellular carcinoma (HCC) (73). Specifically, the switch of AFMID isoforms was found to be an early event in HCC development and was associated with driver mutations in TP53 and AT-rich interactive domain-containing protein 1A (ARIDIA). Authors further found that overexpression of the full-length AFMID isoform leads to higher NAD+ levels, lower DNA-damage response, and slower cell growth in HepG2 cells (73). To this end, Tummala and colleagues found that loss of AFMID expression in SNU-449 HCC cells resulted depletion of NAD+, indicating that Trp catabolism in HCC cells supports de novo NAD+ synthesis (74). Additional studies are warranted to better elucidate the functional relevance of AFMID in tumorigenesis and progression; however, one may surmise that the elevation of AFMID underlies increased accumulation and secretion of Kyn.




2.5 Kynureninase

Kynureninase (KYNU) is a pyridoxal phosphate (PLP)-dependent hydrolase that catalyzes the cleavage of Kyn as well as 3-hydroxykynurenine (3HK) into anthranilic acid (AA) and 3-hydroxyanthranilic acid (3HA), respectively (Figure 1) (75). KYNU has been strongly implicated in the inflammation and immune modulation; however, the exact underlying mechanism(s) remain incomplete (76–81).

Recently, our group demonstrated selective enrichment of KYNU, but not other downstream KP enzymes, in lung adenocarcinomas (LUAD) harboring a loss-of-function KEAP1 mutation (22). Metabolomic analyses confirmed that KYNU was enzymatically functional, as evidenced by the accumulation of AA in conditioned medium of LUAD cell lines. Activation of the Nuclear factor erythroid 2-related factor 2 (NRF2) pathway through siRNA-mediated knockdown of KEAP1 or chemical induction with the NRF2-activator CDDO-Me upregulated KYNU at both the mRNA and protein levels with concomitant increases in AA production. Moreover, elevated tumoral KYNU expression was found to be associated with a tumor suppressive immunophenotype and was prognostic for poor overall survival in a tissue microarray (TMA) of LUAD as well as multiple independent LUAD transcriptomic datasets (22). A pan-cancer analyses further revealed upregulation of KYNU to be a prominent feature of NRF2-activated cancers and is associated with tumor immunosuppression and poor prognosis (23). Interestingly, a recent study by Liu and colleagues demonstrated that KYNY-derived 3HA has anti-oxidant properties and that elevations in cancer cell intracellular 3HA pools infer resistance to ferroptosis (82).

Studies by Heng and colleagues similarly found that KYNU was highly upregulated in HER2-enriched and triple-negative (TN) breast cancers (BrCa), leading to increased production of AA and 3HA (81). Interestingly, stimulation of TNBC cell lines with IFNγ resulted in a pronounced 286-fold increase in 3HA and higher serum levels of 3HA was able to distinguish TNBC from the other BrCa molecular subtypes (81). These findings are notable given that 3HA has been shown to enhance the percentage of Tregs, inhibit T-helper (Th)-1 and Th17 cells (24) and suppress antigen-independent proliferation of CD8+ T cells (83). To this end, a large-scale transcriptomic analysis of 2,994 BrCa tumors found a strong correlation between tumoral KYNU with inflammatory and immune responses; elevated KYNU was also linked to BrCa grade and poorer clinical outcomes (78).

In addition to cancer cell-associated upregulation of KYNU, a recent study by Itoh and colleagues found that KYNU is also elevated in cancer-associated fibroblast (CAF)-educated fibroblasts (CEFs). Specifically, authors demonstrated that CAFs induce CEF generation from normal fibroblasts (NFs) via reactive oxygen species (ROS)-induced activation of NFκB signaling, resulting in induction of a pro-inflammatory loop and secretion of asporin (ASPN), a small leucine-rich proteoglycan. ASPN in turn promoted upregulation of IDO1 and KYNU in CEFs, which induced cytocidal effects against CD8+ T-cells and promoted tumor spreading (79).




2.6 Kynurenine 3-monooxygenase

Kynurenine 3-monooxygenase (KMO) is a flavin adenine dinucleotide (FAD)-dependent monooxygenase and is located in the outer mitochondrial membrane that catalyzes the hydroxylation of Kyn into 3-hydroxykynurenine (3HK) (Figure 1) (84). Upregulation of KMO has been reported in several cancer types, including TNBC (85), CRC (86), HCC (87), and astrocytoma (88).

In the context of TNBC, elevated tumoral KMO is associated with worse overall survival and invasive breast cancers have among the highest rates of KMO copy number amplification (81, 89). In vitro ectopic overexpression of KMO in TNBC cell lines promoted increased cell growth, colony and mammosphere formation, migration and invasion, as well as increased expression of mesenchymal markers (85). In xenograft models, mice harboring CRISPR KMO-KD MDA-MB-231 TNBC cells had reduced tumor growth, attenuated capacity for lung metastases, and prolonged overall survival compared to respective control mice. Mechanistically, KMO prevented degradation of β-catenin, thereby enhancing the transcription of pluripotent genes, including CD44, Nanog, Oct4, and SOX2 (85). In support of the aforementioned finding, knockdown of KMO in CRC cells was also reported to decrease expression of cancer stem cell markers CD44 and Nanog, and reduce sphere formation as well as migration and invasion (86). Inhibition of KMO enzymatic activity, using the small molecule inhibitor UPF648, similarly attenuated sphere formation and cell motility of CRC cell lines (86). Interestingly, using immunohistochemistry, flow cytometry, immunofluorescence assay, and transmission electron microscopy, Lai and colleagues demonstrated that KMO is highly expressed on the cell membranes of breast cancer tissues and the cancer cell surfaceome of cell lines (90). Treatment of MDA-MB-231 TNBC cell lines with anti-KMO antibodies reduced the cell viability and inhibited the migration and invasion of the triple-negative (90). Collectively, these findings demonstrate a cancer cell intrinsic function of KMO that promotes tumor aggressiveness and pluripotency.

Notably, induction of KMO in immune cell subtypes has also been linked to dysfunctional anti-tumor activity. Using melanoma-derived cell lines and primary CD4+ CD25- T cell co-cultures, Rad Pour and colleagues demonstrated that activation of CD4+ T cells results in increased production of IFNγ with concomitant increases in Kyn and kynurenic acid that is attributed to reduced KMO expression in CD4+ T cells (25). Accumulation of Kyn and kynurenic acid suppresses CD4+ T cell expansion and viability (25). In the context of multiple myeloma (MM), Ray and colleagues demonstrated that KMO is upregulated in plasmacytoid dendritic cells (pDCs), resulting in immune suppression (26). Specifically, using co-culture models of patient autologous pDC–T–NK–MM cells, authors showed that pharmacological blockade of KMO activates pDCs and triggers both MM-specific cytotoxic T-cell lymphocytes (CTL) and NK cells` cytolytic activity against tumor cells. Combination treatment with R0-61-8048, a potent competitive inhibitor of KMO, and anti-PD-L1 antibody yielded superior anti-cancer efficacy compared to either treatment alone (26).




2.7 Kynurenine aminotransferase

Kynurenine aminotransferase family members (KATI-KATIV) catalyze the transamination of Kyn and 3HK into kynurenic acid (KA) (91) and xanthurenic acid (XANA), respectively (Figure 1) (4). Although limited information exists regarding the functional role of KAT in tumorigenesis, KAT-derived KA is readily detectable in tumor tissues, as well as in blood and urine of cancer patients (92).

Early studies demonstrated that KAT-derived KA exerts anti-proliferative effects by modulating key pathways associated with proliferation, survival, apoptosis, and migration (93–96). Yet, KA is documented to exert immunosuppressive effects via the G-protein-coupled receptor 35 (GPR35) (97), which may potentiate tumor progression (98). Moreover, KA has also been reported to be a potent agonist of the AhR that synergistically induces IL-6 (99) with potential pro-tumoral effects (100). To this end, a recent pan-tissue study revealed that interleukin-4-induced-1 (IL4I1) more frequently associates with AhR activity than does IDO1 or TDO2. Mechanistically IL4I1-mediated generation of indole metabolites and KAT-derived KA that activated AhR signaling to promote cancer cell motility and suppression of adoptive immunity (101). The above findings underscore the enigmatic role of KAT and KA in tumor progression. Further investigations are needed.




2.8 3-hydroxyanthranilate 3,4-dioxygenase

3-hydroxyanthranilate 3,4-dioxygenase (HAAO) is involved in the synthesis of quinolinic acid (QA) (Figure 1). Expression patterns of HAAO are variable among different cancer types (5, 22, 23); however, studies of endometrial carcinomas revealed promotor hypermethylation of HAAO is prominent and to be associated with microsatellite instability and poor clinical outcomes (102). Hypermethylation of HAAO has also been reported to be higher in prostate cancer tissues compared to adjacent control tissue, and it is associated with a more aggressive phenotype (103).




2.9 Quinolinic acid phosphoribosyl transferase

Quinolinic acid phosphoribosyl transferase (QPRT) is a rate-limiting enzyme in de novo NAD+ biosynthesis and catalyzes the conversion of QA to nicotinate ribonucleotide (Figure 1). The cancer cell intrinsic effects of QPRT upregulation have been studied in a variety of cancer types (104–109). For instance, neoplastic transformation in astrocytes is associated with a QPRT-mediated switch in NAD+ metabolism by exploiting microglia-derived quinolinic acid as an alternative source of replenishing intracellular NAD+ pools. Mechanistically, the increase in QPRT expression increases resistance to oxidative stress, enabling disease progression (104). Increased expression of QPRT in invasive breast cancer promotes cell migration and invasion through purinergic signaling (105). Another study found down syndrome cell adhesion molecule antisense RNA 1 (DSCAM-AS1) increases QPRT expression in breast cancer cells via competitively binding miRNA-150-5p and miRNA-2467-3p, resulting in increased cell growth, migration, and invasion of estrogen-receptor breast cancer cells (106). Upregulation of QPRT has also been shown to confer resistance to chemotherapy in leukemic cells and ovarian cancer (107, 108). In this regard, Thongon and colleagues evaluated the mechanisms of cancer cell resistance to nicotinamide phosphoribosyltransferase (NAMPT), the rate-limiting enzyme in NAD+ biosynthesis from nicotinamide. In their study, FK866-resistant CCRF-CEM (T cell acute lymphoblastic leukemia) cells were found to have exceptionally high QPRT activity and exhibited an addiction to exogenous Trp to maintain NAD+ pools under stress conditions (109).

Despite the above studies, QPRT has also been shown to be inversely associated with other KP pathway enzymes, suggesting reduced expression in some cancer types (5, 22, 23). For example, studies in renal cell carcinoma revealed QPRT to be downregulated in tumors and loss of QPRT expression led to anchorage-independent growth of RCC cells (110). Thus, the relevance of QPRT in promoting tumor progression is likely to be context dependent.





3 Targeting the kynurenine pathway for anti-cancer treatment

Based on intrinsic malignant properties as well as tumor immune suppression, targeting of the kynurenine pathway has garnered considerable attention, with several small molecule inhibitors being explored for the treatment of solid malignancies as monotherapies or in combination with immunotherapy (Table 1). The below sections highlight existing small molecule inhibitors as well as emergent therapies that target the KP pathway for anti-cancer treatment.


Table 1 | Existing and emerging therapies that target the Kynurenine Pathway.





3.1 Indoleamine 2,3-dioxygenase 1



3.1.1 Epacadostat

Epacadostat (INCB024360) is a selective competitive inhibitor of IDO1 that has been explored for the treatment of solid malignancies as both a standalone agent and in combination with immune check-point inhibitor (ICI) therapies (11–16).

Pharmacokinetic and pharmacodynamic studies have demonstrated that, as a monotherapy, epacadostat is generally well tolerated, with a maximal inhibition of IDO1 activity (based on reductions in circulating kynurenine levels) achieved at doses ≥ 100mg BID. Adverse events (AEs) associated with such treatment included fatigue, nausea, decreased appetite, vomiting, constipation, abdominal pain, diarrhea, dyspnea, back pain, and cough (11). In a Phase I clinical study evaluating efficacy of epacadostat in patients with advanced solid malignancies, 18 out of 52 patients achieved stable disease, with 7 patients (13.5%) having stable disease lasting ≥16 weeks (11).

A seminal study, ECHO-202/KEYNOTE-037, evaluated the efficacy of epacadostat in combination with the PD-1 inhibitor pembrolizumab in advanced melanoma, with reported objective response rates (ORR) of 56% and a disease control rates (DCR; complete response (CR) + partial response (PR) + stable disease (SD)) of 78% (111). Despite early success in Phase I and II clinical trials, a Phase III clinical trial (ECHO-301/KEYNOTE-252) did not demonstrate additional benefit of epacadostat + pembrolizumab compared to placebo + pembrolizumab alone in patients with unresectable or metastatic melanoma (10).

ECHO-202/KEYNOTE-037 also reported results from Phase I/II studies evaluating combination treatment of epacadostat + pembrolizumab in sixty-two patients with various advanced solid tumors (13). Antitumor activity was observed in several cancer types, with ORR being observed in 25 (40.3%) of 62 patients. Epacadostat 100 mg twice a day plus pembrolizumab 200 mg every 3 weeks was recommended for Phase II evaluation. In the Phase II study, an objective response (OR) occurred in 55% (12 of 22) patients with melanoma and in those with non–small-cell lung cancer, renal cell carcinoma, endometrial adenocarcinoma, urothelial carcinoma, and head and neck squamous cell carcinoma (13). For NSCLC, combination treatment of epacadostat + pembrolizumab resulted in a ORR (CR + PR) of 35% (14 out of 40 patients) and a DCR (CR+PR+SD) of 60% (24 out of 40 patients) (112). Similar results were reported for renal cell carcinoma (15) and urothelial carcinomas (16). ECHO-207/KEYNOTE-723, a Phase I/II study of epacadostat plus pembrolizumab and chemotherapy for advanced solid tumors, also demonstrated ORRs of 31.4% across all treatment groups (113). However, a Phase II study evaluating epacadostat + pembrolizumab in 30 patients with selective sarcoma subtypes failed to achieve meaningful antitumor activity, with ORRs of <5% (114).

Epacadostat has also been explored in combination with other ICIs, including ipilimuab, an anti-cytotoxic T-lymphocyte-associated protein 4 (CTLA4) antibody, and nivolumab, an anti-PD-1 antibody (14, 115). To this end, Gibney and colleagues reported the results of a Phase I/II study of epacadostat in combination with ipilimuab in patients with unresectable or metastatic melanoma (14). In this study, immunotherapy-naïve patients (n= 39) achieved an ORR of 26% according to the immune-related response criteria and 23% by the Response Evaluation Criteria in Solid Tumors (RECIST 1.1); no ORR was observed in patients who received prior immunotherapy (14). Combination treatment of epacadostat plus nivolumab in advanced solid tumors achieved respective DCR (CR+PR+SD) of 24%, 28%, and 100% for colorectal cancer, ovarian cancer, and melanoma (115).




3.1.2 Navoximod

Navoximod is an orally available non-competitive inhibitor of IDO1 (17). An open-label Phase Ia study by Nayak-Kapoor and colleagues assessed the safety, pharmacokinetics, pharmacodynamics, and preliminary anti-tumor activity of navoximod as a monotherapy in 22 patients with recurrent/advanced solid tumors (116). Trial-associated adverse events, regardless of causality, included fatigue (59%), cough, decreased appetite, and pruritus (41% each), nausea (36%), and vomiting (27%). Grade ≥3 AEs occurred in 14 of the 22 patients; however, only 2 were related to navoximod. Navoximod was found to be rapidly absorbed (Tmax ~ 1 h) with a half-life of approximately 11 hours, and transiently decrease plasma kynurenine levels. No objective responses were met based on RECIST v1.1 criteria; however, stable disease was observed in 36% of efficacy-evaluable patients (116).

Combination of navoximod plus the anti-PD-L1 inhibitor atezolizumab has also been explored for anti-cancer treatment of solid malignancies (19–21). Results from an open-label Phase Ib trial of 52 patients treated with navoximod plus atezolizumab demonstrated acceptable toxicity profiles; efficacy data available for 45 patients included 4 (9%) patients with a partial response and 11 (24%) patients with stable disease (21). Another Phase I study of navoximod plus atezolizumab in 20 Japanese patients with advanced solid tumors achieved stable disease in 65% (13 out of 20) patients. No dose-limiting toxicities were observed. The recommended dose of navoximod monotherapy was determined as 1000 mg orally BID, and 1000 mg orally BID could be considered in combination with atezolizumab (20). Despite these findings, a larger Phase I study of navoximod plus atezolizumab in 157 patients with advanced solid tumors failed to show benefit of adding navoximod to atezolizumab (19).




3.1.3 Indoximod

Indoximod, also known as 1-methyl tryptophan (1-MT), is an indirect inhibitor of IDO1/IDO2 and is reported to serve as a high-potency Trp mimetic that reverses mTORC1 inhibition and the accompanying autophagy that is induced by Trp depletion in cells (17, 18). Indoximod has been explored for anti-cancer treatment in several Phase I/II clinical trials, both as a monotherapy as well as in combination with chemotherapy (117–120).

Recently, Zakharia and colleagues reported results from a single-arm Phase II clinical trial evaluating the addition of indoximod to standard of care ICI (pembrolizumab, nivolumab, or ipilimumab) approved for melanoma (121). Indoximod was administered continuously (1200 mg orally two times per day), with concurrent ICI dosed per US Food and Drug Administration (FDA)-approved label. A total of 131 patients were enrolled; pembrolizumab was the most frequently used ICI (114 out of 131; 87%). Efficacy was evaluable in 89 patients from the Phase II cohort with non-ocular melanoma who received indoximod combined with pembrolizumab. The ORR for the evaluable population was 51%, with confirm CR of 20% and DCR of 70%. ORR were highest among PD-L1 positive patients (70% compared to 46% for PD-L1 negative patients). Median progression-free survival was 12.4 months (95% CI 6.4 to 24.9) (121). Another recently completed Phase I/II trial (NCT01042535) evaluated an adenovirus-p53 transduced DC vaccine together with indoximod for treatment of metastatic breast cancer. A total of 44 patients were recruited, of which 36 completed the study. The results of this trial are pending.




3.1.4 Others IDO inhibitors

To date, several additional IDO inhibitors have been developed including BMS-986242 (122), linrodostat (BMS-986205) (123, 124), YH29407 (125), PF-06840003 (126–128), KHK2455 (129), LY3381916 (130), and MK-7162. To this end, a Phase I study of PF-06840003 in 17 patients with recurrent malignant glioma demonstrated acceptable toxicity profiles, and with a reported dose-limiting toxicity (DLT) rate of 500 mg BID (131). Disease control occurred in eight patients (47%). Mean duration of stable disease was 32.1 (12.1-72.3) weeks (131). ENERGIZE, a Phase III study of neoadjuvant chemotherapy alone or with nivolumab with or without linrodostat mesylate for muscle-invasive bladder cancer is currently recruiting (128). Phase I clinical trials for KHK2455,(NCT02867007) LY3381916,(NCT03343613- recently terminated) and MK-7162 (NCT03364049) are on-going.

In addition to the above inhibitors, structural elucidation studies have also led to the discovery of imidazopyridines as potent IDO1 inhibitors (132) and substituted oxalamides as novel heme-displacing IDO1 inhibitors (133), as well as the development of first in class IACS-9779 and IACS-70465 inhibitors that bind the IDO1 apoenzyme (134). Anti-cancer efficacy of the mentioned above agents has been demonstrated in preclinical models; however, they have not been explored yet in clinical trials.

Another alternative approach has been to degrade intratumor IDO1. Bollu and colleagues reported the results of a novel IDO1 degrader using proteolysis targeting chimera (PROTAC) technology, which utilizes an E3 ligase complex to ubiquitinate targets for proteasome-mediated degradation. The IDO1-PROTAC resulted in potent cereblon-mediated proteasomal degradation of IDO1, and prolonged survival in mice with established brain tumors (135). Interestingly, studies by Shi and colleagues suggest that IDO1 expression may be regulated post-transcriptionally. Specifically, authors found that overexpression of USP14, a proteosome-associated deubiquitinating enzyme, in CRC cells deubiquitinates the IDO1 at the K48 residue, thus preventing proteasomal degradation (136). Knockdown or pharmacological targeting of USP14 decreased IDO1 expression, independent of AhR signaling, and improved anti-tumor immunity in a MC38 orthotopic syngeneic mouse model of CRC. Combination treatment of IU1, a selective small molecule inhibitor of USP14, and anti-PD-1 resulted in improved anti-killing effects compared to either treatment alone (136). Targeting IDO1 protein stability, rather than enzymatic activity, may thus provide an alternative approach to circumvent IDO1-mediated anti-cancer immunity.





3.2 Indoleamine 2,3-dioxygenase 2 inhibitors

Although the exact crystal structure of IDO2 remains incomplete, its high homology with IDO1 has enabled development of IDO2 inhibitors, including several diaryl hydroxylamines and 1,2,3-triazoles. For example, diaryl hydroxylamine compounds with a 3,4-dichloro aryl ring substitution exerted potent pan (IDO1/IDO2/TDO) inhibitory function whereas a 2-chloro aryl ring substitution inhibited IDO1 and IDO2 activity with respective IC50 values of 18 and 25μM (137). In cellular assays, 4-Aryl-1,2,3-triazole derivatives were also found to inhibit IDO2 function, with the best compound having an IC50 value of 50mM for mouse IDO2, and a twofold higher selectivity over human IDO1. Functionally, the 4-Aryl-1,2,3-triazole compounds were found to occupy both the A and B pockets of the IDO active site, which inhibited IDO2 more strongly than IDO1. Notably, the μM activity of the 4-Aryl-1,2,3-triazole compounds were similar to L-1MT (138). Another screening study identified the proton pump inhibitor, tenatoprazole, to exhibit an IC50 value of 1.8μM for IDO2 with no observed inhibition of IDO1 or TDO. Similar findings were found with other proton pump inhibitors. Proton pump inhibitors, such as tenatoprazole, were predicted to have one heteroatom coordinating to the heme iron in the active site of IDO2 (139).

A more recent study by He and colleagues reported in vitro and in vivo findings of their novel dual IDO1/IDO2 inhibitor, 4t. Structurally, 4t is an 1,2,3-triazole with a hydroxyethyl ether substitution with excellent inhibitory activity (IC50 values of 28 nM and 144nM for IDO1 and IDO2, respectively). Functionally, the hydroxyethyl ether chain of 4t formed two hydrogen bonding interactions with Tyr244 and Lys366 of IDO2, contributing to improved activity against IDO2. Pharmacokinetic experiments demonstrated favorable profiles, with adequate membrane permeability, high plasma protein binding, and safety. Moreover, 4t exhibited potent anti-tumor activity in a CT26 colorectal xenograft mouse model (140). Although promising, it remains to be determined whether the above mentioned IDO2 inhibitors will yield satisfactory anti-tumor activity in the clinical setting.




3.3 Tryptophan 2,3-dioxygenase inhibitors

There has been a considerable interest in the development of small molecule inhibitors of TDO2 given recent evidence that TDO2 is upregulated in several cancer types and, like IDO, mediates the catabolism of Trp and promote tumor immune suppression (7). To-date, small molecule inhibitors with high affinity to TDO2 are limited (141, 142).

Recently, W-0019482 was identified to be a potent inhibitor of IDO1, resulting in pronounced reductions in plasma and intratumoral ratios of Kyn-to-Trp and delayed growth of subcutaneous GL261-hIDO1 tumors in mice. Synthetic modification of W-0019482 yielded several analogues with either dual or TDO2-selective profiles. Four analogues, SN36458, SN36896, SN36499, and SN36704, were found to be TDO2 selective, exhibiting IC50 values 5.8 to 8.1-fold lower than that measured against IDO1 (143). The utility of these newer generation TDO2 inhibitors for anti-cancer treatment remains to be determined. Studies using HepG2 liver cancer cells demonstrated that TDO2-inhibitors 680C91 or LM10 significantly reduced Trp degradation and that TDO2, but not IDO1, was the primary source of Kyn production in these cells (144). 680C91 has also been explored in other cancer types including melanoma (145–147), colon (147), leiomyomas (148), and gliomas (149).

Interestingly, Zhang and colleagues reported that sodium tanshinone IIA sulfonate (STS), a sulfonate derived from tanshinone IIA (TSN), reduced the enzymatic activities of IDO1 and TDO2 with a half inhibitory concentration (IC50) of less than 10 μM using enzymatic assays (150). STS markedly decreased Kyn synthesis in IDO1- or TDO2-overexpressing cell lines and reduced the percentage of Forkhead Box P3 (FOXP3) T cells. In vivo, STS delayed tumor growth and combination treatment of STS with anti-PD-1 yielded superior anti-cancer efficacy compared to either treatment alone (150).

With regards to dual IDO/TDO2 targeting therapies, preclinical studies demonstrated that RG70099, potent dual small molecule inhibitor (IC50 <100nM) (151), efficiently reduced Kyn levels in plasma by ~90%, and >95% in tumors and draining lymph nodes. Notably, compared to conventional IDO inhibitors, RG70099 was able to reduce tumor Kyn levels by >90% in a TDO+ tumor xenograft, reinforcing that RG70099 exerting TDO2 inhibitory activity (151). EPL-1410, a fused heterocycle-based analogue, showed IDO1/TDO2 inhibitor activity in biochemical assays and demonstrated a significant dose dependent pharmacological efficacy in reducing the tumor volume in the syngeneic cancer models of CT-26 colon carcinoma and B16F10 melanoma (152). Recently, a Phase I clinical trial of M4112, an oral small molecule dual inhibitor of IDO/TDO2, in 15 patients with advanced solid tumors reported tolerable toxicity profiles (153). Treatment-emergent adverse events included fatigue, nausea, and vomiting. Dose-limiting toxicities (DLTs) were observed in one patient (grade 3 allergic dermatitis), and one grade 2 QT prolongation that resulted in a dose reduction. Neither the maximum tolerated dose (MTD) nor recommended Phase II dose was achieved (153).




3.4 Kynurenine aminotransferase inhibitors

To date, there exist several selective inhibitors of KAT, however, their applications in the context of anti-cancer treatment has not been readily explored (154–156). Despite this, several cancer types overexpress KAT (5), and, as mentioned in the above sections, KAT-derived KYNA may serve as a ligand for AhR signaling, resulting in tumor immune suppression (101), Evaluation of KAT inhibitors for anti-cancer treatment and potential reversal of immune suppression warrants further exploration.




3.5 Kynureninase inhibitors and pegylated-Kynureninase

Considering recent findings by our group as well as others (22, 23, 78, 79, 81, 83, 157), targeting of KYNU for anti-cancer treatment and reversal of immune suppression warrants investigation. To date, a few kynurenine analogues have been developed that selectively inhibit KYNU enzymatic activity (158). Additional molecules reported to inhibit KYNU include S-phenyl-l-cysteine sulfoxide (159, 160), oestrone sulphate (161), O-methoxybenzoylalanine (162), and benserazide hydrochloride (163).

However, targeting of KYNU should be met with caution. KYNU mediates the catabolism of Kyn to AA, which is thought to be immunologically inert. Administration of PEGylated-KYNU in immune-competent preclinical models of melanoma, breast, and colon cancer resulted in drastic reductions in tumor KYN levels with concomitant elevations in KYNU-derived AA, resulting in increases in tumor-infiltrating CD8+ T cells and subsequent tumor reduction (8). Moreover, anti-cancer efficacy was further enhanced when combining PEG-KYNase with ICIs (8). Overexpression (OE) of KYNU in modified Chimeric Antigen Receptor (CAR)-T cells yields superior anti-cancer efficacy in a NALM6 acute lymphoblastic leukemia mouse model (164). Compared to KYNU-knockout (KO) CAR T cells, KYNU-OE CAR T cells had higher glucose uptake, increased proliferation in carboxifluorescein diacetate succinimidyl ester (CSFE) assays, and exhibited a higher percentage of effector memory cell and effector CAR T-cells. In cell killing assays, KYNU-OE CAR T cells had higher lytic granules of granzyme B and enhanced cytokine production of IFNγ, compared to KYNU-KO CAR T cells. Importantly, KYNU-OE CAR T cells retained anti-cancer efficacy in the presence of high KYN levels (164). In another study, an organic polymer nanoenzyme (SPNK) conjugated with kynureninase (KYNase) via PEGylated singlet oxygen (1O2) cleavable linker with near-infrared (NIR) photoactivatable immunotherapeutic effects was developed for photodynamic immunometabolic therapy (165). Upon NIR photoirradiation, SPNK generates 1O2 to induce the immunogenic cell death of cancer and released KYNase to degrade KYN in the TME. In vivo, SPNK treatment elicited effector T cell tumor infiltration and expansion, enhanced systemic antitumor T cell activity, and prolonged survival of tumor-bearing mice (165).

The potential of KYNU as a direct target of therapy or as the therapy itself (i.e. pegylated-KYNU) remains an active area of exploration.




3.6 Kynurenine 3-Monooxygenase inhibitors

To date, several inhibitors of KMO have been developed, the majority of which share a common pharmacophore containing both an acidic moiety and a mono or 1,2-dichloro substitution of the core phenyl ring (84, 166–169). More recent inhibitors, GSK065 and GSK366, trap the catalytic flavin in a previously unobserved tilting conformation, resulting in picomolar affinities, increased residence times, and an absence of the peroxide production observed with prior inhibitors (166).

Evaluation of KMO inhibitors for anti-cancer treatment remains limited; however, studies by Ray and colleagues demonstrated that Ro 61-8048, a potent, selective inhibitor of KMO (170), activates pDCs and enhances pDC-triggered T cell proliferation and enhanced anti-cancer activity (26). Specifically, in co-culture models of patient pDCs, T cells, or NK cells with autologous multiple myeloma (MM) cells, blockade of KMO via Ro 61-8048 resulted in a robust MM-specific CD8+ CTL activity as well as significantly increased NK cell cytolytic activity (26). Treatment of CRC cell lines with Ro 61-8048 or UPF 648, another KMO inhibitor, resulted in reduced viability, decreased sphere formation and attenuated cell migration and invasion (86).

The therapeutic potential of KMO inhibitors remains to be determined; however, a prior clinical trial of the KMO inhibitor GSK3335065 was conducted among healthy volunteers. While GSK3335065 rapidly increases kynurenine levels suggesting partial inhibition of KMO activity, the trial was terminated after a serious adverse event (SAE) occurred on the study and a relationship with the study drug could not be excluded (171).




3.7 3-hydroxyanthranilic acid 3,4-dioxygenase and Quinolinic acid phosphoribosyl transferase inhibitors

Presently, there are very few inhibitors available that selectively target HAAO. Existing HAAO inhibitors include NCR-631 (AstraZeneca, Sweden) (172) as well as 4,5-, 4,6-disubstituted and 4,5,6-trisubstituted 3-hydroxyanthranilic acid derivatives, which have been shown to reduce the production of the excitotoxin QA (173, 174). To the best of our knowledge, none of these inhibitors have been evaluated to anti-cancer treatment.

Regarding QPRT, existing small molecule inhibitors include phthalic acid (PA) as well as the P2Y11 antagonist (NF340) (105, 175, 176). To this end, phthalic acid and NF340 were able to attenuate QPRT-enhanced invasiveness pCMV6-QPRT-transfected MDA-MB-231 TNBC cell lines (105). Given that NAD is essential for metabolic and immune homeostasis, QPRT inhibitors for cancer therapy warrants investigation, although should be met with some caution due to potential off target toxicities (177–179).





4 Perspectives

Over the past few decades, there has been considerable advancement in our understanding of the cancer cell intrinsic and complex extrinsic functions of the KP in tumor development and progression (Figure 3). This progress has led to the development of several small molecule inhibitors that exploit multiple facets of the KP to achieve anti-tumor effects and the reversal of tumor-derived immune suppression (Figure 3; Table 1).




Figure 3 | Schematic of the impact of KP enzymes and derived metabolites on modulating the tumor immune microenvironment. Detailed information is provided in Section 1 of this review. Created with BioRender.com. 3-HA, 3-hydroxyanthranilic acid; AA, anthranilic acid; ADAM10, ADAM metallopeptidase domain 10; Ahr, Aryl hydrocarbon receptor; AFMID, arylformamidase; ASPN, asporin; CAF, cancer-associated fibroblast; DC, dendritic cell; FoxP3, forkhead box P3; GCN2, general control non-derepressible 2; GPR35, G-protein-coupled receptor 35; HAAO, 3-hydroxyanthranilate 3;4-dioxygenase; IDO1, indoleamine 2;3-dioxygenase 1; IDO2, indoleamine 2;3-dioxygenase 2; IFNγ, interferon-gamma; IL-6, interleukin 6; KA, kynurenic acid; KAT, kynurenine aminotransferase; KLKR1, killer cell lectin like receptor K1; KMO, kynurenine 3-monooxygenase; KP, kynurenine pathway; KYNU, kynureninase; mTOR, mammalian target of rapamycin; NAD+, nicotinamide adenine dinucleotide; NCR1, natural cytotoxicity triggering receptor 1; NF-κB, nuclear factor kappa beta; NK, natural killer cell; PD-1, programmed cell death protein 1; PKC, protein kinase C; SLC1A5, solute carrier family 1 member 5; SLC36A4, solute carrier family 36 member 4; SLC7A5, solute carrier family 7 member 5; SLC7A8, solute carrier family 7 member 8; STAT3, signal transducer and activator of transcription 3; TAM, tumor-associated macrophages; TDO2, tryptophan 2;3-dioxygenase; TME, tumor microenvironment; Tryp, tryptophan; QPTR, quinolinic acid phosphoribosyl transferase.



Despite these advances, clinical benefit resulting from targeting the KP pathway has been less than anticipated. Limited clinical success is likely to be multifactorial. For instance, advanced stage tumors have already undergone immunoediting to enable immune escape. Benefit of IDO inhibitors, or other KP inhibitors, may be most efficacious during early stages of disease when the immune system iteratively selects and/or promotes the generation of tumor cell variants with increasing capacities to survive immune attack, also referred to as the equilibrium phase (180).

Lack of clinical benefit may also be attributed to patient selection. Tumors that co-express IDO2 and TDO2 may be less responsive to selective IDO1 inhibitors. Consequently, molecular profiling of tumors with specific evaluation of IDO1, IDO2, and TDO2 expression may better select for patients that would benefit from selective IDO1 inhibitors or from broader pan-IDO/TDO2 inhibitors (Table 1). Recent findings implicating a nonenzymatic role of IDO1 in signaling and immune suppression (44) necessitates that existing or emerging inhibitors should also be evaluated for their effects on catalytic activity in addition to signaling functions to maximize potential for clinical efficacy.

It is also important to consider additional factors that may influence KP activity such as diet (67) and environmental contributors (181, 182). Liang and colleagues demonstrated that nicotine-derived nitrosaminoketone (NNK) upregulates IDO1 via α7 nicotinic acetylcholine receptor (α7nAChR)-mediated activation of the factor c-Jun in lung tumors. In A/J mice, NNK reduced CD8+ T cells and increased Tregs. Moreover, individuals with non-small cell lung cancer who smoked had higher tumoral IDO1 levels and lower Trp/Kyn ratios compared patients who never smoked, further suggesting that smoking impacts KP activity (181). Exposure to other environmental toxicants can also activate AhR signaling (182), which may upregulate IDO expression resulting in immune suppression (48).

The relevance of other downstream KP enzymes also warrants considerations. This is exemplified by our own findings that tumoral KYNU, but not IDO1, is selectively and frequently upregulated in NRF2 activated tumors and that elevated tumoral KYNU is associated with high immune cell infiltration across several cancer types (22, 23). One may infer that elevated tumoral KYNU promotes tumor immune cell infiltration by reducing levels of Kyn and increasing levels of immune inert anthranilic acid in the TME, as evidenced by studies using PEGylated-KYNU (8). Yet, elevated tumoral KYNU coincides with NRF2 activation, which can promote immune suppression by upregulating PD-L1 (183, 184). Crosstalk between cancer cells and TAMs in the TME can also activate NRF2 in TAMs to reshape the tumor immune microenvironment via multiple mechanisms including suppression of pro-inflammatory cytokines, increasing expression of PD-L1, macrophage colony-stimulating factor (M-CSF) and KYNU, and accelerating catabolism of cytotoxic-labile heme (185). Upregulation of tumoral KYNU, coupled with NRF2 activation may thus synergize to yield a TME that is highly immune suppressed. Whether therapeutic targeting of KYNU alone or in combination with ICI in NRF2-activated KYNU-high tumors reverses tumor immune suppression remains an area of ongoing inquiry.

In summary, the KP remains an active area of investigation, and insights gained from this study are expected reveal additional promising points actionable metabolic vulnerability within the pathway that can be targeted for anti-cancer treatment.
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Introduction

Breast cancer (BC) is the most common malignant tumor in the female population. Despite staging and treatment consensus guidelines, significant heterogeneity exists in BC patients' prognosis and treatment efficacy. Alterations in one-carbon (1C) metabolism are critical for tumor growth, but the value of the role of 1C metabolism in BC has not been fully investigated.





Methods

To investigate the prognostic value of 1C metabolism-related genes in BC, 72 1C metabolism-related genes from GSE20685 dataset were used to construct a risk-score model via univariate Cox regression analysis and the least absolute shrinkage and selection operator (LASSO) regression algorithm, which was validated on three external datasets. Based on the risk score, all BC patients were categorized into high-risk and low-risk groups. The predictive ability of the model in the four datasets was verified by plotting Kaplan-Meier curve and receiver operating characteristic (ROC) curve. The candidate genes were then analyzed in relation to gene mutations, gene enrichment pathways, immune infiltration, immunotherapy, and drug sensitivity.





Results

We identified a 7-gene 1C metabolism-related signature for prognosis and structured a prognostic model. ROC analysis demonstrated that the model accurately predicted the 2-, 3-, and 5-year overall survival rate of BC patients in the four cohorts. Kaplan-Meier analysis revealed that survival time of high-risk patients was markedly shorter than that of low-risk patients (p < 0.05). Meanwhile, high-risk patients had a higher tumor mutational burden (TMB), enrichment of tumor-associated pathways such as the IL-17 signaling pathway, lower levels of T follicular helper (Tfh) and B cells naive infiltration, and poorer response to immunotherapy. Furthermore, a strong correlation was found between MAT2B and CHKB and immune checkpoints.





Discussion

These findings offer new insights into the effect of 1C metabolism in the onset, progression, and therapy of BC and can be used to assess BC patients' prognosis, study immune infiltration, and develop potentially more effective clinical treatment options.





Keywords: one-carbon metabolism, breast cancer, prognosis, immune cell infiltration, immunotherapy, drug sensitivity




1 Introduction

As recently reported, the incidence of breast cancer (BC) continues to rise, accounting for 31% of all new cancer cases among the female population in the U.S. in 2023 (1). Currently, BC treatment mainly includes chemotherapy, radiotherapy, targeted therapy, immunotherapy, and preoperative and postoperative endocrine therapy, according to international consensus guidelines (2). However, due to tumor heterogeneity, metastatic heterogeneity, and drug resistance, many BC patients still do not benefit from chemotherapy, endocrine therapy, and other routine treatments and have poor prognoses (3, 4). After diagnosis and routine treatment of the primary tumor, 20%-30% of BC patients may develop metastases (4), and metastatic BC has been reported to have a 5-year survival rate of only 28% (5). Thus, the search for new tumor biomarkers and therapeutic targets is crucial for identifying BC patients with poor prognoses and guiding the treatment of BC.

One-carbon (1C) metabolism involves a range of interrelated metabolic pathways such as the methionine cycle, the folate cycle, and the transsulfuration pathway, which are essential for cellular function and facilitate the distribution of 1C units to different cellular processes through a range of chemical reactions (6). These processes include cellular biosynthesis (DNA, amino acids, polyamines, phospholipids, and creatine, etc.), amino acid homeostasis (serine, glycine, and methionine), redox state maintenance, epigenetics regulation, and genome maintenance via regulation of nucleotide pools (7, 8). Importantly, in addition to the synthesis of nucleotides and certain amino acids, folate-mediated 1C metabolism controls the production of glutathione and S-adenosylmethionine, as well as other critical cellular processes associated with the rapid progression of malignancies (9). In addition, 1C metabolizing enzymes have been demonstrated to be up-regulated in expression in a variety of cancers (10). For example, SHMT2 has been determined to be overexpressed in BC, glioblastoma, and colorectal cancer (11–13). Elevated expression levels of SHMT2 in triple-negative breast cancer (TNBC) patients correlate with their poorer prognosis (14). Expression of DNMT3B in thyroid and hepatocellular carcinoma is closely related to their poor prognosis (15, 16). Today, certain drugs that target 1C metabolizing enzymes have been developed and applied in the clinic, including methotrexate and pemetrexed (8). These drugs have far-reaching implications in the treatment of many cancers, including BC (17–19).

Immune cells include cancer cells, non-tumor host cells (innate and adaptive immune cells, etc.), and their noncellular components, which are crucial players in the tumor microenvironment (TME) (20). Studies have shown that 1C metabolism affects immune cell function, especially T-cell activation (8). Tumor progression, invasion, metastasis, and drug resistance are emergent characteristics of tumor cell-TME interactions (21). Targeting the TME in combination with multiple therapeutic modalities, such as chemotherapy, radiation, immunotherapy, surgery, and nanotherapy, can synergistically and effectively target key pathways associated with disease pathogenesis (22). However, the specific effect of 1C metabolism on TME needs further study.

In this study, a 1C metabolism-related genes risk score model was constructed. Then the prognostic value of the seven candidate genes was confirmed by extensive analysis. Finally, the correlation of candidate genes with immune checkpoints, related immunotherapy, and sensitivity to common chemotherapeutic drugs was investigated to contribute to guiding the treatment of BC patients.




2 Materials and methods



2.1 Data source and processing

Gene expression profiles of 327 BC samples in the GSE20685 were obtained from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) as a training dataset, together with their clinical data such as age, TNM stage, and survival status. Three additional GEO datasets were also obtained from GEO database as test datasets, including GSE88770, GSE58812, and GSE61304. The samples in dataset GSE58812 were all TNBC. After processing the datasets according to the same filtering criteria such as removing samples with incomplete data, expression profiles and clinical data were used to conduct subsequent analysis. Gene mutation data were acquired from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). In addition, 72 1C metabolism-related genes were retrieved from the Molecular Signature Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb) with the keyword “one-carbon metabolism” (Supplementary Table 1). These genes were used as the basis for our further studies.




2.2 Construction of the risk score model

We structured a risk signature assessment system based on the expression of 1C metabolism-related genes to analyze the correlation between these genes’ expression and BC prognosis. For this purpose, genes were binarized into high or low according to expression, and then raw expression was used for signature generation. Firstly, 1C metabolism-related genes with prognostic value in BC were extracted by univariate Cox regression analysis, and the genes with p < 0.05 were identified to be overall survival (OS)-related genes. Genes with non-significant differences in survival between high- and low-expression groups were removed by log-rank test. The least absolute shrinkage and selection operator (LASSO) regression (with R packages “glmnet”) was then used to determine non-zero coefficients, to achieve the purpose of eliminating potential predictors and selecting the optimal OS-related genes while preventing model overfitting. The LASSO regression tuned the model with 10-fold cross-validation. Additionally, we conducted multivariate Cox regression analysis to further determine model genes and risk coefficients. Finally, seven genes affecting prognosis were screened, including MAT2B, DNMT3B, AHCYL1, CHDH, SHMT2, CHKB, and CHPT1. For every patient, the product of coefficients and prognostic gene expression level was risk score. Furthermore, BC samples were categorized into two subgroups based on median risk scores, including high- and low-risk groups.




2.3 Prognostic model validation

For assessing the feasibility of the 1C metabolism-related genes risk score model, Kaplan-Meier survival analyses of OS were implemented between the high- and low-risk groups in the training set GSE20685, as well as the validation sets GSE88770 and GSE58812, respectively. Meanwhile, we used the outcome events and time in GSE61304 to validate the disease-free survival (DFS) of BC. In addition, the R package “timeROC” was used to plot receiver operating characteristic (ROC) curves of 2-, 3-, and 5-year survival. The area under the ROC curve (AUC) was also calculated to further analyze and validate the accuracy of the model.




2.4 Independent prognostic analysis and nomogram construction

Univariate and multivariate Cox regression analyses for age, TNM stage, and risk score were performed from the training dataset GSE20685 clinical information to assess independent prognostic factors for BC. Then, according to independent prognostic analyses, a nomogram combining the 1C metabolism-related risk score with other clinical characteristics in the training dataset was developed with the “rms” R package. In addition, we plotted calibration curves to visualize the consistency of the nomogram at 2, 3, and 5 years as evidence of its clinical predictive value. Additionally, we constructed a multivariate Cox model containing clinical characteristic information and risk scores on the training dataset, and then performed validation evaluations on the test datasets.




2.5 Functional enrichment analysis

To investigate potential biological functions and signaling pathways of the two groups, we employed the R package “Limma” for screening differentially expressed genes (DEGs) among both groups with the criteria of |log FC| > 1 and p-value_ t < 0.05, and then analyzed them with Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses. Gene set enrichment analysis (GSEA) was performed on the training set using the R package “ClusterProfiler” to further identify the different biological processes involved in the two risk groups. The annotated gene set was extracted from the R package “org.Hs.eg.db” and used in our analysis.




2.6 Somatic mutations and immune infiltration analysis

We retrieved somatic mutation profiles of BC patients from TCGA database to analyze somatic mutations among both groups. The somatic mutation data were further analyzed with the R package “maftools”. Correlations between the expression of seven candidate genes and the tumor mutational burden (TMB) were analyzed, and the results were plotted by selecting those with significant correlations. Moreover, cell type identification by estimating relative subsets of RNA transcripts (CIBERSORT) was utilized to calculate the abundance of 22 tumor immuno-infiltrative cells within TME of BC samples from the GSE20685 cohort. Subsequently, differences in immune cell infiltration were analyzed for the two risk groups, with p-value < 0.05 considered statistically significant. The results were revealed by box plots.




2.7 Immune checkpoints analysis and immunotherapy response assessment

We analyzed the correlation of seven candidate genes with immunological checkpoint genes (ICGs). A list of 79 common ICGs can be obtained from a previous article (Supplementary Table 2) (23), and 71 of them were included in our expression matrix. Five ICGs significantly related to 1C metabolism-related genes (CD27, HLA-DPB1, HLA-E, CD40, and HLA-DMB) were screened to plot the correlation heat map. Furthermore, immunophenotype score (IPS) were obtained from The Cancer Immunome Atlas (TCIA, https://tcia.at/) database, which is helpful in screening patients who are sensitive to immune checkpoint inhibitors (ICIs). To match the sample in the IPS data, we used the TCGA-BRCA dataset for analysis. Hence, IPS differences between high and low expression of seven candidate genes were analyzed, and the results with statistically significant differences were selected to draw violin plots.




2.8 Drug sensitivity analysis

Response to chemotherapy in BC patients was assessed with the Genomics of Drug Sensitivity in Cancer database (GDSC, https://www.cancerrxgene.org) via the R package “oncoPredict”. Correlations between the two risk groups and the sensitivity to common chemotherapeutic drugs were calculated separately.




2.9 Statistical analysis

Statistical analyses were accomplished via R (version 4.2.2). Survival analyses were presented by Kaplan-Meier approach, and differences between groups were assessed with log-rank test. Pearson’s correlation test was used for correlation analysis. Univariate and multivariate analyses were performed with Cox regression models to determine independent risk factors. The p-value < 0.05 was regarded as statistically significant.





3 Results



3.1 Prognostic characteristics and value of 1C metabolism-related genes

The study’s flow is illustrated in Figure 1A. We ultimately constructed a 7-gene 1C metabolism-related prognostic model, including MAT2B, DNMT3B, AHCYL1, CHDH, SHMT2, CHKB, and CHPT1. The process of LASSO regression was shown in Figures 1B, C. Kaplan-Meier analysis revealed seven genes correlated with OS. Among them, five genes, MAT2B, AHCY1, CHDH, CHKB, and CHPT1, were regarded as protective factors, whereas two other genes, DNMT3B and SHMT2, were considered as risk factors (p < 0.05) (Figure 1D). Meanwhile, the following risk score formula was obtained after multivariate Cox regression: risk score = (-1.166*MAT2B) + (-0.040*DNMT3B) + (-0.581*AHCYL1) + (-0.067CHDH) + (0.168*SHMT2) + (-0.609*CHKB) + (-0.346*CHPT1). Grouped according to the median risk score, the expression differences of the seven candidate genes in the two risk groups were presented in Figure 1E. The forest plot showed the results of stepwise multivariate Cox proportional hazards regression analysis (Supplementary Figure 1).




Figure 1 | (A) Flow chart of the study. (B, C) LASSO Cox regression analysis to develop the prognostic model. (D) Kaplan-Meier survival curves of seven genes associated with OS. (E) Expression of seven genes in the high- and low-risk groups.






3.2 Validation of the 1C metabolism-related genes model prediction effect

To demonstrate the credibility of the prediction of the seven 1C metabolism-related genes, we conducted survival analyses and plotted ROC curves on the training and test cohorts, respectively. The AUCs for 2-, 3- and 5-year survival in the GSE20685 training set were 0.79, 0.76, and 0.78, respectively (Figure 2A), while in GSE88770, GSE58812, and GSE61304 the AUCs for 2-, 3- and 5- year were 0.84, 0.71 and 0.76; 0.62, 0.71 and 0.71; 0.70, 0.74 and 0.64, respectively (Figures 2B, 3A, B). In addition, Kaplan-Meier analysis revealed that survival time was markedly shorter in the high-risk group than the other one (GSE20685: p <0.0001; GSE88770: p = 0.0031; GSE58812: p = 0.037; GSE61304: p = 0.043) (Figures 2C, D, 3C, D). Furthermore, risk curves and scatter plots showed that mortality increases with risk scores in all four datasets (Figures 2E, F, 3E, F). The heat maps also showed remarkable expression differences in seven prognostic genes between both groups (Figures 2E, F, 3E, F).




Figure 2 | 1C metabolism-related genes signature associated with the OS of BC patients. (A) The predictive value for the 2-y, 3-y, and 5-y OS in GSE20685 dataset. (B) The predictive value for the 2-y, 3-y, and 5-y OS in GSE88770 dataset. (C) The OS between the high- and low-risk groups in GSE20685 dataset. (D) The OS between the high- and low-risk groups in GSE88770 dataset. (E) The risk plot of the 1C metabolism-related genes signature in GSE20685 dataset. (F) The risk plot of the 1C metabolism-related genes signature in GSE88770 dataset.






Figure 3 | 1C metabolism-related gene signature associated with the OS and DFS of BC patients. (A) The predictive value for the 2-y, 3-y, and 5-y OS in GSE58812 dataset. (B) The predictive value for the 2-y, 3-y, and 5-y DFS in GSE61304 dataset. (C) The OS between the high- and low-risk groups in GSE58812 dataset. (D) The DFS between the high- and low-risk groups in GSE61304 dataset. (E) The risk plot of the 1C metabolism-related genes signature in GSE58812 dataset. (F) The risk plot of the 1C metabolism-related genes signature in GSE61304 dataset.






3.3 Independent prognostic analysis and nomogram development

For the training dataset GSE20685, in the univariate Cox analysis, TNM stage and risk score were closely linked to OS in BC patients (p < 0.001), whereas in multivariate Cox analysis, only N-stage and risk score were independent prognostic predictors (p < 0.001) (Figures 4A, B). Therefore, a nomogram was built to quantitatively predict individual OS at 2-, 3-, and 5-year based on independent prognostic markers (N-stage and risk score) (Figure 4C). Then, to verify its predictive effectiveness, calibration curves were plotted to confirm the consistency, which showed the desired predictive accuracy (Figure 4D). In summary, the nomogram can predict short- and long-term OS in BC patients, thus contributing to clinical management. Furthermore, the performance of the multivariate Cox model containing clinical characteristic information and risk score on the training and test datasets was shown in Supplementary Figures 2A-H. In addition, the N-stage was positively linked to risk score (Figure 4E), with a statistically significant difference (p < 0.05).




Figure 4 | (A) Univariate Cox regression analysis of the risk score and clinical parameters. (B) Multivariate Cox regression analysis of the risk score and clinical parameters. (C) The construction of 2-, 3-, and 5-year OS predictive nomogram for patients of the GSE20685. (D) Calibration curves for the nomogram. (E) Distribution of risk scores in different N-stage in GSE20685 dataset.






3.4 Mutation landscape analysis

To further investigate discrepancies in the genetic landscape between both groups, somatic mutation data from TCGA database of BC patients were used for analysis. In the high-risk group, TP53 had the highest mutation frequency at 48%, followed by PIK3CA, TTN, GATA3, MUC16, and CDH1 (Figure 5A). Correspondingly, in the low-risk group, the top six genes in terms of mutation frequency were PIK3CA, CDH1, TP53, TTN, GATA3, and MAP3K1 (Figure 5B). Meanwhile, the mutation frequency of the same gene differed considerably between groups (Figure 5C). TMB was higher in the high-risk group compared to the other group (Figure 5D). In addition, the expression of SHMT2 and DNMT3B was positively correlated with TMB, while the expression of CHDH was negatively correlated with TMB (P < 0.05) (Figure 5E), suggesting that these genes play a role in immunotherapy.




Figure 5 | Genomic alterations between the high-risk group and low-risk group. (A) The landscape of mutation profiles in the high-risk group. (B) The landscape of mutation profiles in the low-risk group. (C) The six genes with the greatest variation in mutation frequency in the high-risk group and low-risk group. (D) The difference in tumor mutation burden between the high-risk group and low-risk group. (E) Correlation between the expression levels of target genes and tumor mutation burden.






3.5 Gene set enrichment analysis

We screened 98 differentially expressed genes (DEGs) by the “limma” variance approach, with 17 up-regulated as well as 81 down-regulated genes (Figure 6A). GO terms in biological process (BP), cellular component (CC), and molecular function (MF) that were significantly associated with these DEGs were represented in the bubble diagram (Figure 6B), suggesting that these DEGs were mainly related to urogenital system development, female sex differentiation, and collagen-containing extracellular matrix. Furthermore, we found that the IL-17 signaling pathway, relaxin signaling pathway, cellular senescence, lipid and atherosclerosis, phototransduction, and bladder cancer are up-regulated, while breast cancer, hedgehog signaling pathway, neuroactive ligand-receptor interaction, complement and coagulation cascades, and estrogen signaling pathway are down-regulated (Figure 6C). In addition, to identify the underlying biological signaling pathways for molecular discrepancies between both risk groups, we performed GSEA analyses (Figures 6D, E). The results indicated that in the high-risk group, pathways such as alcoholism, cell cycle, cellular senescence, IL-17 signaling pathway, and bladder cancer were significantly enriched, while pathways significantly enriched in the low-risk group included regulation of lipolysis in adipocytes, chemical carcinogenesis-DNA adducts, chemical carcinogenesis-receptor activation, the complement and coagulation cascades, herpes simplex virus 1 infection, and peroxisome.




Figure 6 | (A) The volcano plot of differential gene expression in high- and low-risk groups (|log FC| > 1 and p-value_ t < 0.05). (B) Bubble plot for GO enrichment analysis. (C) Two-way bar chart for KEGG enrichment analysis. (D, E) Results of GSEA in GSE20685 cohort.






3.6 Immuno-infiltration analysis

We compared the levels of immune infiltration in the two risk groups, and the distribution of immune cells in both was reflected in Figures 7A, B. In addition, the overall immune infiltration in all BC samples in the training set was illustrated in Figure 7C. Further combined with the difference and correlation analysis, some immune cell subpopulations showed statistically significant differences between both groups. In particular, the infiltration levels of T follicular helper (Tfh) and B cells naive were lower in the high-risk group, whereas Neutrophils infiltration abundance was higher in the high-risk group (Figure 7D).




Figure 7 | TME immune cell infiltration of BC samples from the GSE20685 cohort. (A) Heat map of the differences in immune cell distribution for each BC patient in  high-risk group. (B) Heat map of the differences in immune cell distribution for each BC patient in  low-risk group. (C) Histogram of the distribution of immune cells in all BC patients. (D) Differences in the distribution of immune cells in high- and low-risk groups.






3.7 Immune checkpoints and immunotherapy research

The heat map of the association between 7 1C metabolism-related genes and 71 ICGs was displayed in Supplementary Figure 3. Among them, the 5 ICGs that were significantly correlated with the 1C metabolism-related genes were selected for redrawing the heat map (Figure 8A). In addition, MAT2B and CHKB are closely associated with immune checkpoints as shown in Figures 8B, C. Furthermore, BC patients with low expressions of DNMT3B and AHCYL1 had higher IPS, indicating that these patients had higher relative probabilities of responding to ICIs, whereas BC patients with high expressions of MAT2B, CHKB, and SHMT2 had higher relative probabilities of responding to ICIs (Figure 8D).




Figure 8 | (A) Correlation heat map between 5 immune checkpoints and 7 1C metabolism-related genes. (B) Correlation between MAT2B expression levels and 5 immune checkpoints. (C) Correlation between CHKB expression levels and 5 immune checkpoints. (D) Differences in IPS reactivity between high and low expression levels of target genes.






3.8 Drug sensitivity analysis

To improve the clinical utility of survival models in the management of BC, we calculated and compared IC50 values in two groups of patients, because IC50 values are inversely related to drug sensitivity. The results revealed that low-risk patients were more sensitive to Mitoxantrone, Oxaliplatin, Dabrafenib, Dactinomycin, Leflunomide, Ruxolitinib, Nilotinib, Sorafenib, Irinotecan, and Zoledronate. Meanwhile, high-risk patients were more sensitive to Lapatinib, Afatinib, Osimertinib, and Ibrutinib (P < 0.05) (Figure 9A). In addition, there are drugs targeting 7 1C metabolism-related genes available for the treatment of BC. We discovered a positive association between SHMT2 expression and sensitivity to Paclitaxel, Vinorelbine, Vorinostat, Entinostat, Docetaxel, Alpelisib, Bortezomib, Crizotinib, Gefitinib, and Erlotinib. The expression of AHCYL1 was negatively associated with Talazoparib, Cisplatin, Dasatinib, Crizotinib, and Bortezomib. The expression of MAT2B was positively related to Ribociclib. The sensitivity to Ribociclib was negatively linked to CHPT1 expression. CHKB expression was positively connected to Niraparib and Selumetinib (Figure 9B). With the above findings, the risk score can be used as a guide for medication administration in BC patients.




Figure 9 | Sensitivity analysis of chemotherapeutic drugs and prediction of potential drugs. (A) Comparison of IC50 values for chemotherapy and targeted drugs in two groups. (B) Correlation analysis of 7 1C metabolism-related genes and potential drug sensitivity.







4 Discussion

BC has surpassed lung cancer as the most prevalent cancer in women (24). Despite improvements in its multidisciplinary treatment, BC remains the leading cause of death in female cancer patients (24, 25). Alterations in the metabolism of cancer cells are critical for tumor growth, and one of the most remarkable aspects of this metabolic reprogramming is the 1C metabolism (26). However, there is still a lack of studies on the 1C metabolism in BC patients. Therefore, our research aims to make an essential step in that direction.

We constructed a survival risk signature by 1C metabolism-related genes in this study, which performed well in both training and validation set cohorts. Furthermore, Kaplan-Meier analysis showed that two genes can be regarded as risk factors, including SHMT2 and DNMT3B, and five genes were identified as protective factors, including MAT2B, AHCYL1, CHDH, CHKB, and CHPT1. Moreover, the expression values of these genes were also measured in both groups. Two genes were up-regulated in high-risk patients, consisting of SHMT2 and DNMT3B, while the down-regulated genes included MAT2B, AHCYL1, CHDH, CHKB, and CHPT1, which was consistent with Kaplan-Meier analysis. Among them, SHMT2 is considered to be an important factor in the metabolism of serine and glycine of several cancer cell types (including BC) (27), which is crucial in the development of cancer cells, and high SHMT2 expression is linked to poor prognosis in BC (28). DNMT3B acts as a key player in breast tumorigenesis and development, and targeting DNMT3B may be a potential treatment for BC (29). Conversely, CHDH is an estrogen-regulated gene that is overexpressed in BC patients with good prognosis (30). As an enzyme related to methionine metabolism, MAT2B can act as a cancer suppressor gene in BC development (31). In addition, CHPT1, AHCYL1, and CHKB have been demonstrated to be associated with roles that lead to other cancers and affect patient outcomes, although relevant studies are scarce in BC (32–34).

Tumor-infiltrating immune cells are reported to be an essential component of TME and can be used to predict cancer prognosis (35). Hence, immune cells have been identified as a new cancer treatment target (36). Differences in TME between the two groups were examined using CIBERSORT. The results illustrated higher levels of infiltration of Tfh cells and naive B cells, and lower levels of infiltration of neutrophils in low-risk patients. Tfh cells are reported to be a subset of CD4+ helper T cells involved in the humoral response (37), whose role is to trigger B cells in the germinal center to differentiate into plasma cells secreting antibodies and memory B cells, which is the key to enhancing the immune response (38, 39). In addition, naive B cells are activated, proliferate, and differentiate into plasma cells and memory B cells, which are involved in antitumor immunity (40). Accordingly, we presume that low-risk patients might benefit more from immunotherapy. Moreover, neutrophils can produce immunosuppressive factors, such as transforming growth factor beta (TGF-β) and arginase1, effectively suppressing adaptive immunity (41), and release growth factors such as hepatocyte growth factor (42), which promote tumor progression. It has also been shown that a high neutrophil/lymphocyte ratio in the circulation is a poor prognostic factor in breast, liver, colon, and many other types of cancer (41, 43), which is consistent with our findings. However, the results did not demonstrate an effect of 1C metabolism on T cell activation. It has been reported that 1C metabolism contributes to purine and thymidine synthesis, allowing T cell proliferation and survival, whereas genetic inhibition of the metabolic enzyme SHMT2 impaired T cell survival and antigen-specific T cell abundance in culture and in vivo, respectively (44). The interaction of these factors may have led to the generation of such inconsistent results. It may also be due to differences in study design and clinical characteristics of the subjects.

In our study, the IL-17 signaling pathway was significantly enriched in KEGG and GSEA. The IL-17 family comprises six members (IL-17A to IL-17F) with distinct functions and sequence homologies (45). Their aberrant expression is closely linked to chronic inflammatory diseases and acts as an essential player in cancer immunity (46). A number of recent findings have elucidated the effect of the IL-17B/IL-17RB pathway in tumorigenesis. For example, in mice, IL-17B signaling via IL-17RB facilitates cancer cell survival, invasion, proliferation, and metastasis (47–50), whereas in humans, high expression of IL-17B and IL-17RB is linked to a poorer prognostic outcome in BC sufferers (48). In addition, the peroxisome and herpes simplex virus-1 infection were found to be enriched in the low-risk group. Peroxisomes are organelles that affect the growth and survival of cancer cells, and some cancer cells rely on lipolysis by peroxisomes for their energy needs (51). Oncolytic herpes simplex virus-1 infection increases anticancer activity by inducing apoptosis in adjacent cancer cells (52). The enrichment of these pathways is consistent with the finding that low-risk patients survived longer.

ICIs rebuild the anti-tumor immune response by blocking co-inhibitory signaling pathways, thereby promoting immune-mediated elimination of tumor cells (53). Although ICIs, particularly anti-CTLA4 and anti-PD-1 antibodies, have radically improved the prognosis of many cancers, especially advanced melanoma (54), they have been less effective in BC patients (55). This approach can be used to identify and screen patients who respond to treatment. Based on the research results, BC patients with high expression of MAT2B and CHKB may benefit from targeted therapy against immune checkpoints with increased expression, such as CD27, CD40, HLA-DPB1, HLA-E, and HLA-DMB. The results of immunotherapy analysis further proved the potential of these seven candidate genes as novel prognostic indicators and intervention targets for signature development. Therefore, for BC patients, using our 1C metabolism-related genes model to predict their response to ICIs can guide clinical treatment more concretely and effectively.

Although some positive results have been obtained, several limitations of our study remain. Since this is a retrospective study, data omissions and selection bias are inevitable. Secondly, our study is based on data from existing publicly accessible databases, so the results need to be further validated in large cohorts. Further, people in GSE61304 dataset have been followed for only 80 months while in other datasets individuals have been followed up for more than 150 months. This discrepancy in follow-up time can create a problem in the validation. Finally, in-depth characterization of the mechanism through in vivo or in vitro experiments is required.




5 Conclusion

In summary, seven 1C metabolism-related genes were identified, resulting in a risk score model that can accurately assess OS in BC patients. Individuals with low-risk scores have longer survival and are better able to benefit from immunotherapy. We believe that these seven genes should be used prospectively in BC patients to predict their prognosis and guide clinical chemotherapy and immunotherapy.
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Background

Cachexia is a body wasting syndrome that significantly affects well-being and prognosis of cancer patients, without effective treatment. Serum metabolites take part in pathophysiological processes of cancer cachexia, but apart from altered levels of select serum metabolites, little is known on the global changes of the overall serum metabolome, which represents a functional readout of the whole-body metabolic state. Here, we aimed to comprehensively characterize serum metabolite alterations and analyze associated pathways in cachectic cancer patients to gain new insights that could help instruct strategies for novel interventions of greater clinical benefit.





Methods

Serum was sampled from 120 metastatic cancer patients (stage UICC IV). Patients were grouped as cachectic or non-cachectic according to the criteria for cancer cachexia agreed upon international consensus (main criterium: weight loss adjusted to body mass index). Samples were pooled by cachexia phenotype and assayed using non-targeted gas chromatography-mass spectrometry (GC-MS). Normalized metabolite levels were compared using t-test (p < 0.05, adjusted for false discovery rate) and partial least squares discriminant analysis (PLS-DA). Machine-learning models were applied to identify metabolite signatures for separating cachexia states. Significant metabolites underwent MetaboAnalyst 5.0 pathway analysis.





Results

Comparative analyses included 78 cachectic and 42 non-cachectic patients. Cachectic patients exhibited 19 annotable, significantly elevated (including glucose and fructose) or decreased (mostly amino acids) metabolites associating with aminoacyl-tRNA, glutathione and amino acid metabolism pathways. PLS-DA showed distinct clusters (accuracy: 85.6%), and machine-learning models identified metabolic signatures for separating cachectic states (accuracy: 83.2%; area under ROC: 88.0%). We newly identified altered blood levels of erythronic acid and glucuronic acid in human cancer cachexia, potentially linked to pentose-phosphate and detoxification pathways.





Conclusion

We found both known and yet unknown serum metabolite and metabolic pathway alterations in cachectic cancer patients that collectively support a whole-body metabolic state with impaired detoxification capability, altered glucose and fructose metabolism, and substrate supply for increased and/or distinct metabolic needs of cachexia-associated tumors. These findings together imply vulnerabilities, dependencies and targets for novel interventions that have potential to make a significant impact on future research in an important field of cancer patient care.
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Introduction

Cancer cachexia is a common adverse effect of cancer with negative impact on patient´s physical function, quality of life, and survival (1). Involuntary weight loss (WL), adjusted to the body mass index (BMI), represents the validated cardinal criterium of the international consensus-definition for cancer cachexia, which distinguishes between cachectic and non-cachectic patients with regards to all other cachexia domains proposed (e.g., C-reactive protein [CRP], food intake, appetite loss, performance status [PS]) (1–3). Cachexia is estimated to affect 50-80% of cancer patients, which worsens the susceptibly to toxic side effects of anti-cancer drugs, and to account for up to 20% of cancer deaths (4, 5). Despite its clinical relevance, this cancer-associated body wasting syndrome remains without effective treatment. Current concepts outline a tumor-orchestrated takeover of the whole-body metabolism to promote tumor anabolism and growth at the expense of host tissue catabolism (6, 7). Serum metabolites take part in pathophysiological processes of CC, but apart from altered levels of select metabolites, there is relative paucity of data on the global alterations of the serum metabolome, which integrates the functional readout of the whole-body metabolic state (8–10). Determining variations of the serum metabolome may reveal yet unknown metabolite alterations, broaden the scope of dysregulated metabolic pathways, and drive the translation of chemical metabolome data into biological knowledge (11–13). These results, in turn, may instruct strategies for novel therapeutic interventions of greater clinical benefit.

Metabolomics, or comprehensive metabolite profiling, uses analytical chemistry platforms, such as mass spectroscopy coupled with gas chromatography (GC-MS), to provide an integrated status of the metabolome to metabolic disease research (10, 14). Serum metabolomics, in non-targeted mode, has proven utility for discovering unanticipated metabolites and new metabolic pathways that change between clinical states, and hence for the design of novel intervention strategies aimed at modulating metabolic diseases (10, 13–15). Since metabolites interact and the structures of metabolomics data are complex, significant metabolites are not necessarily good predictors (15, 16). Therefore, consistent results from both statistical (direct metabolite-level testing between sample groups) and machine learning (ML) methods (train models to label groups of samples) lend strengths to metabolomics study findings, as these complementary methods differentially process the data and validate each other (16–18).

Here, we comprehensively characterize the serum metabolite profiles of 78 cachectic and 42 non-cachectic cancer patients using a non-targeted metabolomics approach followed by pathway analysis. Our objectives were to assess statistically differential cachexia-related serum metabolite alterations and metabolome clusters, to examine top differential metabolite features for associated pathways to help understand what these metabolite changes represent, and to apply an ML strategy to evaluate whether significance-based and prediction-oriented results are distinct or overlapping. Altogether, we aimed to provide a resource for future research that can help define testable hypotheses about mechanisms of action and/or design approaches for novel therapeutic strategies in an important field of cancer patient care.





Materials and methods




Study population

For this cross-sectional case-control study, adult patients with newly diagnosed, metastatic cancer (stage UICC IV) were recruited via the cancer care in- and out-patient units and oncology wards of the Asklepios Hospital Barmbek between January 2019 and December 2021. Patients were included at the time of diagnosis before start of any anticancer treatment. Primary cancer types included gastric, colorectal, pancreatic, liver and ovarian cancer. Eligible patients met the following inclusion criteria: ≥18 years of age, and histologically proven metastatic cancer diagnosis, and either antibiotics treatment within ≤2 weeks or non-exposure of ≥3 months before inclusion. Exclusion criteria were as follows: acute or chronic diarrhea, acute gastrointestinal illness including ileus, inflammatory bowel disease, acute infection, autoimmune diseases, immunosuppressive therapy including corticosteroids, acquired immunodeficiency syndrome, kidney or liver failure, and need for emergency surgery. and. The study was approved by the Ärztekammer Hamburg, Protocol number: V5649, Date: 23.10.2017 and was conducted according to the Declaration of Helsinki and its revisions. All patients gave written informed consent.





Clinical assessments

Demographic information (age, gender, cancer type, medication, CRP values) was collected from medical records by the study coordinators at the time of study inclusion. Patient-reported data on height, body weight, WL history, appetite, food intake, and vegetarian diet were collected by means of a structured questionnaire. A research assistant was available and provided help in a face-to-face interview as necessary. Information about actual height and weight, WL at last 6 months, and food intake past month (unchanged or reduced) was provided by the patients using questions from the Scored Patient-Generated Subjective Global Assessment (PG-SGA) (19). Assessment of appetite was performed using a numerical rating scale provided by the Edmonton Symptom Assessment System, scoring 0 (normal appetite) to 10 (no appetite) (20). Diet-based vegetarianism was determined from the intake of animal products (red meat, poultry, fish, dairy products, and eggs). Vegetarians were defined by a plant-based dietary pattern that excludes red meat, and, to different extents, other animal products (subtypes included lacto-/, ovo-/, pesco-/, lacto-ovo-/and pesco-lacto-ovo-vegetarians and vegans depending on the inclusion and exclusion of poultry, fish, dairy products and/or eggs). Smoking was defined as current daily smoking. We used self-reported average absolute alcohol consumption (grams per week) during the last 12 months. Medication use was defined as a drug purchase during the 3 months preceding the study inclusion. Prevalent diabetes was defined as self-reported diabetes, a diabetes diagnosis code indicating diabetes in medical records, and/or use of diabetes medications. Patients were classified into two groups (cachexia versus non-cachexia) based on the agreed and validated diagnostic criteria from the international consensus (1–3). The criterion for cachexia was: WL ≥5% the past 6 months or WL ≥2% the last 6 months and BMI ≤20 kg/m2 (1). Patients above or below theses cut-offs were grouped as cachexia or non-cachexia. BMI is reported as current weight (kg)/height (m)2.





Sample collection

Morning overnight fasting (≥6 hours) venous blood (5-10 mL) was collected in serum tubes. The blood samples were kept at 4°C for 20 minutes for clotting. Clotted samples were centrifuged at 1300 x g for 10 minutes at 4°C. The removed supernatant serum samples were immediately stored at -80°C within ≤30-40 minutes after blood collection. Samples remained stored on average for 1.2 ± 0.6 years until further processing. Finally, the samples were transported to the Department of Bioinformatics and Biochemistry, Braunschweig Integrated Centre of Systems Biology (BRICS), University of Braunschweig, on dry ice for metabolomics analysis.





Metabolite extraction

Metabolite extraction was performed as per our previous publication (21). Prior to extraction, the serum samples were thawed on ice for 30 minutes. Then, 11 µL of serum was mixed with 100 µL of an extraction solvent consisting of methanol and water (at a ratio of 8:1) at -20°C. This solvent also contained internal standards, specifically 2 µg/mL of D6-glutaric acid and U13C-ribitol. The mixture was vortexed for 10 minutes at 1400 rpm and 4°C, followed by centrifugation at 13,000 g and 4°C for 10 minutes to precipitate proteins. The resulting supernatants (90 µL) were transferred to glass vials and evaporated using speed-vac at 4°C. The metabolic extracts in the glass vials were sealed with a crimped aluminium cap featuring a septum to prevent oxidation. Typically, the samples were extracted and analyzed immediately after extraction. If storage was necessary, the dried samples were stored at -20°C until GC-MS measurement. The storage time until analysis did not exceed 48 hours. Serum samples were individually extracted in technical triplicates. A fraction (10 µL) from each sample is used to create a pooled quality control (QC) sample, which is then extracted and acquired after every 8th measurement. These QC samples served as a means to normalize untargeted metabolomics data by dividing the sample metabolite intensity by the average intensity of the nearest pool sample, ensuring measurement quality (22).





Metabolic analysis

Metabolomics measurements were performed using gas chromatography coupled with mass spectrometry (GC-MS). To render the identification of polar metabolites, two-step derivatization was performed prior to analysis. Metabolite extracts were derivatized using a multipurpose sampler (Gerstel MPS). The first derivatization was performed by adding 15 µL of (20 mg/mL) methoxyamine hydrochloride in pyridine (Sigma-Aldrich), shaken for 90 min at 40°C. The second derivatization was performed by adding an equal volume of N-methyl-N-trimethylsilyl-trifluoroacetamide (MSTFA) (Macherey-Nagel) under continuous shaking for 30 min at 40°C. The sample (1 µL) was injected into an SSL injector at 270°C in spitless mode.

GC-MS measurements were performed on Agilent 7890A GC equipped with a 30 m DB-35MS + 5m Duraguard capillary column (0.25 mm inner diameter, 0.25 µm film thickness), which was connected to an Agilent 5977B MSD. Helium was used as the carrier gas at a flow rate of 1.0 mL/min. The GC oven temperature was held at 80°C for 6 min, subsequently increased to 300°C at 6°C/min, and held at that temperature for 10 min. The temperature was increased to 325°C at 10°C/min and held for an additional 4 min, resulting in a total run time of 60 min per sample. The transfer line temperature was set to 280°C, and the MSD was operating under electron ionization at 70 eV. The MS source was held at 230°C and the quadrupole at 150°C. Full scan mass spectra were acquired from m/z 70 to m/z 800 at a scan rate of 5.2 scans/s. Pooled samples were measured after every eighth GC-MS measurement for quality control and data correction.





Data processing

All GC-MS chromatograms were processed using our in-house software (23). The software package supports the deconvolution of mass spectra, peak picking, integration, and retention index calibration. Compounds were identified using an in-house mass spectral library by spectral and retention index similarity. The following deconvolution settings were applied to scan data: peak threshold: 5; minimum peak height: 5; bins per scan: 10; deconvolution width: 7; no baseline adjustment; minimum 15 peaks per spectrum; no minimum required base peak intensity. Retention index calibration was based on a C10–C40 even n-alkane mixture (68281, Sigma-Aldrich, Munich, Germany). Relative quantification was done using the batch quantification function of our in-house software (23). Data were normalized to quality control pool measurement and intensity of the internal standard (D6-Glutaric acid).





Statistical analysis

Group-wise comparisons of cachectic versus non-cachectic cancer patients with regards to items representing cachexia domains and a range of clinical data were performed. Continuous variables with normal distribution are presented as mean (standard deviation) and Welch`s two sample t-test was used to examine differences between groups. Continuous variables outside the normal distribution are presented as medians (quartile 1, quartile 3) and Wilcoxon rank sum test was applied to examine differences between groups. Categorical variables were summarized as counts (percentages) and Pearson`s Chi-squared test was applied to test for differences between groups. Different statistical approaches were utilized to identify significant metabolic differences between the cachexia and non-cachexia groups. At first, metabolomics data were cube root transformed and range scaled to obtain Gaussian distribution using Metaboanalyst 5.0 (24). Principal component analysis (PCA) was applied to detect intrinsic clustering, while partial least squares discriminant analysis (PLS-DA) was used for supervised clustering. Cross-validation was performed to avoid over-fitting, and R2 and Q2 values were employed to evaluate the model’s goodness of fit and predictive ability. The variable importance in projection (VIP) score was utilized to extract variables that significantly influenced group discrimination, with a VIP score greater than 1 considered important. Additionally, significant metabolic differences were confirmed within the cachexia and non-cachexia groups using a t-test (p < 0.05) that was adjusted for multiple hypothesis testing using false discovery rate (FDR) correction. The collective analysis was used to determine significant metabolic differences in the cachexia versus the non-cachexia group. In addition, the volcano plot was used to visualize the alterations in metabolites between cachectic and non-cachectic cancer patients. Box-and-whisker plots were generated using SPSS (V27), and heat maps of altered metabolites were created using MetaboAnaylst 5.0. The pathway analysis tool (MetPA) in MetaboAnalyst 5.0 was utilized for the pathway analysis of significant metabolites (24).





Machine learning classification

For all ML-based approaches, we used the Waikato Environment for Knowledge Analysis (Weka) (https://www.cs.waikato.ac.nz/ml/weka/) (25). For developing a predictive ML model for binominal classification between cachectic and non-cachectic patients to predict the cachexia state, we applied simple logistic regression analyses, because they are typically applied and useful to investigate biomedical regression and classification issues. Simple Logistics in Weka fits a multinomial logistic regression model using the LogitBoost algorithm (26). The number of LogitBoost iterations was manually selected based on an optimization of cross-validation results. We applied a meta classifier approach with reweighted training instances to make base predictors cost-sensitive for balancing positive and negative predictive values, predominantly to avoid false positive prediction and to improve overall true predictive accuracy. Further, we applied a 10-fold cross-validation, with each fold containing a balanced proportion of compared groups to handle dataset imbalances and to avoid overfitting. After applying the trained Simple Logistics model to classify the left-out test set, model´s classification performance was estimated by receiver operating characteristic (ROC) methods and by coefficient analysis to determine the predictor composition and predictors contributing to ML models predictive performance.






Results




Clinical characteristics of the study population

In total, 120 cancer patients with metastatic disease (UICC stage IV) participated in the study. 41 patients were diagnosed with colorectal cancer, 32 patients with pancreatic cancer, 30 with gastric cancer, 12 with liver cancer, and 5 with ovarian cancer. Among these, 78 patients were classified as cachectic, while 42 patients were non-cachectic (Supplementary Table 1). The cachectic patients had a mean BMI of 20.9 kg/m2 and a mean WL of 6.5 kg (mean %WL: -9.7%), while the non-cachectic patients had a mean BMI of 26.4 kg/m2 without WL (Figure 1, Supplementary Table 1, p < 0.001, respectively). When comparing cachectic versus non-cachectic patients on items representative of key cachexia domains, higher levels of CRP (median 37 versus 14 mg/dl, p < 0.001) and appetite loss (median score 4.0 versus 2.0, p < 0.001) and reduced food intake (76% versus 26%, p < 0.001) was observed for cachectic patients. The ECOG-PS was significantly lower in cachectic patients compared to non-cachectic patients (ECOG ≥2: 44% versus 12%, p < 0.001). There were no significant differences in the distribution of cancer types between the two groups analyzed (Table 1, p > 0.05, respectively). Moreover, the two groups matched in clinical factors (e.g., sex, age, alcohol intake, smoking, diabetes, medication) that could potentially affect the serum metabolite profile (Table 1, p > 0.05). Overall, these data underline the legitimacy of using BMI-adjusted WL as diagnostic criterium for cancer cachexia and that there was almost equal distribution of covariables without significant difference between the cachectic and non-cachetic patient group.




Figure 1 | Violin plots of body mass index (BMI) in cachectic (n = 42) and non-cachectic (n = 78) patients. BMI differed significantly between cachectic and non-cachectic cancer patients (p < 0.001, two-tailed unpaired t-test).




Table 1 | Demographic, clinical and cachexia domain characteristics of the study population (n = 120 cancer patients with metastatic disease, stage UICC IV).







Metabolic profiling reveals distinctive patterns between patients with and without cachexia

Distinct patterns emerged in cancer patients, distinguishing those with and without cachexia following exploratory statistical analysis. Within the metabolic profiling of serum samples, 159 prevalent metabolites were identified, and leveraging an in-house metabolic reference library facilitated the annotation of 60 metabolites. The normalization process employed pooled quality controls and D6-Glutaric acid peak areas as internal standards. Furthermore, the data matrix underwent log transformation and Pareto scaling to achieve a Gaussian distribution. Principal component analysis discerned inherent clusters and outliers within the metabolic dataset (Supplementary Figure S1). Further, distinct clusters between cachexia and non-cachexia groups were evident following partial least square discriminant analysis (PLS-DA). Model validation, executed through 100 randomly permuted models in cross-validation analysis (Figure 2A), demonstrated cumulative R2 and Q2 values of 0.69 and 0.48, respectively, emphasizing the robust predictive ability of the original model (Figure 2B).




Figure 2 | Exploratory multivariate statistical analysis. (A) Partial least square discriminant analysis (PLS-DA) score plots distinct clustering of cachectic (red) and non-cachectic (green) cancer patients. (B) The PLS-DA model was evaluated for its validity using a random permutation test that involved 100 permutations. The plot generated after the test highlighted the best classifier (a red asterisk) with an R2 value of 0.69, indicating the amount of variance explained by the model, and a Q2 value of 0.48, which indicated its predictive ability. A high R2 and Q2 value indicates good predictive ability and confirms the validity of the PLS-DA model. The accuracy of the best model is summarized in an inset table, which includes Q2, R2, and the number of components used in the model. “Comps” refer to the number of components.







Significant metabolite differences unveiled between cachectic and non-cachectic patients

Significant metabolic differences were revealed through a rigorous analysis of cachexia and non-cachexia groups using various statistical methods. Initially, a t-test revealed significant metabolic alterations (FDR-adjusted p < 0.05) in both groups. Subsequently, the PLS-DA model’s VIP score identified key variables influencing group discrimination. This comprehensive examination revealed distinctive metabolic differences in 38 metabolites between the cachectic and non-cachectic patients (Supplementary Table S1). Among these, 19 metabolites were confidently annotated in the in-house library using their spectral data and retention indices. Unidentified metabolites lacking matches in the in-house library were annotated based on their retention indices. Identified metabolites spanned various metabolic classes, such as amino acids, fatty acids, amino sugar derivatives, and organic acids. Significantly higher levels of glucuronic acid, glucose, and fructose were observed in cachectic patients compared to non-cachectic patients. Conversely, lower levels of erythronic acid, lysine, methionine, ornithine, homocysteine, threonine, alanine, proline, valine, leucine, tyrosine, 1,5-anhydro-d-glucitol, isoleucine, maltose, glutamine, and serine were noted in cachectic relative to non-cachectic patients (Figure 3). The metabolite heatmaps depicted distinct metabolic patterns between the cachectic and non-cachectic patients (Figure 4). Additionally, the volcano plot, visualizing statistical significance (p-value) versus magnitude of change (fold change), highlighted the altered metabolites within and between the cachectic and non-cachectic patients, with red denoting the up-regulated and blue indicating the down-regulated metabolites (Figure 5). Overall, these results provide robust evidence for a distinct metabolite profile associated with the clinical manifestation of cancer cachexia. Among significant metabolite alterations, the most noticeable ones are yet unknown altered serum levels of erythronic acid and glucuronic acid in human cancer cachexia (Figures 3-5). Moreover, the volcano scatterplot outlines that erythronic acid showed the highest magnitude of down-regulation and glucuronic acid the highest magnitude of up-regulation among the significantly changed metabolites between cachectic and non-cachectic patients (Figure 5).




Figure 3 | Box-and-whisker and dot plots showing significant differences in serum levels of specific metabolites between cachectic and non-cachectic cancer patients. Specific significant metabolite differences were obtained after Tukey’s HSD and illustrated as normalized peak area differences. *P ≤ 0.05; **P ≤ 0.01; *** P ≤ 0.0001 and all lower values.






Figure 4 | Heatmap showing the 38 metabolites with significant differences in serum level between cachectic and non-cachectic cancer patients. Significant differences were determined by false discovery rate (FDR)-corrected t-test p-values (FDR-corrected p < 0.05) to adjust for multiple hypothesis testing. The colors from green to red indicate increased metabolite concentration (normalized peak area).






Figure 5 | Volcano plot displaying the distribution of significantly altered metabolites with identification in a group comparison between cachectic and non-cachectic cancer patients. Red represents significantly up-regulated metabolites, blue represents significantly down-regulated metabolites, and grey represents metabolites with no difference in comparative analysis between cachectic and non-cachectic cancer patients. Metabolites with a t-test p-value less than 0.05 were selected, and the results were adjusted for multiple hypothesis testing using the false discovery rate (FDR).







Pathway analysis highlights global metabolic changes in cancer cachexia

Noteworthy metabolic responses were observed when subjecting these significant metabolites to the pathway analysis tool (MetPA), revealing compelling insights into metabolic alterations within cachexia groups. Notably, the predominant pathways implicated in these responses included aminoacyl tRNA biosynthesis, valine, leucine, and isoleucine metabolism, glutathione metabolism, valine, leucine, and isoleucine degradation, arginine biosynthesis, alanine, aspartate, and glutamate metabolism, phenylalanine, tyrosine, and tryptophan metabolism, glyoxylate and dicarboxylate metabolism, glycine, serine, and threonine metabolism, and arginine and proline metabolism. A detailed topology map illustrating the impact of metabolites on these altered metabolic pathways is presented in Figure 6. This pathway map delineates the matched pathways based on their p-values from the pathway enrichment analysis and the pathway impact values from the pathway topology analysis. Overall, the integrative pathway analysis of the metabolite profile differences supports global metabolic changes associated with the manifestation of cachexia in cancer patients, predominantly affecting the amino acid (AA), protein, and glutathione metabolism.




Figure 6 | Topology map of altered metabolic pathways, which describes the impact of metabolites selected from a comparative t-test (p-value < 0.05), adjusted for multiple hypotheses testing by false discovery rate (FDR). The top ten altered metabolic pathways in the cancer cachexia group are 1. aminoacyl tRNA biosynthesis, 2. valine, leucine and isoleucine metabolism, 3. glutathione metabolism, 4. valine, leucine and isoleucine degradation, 5. arginine biosynthesis, 6. alanine, aspartate and glutamate metabolism, 7. phenylalanine, tyrosine, and tryptophan metabolism, 8. glyoxylate and dicarboxylate metabolism, 9. glycine, serine, and threonine metabolism, and 10. arginine and proline metabolism.







Robust logistic regression model predicts cancer cachexia with high accuracy

To account for potential combinatorial effects and interrelations among metabolites in our dataset, we implemented a purely prediction-oriented simple logistic ML-based model for binominal discrimination of cachexia states. Following the training of the simple logistic ML model using a 10-fold cross-validation strategy together with a meta classifier approach to make base predictors cost-sensitive, the predictive ML-based models achieved accuracy of 83.2% and an area under ROC value of 88.0% for the correct binominal discrimination of the samples according to patients cachexia state (Figure 7). Influencing predictors contributing to the correct binominal discrimination comprised 10 non-annotable and 5 annotable metabolites; the identifiable metabolites were erythronic acid, lactic acid, maltose, methionine, and ornithine (Supplementary Table 2). Despite of a small dataset and operations on subsamples through data splits (training/test data), the purely data-driven ML model yielded high predictive performance and identified erythronic acid as influencing predictor variable. This supports ML-based technologies as valuable tool for biomarker discovery, and indicates a benefit from taken account for combinatorial effects and interrelationships among metabolite alterations.




Figure 7 | ROC curve of predictive machine learning (ML) models (Simple Logistics) for binominal discrimination between cachectic and non-cachectic state. List below ROC curve shows the confusion matrix and accuracy value of the model.








Discussion

Cachexia alters the cancer patient’s metabolism with deleterious consequences, but the ability to understand and effectively treat cachexia remains an unmet need in cancer medicine (1–6). We pursued this by untargeted GC-MS-based metabolomics of overnight-fasting serum samples from previously untreated metastatic cancer patients presenting with and without cachexia according to validated diagnostic criteria agreed upon by international consensus (1–3). The cachectic patient group displayed considerable variations in 38 metabolites, of which 19 annotable metabolites belonged to metabolic classes such as amino acids, sugars, fatty acids, organic acids, and amino sugar derivatives. The significant differential 19 metabolites, mainly encompassing sugars and amino acids, distinguished accurately the cachectic state in both statistical and ML-based models. Pathway analysis found several pathways to which the metabolites contribute in several ways. To our best knowledge, this study is the first to report decreased erythronic acid and increased glucuronic acid levels in blood in human cancer cachexia. As discussed further, our work broadens the metabolic cancer cachexia landscape and may provide a resource for future study directions.

Elevated serum levels of glucose and fructose are the first noticeable metabolic feature of our cachectic cancer patients. Insulin resistance (IR) induced by the tumor upon the host is commonly present in human cancer cachexia (27, 28). Fasting hyperglycemia, as seen in our cachectic patients, also defines type 2 diabetes mellitus (T2DM) and is largely secondary to inadequate action of the major glucose-lowering hormone insulin (28). IR displays tissue-specific functional alterations in muscle, liver, and adipose tissue, which are unable to mount a coordinated glucose-lowering response, involving cellular uptake of glucose, suppression of gluconeogenesis and lipolysis, and glycogen synthesis (29). In cachectic cancer patients, the disturbed insulin-stimulated anabolic fluxes may shunt substrates to support the tumor anabolism. Tumors benefit from hyperglycemia, as they consume 200x more glucose than normal tissues to generate energy (30). This process termed anaerobic glycolysis (Warburg effect) produces large quantities of lactate, which can be converted back to glucose via gluconeogenesis in the tumor itself (31) and/or in the liver via the Cori cycle (32). These mechanisms, which maintain glucose supply but avoid lactate acidosis, may be present in our cachectic cancer patients, as they exhibited increased glucose but normal lactate serum levels. Notably, IR is sustained by low-grade inflammation in obesity (33), T2DM (34), and cancer cachexia (35), leading to some overlap in metabolic programming (36). However, clinical outcomes from testing the anti-T2DM drug metformin in anti-cancer therapy have been disappointing (37). Moreover, IR-related defects in obesity and T2DM are readily reversal by weight loss and hypocaloric nutrition, whereas weight loss persists in cancer cachexia despite hypercaloric nutrition. Therefore, future research might focus on investigating tumor-induced mechanisms that specifically sustain IR, glycemia, and fructose circulation in cancer cachexia. Notably, fructose has emerged as an important driver of both IR (38) and the Warburg effect in cancer cells (39). The increased serum fructose signal found in this study supports the inhibition of fructose-induced metabolic alterations as a reasonable approach to reverse cancer cachexia (40).

The second noticeable serum profile alteration in cachectic patients is the decrease of 13 circulating amino acids (AAs). As cancer cachexia refers to a state with increased muscle protein degradation and AA release into the blood circulation (41), this uniform trend likely reflects a disproportional high AA consumption. Tumors have high demands for AAs for energy production and nucleotide, lipid, and protein synthesis needed for tumor growth (42, 43). Especially glycine, serine, homocysteine, and methionine needed for one-carbon metabolism and glutamine needed for glutaminolysis are essential AAs to support tumor metabolism (44–46). The decline of these 5 AAs in our cachectic patients may point to increased one-carbon metabolism and glutaminolysis in cachexia-associated tumors. The three branched-chain AAs (BCAAs: isoleucine, leucine and valine) are carbon and nitrogen suppliers for energy demands and protein synthesis and sustain the TCA cycle and lipogenesis by providing acetyl-CoA, which is essential for histone acetylation and epigenetic modification (47, 48). BCAA serum levels are increased in IR and T2DM but decreased in several critical illnesses suggesting that the lower cachexia-associated BCAA levels may reflect increased supply to both tumoral and non-tumoral sites (e.g., immune cells sustaining inflammation, hepatic gluconeogenesis) (49, 50). The biological roles of the decreased AAs ornithine, proline, tyrosine, lysine, and alanine are multifaceted. Ornithine helps convert toxic ammonia to urea by the urea cycle and is a key substrate for excess polyamine production in many cancers (51, 52). Proline is involved in collagen and polyamine synthesis, tissue repair, and redox reactions (53, 54). Tyrosine is a precursor of neurotransmitters and a receiver of phosphate groups by way of protein kinases in signal transduction and regulation of enzymatic activity (55). Lysine plays roles in protein synthesis and structure, cross-linking of collagen polypeptides, histone modification, immune response, and tissue repair (56–58). Alanine, released into the bloodstream from muscle proteolysis, serves as major AA for protein resynthesis but also drives the glucose-alanine cycle (Cahill cycle), which regenerates glucose from alanine via hepatic gluconeogenesis (59, 60). Notably, we found lower serum signals in 11 of the 20 proteinogenic AAs (non-proteinogenic: homocysteine, ornithine), of whom 10 (all but lysine) could also act as substrates for gluconeogenesis. Despite the differences in the metabolism of individual AAs, the simultaneous decrease of AAs likely reflects alterations in tumor-associated cachexia-causing pathways that simultaneously affect all of them.

Altogether, cachectic patients exhibited 3 significantly elevated (including glucose and fructose) and 16 decreased (mostly AAs) circulating metabolites. The significance of the distinct metabolite profile for distinguishing cachexia states is shown by the PLS-DA model, which yielded distinct clusters with 85.6% accuracy, and supported by ML-based models, which identified a metabolic signature achieving 83.2% accuracy and an area under the ROC value of 88.0%. Pathway analysis of the observed metabolite variations indicated 10 metabolic pathways to be most significantly involved in cancer cachexia. Among these, the significance of aminoacyl-tRNA biosynthesis supports the crucial role of protein biosynthesis (61, 62), whereas the affected glutathione metabolism outlines the importance of detoxifying and antioxidant processes (63, 64). Collectively, the 7 AA-related metabolic pathways suggest that cachexia-associated tumors display a dependency on AA metabolism. In line with the AA shortage, one may consider AA deprivation to limit tumor anabolism or AA supplementation to limit body catabolism. However, in the tumor-bearing cachectic state, tumor anabolism overrides host catabolism, and AA deprivation may rather exacerbate cachexia and AA supplementation promote tumor growth (65). Instead, targeting the metabolic rewiring behind distinct metabolite dependencies of cachexia-associated tumors, but not normal tissues, may counteract both cancer and cachexia. Metabolic reprogramming, a key distinguishing cancer hallmark, includes unique demands for glucose, fructose and AAs to fuel critical pathways needed for energy, biosynthetic, methylation, acetylation and reductive metabolism to support tumor growth (28, 39, 66, 67). Commonly affected components of metabolic reprogramming include the one-carbon metabolism encompassing the folate and methionine cycles (43, 44), glutaminolysis (45), anaerobic glycolysis (30), glutathione metabolism (63, 64), the pentose phosphate pathway (68), polyamine synthesis (69), extracellular matrix (ECM) modelling (70), and protein glycolisation (71). Despite the influence of the gut microbiome, diet, and genetics on the human blood metabolome (72), many of the serum metabolite changes seen in our cancer cachexia cohort hint towards a biochemical foundation in overactivated cancer metabolism pathways in cachexia-associated tumors. Understanding cancer cachexia as a cancer metabolism syndrome would imply several novel means for pharmaceutical intervention against cancer, and, by reducing the catabolic drive, against cachexia (28, 39, 46, 62–74).

To our best knowledge, this study is the first to demonstrate a link between decreased erythronic acid levels in blood and cancer cachexia. The consistency of our FDR-corrected statistical tests (highest downregulated metabolite) and ML-based analyses (highest classifier importance) support the biological relevance of this unanticipated finding. However, the factors influencing circulating levels of erythronic acid are poorly characterized. Elevated serum levels of erythronic acid have been found in patients with transaldolase deficiency, which represents a defect in the non-oxidative branch of the reductive pentose-phosphate pathway (PPP) (75). Conversely, reduced erythronic serum levels may reflect increased PPP activity in cancer cells to generate 5-carbon sugars used in nucleotide, DNA and RNA synthesis and to supply reductive NADPH to counteract oxidative damage and support lipogenesis (68). The reduced levels of erythronic acid may be also a result of scavenging reactions against hydroxyl radicals in cachexic patients (76). Notably, erythronic acid is a by-product of the degradation of N-acetylglucosamine (GlcNAc) caused by reactive oxygen species (ROS) (77). Protein GlcNAcylation is the most common posttranslational modification of proteins by sugars, which affects numerous cellular functions, including metabolic enzyme activities (78). Serum erythronic acid levels may reflect alterations of the synthesis and/or degradation of GlcNAc and/or protein GlcNAcAcylation, which impacts metabolic programming in cancer, including the direction of glucose into the PPP to support tumor growth (79). However, further studies are required to assess whether these hypothetical or other mechanisms influence circulating levels of erythronic acid. Isotope-assisted metabolomics approaches may be a starting point to explore the currently unknown metabolism and turnover of erythronic acid in cancer cachexia.

In the context of cachexia, to our knowledge, this study is also the first to report increased levels of glucuronic acid in the blood. Notably, population-based studies outline glucuronic acid as a biomarker of all-cause mortality and healthspan-related outcomes (80). Several mechanisms may contribute to circulating levels of the glucose metabolite glucuronic acid, which participates in detoxification processes and ECM modelling (81, 82). Firstly, decreased glycosyltransferase activities, as seen in hepatic dysfunction, lead to decreased toxin-conjugation and, hence, increased glucuronic acid and toxin levels in the bloodstream (83). Secondly, cleavage of glucuronide toxin-conjugates by gut microbial ß-glucuronidases can counteract glucuronidation and hepatic-enteric detoxification and make deconjugated glucuronic acid and toxins available for reabsorption into the bloodstream (enteric-hepatic recycling) (84). Thirdly, human ß-glucuronidase, which localizes primarily in lysosomes, leads to hydrolytic liberation of glucuronic acid during the remodeling of the ECM (85). Low-grade inflammation, a typical feature accompanying cancer cachexia, can amplify the release of human ß-glucuronidase into the bloodstream, where it cleaves glucuronidated conjugates and contributes to circulating glucuronic acid and toxin levels (80, 82, 86). In most clinical scenarios, elevated glucuronic acid levels are likely the result of increased ß-glucuronidase activity, ECM remodeling, inflammation and/or cell death by concurrent disease (80–86). Recent drug developments emphasize ECM normalization and ß-glucuronidase inhibition as novel strategies in anti-cancer treatment (70, 87), which could also favorably affect the body´s glucuronic acid, toxin-conjugation, and detoxification metabolism. To bring the potential anti-cachexia effects of these anti-cancer drugs into perspective, clinical trial designs may expand patient-centered efficacy endpoints toward clinical benefits on symptoms and quality of life to cancer patients suffering from cachexia (88).

For opening up new diagnostic and therapeutic options for cancer cachexia, global metabolic changes and combinatorial effects within metabolomics data are of particular interest. Pathway analysis revealed protein and glutathione metabolism to be involved in cancer cachexia. This correlates with previous work supporting sarcopenia as important feature of cancer cachexia, including a deranged protein metabolism, likely caused by mitochondrial dysfunction in cachectic skeletal muscle tissue (1, 4, 65, 89). Disturbance in glutathione metabolism, the most important detoxifying antioxidant system in human tissues, has been shown to be implicated in increased resistance and toxicity to anti-cancer therapy in cachectic cancer patients (1, 4, 63, 64). Remarkably, purely data-driven ML models, taking into account the combinatorial effects of altered metabolites, yielded high performance for prediction of the cachexia state. The metabolites contributing to ML-based prediction, namely erythronic acid, lactic acid, maltose, methionine and ornithine, reveal intriguing metabolic adaptations. Erythronic acid´s levels may be linked to detoxification mechanisms involving GlcNAc and protein GlcAcylation (76–78) and PPP activity (79). Lactic acid correlates well with long-recognized resting energy expenditure in cancer cachexia, which has been related to futile metabolic cycling including an overactivation of the Cori cycle (7, 31, 32). Ornithine and methionine contribute to the urea cycle, glutathione synthesis with interconnection to one-carbon metabolism, and polyamine production (44–46, 69, 90). Research on the relationship between maltose and cancer cachexia is limited, necessitating further investigation to establish potential connections. Overall, contrasted to previous work in cancer cachexia research, we found well-known (glucose, AAs), less-recognized, but potentially important (fructose, maltose) and yet unknown (erythronic acid, glucuronic acid) metabolite alterations. The metabolite profile as a whole points to global metabolic changes related to cancer cachexia, which are in part long-recognized (e.g. altered glucose, protein, and glutathione metabolism, IR-like state, activated Cori cycle), less-recognized but potentially important (e.g., fructose and polyamine metabolism), or yet unknown (e.g. PPP activation, GlcNAcAcylation, reduced glucuronidation-based detoxification). The robust predictive performance of ML-based models may impact on future research directions and research methodologies. These findings point to a stronger focus on combinatorial effects of metabolic changes that collectively contribute to the development of cancer cachexia. Further, they support ML technologies as valuable tool for biomarker discovery. The validation of a common serum metabolite biomarker panel for early detection of cancer cachexia would provide tremendous advance in the design of clinical trials for new preventive and/or therapeutic interventions (91).

Our study has limitations. First, we used BMI-adjusted WL as the agreed and validated main diagnostic criterium of the internal consensus-definition for cancer cachexia (1–3). The legitimacy of applying this diagnostic criterium in our study cohort is supported by several items representing other cachexia domains that are easily applicable in clinical practice. However, future studies may benefit from additional muscle mass measurements to better assess the role of sarcopenia. Second, the case-control design using cancer patients without cachexia as control isolates results to cachexia as opposed to other phenomena associated with cancer. However, future research may benefit from the inclusion of healthy controls to examine how cancer affects early stages in the cachexia trajectory, which could guide clinical trial designs focusing on prevention, rather than treatment, of cachexia. Third, the serum metabolite profile was assessed only once. This does not represent intra- and inter-day variation of metabolites, which can confound signal detection in metabolomics research. Fourth, covariables, such as diet, medication, diabetes, patient-related factors and cancer type, may affect levels of serum metabolites. There was almost equal distribution of covariables without significant difference between the two patient groups analyzed. Further, pooling samples minimized inter-individual variation, making substantive findings easier to find (92). However, covariables were not assessed in this cross-sectional single-center study by downstream analysis to account for confounding effects. The overall small sample size, the small subgroup sizes but high numbers of metabolite features per sample, and the design-based constraints to measure effect sizes of intra- and interindividual variation in our dataset limited us to produce meaningful data in this respect. Further larger-scale, multi-centric, and longitudinal designed studies in independent patient populations, that include substantially increased numbers for different cancer types and pay attention to intra- and inter-day variation of serum metabolites, are needed to explore confounding factors, variability of metabolite levels, trends of metabolite level changes related to cancer cachexia progression over time, and to verify the extent to which the findings presented here are generalizable. Fifth, metabolome analyses of body fluids are challenging. To obtain high-quality samples and reproducible results, we applied a strict work-up according to recently published guidelines (22) for sample collection, metabolite extraction, quality control, GC-MS measurement, and data acquisition. Further, we applied strict statistical and ML-based (e.g., 10-fold cross-validation, cost-sensitive base classifier) methods to control overfitting, false discovery, and data misinterpretation. The consistent results obtained by significance-based and prediction-oriented ML-based analyses lend strengths to our findings. Finally, untargeted metabolomics is limited by the ability to identify unknown metabolites. However, no metabolomics approach can be completely comprehensive, and our identified metabolite cluster has biological plausibility. However, despite the aforementioned study limitations, we believe that our dataset and especially our new findings may contribute to the literature, may provide a resource for comparisons across patient cohorts with cancer cachexia and/or other metabolic diseases, and could stimulate future investigations in the field.





Conclusions

In conclusion, we newly describe altered serum levels of erythronic acid and glucuronic acid as a characteristic feature of cancer cachexia, potentially linked to intra-tumoral PPP activation and impaired body detoxification. Further, we found a distinct serum metabolite profile of cancer cachexia, with glucose, fructose and AAs being the most disturbed metabolites. Some serum metabolite alterations could reflect the supply of overactive metabolic pathways in cachexia-associated tumors needed for energy, biosynthetic, epigenetic and reductive metabolism. Additional studies connecting measurements from both tumor and body metabolism may be an interesting direction to identify actionable targets for distinct metabolic needs of cachexia-associated tumors, but not normal tissues. Altogether, our findings broaden the scope of metabolic vulnerabilities, dependencies and targets in cancer-associated cachexia that can help define testable hypotheses about mechanisms of action and/or design novel therapy approaches to improve patient outcomes in an important field of cancer patient care.





Data availability statement

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





Ethics statement

The studies involving humans were approved by Aerztekammer Hamburg, Protocol number: V5649, Date: 23.10.2017. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

TM: Data curation, Formal Analysis, Investigation, Supervision, Writing – original draft, Methodology, Software, Validation, Visualization. KH: Formal Analysis, Methodology, Data curation, Funding acquisition, Investigation, Supervision, Validation, Writing – review & editing. MS: Conceptualization, Data curation, Formal Analysis, Methodology, Software, Supervision, Visualization, Writing – review & editing. TI: Data curation, Formal Analysis, Supervision, Validation, Writing – review & editing. RS: Conceptualization, Data curation, Investigation, Supervision, Validation, Writing – review & editing. RG: Data curation, Formal Analysis, Methodology, Software, Visualization, Writing – review & editing. TV: Data curation, Formal Analysis, Supervision, Validation, Writing – review & editing. HW: Data curation, Formal Analysis, Investigation, Supervision, Validation, Writing – original draft. AS: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Project administration, Supervision, Writing – original draft.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. The study was supported by a research grant (#3465) awarded to AS by Asklepios Proresearch, Asklepios Hospitals Hamburg GmbH, Hamburg, Germany, and supported by the Asklepios Campus Hamburg of the Semmelweis University, Budapest, Hungary. In addition, this work was supported by Volkswagen Foundation, Germany (Grant no. 11-76251-19-4/19 (ZN3429)), provided to KH.




Acknowledgments

The authors thank Nadine Emmerich and Sabine Drießelmann for excellent technical assistance.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2024.1286896/full#supplementary-material

Supplementary Figure 1 | Principal component analysis score plot depicting clustering of cachectic (red) versus non-cachectic (green) cancer patients.




References

1. Fearon, K, Strasser, F, Anker, SD, Bosaeus, I, Bruera, E, Fainsinger, RL, et al. Definition and classification of cancer cachexia: an international consensus. Lancet Oncol (2011) 12:489–95. doi: 10.1016/S1470-2045(10)70218-7

2. Blum, D, Stene, GB, Solheim, TS, Fayers, P, Hjermstad, MJ, Baracos, VE, et al. Validation of the consensus-definition for cancer cachexia and evaluation of a classification model – a study based on data from an international multicentre project (EPCRC-CSA). Ann Oncol (2014) 25:1635–42. doi: 10.1093/annonc/mdu086

3. Martin, L, Senesse, P, Gioulbasanis, I, Antoun, S, Bozetti, F, Deans, C, et al. Diagnostic criteria for classification of cancer-associated weight loss. J Clin Oncol (2015) 33:90–9. doi: 10.1200/JCO.2014.56.1894

4. Baracos, VE, Martin, L, Korc, M, Guttridge, DC, and Fearon, KCH. Cancer-associated cachexia. Nat Rev Dis Primers (2018) 4:17105. doi: 10.1038/nrdp.2017.105

5. Vazeille, C, Jouinot, A, Durand, JP, Neveux, N, Boudou-Rouquette, P, Huillard, O, et al. Relation between hypermetabolism, cachexia, and survival in cancer patients: a prospective study in 390 cancer patients before initiation of anticancer therapy. Am J Clin Nutr (2017) 105:1139–47. doi: 10.3945/ajcn.116.140434

6. Pavlova, NN, Zhu, J, and Thompson, CB. The hallmarks of cancer metabolism: still emerging. Cell Metab (2022) 34:355–77. doi: 10.1016/j.cmet.2022.01.007

7. Rohm, M, Zeigerer, A, MaChado, J, and Herzig, S. Energy metabolism in cachexia. EMBO Rep (2019) 20:e47258. doi: 10.15252/embr.201847258

8. Yang, QJ, Zhao, JR, Hao, J, Li, B, Huo, Y, Han, YL, et al. Serum and urine metabolomics study reveals a distinct diagnostic model for cancer cachexia. J Cachexia Sarcopenia Muscle (2018) 9:71–85. doi: 10.1002/jcsm.12246

9. Cala, MP, Agulló-Ortuño, MT, Prieto-García, E, González-Riano, C, Parrilla-Rubio, L, Barbas, C, et al. Multiplatform plasma fingerprinting in cancer cachexia: a pilot observational and translational study. J Cachexia Sarcopenia Muscle (2018) 9:348–57. doi: 10.1002/jcsm.12270

10. Wishart, DS. Metabolomics for investigating physiological and pathophysiological processes. Physiol Rev (2019) 99:819–1875. doi: 10.1152/physrev.00035.2018

11. Johnson, CH, Ivanisevic, J, and Siuzdak, G. Metabolomics: beyond biomarkers and towards mechanisms. Nat Rev Mol Cell Biol (2016) 17:451–9. doi: 10.1038/nrm.2016.25

12. Schmidt, DR, Patel, R, Kirsch, DG, Lewis, CA, van der Heiden, MG, and Locasale, JW. Metabolomics in cancer research and emerging applications in clinical oncology. CA Cancer J Clin (2021) 71:333–58. doi: 10.3322/caac.21670

13. Tebani, A, Afonso, C, and Bekri, S. Advances in metabolome information retrieval: turning chemistry into biology. Part II: biological information recovery. J Inherit Metab Dis (2018) 41:393–406. doi: 10.1007/s10545-017-0080-0

14. Newgard, CB. Metabolomics and metabolic disease: where do we stand? Cell Metabol (2017) 25:43–56. doi: 10.1016/j.cmet.2016.09.018

15. Schrimpe-Rutledge, AC, Codreanu, SG, Sherrod, SD, and McLean, JA. Untargeted metabolomics strategies – challenges and emerging directions. J Am Soc Mass Spectrom (2016) 26:1897–905. doi: 10.1007/s13361-016-1469-y

16. Lo, A, Chernoff, H, Zheng, T, and Lo, SH. Why significant variables aren´t automatically good predictors. Proc Natl Acad Sci USA (2015) 112:13892–7. doi: 10.1073/pnas.1518285112

17. Mendez, KM, Reinke, SN, and Broadhurst, DI. A comparative evaluation of generalized predictive ability of eight machine learning algorithms across ten clinical metabolomics data sets for binary classification. Metabolomics (2019) 15:150. doi: 10.1007/s11306-019-1612-4

18. Liebal, UW, Phan, ANT, Sudhakar, M, Raman, K, and Blank, LM. Machine learning applications for mass-spectrometry-based metabolomics. Metabolites (2020) 10:243. doi: 10.3390/metabo10060243

19. Chen, X, Liu, X, Ji, W, Zhao, Y, He, Y, Liu, Y, et al. The PG-SGA outperforms the NRS 2002 for nutritional risk screening in cancer patients: a retrospective study from China. Front Nutr (2023) 10:1272420. doi: 10.3389/fnut.2023.1272420

20. Hui, D, and Bruera, E. The Edmonton Symptom Assessment System 25 years later: past, present, and future developments. J Pain Symptom Manage (2017) 53:630–43. doi: 10.1016/j.jpainsymman.2016.10.370

21. More, TH, Mozafari, B, Märtens, A, Herr, C, Lepper, PM, Danziger, G, et al. Plasma metabolome alterations discriminate between COVID-19 and non-COVID-19 pneumonia. Metabolites (2022) 12:1058. doi: 10.3390/metabo12111058

22. Trezzi, JP, Jäger, C, Galozzi, S, Barkovits, K, Marcus, K, Mollenhauer, B, et al. Metabolic profiling of body fluids and multivariate data analysis. MethodsX (2017) 4:95–103. doi: 10.1016/j.mex.2017.02.004

23. Hiller, K, Hangebrauk, J, Jäger, C, Spura, J, Schreiber, K, and Schomburg, DK. Metabolite detector: Comprehensive analysis tool for targeted and nontargeted GC/MS based metabolome analysis. Anal Chem (2009) 81:3429–39. doi: 10.1021/ac802689c

24. Pang, Z, Chong, J, Zhou, G, de Lima Morais, DA, Chang, L, Barrette, M, et al. MetaboAnalyst 5.0: narrowing the gap between raw spectra and functional insights. Nucleic Acids Res (2021) 49:W388–96. doi: 10.1093/nar/gkab382

25. Frank, E, Hall, M, Trigg, L, Holmes, G, and Witten, IH. Data mining in bioinformatics using Weka. Bioinformatics (2004) 20:2479–81. doi: 10.1093/bioinformatics/bth261

26. Sumner, M, Frank, E, and Hall, M. Speeding up logistic model tree induction. In:  AM Jorge, L Torgo, P Brazdil, R Camacho, and J Gama, editors. Knowledge Discovery in Databases: PKDD 2005, vol. 3721 . Springer, Berlin, Heidelberg (2005). p. 675–83. doi: 10.1007/11564126_72

27. Dev, R, Bruera, E, and Dalal, S. Insulin resistance and body composition in cancer patients. Ann Oncol (2018) 29:ii18–26. doi: 10.1093/annonc/mdx815

28. Masi, T, and Patel, BM. Altered glucose metabolism and insulin resistance in cancer-induced cachexia: a sweet poison. Pharmacol Rep (2021) 73:17–30. doi: 10.1007/s43440-020-00179-y

29. Petersen, MC, and Shulman, GI. Mechanisms of insulin action and insulin resistance. Physiol Rev (2018) 98:2133–223. doi: 10.1152/physrev.00063.2017

30. Reinfeld, BI, Madden, MZ, Wolf, MM, Chytil, A, Bader, JE, Patterson, AR, et al. Cell programmed nutrient portioning in the tumor microenvironment. Nature (2021) 593:282–8. doi: 10.1038/s41586-021-03442-1

31. Grasmann, G, Smolle, E, Olschewski, H, and Leithner, K. Gluconeogenesis in cancer cells - repurposing of a starvation-induced metabolic pathway? Biochim Biophys Acta Rev Cancer (2019) 1872:24–36. doi: 10.1016/j.bbcan.2019.05.006

32. Wei, L, Wang, R, Wazir, J, Lin, K, Song, S, Li, L, et al. D-Deoxy-D-glucose alleviates cancer cachexia-induced muscle wasting by enhancing ketone metabolism and inhibiting Cori cycle. Cells (2022) 11:2987. doi: 10.3390/cells11192987

33. Theurich, S, Tsaousidou, E, Hanssen, R, Lempradl, AM, Mauer, J, Timper, K, et al. IL-6/Stat3-dependent induction of a distinct, obesity-associated NK cell subpopulation detoriates energy and glucose homeostasis. Cell Metabol (2017) 26:171–84. doi: 10.1016/j.cmet.2017.05.018

34. Wang, Y, Li, M, Chen, L, Bian, H, Chen, X, Zheng, H, et al. Natural killer cell-derived exosomal miR-1249-3p attenuates insulin resistance and inflammation in mouse models of type 2 diabetes. Signal Transduct Target Ther (2021) 6:409. doi: 10.1038/s41392-021-00805-y

35. McGovern, J, Dolan, RD, Skipworth, RJ, Laird, BJ, and McMillan, DC. Cancer cachexia: a nutritional or a systemic inflammatory syndrome? Br J Cancer (2022) 127:379–82. doi: 10.1038/s41416-022-01826-2

36. Maccio, A, Sanna, E, Neri, M, Oppi, S, and Madeddu, CA. Cachexia as evidence of the mechanisms of resistance and tolerance during the evolution of cancer disease. Int J Mol Sci (2021) 22:2890. doi: 10.3390/ijms22062890

37. Lord, SR, and Harris, AL. Is it still worth pursuing the repurposing of metformin as a cancer therapeutic? Br J Cancer (2023) 128:958–66. doi: 10.1038/s41416-023-02204-2

38. Herman, MA, and Birnbaum, MJ. Molecular aspects of fructose metabolism and metabolic disease. Cell Metab (2021) 33:2329–54. doi: 10.1016/j.cmet.2021.09.010

39. Nakagawa, T, Lanaspa, MA, Millan, IS, Fini, M, Rivard, CJ, Sanchez-Lozada, LG, et al. Fructose contributes to the Warburg effect for cancer growth. Cancer Metab (2020) 18:6. doi: 10.1186/s40170-020-00222-9

40. Gutierrez, JA, Liu, W, Perez, S, Xing, G, Sonnenberg, G, Kou, K, et al. Pharmacologic inhibition of ketohexokinase prevents fructose-induced metabolic dysfunction. Mol Metabol (2021) 48:101196. doi: 10.1016/j.molmet.2021.101196

41. Rausch, V, Sala, V, Penna, F, Porporato, PE, and Ghigo, A. Understanding the common mechanisms of heart and skeletal muscle wasting in cancer cachexia. Oncogenesis (2021) 10:1. doi: 10.1038/s41389-020-00288-6

42. Vettore, L, Westbrook, RL, and Tennant, DA. New aspects of amino acid metabolism in cancer. Br J Cancer (2020) 122:150–6. doi: 10.1038/s41416-019-0620-5

43. Lieu, EL, Nguyen, T, Rhyne, S, and Kim, J. Amino acids in cancer. Exp Mol Med (2020) 52:15–30. doi: 10.1038/s12276-020-0375-3

44. Newman, AC, and Maddocks, ODK. One-carbon metabolism in cancer. Br J Cancer (2017) 116:1499–504. doi: 10.1038/bjc.2017.118

45. Dekhne, AS, Hou, Z, Gangjee, A, and Matherly, LH. Therapeutic targeting of mitochondrial one-carbon metabolism in cancer. Mol Cancer Ther (2020) 19:2245–55. doi: 10.1158/1535-7163.MCT-20-0423

46. Yang, L, Venneti, S, and Nagrath, DL. Glutaminolysis: a hallmark of cancer metabolism. Annu Rev BioMed Eng (2017) 19:163–94. doi: 10.1146/annurev-bioeng-071516-044546

47. Sivanand, S, and van der Heiden, MG. Emerging roles for branched-chain amino acid metabolism in cancer. Cancer Cell (2020) 37:147–56. doi: 10.1016/j.ccell.2019.12.011

48. Peng, H, Wang, Y, and Luo, W. Multifaceted role of branched-chain amino acid metabolism in cancer. Oncogene (2020) 39:6747–56. doi: 10.1038/s41388-020-01480-z

49. White, PJ, McGarrah, RW, Herman, MA, Bain, JR, Shah, SH, and Newgard, CB. Insulin action, type 2 diabetes, and branched-chain amino acids: a two-way street. Mol Metabol (2021) 52:101261. doi: 10.1016/j.molmet.2021.101261

50. Neinast, M, Murashige, D, and Arany, Z. Branched chain amino acids. Annu Rev Physiol (2019) 81:139–64. doi: 10.1146/annurev-physiol-020518-114455

51. Muthukumaran, S, Jaidev, J, Umashankar, V, and Sulochana, KN. Ornithine and its role in metabolic diseases: an appraisal. BioMed Pharmacother (2017) 86:185–94. doi: 10.1016/j.biopha.2016.12.024

52. Lee, MS, Dennis, C, Naqvi, I, Dailey, L, Lorzadeh, A, Ye, G, et al. Ornithine aminotransferase supports polyamine synthesis in pancreatic cancer. Nature (2023) 616:339–47. doi: 10.1038/s41586-023-05891-2

53. Geng, P, Qin, W, and Xu, G. Proline metabolism in cancer. Amino Acids (2021) 52:1769–77. doi: 10.1007/s00726-021-03060-1

54. Vettore, LA, Westbrook, RL, and Tennant, DA. Proline metabolism and redox; maintaining a balance in health and disease. Amino Acids (2021) 53:1779–88. doi: 10.1007/s00726-021-03051-2

55. Taddei, ML, Pardella, E, Pranzini, E, Raugei, G, and Paoli, P. Role of tyrosine phosphorylation in modulation cancer cell metabolism. Biochim Biophys Acta Rev Cancer (2020) 1874:1188442. doi: 10.1016/j.bbcan.2020.188442

56. Azevedo, C, and Saiardi, A. Why always lysine? The ongoing tale of one of the most modified amino acids. Adv Biol Regul (2016) 60:144–50. doi: 10.1016/j.jbior.2015.09.008

57. Cuesta, A, and Taunton, J. Lysin-targeted inhibitors and chemoproteomic probes. Annu Rev Biochem (2019) 88:365–81. doi: 10.1146/annurev-biochem-061516-044805

58. Abbasov, ME, Kavanagh, ME, Ichu, TA, Lazear, MR, Tao, Y, Crowley, VM, et al. A proteome-wide atlas of lysin-reactive chemistry. Nat Chem (2021) 13:1081–92. doi: 10.1038/s41557-021-00765-4

59. Kubyshkin, V, and Budisa, N. The alanine world model for development of the amino acid repertoire in protein biosynthesis. Int J Mol Sci (2019) 20:5507. doi: 10.3390/ijms20215507

60. Sarabhai, T, and Roden, M. Hungry for your alanine: when liver depends on muscle proteolysis. J Clin Invest (2019) 129:4563–6. doi: 10.1172/JCI131931

61. Rubio Gomez, MA, and Ibba, M. Aminoacyl-tRNA synthetases. RNA (2020) 26:910–36. doi: 10.1261/rna.071720.119

62. Ho, JM, Bakkalbasi, E, Söll, D, and Miller, CA. Drugging tRNA aminoacylation. RNA Biol (2018) 15:667–77. doi: 10.1080/15476286.2018.1429879

63. Bansal, A, and Simon, MC. Glutathione metabolism in cancer progression and treatment resistance. J Cell Biol (2018) 217:2291–8. doi: 10.1083/jcb.201804161

64. Kennedy, L, Sandhu, JK, Harper, ME, and Cuperlovic-Culf, M. Role of glutathione in cancer: from mechanisms to therapies. Biomolecules (2020) 10:1429. doi: 10.3390/biom10101429

65. Ragni, M, Fornelli, C, Nisoli, E, and Penna, F. Amino acids in cancer and cachexia: an integrated view. Cancers (2022) 14:5691. doi: 10.3390/cancers14225691

66. Pavlova, NN, Zhu, J, and Thompson, CB. The hallmarks of cancer metabolism: still emerging. Cell Metab (2022) 34:355–77. doi: 10.1016/j.cmet.2022.01.007

67. Läsche, M, Emons, G, and Gründker, C. Shedding new light on cancer metabolism: a metabolic tightrope between life and death. Front Oncol (2020) 10:409. doi: 10.3389/fonc.2020.00409

68. Ghanem, N, El-Baba, C, Araji, K, El-Khoury, R, Usta, J, and Darwiche, N. The pentose phosphate pathway in cancer: regulation and therapeutic opportunities. Chemotherapy (2021) 66:179–91. doi: 10.1159/000519784

69. Casero, RA Jr, Murray Stewart, T, and Pegg, AE. Polyamine metabolism and cancer: treatments, challenges and opportunities. Nat Rev Cancer (2018) 18:681–95. doi: 10.1038/s41568-018-0050-3

70. Yuan, Z, Li, Y, Zhang, S, Wang, X, Dou, H, Yu, X, et al. Extracellular matrix modelling in tumor progression and immune escape: from mechanisms to treatment. Mol Cancer (2023) 22:48. doi: 10.1186/s12943-023-01744-8

71. Thomas, D, Rathinavel, AK, and Radhakrishnan, P. Altered glycolisation in cancer: a promising target for biomarkers and therapeutics. Biochim Biophys Acta Rev Cancer (2021) 1875:188464. doi: 10.1016/j.bbcan.2020.188464

72. Bar, N, Korem, T, Weissbrod, O, Zeevi, D, Rothschild, D, Leviatan, S, et al. A reference map of potential determinants for the human serum metabolome. Nature (2020) 588:135–40. doi: 10.1038/s41586-020-2896-2

73. Islam, A, Shaukat, Z, Hussain, R, and Gregory, SL. One-carbon and polyamine metabolism as cancer therapy targets. Biomolecules (2022) 12:1902. doi: 10.3390/biom12121902

74. Holbert, CE, Cullen, MT, Casero, RA Jr, and Stewart, TM. Polyamines in cancer: integrating organismal metabolism and antitumor immunity. Nat Rev Cancer (2022) 22:467–80. doi: 10.1038/s41568-022-00473-2

75. Engelke, UF, Zijlstra, FS, Mochel, F, Valayannopoulos, V, Rabier, D, Kluijtmans, LA, et al. Mitochondrial involvement and erythronic acid as a novel biomarker in transaldolase deficiency. Biochim Biophys Acta (2010) 1802:1028–35. doi: 10.1016/j.bbadis.2010.06.007

76. den Hartog, GJ, Boots, AW, Adam-Perrot, A, Brouns, F, Verkooijen, IW, Weseler, AR, et al. Erythritol is a sweet antioxidant. Nutrition (2010) 26:449–58. doi: 10.1016/j.nut.2009.05.004

77. Jahn, M, Baynes, JW, and Spiteller, G. The reaction of hyaluronic acid and its monomers, glucuronic acid and N-acetylglucosamine, with reactive oxygen species. Carbohydr Res (1999) 321:228–34. doi: 10.1016/s0008-6215(99)00186-x

78. Chatham, JC, Zhang, J, and Wende, AR. Role of O-linked N-acetylglucosamine protein modification in cellular (patho) physiology. Physiol Rev (2021) 101:427–93. doi: 10.1152/physrev.00043.2019

79. Rao, X, Duan, X, Mao, W, Li, X, Li, Z, Li, Q, et al. O-GlcNAcetylation of G6PD promotes the pentose phosphate pathway and tumor growth. Nat Commun (2015) 6:8468. doi: 10.1038/ncomms9468

80. Ho, A, Sinick, J, Esko, T, Fischer, K, Menni, C, Zierer, J, et al. Circulating glucuronic acid predicts healthspan and longevity in humans and mice. Aging (Albany NY) (2019) 11:7694–706. doi: 10.18632/aging.102281

81. Fujiwara, R, Yoda, E, and Tukey, RH. Species differences in drug glucuronidation: humanized UDP-glucuronyltransferase I mice and their application for predicting drug glucuronidation and drug-induced toxicity in humans. Drug Metab Pharmacokinet (2018) 33:9–16. doi: 10.1016/j.dmpk.2017.10.002

82. Liu, Y, Li, L, Wang, L, Lu, L, Li, Y, Huang, G, et al. Two faces of hyaluronan, a dynamic barometer of disease progression in tumor microenvironment. Discovery Oncol (2023) 14:11. doi: 10.1007/s12672-023-00618-1

83. Meech, R, Hu, DG, McKinnon, RA, Mubarokah, SN, Haines, AZ, Nair, PC, et al. The UDP-glycosyltransferase (UGT) superfamily: new members, new functions, and novel paradigms. Physiol Rev (2019) 99:1153–222. doi: 10.1152/physrev.00058.2017

84. Gao, S, Sun, R, Singh, R, So, SY, Chan, CTY, Savidge, T, et al. The role of gut microbial beta-glucuronidase (gmGUS) in drug disposition and development. Drug Discovery Today (2022) 27:103316. doi: 10.1016/j.drudis.2022.07.001

85. Naz, H, Islam, A, Waheed, A, Sly, WS, Ahmad, F, and Hassan, I. Human ß-glucuronidase: structure, function, and application in enyzme replacement therapy. Rejuvenation Res (2013) 16:352–63. doi: 10.1089/rej.2013.1407

86. Kavčič, N, Pegan, K, and Turk, B. Lysosomes in programmed cell death pathways: from initiators to amplifiers. Biol Chem (2017) 398:289–301. doi: 10.1515/hsz-2016-0252

87. Awolade, P, Cele, N, Kerru, N, Gummidi, L, Oluwakemi, E, and Singh, P. Therapeutic significance of ß-glucuronidase activity and its inhibitors: a review. Eur J Med Chem (2020) 187:111921. doi: 10.1016/j.ejmech.2019.111921

88. Gyawali, B, Hwang, TJ, Vokinger, KN, Booth, CM, Amir, E, and Tibau, A. Patient-centred cancer drug development: clinical trials, regulatory approval, and value assessment. Am Soc Clin Oncol Educ Book (2019) 39:374–87. doi: 10.1200/EDBK_242229

89. Kunzke, T, Buck, A, Prade, VM, Feuchtinger, A, Prokopchuk, O, Martignoni, ME, et al. Derangements of amino acids in cachectic skeletal muscle are caused by mitochondrial dysfunction. J Cachexia Sarcopenia Muscle (2020) 11:226–40. doi: 10.002/jcsm.12498

90. Xuan, M, Gu, X, Li, J, Huang, D, Xue, C, and He, Y. Polyamines: their significance for maintaining health and contributing to diseases. Cell Commun Signal (2023) 21:348. doi: 10.1186/s12964-023-01373-0

91. O´Connell, TM, Golzarri-Arroyo, L, Pin, F, Barreto, R, SL, D, Couch, ME, et al. Metabolic biomarkers for the early detection of cancer cachexia. Front Cell Dev Biol (2021) 9:720096. doi: 10.3389/fcell.2021.720096

92. Kendziorski, C, Irizarry, RA, Chen, KS, Haag, JD, and Gould, MN. On the utility of pooling biological samples in microarray experiments. Proc Natl Acad Sci USA (2005) 102:4252–7. doi: 10.1073/pnas.0500607102




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 More, Hiller, Seifert, Illig, Schmidt, Gronauer, von Hahn, Weilert and Stang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




[image: image]


OPS/images/fonc.2023.1220638/crossmark.jpg
©

2

i

|





OPS/images/fonc.2023.1220638/fonc-13-1220638-g001.jpg
Dietary intake BCAAs "

(Leucine, Isoleucine, Valine)

Blood circulation

Pancreas
Brain
- Eye
"y . Protein . Skeletal muscle
‘ expression Male/female tissues
@

GUT
BM & lymphoid tissue

BCAAs ’ and ...

/ 1BCAT112
mTORC1 BCKAs BCKDK

\®

BCKDH (Ea1) . \

1 Protein synthesis MEK/ERK pathway
~ Cell growth b "'

PPZCm
Propionyl-CoA Acetyl-CoA Acetoacetate
Succinyl-CoA —==) TCA Ketogenesis

ATP Glutamine synthesis
Tumor cell growth & proliferation
Tumor cell migration & metastasis

Cell

I : / Chemoresistance
Glycogenesis l / 1 SOX2
\» » USP1 and deubiquitylation of BCAT2





OPS/images/fonc.2023.1220638/table1.jpg
Approach/drug

BCAT1 knockdown

BT2

Silencing of BCKDK +
doxorubicin

Targeted
Therapies

BCKDK inhibition by siRNA
+ paclitaxel

BCKDK knockdown with
shRNAs

Transfection of anti-BCKDK
SiRNA

Rich-BCAA diet

Rich-BCAA diet

Dietary
interventions

BCAA supplementation

High-BCAA diets

High-BCAA diets

High-BCAA diets

High-BCAA diets

pe of canc

Malignant melanoma
Human study

HCC
In vitro

TNBC
In vitro

Breast and ovarian cancer
cells
In vitro

Ovarian cancer
In vivo and ex vivo

Non-small cell lung
cancer
In vitro

Pancreatic intraepithelial
neoplasia
LSL-Kras®"*"'*; Pdx1-Cre
(KC) mice

Pancreatic cancer
Case-control study

HCC
Human study

Breast cancer
In vitro/In vivo

Postmenopausal breast
cancer
Human study

CRC
A large case-control
study

CRC
Human study

comes

« Inhibiting the proliferation and migration of melanoma cells and decreasing
oxidative phosphorylation

« Increasing the residuals of BCKDH in culture medium
« Inhibiting BCKDK

« Downregulating BCKDK expression

« Reducing the intracellular concentrations of BCKAs

« Reducing the expression of genes involved in mitochondrial metabolism and
electron complex protein

« Consuming oxygen and ATP generation

« Intensifying apoptosis and caspase activity

« Inhibiting the proliferation of TNBC cells

« Upregulating sestrin 2 and simultaneously decreasing mTORCI signaling and
protein synthesis

« Decreasing BCAA levels
« Inducing the antitumor effects of paclitaxel
« Deactivating the mTORCI-Aurora pathway

« Repressing ovarian cancer cell proliferation and migration

« Reducing the expression of BCKDK
« Decreasing BCKDElo. phosphorylation
« Inhibiting the proliferation of the mentioned tumor cells

« GO/G1 cell cycle arrest
« Upregulating P21

« Inducing tumor progression

« A positive association between dietary BCAA intake and the risk of pancreatic
cancer

« Improving npRQ

« Increasing albumin levels

« Improving the quality of life

+ Reducing the Child-Pugh score
« Decreasing the recurrence rate
« Prolonging the overall survival

« Suppressing the growth of breast cancer cells and related lung metastases in
mice

« Impairing tumor cell migration and invasion

« Downregulating N-cadherin

« Decreased risk of Postmenopausal breast cancer

« An inverse association between BCAA intake and the risk of sigmoid colon
cancer risk

« A positive association between a higher dietary BCAAs intake and the risk of
all-cause mortality in CRC patients

(69)

(70)

(71)

(72)

(73)

(74)

8)

(11)

(75)





OPS/images/fonc.2023.1225220/fonc-13-1225220-g003.jpg
NAD Met
[t

NAD Met

150

B control

B Vet
B NAD + Met

Ly
] w2

Count






OPS/images/fonc.2023.1225220/fonc-13-1225220-g004.jpg
ATP (nM)100,000 cells.






OPS/images/fonc.2023.1225220/fonc-13-1225220-g005.jpg
mm Control
Met

Q
SN

== NAMPT
_ Bactin

NAD (puM)/ protein (ug/ml)
Growth Inhibition






OPS/images/fonc.2023.1225220/fonc-13-1225220-g006.jpg
Percentage of Dead Cells (%)

% of control

50
45
40
35

25
20
15
10

(8]

101
100

1

00
99
99
98

*

I

[

mMean (met-)

7| I
I i I
0 1 25

P7C3 Concentration (uM)

Met
Treatment

JMean (met+)

5

Met+P7C3






OPS/images/fonc.2023.1225220/crossmark.jpg
©

2

i

|





OPS/images/fonc.2023.1225220/fonc-13-1225220-g001.jpg
>

o

NAD (uM)
=S

@

Day 1

Con

Day 1

Met

Day 2

NAD (uM)

14
12
10

Con Met Con Met

DMSO

PARP





OPS/images/fonc.2023.1225220/fonc-13-1225220-g002.jpg
0

a Q o

00001 X S|1@D 2AN

o

K

2

Q
<
z

&8 8§ 8 & 2 =°

(%) s peaq jo abewadiayg

c
3
<
=]
o

8





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Unmasking metabolic dependencies for anti-cancer treatment in cancer



		Fatty acid metabolism: A new therapeutic target for cervical cancer



		1 Introduction



		2 Targeting de novo fatty acid synthesis



		2.1 Fatty acid synthase (FASN)



		2.2 ATP-citrate lyase (ACLY)



		2.3 Acetyl-CoA carboxylase (ACC)



		2.4 Stearoyl-CoA desaturase-1 (SCD1)









		3 Targeting fatty acid uptake



		4 Targeting fatty acid activation



		5 Targeting fatty acid oxidation



		6 Targeting the intracellular transport of fatty acids



		7 Targeting the intracellular lipolytic pathway



		8 Targeting transcriptional regulators of fatty acid metabolism



		9 Targeting other lipid metabolic pathways



		10 Dietary interventions



		11 Conclusion



		Author contributions



		Conflict of interest



		References









		Abnormal lipid metabolism in cancer-associated cachexia and potential therapy strategy



		1 Introduction



		2 Adipose tissue



		3 Changes of lipid metabolism in patients with CAC



		3.1 Catabolism of WAT



		3.2 Adipose tissue browning



		3.3 Activation of BAT



		3.4 Crosstalk between adipocyte and non-adipocyte



		3.5 Reduced lipogenesis









		4 Therapy strategy



		5 Conclusions



		Author contributions



		Funding



		Conflict of interest



		References









		Ability of metformin to deplete NAD+ contributes to cancer cell susceptibility to metformin cytotoxicity and is dependent on NAMPT expression



		Background



		Results



		Conclusions



		Introduction



		Materials and methods



		Chemicals and cell culture



		Trypan blue exclusive assay



		Phase microscopy



		Confocal microscopy



		Flow cytometry



		Western blot



		ATP assay



		Cytotoxicity assay



		xCELLigence data



		Construction of stable cell lines



		Overexpression of NAMPT



		Statistical analysis









		Results



		Discussion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		References









		Branched-chain amino acids catabolism and cancer progression: focus on therapeutic interventions



		1 Introduction



		2 BCAA biology



		3 BCAAs catabolism



		4 BCAA catabolism and cancer



		5 Therapeutic interventions



		5.1 Targeted therapies



		5.2 Dietary interventions









		6 Concluding remarks



		Author contributions



		Conflict of interest



		References









		Metabolic barriers in non-small cell lung cancer with LKB1 and/or KEAP1 mutations for immunotherapeutic strategies



		1 Introduction



		2 Clinical efficacies of ICI regimen to advanced NSCLC



		2.1 Heterogeneity of PD-L1 expression and ICIs efficacy in NSCLC



		2.2 Therapeutic efficacies of ICI regimens to advanced NSCLC with LKB1 and/or KEAP1 inactivation









		3 Glycolysis and glutaminolysis in NSCLC with LKB1 and/or KEAP1 inactivation



		3.1 Glycolysis in NSCLC with LKB1 inactivation



		3.2 Glutaminolysis in LKB1-inactivated NSCLC



		3.3 Glutaminolysis in KEAP1-inactivated NSCLC



		3.4 Glutaminolysis in NSCLC with co-occurring mutations of STK11 and KEAP1









		4 Discussion



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Integrative analysis of mitochondrial metabolic reprogramming in early-stage colon and liver cancer



		1 Introduction



		2 Materials and methods



		2.1 Colon adenocarcinoma and lung adenocarcinoma data



		2.2 RNA-seq analysis



		2.3 Principal component analysis plot generation



		2.4 Gene ontology enrichment analysis and gene set enrichment analysis



		2.5 Genome-scale metabolic model analysis



		2.6 Measurement of oxygen consumption rate and extracellular acidification rate









		3 Results



		3.1 Identifying common and unique transcriptomic signatures of colon cancer and hepatocellular carcinoma



		3.2 Comparison of transcriptomic signatures for mitochondrial energy metabolism in colon cancer and hepatocellular carcinoma



		3.3 HMGCS2: a possible key determinant of energy metabolism in GI malignancies



		3.4 Predictive modeling of HMGCS2-driven metabolic flux in GI malignancies









		4 Discussion



		5 Conclusions



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References



		Glossary









		The potential and challenges of targeting MTAP-negative cancers beyond synthetic lethality



		1 Introduction



		1.1 MTAP deletion creates therapeutic vulnerabilities in tumours









		2 The structure and function of PRMT5



		3 PRMT5 activity and cancer



		3.1 Epigenetic control of tumour regulating genes by PRMT5



		3.2 Transcription factor regulation by PRMT5



		3.3 The role of PRMT5 in splicing and DNA damage repair









		4 The function of MAT2A



		5 Pharmacological PRMT5/MAT2A inhibition and selectivity for MTAP-deficient cells



		6 Determinants of response to MAT2A/PRMT5 targeting beyond MTAP status as a route to effective treatment



		7 Conclusions



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		References









		Cellular specificity of lactate metabolism and a novel lactate-related gene pair index for frontline treatment in clear cell renal cell carcinoma



		Background



		Methods



		Results



		Conclusions



		Introduction



		Materials and methods



		Data acquisition and pre-processing



		Curation of genes involved in the lactate metabolism process



		Differentially expressed genes analysis and genomic heterogeneity analysis



		Single-cell RNA sequencing data analysis



		Western blotting



		Lactate metabolism-related gene pairs construction



		Development of a prognostic index using adaptive LASSO algorithm



		Deconvolution of the immune infiltration and gene set activity evaluation



		Predicting the correlation of LRGPI with frontline adjuvant therapy



		Statistical analysis









		Results



		Multi-omics analysis of differentially expressed lactate metabolism-related genes in ccRCC



		Disordered lactate metabolism processes in different cell types



		Establishment of a LRGPI to predict patients` prognosis



		External validation and efficacy comparison of LRGPI



		Correlation of LRGPI and targeted therapy for ccRCC patients



		Correlation of LRGPI and immunotherapy benefit for ccRCC patients









		Discussion



		Conclusion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References



		Glossary









		The kynurenine pathway presents multi-faceted metabolic vulnerabilities in cancer



		1 Introduction



		2 Role of the kynurenine pathway in cancer development and immune suppression



		2.1 Indoleamine 2,3-dioxygenase 1



		2.2 Indoleamine 2,3-dioxygenase 2



		2.3 Tryptophan 2,3-dioxygenase



		2.4 Arylformamidase



		2.5 Kynureninase



		2.6 Kynurenine 3-monooxygenase



		2.7 Kynurenine aminotransferase



		2.8 3-hydroxyanthranilate 3,4-dioxygenase



		2.9 Quinolinic acid phosphoribosyl transferase









		3 Targeting the kynurenine pathway for anti-cancer treatment



		3.1 Indoleamine 2,3-dioxygenase 1



		3.1.1 Epacadostat



		3.1.2 Navoximod



		3.1.3 Indoximod



		3.1.4 Others IDO inhibitors









		3.2 Indoleamine 2,3-dioxygenase 2 inhibitors



		3.3 Tryptophan 2,3-dioxygenase inhibitors



		3.4 Kynurenine aminotransferase inhibitors



		3.5 Kynureninase inhibitors and pegylated-Kynureninase



		3.6 Kynurenine 3-Monooxygenase inhibitors



		3.7 3-hydroxyanthranilic acid 3,4-dioxygenase and Quinolinic acid phosphoribosyl transferase inhibitors









		4 Perspectives



		Author contributions



		Funding



		Conflict of interest



		References









		Prognosis stratification and response to treatment in breast cancer based on one-carbon metabolism-related signature



		Introduction



		Methods



		Results



		Discussion



		1 Introduction



		2 Materials and methods



		2.1 Data source and processing



		2.2 Construction of the risk score model



		2.3 Prognostic model validation



		2.4 Independent prognostic analysis and nomogram construction



		2.5 Functional enrichment analysis



		2.6 Somatic mutations and immune infiltration analysis



		2.7 Immune checkpoints analysis and immunotherapy response assessment



		2.8 Drug sensitivity analysis



		2.9 Statistical analysis









		3 Results



		3.1 Prognostic characteristics and value of 1C metabolism-related genes



		3.2 Validation of the 1C metabolism-related genes model prediction effect



		3.3 Independent prognostic analysis and nomogram development



		3.4 Mutation landscape analysis



		3.5 Gene set enrichment analysis



		3.6 Immuno-infiltration analysis



		3.7 Immune checkpoints and immunotherapy research



		3.8 Drug sensitivity analysis









		4 Discussion



		5 Conclusion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References









		Metabolomics analysis reveals novel serum metabolite alterations in cancer cachexia



		Background



		Methods



		Results



		Conclusion



		Introduction



		Materials and methods



		Study population



		Clinical assessments



		Sample collection



		Metabolite extraction



		Metabolic analysis



		Data processing



		Statistical analysis



		Machine learning classification









		Results



		Clinical characteristics of the study population



		Metabolic profiling reveals distinctive patterns between patients with and without cachexia



		Significant metabolite differences unveiled between cachectic and non-cachectic patients



		Pathway analysis highlights global metabolic changes in cancer cachexia



		Robust logistic regression model predicts cancer cachexia with high accuracy









		Discussion



		Conclusions



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References























OPS/images/fonc.2023.1111778/fonc-13-1111778-g003.jpg
de novo I|pogenesns ‘

cervical cancer cell proliferation and cisplatin resistanceT

Cervical cancer growth and progression 1





OPS/images/fonc.2024.1286896/fonc-14-1286896-g002.jpg
Component 2 (5.7 %)

Scores Plot

Component 1 ( 8.1 %)

occ
o NC

Performance

10

@ Accuracy
o RrR2

@ o Q2
3
<
B
1 2 3 4 5
PLS-DA cross validation details:
Measure || 1 comps || 2 comps || 3 comps || 4 comps || 5 comps
Accuracy (0856 [los2s  [fos1  [losas [loss
R2 ossent |l06832 |(0.73647 [ 0.77079 [|0.70472
Q 045075 || 0.48664 |[0.44993 [ 0.43476 [| 0.41200






OPS/images/fonc.2023.1111778/table1.jpg
FA Metabolism T Effects Features References
FA Synthesis FASN FASN promoted CC cell migration, invasion, and lymphangiogenesis (28, 32, 33)
ACLY MiR22 downregulated ACLY and attenuated CC cell proliferation and invasion (34)
ACC Silencing of ACCu significantly promoted the apoptosis of CC cells (35-37)
SCD1 SCD1 level was associated with the CC stage, the overall survival rate, and the disease-free survival rate (38)
FA Uptake CD36 Overexpression of CD36 promoted the invasion and metastasis of CC cells in vitro and in vivo (39-42)
FA Transport FABP FABP promoted epithelial-mesenchymal transition, lymphangiogenesis, and LNM by reprogramming fatty acid (43-47)
metabolism
FA Activation ACSL4 Upregulated ACSL4 expression promoted CC cells ferroptosis (48-50)
FA Oxidation CPTIA High expression of CPT1A promoted lipid metabolism modification and CC progress I (51)
Intracellular ATGL (52)
Lipolysis
HSL Enhanced lipid catabolism contributes to the malignant progression of CC (53)
MAGL (54)
Transcription SREBP High expression of SREBP-1 promoted the proliferation of CC cells (55, 56)
Factors LPA LPA inhibited apoptosis of CC cells induced by chemotherapy (57, 58)

Lipid Metabolism CHOL Intersection of different metabolic pathways in CC (28, 59)
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What happens to the adipose tissue of patients with CAC?

Patients with CAC

A Catabolism of white adipose tissue
A Adipose tissue browning
A Activation of brown adipose tissue
V¥ Lipogenesis
@ Crosstalk between adipose tissue and
non-adipose tissue promotes lipopenia

Which ways we might treat lipopenia in CAC?

Ghrelin and Megestrol
can treat anorexia,
promote appetite, and
effectively increase
energy and nutrient
intake.

Aerobic and resistance
exercise can improve
muscle strength and
reduce inflammation.

Supplement calories with
enteral or parenteral
nutrition; adjuvant
therapy, such as probiotics
and unsaturated fatty acid.

NSAIDs and other drugs
may be beneficial to fat
preservation; developing
future drugs for abnor-
mal lipid metabolism.
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Therapy

strategy

Evidence

Reference

Exercise
training

NSAIDs

Unsaturated
fatty acid

Enteral feeding

Ghrelin

Megestrol

Gut
microbiome

Anti-diabetic
agents

Lipid lowering
agents

AMPK-
stabilizing
peptide (ACIP)

Carnosol

Piceatannol

Farrerol

ESM

Anti-PTHrP
antibody

Anti-IL-6
receptor
antibody

Selective 33-
AR antagonist

Anti-GDF15-
GFRAL
antibody
(3P10)

Patients with
cancer

Patients with CAC

Patients with
digestive system
neoplasm

Patients with CAC

Cancer patients
with anorexia

Patients with CAC

Patients with CAC

In vitro model and
murine model

Rat model of CAC

In vitro model and
tumor-bearing
murine model

In vitro model and
tumor-bearing
murine model

In vitro model and
tumor-bearing
murine model

In vitro model

Murine model

In vitro model and
tumor-bearing
murine model

Murine model

Tumor-bearing
murine model

Tumor-bearing
murine model

Aerobic and resistance exercise can improve patients’ muscle strength and decrease the levels of TNF-o and
CRP.

A pilot study shows patients who received celecoxib experienced statistically significant increases in weight and
BMI over controls, NSAIDs may improve weight in CAC patients.

The plasma levels of unsaturated fatty acids were decreased in patients with cachexia. Supplementation with
omega-3 fatty acids significantly increased skeletal muscle mass and decreased 1L-6 and TNF-0. in patients.

Enteral feeding is associated with improvement in decreasing body fat mass and inflammatory markers (CRP)
and increasing in lean body mass.

Ghrelin increases the energy intake of cancer patients with anorexia. It’s found to have a predominantly
positive effect on growth hormone plasma levels, weight gain,
increases in lean mass, and reductions in loss of adipose tissue.

High dose megestrol can significantly improve the appetite and body weight of some cancer patients with
cachexia, especially the body fat mass.

There are differences in gut microbiota between CAC patients and non-cachexic people, however, in one
prospective study, fecal microbiota transplantation is reported to be negative.

Metformin can deactivate HSL and counteract TNF-o. induced lipolysis thereby increasing lipid synthesis and
decreasing WAT browning.
Rosiglitazone is able to rescue breast cell induced lipid accumulation.

Simvastatin attenuates loss of body weight as well as muscle mass and improves cardiac function.

ACIP is able to ameliorate WAT wasting in vitro and in vivo by shielding the Cidea-targeted interaction
surface on AMPK.

Carnosol and its analogues exhibits anti-cachexia effects mainly by inhibiting TNF-0/NF-xB pathway and
decreasing muscle and adipose tissue loss.

Piceatannol can modulate the stability of lipolytic proteins, protect tumor-bearing mice against weight-loss in
early stage in CAC through preserving adipose tissue.

Farrerol attenuates TNF-o-induced lipolysis and increases adipogenic differentiation in 3T3-L1 cells.

ESM supplementation ameliorates anorexia, lean fat tissue mass, skeletal muscle wasting, reduced physical
function, lipid metabolism and microbial dysbiosis.

Neutralization of PTHrP in tumor-bearing mice blocks adipose tissue browning and also loss of muscle mass
and strength. It also prevents the lipolytic effects of extracellular vesicles.

Anti-IL-6 receptor antibody can inhibit WAT lipolysis and browning in cachectic mice.

Treating mice with the selective $3- AR antagonist ameliorates cachexia and decreases UCP1 levels in
subcutaneous WAT.

3P10 targets GFRAL and inhibits RET signaling by preventing the GDF15-driven interaction of RET with
GFRAL on the cell surface. Treatment with 3P10 reverses excessive lipid oxidation in tumor-bearing mice and
prevents CAC, even under calorie-restricted conditions.

(148, 149)

(150, 151)

(152-154)

(155)

(156, 157)

(158)

(130, 155)

(159, 160)

(161)

(116)

(162)

(20)

(163)

(129)

(56, 104)

(80)

(55)

(120)

TNE-01, tumor necrosis factor-0; NSAIDs, non-steroidal anti-inflammatory drugs; CAC, cancer-associated cachexia; IL-6, interleukin-6; CRP, C-reactive-protein; HSL, hormone-sensitive lipase;
WAT, white adipose tissue; AMPK, adenosine 5'-monophosphate (AMP)-dependent protein kinase; NE-kB, nuclear factor kappa-B; ESM, eggshell membrane; PTHIP, parathyroid hormone
related protein; B3-AR, adrenoceptor beta 3; UCP1, uncoupling protein 1; GDF15, growth differentiation factor 15; GFRAL, GDNF family receptor alpha like; RET, ret proto-oncogene.
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No
Cachexia

Cachexia

Sample size (n) 78 42

Patient data

Age,' year 68 (10) 65 (12) 0.074
Male® 46 (59) 17 (40) 0.053
ECOG-PS,* score <1 44 (56) 37 (88) <0.001

Body mass index (BMI)

Height,' cm 172 (10) 172 (10) 0.880
Weight," kg 62 (12) 78 (13) <0.001
BML,' kg/m* 209 (3.0) 264 (3.6) <0.001

Weight loss (WL)

WL, kg 6.5 (1.8) 0.2 (1.6) <0.001
WL 9.7 (3.6) 0.3 (2.0) <0.001
Food intake

Reduced,' (vs. unchanged) 59 (76) 11 (26) <0.001

Appetite loss

ESAS Score,” score 0-10 4.0 (3.0, 5.0) 2.0 (0.25, 2.0) <0.001
C-reactive protein (CRP)

CRP values® (mg/dl) 37 (9, 61) 14 (7, 30) <0.001

Clinical data

Smoking® 23 (29) 10 (24) 0.682
Alcohol® 26 (33) 17 (40) 0713
Vegetarian® 5 (6.4) 2 (47) 1.0
Diabetes 17 (21) 7(17) 0.644
Cancer type

Colon Cancer’ 25 (32) 16 (38.1) 0.707
Pancreatic Cancer® 23 (29) 9 (21) 0.532
Gastric Cancer’ 20 (26) 10 (24) 1.0
Liver Cancer® 7(9) 5(12) 0.754
Ovarian Cancer’ 3(3.8) 2(4.8) 1.0

Cancer stage

Metastatic Disease (stage

uIcc1vy? 78 (100) 42 (100) 1.0

Medication

Morphine® 20 (25) 7(17) 0.499
‘ Novaminsulfon® 23 (29) 9(21) 0.523
‘ Non-steroidal Anzdgetics3 14 (18) 10 (24) 0.642
‘ Pantozol® 8 (10) 7 (16) 0.403

Medication

Diuretics® 709 5(12) 0.754

Antibiotics (within <2 weeks)® 20 (25) 10 (24) 1.0

No Antibiotics (within
>3 months)’ 58 (75) 32 (76) 1.0

'Mean (standard deviation) [normal data distribution]; Welch two sample t-test applied to
compare groups.

2Median (quartile 1, quartile 3) [outside normal distribution]; Wilcoxon rank sum test applied
to compare groups.

3Count (percentage); Pearson’s Chi-squared test applied to compare groups.





OPS/images/fonc.2024.1286896/fonc-14-1286896-g004.jpg
Cachexia

Non-cachexia

class

Glucose
Fructose MP
Fructose BP
Glucuronic acid MP
Glucuronic acid BP
RI11682.99
RI11466.10
RI11466.09
Proline
Glycine
Threonine
Serine
Ornithine
RI1636.47
RI1551.98
Lysine
Methionine
Tyrosine
RI11619.27
1,5-Anhydro-D-gluc
Glutamine
RI11753.05
RI1611.90
Homocystine
Erythronic acid
RI2181.61
Maltose
RI3593.15
RI2427.29
Isoleucine
Valine

Leucine
RI2260.99
RI2310.92
Alanine
RI12300.40
RI2960.14
RI11996.22






OPS/images/fonc.2023.1253783/fonc-13-1253783-g005.jpg
B G

184 165 130 86 41 21 7 1 184 159 106 40 10 Age 1.1e-06 1 (1_1) ]
% 31 i Sex(ref.remale) 6.7e-010.94 (0.69-1.3) H&
3
o - 2
E 8 § i Clinical_Stage(ref.l/Il) 1.3e-16 3.8 (2.8-5.3) —a—
£ .| s _ |
$ s 8 ° T_Stage(ref.ll) 1.7e-13 3.1 (2.3-4.3) .
1 &
& ! = M_Stage(ref.M0) 7.9e-20 4.3 (3.1-5.8) —
R e 420 N_Stage(ref.N0O) 2.2e-04 3.3 (1.8-6.2) ——
Log(h) Log Lambda
Grade(ref.low) 2.6e-08 2.6 (1.9-3.7) —a—
C D
TCGA-KIRC TCGA-KIRC
- . LRGPI 4.0e-31 2.7 (23-32) ——
——————————
5 LRGPI=iow g g 05 1 15 2 25 3 35 4 45 5 55
£ om § o Hazard ratio
g 1
H H
3 H 0.0001.04 (1.02-1.06) =
£
3 oz %, 02s. Clinical_Stage(ref.l/Il) 0.588 1.29 (0.51-3.24) ——=——
H p<0.0001 H
| I s T_Stage(ref.l/Il) 0.895 1.06 (0.46—2.44) ———s———
g oo
R R R T e B o N_Stage(ref.N0) 0.997 1 (0.49-2.05) ——=——
Number at risk Nomberakrisk M_Stage(ref.M0) 0.000 2.77 (1.64-4.66) —_——
AT % W % % B otz e s s w12
fekeupper 266 179 114 54 23 10 3 0 RGPS 23 128 S8 2 12 4 0 Grade(ref.low) 0.339 1.29 (0.76-2.19) +——=——
LRGPI 0.000 2.13 (1.68-2.68) —a—
1T rrr1_
E F
05115 2 25 3 35 4
o Hazard ratio
H
o7y ) res.cox coxph
] £ Pabits, o o0 e L 00
!g é - T_Stage 5
H g Grade f:ﬂ
H AUCat1 yoars =0.778 H AUCat 1 yoars = 0678 e i
o] AU 3 yoars = 0720 & . ®
B T T T “%o o ok o 1o LROEE™ = =05 o5 5 s
False positive rate False positive rate Total points
1 J
o
- @
_ 3
£
w 8 3
s
i E 3 >
h. 2 2
o o ¥
S
w N
e S
Er 00 02 04 06 08 10

Nomogram-prediced OS (%)






OPS/images/fonc.2023.1253783/fonc-13-1253783-g006.jpg
Overall survival (percentage)

05

Fatty_Acid_Degradation

0, 1 14 110 1
) o H
IRGPI
EATAB-1080 D . E-MTAB-3267
o 1.00
100 g
incpison E
2 0.75
0.75- LRAGPI=high =4 frem——
g 0.50
0.50- 4
& -
§ %% p-ooote
028 2 p=o.
p=0035 ]
g 0.00
0.00- [ 0 20 40 60
I T Time (Months)
. s honng) Number at risk
Number at risk
LRGPI=low 26 10 6 0
LAGPI<ow 50 46 37 23 15 9 4 2 LRGPI=high27 4 0 0
LAGPI=honS1T 40 30 21 12 6 3 1
e G 0S for TCGA-ccRCC
o
075 o
S
£
£ £2-
S 050 =
H 2 AUC of LRGP!I: 0.783
g B s AUC of Sun: 0.720
E
o
0.25 AUC at 1 years = 0.657 c 7|
AUC at 2 years = 0.725 ° p=0.005632
AUC at 3 years = 0.768 e T T T T T T
%00 o035 050 (23 1.00 00 02 04 06 08 10
False positive rate 1 - Specificity
0S for E-MTAB-1980 J PFS for E-MTAB-3267
o o
[ @
o o
E z e |
2 ° 2
e AU%“‘?:;Z':F g»;'g; K AUC of LRGPI: 0.628
$ S ° o B S AUC of Sun: 0.529
[ o
S S
p=0.9130 p=0.4777
S . e 4
° T T T T T T ° T T T T T T
00 02 04 06 08 10 00 02 04 06 08 10
1 - Specificity 1 - Specificity

True positive rate

~ R=-024,p=3.4e-08 -

Fatty_Acid_Elongation

0, 10— N 01 1 |
2 o H
IRGPI

075

050

AUC at 1 years = 0.753
025 AUC at 3 years =0.780

AUC at 5 years = 0.722

000+
0.00 025 0.50 075 10
False positive rate
DFS for TCGA-ccRCC
]
L
)
2 9 |
B
K] AUC of LRGPI: 0.718
3 g - AUC of Sun: 0.684
L
©
o p=0.21
s T T T T T
00 02 04 06 08 10
1 - Specificity





OPS/images/fonc.2023.1253783/fonc-13-1253783-g007.jpg
Sunitinib_response [l NR [ R

Wilcoxon, p = 0.6

T E-MTAB-3267 s
& B Sunitinib_response [Jll R [ R c
£ 1.00
£
8 3
4 -0.09 Wilcoxon, p = 0.15
% 075
H » 011 2
2 os0 fow 8
g o g i
8 £-0.13 g
§ oz 3 [
2 p=064 0
g ka -0.15
5
I 0.00
& [ 20 40 60 1
Time (Months) -0.17
Number at risk
Sun's=low 26 9 3 0 NR R
Sun's=high 27 5 3 0
Checkmate: Everolimus-treated Arm E Checckmate: Everolimus-treated Arm
Y
1.00 & 100
— 8 p=0.11
F) 3
g S
5 075 g o
g g
= H 0.50
g o 3o
4
B 025 s 025
3 [
g LRGPI=high
0.00 g 0.00
0 20 40 60 o 0 10 20 30 40
Time (Months) Time (Months)
Number at risk Number at risk
LRGPI=low 65 37 19 4 LRGPI=low 65 12 7 1 0
LRGPI=high 65 25 11 2 LRGPI=high 65 9 2 1 0
TCGA-KIRC G
Sunitinib Temsirolimus Sunitinib
wucoxon p=v.a4e- m wicgxon, p = u.uu2s wiiGoxon, p = 0.014
5-
) 3 o- a®
2 2 2
1] Q Qas-
5 4- s El
3 3 3
T T 4. T3
E E E
@3- @ B 36-
it it i)
2- 2]
Low High Low High Low High
GPL570 1
Sunitinib Temsirolimus Sunitinib
wiicgxon, p < z.2e~y | TR E=IY wiiggxon, p = 3.1e-13
40- 407 .
g 8o Bao-
Bas- 3 Bas-
E] 5 4 |
£ E E37-
(f o6~ I 5] @ 3s-
35-

Low High

Low

High

o]

NR
E-MTAB-1980
Temsirolimus
WIICOXON, P = U.4/ ¢
00-
2
8 -os-
3
£ -10-
£
g-1s
-20- L
Low High
GPL10588 i
Temsirolimus
wiicoxon, p = 1.ze~§/
00- L
g -05-
B -10-
]
£ .
@
i) .
_20-

Low High





OPS/images/fonc.2023.1253783/fonc-13-1253783-g008.jpg
LRGPI B8 high B3 low Pathway Generanks  NES pval  padj
MHC Class Il * 1.87 1.26-043.56-03
s s NS s NS s s s NS GPAGS . 1.83 1.16-043.56-03
- \ Neutrophils_Bindea et al ** 1.74 4.3e-041.0e-02
s CD_8_T_effector "' 1.62 3.86-033.16-02
- EMT3 " 1.61 3.26-033.0e-02
04

IFNG_signature_Ayers_et al ' 1,58 4.70-033 30-02
T_cell_exhaustion_Peng_et al : +1.54 1.40-03 1.96-02
ICB_resistance_Peng_et_al - 151 2.1e-032.30-02
Cytokine_Receptors_Li_et_al .48 1.00-043.56-03
TCR_signaling_Pathway_Li_et_al ©1.44 1.0-03 1.50-02
Antigen_Processing_and_Presentation_Li_et_al 1.40 8.06-04 1.56-02
Natural_Killer_Cell_Cytotoxicity_Li_et_al 1.35 4.26-033.1e-02
MDSC_Peng et al " 2 & .694.0e-03 3.1e-02

Interferons_Li etal =~ -1943.1e-033.0e-02
6 sooo 10800 15500

Cell Abundance(%)

TCGA-KIRC D E-MTAB-1980
G TCGA HH high ES tow H E-MTAB-1980 B high ES low
- 1 1 1 = 1 1 9 high
=
s s o — 1 -
3 $
2 T
8 1 0735 1 1 low 8 1 1 1 1 low 6 . 5
D-v‘lul ot o
08 7 z =
. 04 .
0.986 0.827 0973 high 6> 5 . 0.889 high Yy E§ Eﬂ(
£ < g
I3 2
] 2
0702 0796 low
o
N & < &
&
9
F GPL10588
1 GPLS70 BB high B iow J GPL10SS8 B High B low
e 1
g = 1 il high B N -
5 g 50
2
: H -
a 1 1 1 1 s
L P”TI"' a g U L U ked P.value - = | =
08 3 I i z
: 08 FE0) 2
05 06 3 £
9 o B3 g
= 02 - high  My; Zos g
£ g
ke E 6
2 o s o0
0782 0848 0921 0795 low 0786 0660 Gemm o [
5
£y ES @
&
Ry W
& & & &
K All RCC patients = PD-L1+ RCC patients M - PD-L1- RCC patients
@ ) ?
2 100 'E‘?’ 1.00 §' 1.00
€ T
8 8 g
8 o & ons 8 o
s g £
e = g
2 050 3 050 3 050
H 2 8
b T !
§ 025 § 0z § 025
2 a
4 8 g
8 o000 8 000 8 o000
= [ 5 10 15 20 E3 LS [ 5 10 15 20 E3 & [ 5 10 15 20
Time (Months) Time (Months) Time (Months)
Number at risk Number at risk Number at risk
LRisk 177 128 56 21 2 0 LRisk 123 93 39 14 2 0 LRisk 55 39 18 6 0
HRisk 177 124 57 28 3 0 HRisk 122 83 32 16 2 0 HRisk 54 37 24 13 1





OPS/images/fonc.2023.1253783/fonc-13-1253783-g001.jpg
DELMRG analysis in TCGA-

sc-RNA seq analysis in GSE159115 '
J

KIRC/GPL570/GPL10588
. spa————— I
o ons AUCell/Scpubr:
Protein level validation in CPTAC and HPA lactats matabolism procoss l

i

Mutation/CNV/methylation analysis of DELMRG

FindAllMarkers: Cell-specific lactate metabolism
markers

| CytoTRACE: cancer stemness with LDHA

:

‘Western blot: LDHA/LDHB expression in RCC
cell line

L 2

Step 1. Prognostic lactate-related genes

EMTAB- 1940
EMTABI)

(GPLSY0 plfoem (GSE36495, GSES3757, GSEG272,
(GSEIIT31, GSE4G699, and GSEZIS41 )

GPLIOSSS pltform (GSEAO41S, GSE10S261, and
GSESSHIS )

74 genes from 6 lactate
metabolism GO items

Gene alias check in all datasets,
64 consistent genes retained

I

Uni-variate cox regression,

Chockmate Genes correlated to patient OS
Savetia 101 (p<0.05)
E 2
Step 2. Lactate metabolism-related gene pairs
Expression profile G
LMRG with LMRG with
prognostic prognostic LMR((P:E)“"“ f:;: Patient1 | Patient2 Patient(n)
value (Gi) value (Gj) = - = =
® 3 ® 59 0 | | |
P13 | 0 1 1
® 56 ® 53 =3 | |
P4 |1 0 = ]
P15 0 0
P16 0 0

Step 3. lactate-related gene
pair index (LRGPI)

Pij inall
| patients in
L_TCGA-KIRC

‘ Pij=0 or 1in
| >70% patients?
L

Yes w
Pij
abolished

-

retained

- LMRGP
| correlated with
0S (p<0.05)

LRGPI=2®

+  Prognostic value assessment and comparison

+  Correlation of LRGPI to ICB response

Esmana 50






OPS/images/fonc.2023.1253783/fonc-13-1253783-g002.jpg
e Tres — .
; [] neon2 e Alterations
. S, W Viutated
i SLC5A12  ne——
1 MED! =~ o—
1 B ———
5 5 A PCT
o

i ‘
A i i A
QLA AR LN
I
JHLCE LA g
‘ 'h‘w‘ fh i

1)
Jinet '\‘h\y"u%\l‘v; i
(i il \l‘“fhl | 0‘;\”1 lx[““ i |1\Lﬂ’ur“x'w|‘u"“ uw FKD

l[h\‘
|

‘Jl LA Hlm\ \‘1 F:I‘\ U!ﬂ‘ L He2

(LT
H““W‘ ‘)'H{“w”‘ | ‘;,MIW
i It

T,
FIRIRR

R PAM
T

CDo1

Alterations

[ Gain

M High_balanced_gain
L

0SS
R s I High_balanced_loss






OPS/images/fonc.2023.1253783/fonc-13-1253783-g003.jpg
Plasma celltype
A : @ Bcell
@® Endo_ACKR1
@® Endo PLVAP

0 o
umor .
. ® Macro
sample ] @ Macro_MKI67
@® normal Toell_CD! o @ Mast
@ tumor Nacro_ VKIS E - : Peri
. o i Plasma
Mast
A @ Teell
Az
x kS @ Tcell_CD8
S 2 @ Tumor
UMAP1 UMAP1 ® vwsmc
GO_LACTATION GO_LACTATE_METABOLIC_PROCESS GO_LACTATE_TRANSMEMBRANE_TRANSPORT
Wilgpxon, p < 2.2e-16 Wilcpxon, p < 2.2e-16 06 Wilcpxon, p < 2.26-16
044
0.2
039 0.4
0.2
0.1
02
0.1
00 00 00
2 s 2 g = 2
GO_LACTATE_TRANSMEMBRANE_TRANSPORTER_ACTIVI GO_LACTATE_DEHYDROGENASE_ACTIVITY GO_L_LACTATE_DEHYDROGENASE_ACTIVITY
wilcpxon, p <2.2e-16 Wilcoxon, p <2.216 ! Wilgpxon, p <2.26-16 |
0.6 08 0.6
04 o4 04
0.2 021 0.2
00 0.0 00
g £ g g g g
H s H 5 3 5

GO_LACTATE_TRANSMEMBRANE_TRANSPORTER_ACTIVITY
GO_L_LACTATE_DEHYDROGENASE_ACTIVITY

GO_LACTATE_DEHYDROGENASE_ACTIVITY
GO_LACTATE_TRANSMEMBRANE_TRANSPORT
GO_LACTATE_METABOLIC_PROCESS
GO_LACTATION






OPS/images/fonc.2023.1253783/fonc-13-1253783-g004.jpg
A B HK2 ACHN 786-0 0OS-RC-2 c

Peri
Tcell_CD8
B-actin Endo_ACKR1

Mean expression
in group

Macro_MKI67
HK2 ACHN  786-0 0OS-RC-2 vSMC

LDHC j Plasma
1 Mast
B-actin Tumor

tumor normal

D E

CYBSA
HINTA R=027,p=3.2e-10
GAPDH
ALDOA
TP
CRYAB
NNMT
NDUFA4L2
LDHA.

MIF
MS4A7
MS4A6A
RGS1
Clorf162
LST1
FCER1G
SRGN
AIF1
LAPTM5
TYROBP

Fraction of cells
in group (%)
BCRCNCNC)

0 10 20 30 40

Slc2A /@@ oooo0o00 0000
SLC16Al /@ - o0 0O @O0 0@ 0@ @

SLC1SA4.oooo.ao..0

07

Cancer stemness
°
&

05

06 -04 -02 00 02 04 06 08 5 3
Correlation with CytoTRACE LDHA expression






OPS/images/fonc.2023.1264785/table3.jpg
Drug Name Structure Clinical trial Clinical trial =~ Cancer type in trial Citation
identifier (if stage (if (if applicable)
applicable) applicable)
Cycloleucine 1)
Aminobicyclo-hexane- 92)
carboxylic acid
FIDAS agents (generic (93, 94)
structure) - X, Y and Z
are variable groups
PF-9366 (95)
o
AGI-25696 (96)
HC.
Z | X
\N NS
AG-270 (5095033) N NCT03435250, Phase 1, Advanced solid tumours, (74)
| NCT05312372 Phase 1/2 Lymphoma, Oesophageal
7z squamous cell carcinoma
.
| N
o N °
{
Compound 28 ©\ o 97)
W
AN v
\ \
o 7
IDE397 Not published NCT04794699 Phase 1 Solid tumour No publications





OPS/images/fonc.2023.1253783/crossmark.jpg
©

2

i

|





OPS/images/back-cover.jpg
Frontiers in
Oncology

Advances knowledge of carcinogenesis and
tumor progression for better treatment and
management

The third most-cited oncology journal, which

therapeutics and management strategies.

Discover the latest
Research Topics

Averue du Trbunal-Fédéral 34
1005 Lausanne, Switzeriand
nontersinor.

Contactus
+41(0215101700

2 frontiers | Research Topics






OPS/images/fonc.2023.1288909/fonc-13-1288909-g001.jpg
:

MAT2B-I

=
£
@

GSE20685 dataset
(327 BC samples)

TTTTIATIXTTLTTILTTITITTTIT 6655320

8
3019 genes were identified . "
after univariate Cox regression analysis 5 s 1
(P<0.05) ‘;‘ -
g . |
intersection 72 1C metabolism-related genes g ©
from the MsigDB database 5
= settt
S PAbttterttesttttitertttartiree
9 genes were identified as intersecting ° -
log-rank test (P <0.05) P I — = = + =
] T T T T T
r 5 4 3
7 genes were identified by LASSO Log(i)
Cox regression analysis
7 7 7 7 5
+ Validate in the
A 7-gene 1C metabolism-related signature was GSE88770;
identified by multivariate Cox regression analysis GSE58812; 8
GSE61304
8
| Independent prognostic analysis |<————-| Construct a predictive nomogram | . 7
£ 9]
Function enrichment analysis |«————————————>/ Immune infiltrate and checkpoint analysis 8
bR
Somatic mutations analysis | «—————————————{————————»|  Drug sensitivity analysis
&1
Analysis of the 7 1C = : N : .
metabilism-related genes k4 E 5 4 3
Log Lambda
Stata - MATZB-high == MATZB-iow Stata - AHCYLI-high = AHCYLI-low Strata - SHMT2-tigh SHTZ-low Strata - CHPTI-high CHPTI-iow
1.00- 1.00- 1.00 1.00:
0.75- - 0.75: T — = 075 0.75:
£ £
050 |3 050 g 050 050
£ ]
0.25- S 0.25: g 0.25: 025
p=1e-04 @ p=00012 3 p=00033 p=0036
0.00- 0.00 0.00 0.00-
o 40 80 120 160 0 40 80 120 160 0 40 80 120 160 0 40 80 120 160
Time in months Time in months Time in months Time in months.
Number at risk Number at risk Number at risk Number at risk
wAzE-noftes 183 118 52 1 Bascriinodies 148 114 59 4 Foswrznofies 142 9 43 1 ForPTinofes 183 110 56 3
ea 139 50 Sancviiiodies  1aa 00 a3 0 S SHurz-iovies 115 3 EcHeTiofisa 130 do4 45 1
3 40 8 120 160 ] 40 80 130 160 3 £g [ 120 160 ] 0 (] 130 160
Time in months Time in months Time in months Time in months.
Siata - DNNITI3-high DNMTIE-low Strla - CHOH-1igh== CHOH-Tow Strta - CHKB-high = CHKE-low
1.00 100 1.00
3
8
3
]
0.50 0.50 a 0.50
®
£
0.25 0.25: £ 0.25:
. p=0.0032 3 p=0023
0.00 0.00 0.00
0 40 80 120 160 o 40 80 120 160 0 40 80 120 160
Time in months. Time in months Time in months
Number at risk Number at risk Number at risk
ONWTIE-no163 137 98 48 155 110 54 1 8 ofte2 153 114 3 3
[164 155 116 54 137 104 48 3 & [165 139 100 56 1
0 40 80 120 40 80 120 160 0 40 80 120 160
Time in months. Time in months Time in months
12
<. ) .
12
" Py
" .
B S ol - Risk
H S X [N =T
5, = < o =
10 10
7
8






OPS/images/fonc.2023.1288909/fonc-13-1288909-g002.jpg
1.00
0.75
Z
=
B 050
3
025
= AUC of 2-y survival: 0.79)
= AUC of 3-y survival: 0.76
== AUC of 5-y survival: 0.78
0.0
0.00 025 0.50 0.75 1.00
1 - Specificity

Strata == islowisk < renighisk

100!
ors!
=
1.
g
s
3
02!
p<0.0001
000!
[ @ ] 120 160
Time in months
Number at risk
g o 183 155 121 56 3
B g 164 137 93 46 1
[3 B “ R 0 N 120 60

Time in months

risk score

o
0

150

i -"-"..‘.'-‘s’:&"‘-":'_‘“""?",\r;;':; "c‘\‘“’ T

-‘:e""
(11 | Hll HIIMMH

e e W ’
”“l' I" ’IJ it M I ll‘ 14' '

o cu v
0 ™ = . L Y -
3 100 %0

W l”ﬁl i (’Jll “ "‘

i

gl vl]ll IJ HI|l|\| v “f h

sHuT2

Il
I IIHV

cHPTI

0757

~— AUC of 2-y survival: 0.84,
—— AUC of 3-y survival: 0.71
— AUC of 5-y survival: 0.76

0.00 025 !l.‘fﬁ 0.75 1.00
1 - Specificity

Strata == rieowrisk = ri=nghisk

Survival probabilty

0001
] 3 160 150 20
Time in months
g 57 43 16 0
o 48 27 1 1
o % 100 150 20
Time in months.

-n

g 2 i

g o lowrisk

I

2 2.  highrisk
20 event

o 10

g n  deatn
50 o ane

group.

] I o

| | W7
:
wois B
‘

“, ‘J Illpll II||II |I| :





OPS/images/fonc.2023.1288909/fonc-13-1288909-g003.jpg
1.00

075

0504

Sensitivity

025

= AUC of 2-y survival: 0.62
= AUC of 3y survival: 0.71
= AUC of 5y survival: 0.71

0.004%
0.00 025 0.50 075 1.00
1 - Specificity
c Strata = rislowrisk < rishighrisk
100]
081
z
I
g
=
]
0251
p=0.037
oood
§ @ % B3 £
Time in months
Number at risk
o riowisk | 53 46 22 8 1
:% riehighrisk {54 36 20 8 4
§ © w 3 w
Time inmonths
2 -
5 1 }
0
3 |
T 2 .
b % % 3 L3
v IR | 11 I
o | 111
aons |
CHDH i
i 1 Il 1 I I II
one Il |
o | | §ll | Il

i
o lowrisk
© highrisk

© death
. aive

group.

lowrisk
highiisk.

1.00
0757
2
2 050
2
3
0254
= AUC of 2-y survival: 0.70
— AUC of 3y survival: 0.74,
— AUC of 5~y survival: 0.64
0.00
0.00 035 050 o075 100
1 - Specificity
D Strata 5 riownisk = rengnsk
100
075+
£
£ .
2
H
3
025
oo
] 2 “ & &
Time in months.
Number at risk
5 relowiek 28 20 10 3 1
& s |20 15 6 3 0
o EY “ &

Time in months

F

© i
g o ok
_‘é * highrisk
80: event.
&0
g o o deatn
£ & .
& alve
group

l

e
il ¥
s

wazB

o 1 I

N |'J'
= "'w.r!'






OPS/images/fonc.2023.1256769/fonc-13-1256769-g002.jpg
TCGA

Cancer Type  Case number Correlation(95%Cl) p value
ACC 78 0.42(0.21100.59) — 0.0001

BLCA 407 0.58(0.51100.64) —— <0.0001
BRCA 1082 0.66(0.63 10 0.70) i~ <0.0001
CESC 294 0.57(0.48 10 0.64) — <0.0001
CHOL 36 0.65(0.40t00.81) —— <0.0001
CRC 592 0.43(0.36 10 0.50) —— <0.0001
DLBC 48 0.76(0.60 0 0.86) —— <0.0001
ESCA 181 0.61(0.51100.70) —— <0.0001
GBM 160 0.23(0.07 10 0.37) —— 0.0041

HNSC 515 0.64(0.5910 0.69) i <0.0001
KICH 65 0.40(0.17 10 0.59) — 0.0008

KIRC 510 0.43(0.36 10 0.50) —— <0.0001
KIRP 283 0.32(0.21100.43) —— <0.0001
LGG 514 0.31(0.23100.39) —— <0.0001
LHC 366 0.22(0.12100.32) —— <0.0001
LUAD 510 0.50(0.43100.57) —— <0.0001
LusC 484 0.68(0.63100.73) —i- <0.0001
MESO 87 0.51(0.3310 0.66) — <0.0001
ov 300 0.57(0.48 10 0.64) — <0.0001
PAAD 177 0.64(0.54100.72) — <0.0001
PCPG 178 0.49(0.36 10 0.59) —— <0.0001
PRAD 493 0.53(0.46 10 0.59) —i— <0.0001
SARC 253 0.67(0.59100.73) —i <0.0001
SKCM 443 0.75(0.70t0 0.79) i <0.0001
STAD 374 0.50(0.4210 0.58) —— <0.0001
TGCT 149 0.80(0.73 10 0.85) —i- <0.0001
THCA 498 0.50(0.4310 0.56) —i <0.0001
THYM 119 0.67(0.56 10 0.76) —— <0.0001
UCEC 527 0.54(0.48 10 0.60) —— <0.0001
ucs 57 0.38(0.13100.59) —— 0.0035

uvMm 80 0.59(0.43100.72) —— <0.0001
Overall 9860 0.59(0.58 to 0.61) > <0.0001
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Compound Structure Cancer types Phase
IDO1, IDO2 and TDO2 inhibitors
Epacadostat r SKCM, RCC, NSCLC, BLCA, SARC, Clinical/Phase
F CRC, OVC it}
Navoximod Solid tumors Clinical/Phase 1
Indoximod SKCM Clinical/Phase
/1t
BMS-9862424 ovc PD
Cl
Linrodostat N\ BLCA, Clinical/Phase
| i
i ¥
“H
0.
/©/ "
cl
YH29407 No information available CRC Preclinical
PF-06840003 Rl MG Clinical/Phase T
/
F
(0]
N0
KHK2455 No information available Solid tumors Clinical/Phase T
LY3381916 No information available Solid tumors, NSCLC, RCC, TNBC Clinical/Phase 1
MK-7162 No information available Solid tumors Clinical/Phase T
TACS-9779 None in vitro
PD
TACS-70465 F z H None in vitro
H N PD
NP \CL
x ) m cl
[
IDO1-PROTAC b N'R F\C\ GBM Preclinical
o )
1 CRC Preclinical
o
N
p
F—( : : —N
—
3,4-dichloro aryl ring diaryl cl None Preclinical
hydroxylamine cl l I PD
ONH,
2-chloro aryl ring diaryl Cl None Preclinical
hydroxylamine O O PD
ONH;
4-aryl-1,2,3-triazole H None in vitro
N PD
N° )
N
Tenatoprazole None in vitro
_O | N
F
Compound 4t Br. F CRC in vivo
(He X.)
W-0019482 NH, GBM, LLC Preclinical
Cl
=
N
N~ O
680C91 / N SKCM, CRC, LM, HCC in vitro
——
=
N\
F NH
LM10 H HCC in vitro
F N
@x
N‘/ NH
NN
Sodium Tanshinone IIA Sulfonate (e} CRC Preclinical
o Q
‘ V—§-0Na
SO
RG70099 No information available GBM Preclinical
M4112 No information available Healthy subjects Clinical/Phase T
HTI-1090 No information available Solid tumors Clinical/Phase T
DN1406131 No information available Healthy subjects Clinical/Phase 1
TACS-8968 F F GBM Preclinical
E AN
N
N7
N
iq;gfo
NH
o
EPL-1410 No information available SKCM, CRC Preclinical
RY103 [o) GBM, PC Preclinical
R
Ry N
P
N
o
Compound 4 A HCC in vitro
(Hua S.) -
N
N
0)\\\(
S/\/\/\/O
_N
P
NO;
Compound 5 R HCC in vitro
(Hua S.) —
KYNU inducers
S-phenyl-l-cysteine sulfoxide NA in vitro
Oestrone sulphate NA in vitro
O-methoxybenzoylalanine NA in vitro
Bensarazide hydrochloride OH H NH, NA in vitro
HO _N OH
N
O «HCI
HO
PEGylated-KYNU NA SKCM, TNBC, CRC Preclinical
KMO inhibitors
GSK065 B NA in vitro
W M
N
o o]
N
Cl
OH
o
GSK366 | A NA in vitro
< N
N
o o
N
Cl
OH
O
UPF-648 j o CRC in vitro
HO™ V)\@[CI
cl
Ro 61-8048 NO, CRC in vitro
7/ N
|
S/kNH
B I
o
|
GSK3335065 H [¢] NA Clinical/Phase T
N\(\(U\
X
| ” /\‘/\ N
OY N N 2N OH
HAAO inhibitors
NCR-631 COOH NA Preclinical
Br NH,
OH
Br
3-hydroxyanthranilic acid COZH NA Preclinical
derivatives Rs. NH,
Rs OH
Rs
QPRT inhibitors
Phthalic acid COOH BRCA in vitro
COOH
NF340 BRCA in vitro

BLCA, bladder urothelial carcinoma; BRCA, breast cancer; CRC, colorectal cancer; GBM, glioblastoma; HCC, hepatocellular carcinoma; LALM, acute myeloid leukemia; LLC, Lewis lung
carcinoma; LM, leiomyoma; MG, malignant glioma; NSCLC, non-small cell lung cancer; OVC, ovarian cancer; PD, pharmacodynamic; RCC, renal cell carcinoma; SARC, sarcoma; SKCM, skin
cutaneous melanoma; TNBC, triple negative breast cancer.
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Subject of research

Treatment
setting

Treatment regimen

Overcoming
mechanism

Primary
outcome

Ongoing trials where STK71 mutation is a stratification factor

CodeBreaK201
NCT04933695
(124)

KRYSTAL-1
NCT03785249
(125)

Ongoing trials

FAME
NCT03709147
(126)

BeGIN
NCT03872427
(127)

NCT04471415
(128)

CAPTUR
NCT03297606
(129)

NCT05469178
(130)

NCT05704634
(131)

NCT05275868
(132)

KontRASt-06
NCT05445843
(133)

NCT05276726
(134)

KRAS G12C mutant NSCLC with
PD-L1 < 1%, stratified by STK11
co-mutation

Solid tumor harboring KRAS
G12C mutation, stratified by
STK11 co-mutation

LUAD with LKBI inactivation

Solid tumor harboring NF1/
KEAP1/STK11 mutation

NSCLC harboring KEAP1/
NFE2L2/STK11 alteration

Solid tumor harboring STK11/
NFI1/NF2/other mutation

NSq-NSCLC harboring STK11
mutation

NSCLC harboring STK11
mutation

NSCLC harboring NFE2L2/
KEAP1/CUL3 alteration

KRAS G12C mutant NSCLC
harboring co-mutation of STK11
and PD-L1 > 1%

NSCLC harboring co-mutation of
KRAS G12C and STK11 and
KEAPI wild-type

Treatment
naive

Previously
treated

Treatment
naive

Previously
treated

Previously
treated

Previously
treated

Treatment
naive

Previously
treated

Previously
treated

Treatment
naive

Any

AMG510 (Sotorasib)

MRTX849 (Adagrasib)

Platinum+PEM+Pembrolizumab
+Metfolmin Platinum+PEM
+Pembrolizumab+Metfolmin+FMD

CB-839 (Telaglenastat)

DRP-104 (Sirpiglenastat)

Temsirolimus

CBDCA+PEM+Pembrolizumab
+Bemcentinib

Cemiplimab+Sarilumab

MGY825

JDQ443 (Opnurasib)

JAB-21822

KRAS G12C
inhibitor

KRAS G12C
inhibitor

Biguanide and
Nutrient
Deprivation

Glutaminase
inhibitor

Glutamine
antagonist

mTORC1
inhibitor

AXL inhibitor

IL6-receptor
antibody

unavailable

KRAS G12C
inhibitor

KRAS G12C
inhibitor

Phase 2

Phase 1/2

Randomized
Phase 2

Phase 2

Phase 1/2a

Phase 2

Phase 1b/2a

Phase 1b

Phase 1

Phase 2

Phase 1b/2

ORR

Safety,
ORR

PFS

ORR

Safety,
ORR

ORR

DLT, ORR

Safety,

ORR

Safety

ORR

DLT, ORR

NSCLC, Non-small cell lung cancer; NSq-NSCLC, Non-squamous non-small cell lung cance; LUAD, Lung adenocarcinoma; LKB1, Liver kinase B1; STK11, Serine/threonine kinase 11; KEAP1, Kelch-

like ECH-associated protein 1; NEF2L2, Nuclear factor erythroid 2-related factor 2; CUL3, Culli

RAS, Kirsten rat sarcoma virus; mTORC1, Mammalian target of rapamycin complex 1; AXL, AXL

receptor tyrosine kinase; IL-6, Interleukin 6; PES, Progression-free survival; HR, Hazard ratio; DLT, Dose limiting toxicity; ORR, Overall response rate; CBDCA, Carboplatin; PEM, Pemetrexed.
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Structure Clinical Clinical Cancer type in trial Citation
trial trial stage  (if applicable)
identifier (if
(if applicable)
applicable)
EPZ015666/ 0 NCT04676516  Phase 2 Early-stage breast cancer (83)
GSK3326595
LLY-283 (85)
INJ- o NCT03573310 | Phase 1 Neoplasms, Solid tumour (86, 87)
64619178 o (adult), Non-Hodgkin
\ N/ Lymphoma, Myelodysplastic
NHy Syndromes
HO
BRD0639 (90)
o n\s Y
| 4
g
e ol
AMG193 Not published NCT05094336 Phase 1/2 MTAP-null solid tumours No publications
TNG908 Not published NCT05275478 | Phase 1/2 MTAP-null solid tumours No publications
SCR-6920 Not published NCT05528055 | Phase 1 Solid tumour, Non-Hodgkin No publications
Lymphoma
PRT543 Not published NCT03886831 Phase 1 Solid tumours/ No publications
lymphomas, Haematological
malignancies
PRTS811 Not published NCT04089449 | Phase 1 Advanced solid tumour, No publications
Recurrent Glioma
MRTX1719 NCT05245500 | Phase 1/2 Mesothelioma, Non-small cell  (89)
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RPS10  Component of the 40S subunit in ribosomes
CCT4 Component of TRiC complex responsible for ATP-dependent protein folding
CCT7, Component of TRiC complex responsible for ATP-dependent protein folding
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Function

PRMTS5 action on target

Cell line/cancer type

Citation

ALYREF Pre-mRNA transport and splicing Methylation of protein THP-1 (AML) (37)
AR Tumour promoting gene Increased expression via epigenetic | LNCaP, C4-2 (Prostate cancer) (42)
regulation
C-Myc Regulate NF-B pathway Increased expression and stabilise  T24, 5637 (Bladder cancer), MUA (41, 43)
protein PaCa-2, SW1990 (Pancreatic cancer)
CANNTG C-Myc-binding E-box element Reduced expression of downstream BGC823 and SGC7901 (Gastric (35)
genes via epigenetic regulation cancer)
CCNEL G1/S transition via CDK2 regulation Reduced expression via epigenetic U208 (44)
regulation
CCT4 Component of TRIC complex Methylation of protein THP-1 (AML) (37)
ccr7 Component of TRIC complex Methylation of protein THP-1 (AML) (37)
CD74 Component of MHC 11 molecule Reduced expression via epigenetic  Liver cancer (45)
regulation
CDH1 Tumour suppressor gene Reduced expression via epigenetic A549 (Lung cancer) (46)
regulation
CITA Component of MHC TI molecule Reduced expression via epigenetic  Liver cancer (45)
regulation
CPSF6 3’ RNA cleavage and polyadenylation Methylation of protein THP-1 (AML) (37)
E2F1 Transcription factor that can regulate apoptosis Methylation and destabilisation of U208 (47)
protein
FA genes Inter-strand crosslink (CIL)-induced DNA damage Increased expression via epigenetic U251MG, T98G, U118MG (48)
repair regulation (Glioblastoma)
FBW7 C-Myc regulator gene Reduced expression via epigenetic ~ PaCa-2, SW1990 (Pancreatic cancer) ~ (41)
regulation
FOXP1 Activates oestrogen receptor (ER) Increased expression via epigenetic MCEF?7 (Breast cancer) (34)
regulation
IFI16 Regulator of STING/cGAS signalling pathway Methylation of protein to control A375, WM115, B16 (Melanoma) (49)
(IF1204) function
Mxil C-Myc agonist Methylation of protein leading to H1299, A549, H460, H522, H358 (50)
degradation (NSCLC)
NLRC5 Regulator of MHC I gene expression Decreased expression of gene B16, CCLE melanoma cell lines (49)
(Melanoma)
NM23 Tumour suppressor gene Reduced expression via epigenetic NIH/3T3 (51)
regulation
p53 Promotes cell cycle arrest to allow DNA repair, regulates | Methylation of protein to inactivate U208, HSPCs (52, 53)
apoptosis pro-apoptotic function
PNN Part of exon junction complex (EJC) Methylation of protein THP-1 (AML) (37)
RPS10 Component of the 408 ribosomal subunit Methylation of protein THP-1 (AML) (37)
RUVBL1 Component of TIP60 complex for directing DNA Methylation of protein to allow HelLa (Cervical cancer) (54)
damage repair towards the HR pathway complex formation
SFPQ Early splicing factor Methylation of protein THP-1 (AML) (37)
Sm proteins | Formation of the spliceosome Methylation required for smRNP HeLa (Cervical cancer) (55)
biogenesis
SNAIL1 Epithelial-mesenchymal transition (EMT) and metastatic Increased expression via epigenetic A549 (Lung cancer) (46)
activator factor regulation
SNRPB Component of SMN-Sm complex Methylation of protein THP-1 (AML) (37)
SPDEF Tumour suppressor gene Reduced expression via epigenetic  A549 (Lung cancer) (46)
regulation
SRSFI Prevents exon skipping Methylation of protein THP-1 (AML) (37)
ST7 Tumour suppressor gene Reduced expression via epigenetic NIH/3T3 (51)
regulation
SUPT5H mRNA processing, transcription and elongation of Methylation of protein THP-1 (AML) (37)
RNAP II
VIM Epithelial-mesenchymal transition (EMT) and metastatic  Increased expression via epigenetic  A549 (Lung cancer) (46)
activator factor regulation
‘WDR33 mRNA polyadenylation Methylation of protein THP-1 (AML) (37)
ZNF326 Subunit of DBIRD complex that regulates alternative Methylation requires for accurate MDA-MB-231 (Breast cancer) (56)

splicing

splicing
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Value p Log2FC Description
PLVAP 2.52E-111 6.97E-107 3.002353 plasmalemma vesicle associated protein
COLI5A1 1.26E-90 1.74E-86 4.023823 collagen type XV alpha 1 chain
GABRD 3.05E-88 2.81E-84 4.507174 gamma-aminobutyric acid type A receptor subunit delta
GPC3 2.33E-82 1.61E-78 6.061433 glypican 3
THBS4 4.98E-78 . 2.29E-74 5.593584 thrombospondin 4
o DIPK2B 7.57E-75 2.99E-71 2.301232 divergent protein kinase domain 2B
SLC26A6 127E-74 4.39E-71 2.598325 solute carrier family 26 member 6
CDKN3 248E-74 7.62E-71 3.725304 cyclin dependent kinase inhibitor 3
FOXM1 1.17E-72 3.23E-69 3.231552 forkhead box M1
NUF2 2.19E-72 5.50E-69 3.854367 NUF2 component of NDC80 kinetochore complex
ADAMTS13 1.38E-81 ‘ 7.63E-78 -2.70486 ADAM metallopeptidase with thrombospondin type 1 motif 13
OIT3 6.41E-72 1.26E-68 -3.10719 oncoprotein induced transcript 3
STAB2 4.16E-67 4.79E-64 -4.43614 stabilin 2
ECM1 1.75E-57 1.10E-54 -3.08879 extracellular matrix protein 1
MAP2K1 2.27E-55 1.08E-52 -1.33004 mitogen-activated protein kinase kinase 1
Down
CCL23 4.26E-55 1.96E-52 -2.87074 C-C motif chemokine ligand 23
BMPER 4.82E-52 1.73E-49 -4.41371 BMP binding endothelial regulator
TRIB1 1.33E-51 4.61E-49 -1.99208 tribbles pseudokinase 1
PTHIR 1.68E-50 5.00E-48 -3.26794 parathyroid hormone 1 receptor

LYVEL 5.70E-50 1.56E-47 -3.28161 lymphatic vessel endothelial hyaluronan receptor 1
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Up

Down

Gene
ETV4
KRT80
FOXQl1
CDH3
CEMIP
CLDNI1
AJUBA
CASC19
ESM1
NEE2L3
BEST4
GLTP
cA7
ABCA8
TMEM100
SLC25A34
FAM135B
MAMDC2
PCSK2

GLP2R

6.69E-249

4.39E-223

2.57E-207

3.61E-205

5.39E-154

4.40E-137

1.66E-122

1.92E-122

2.16E-116

2.24E-116

9.91E-148

8.82E-133

9.20E-129

2.90E-124

7.48E-124

2.61E-116

7.26E-116

1.54E-108

2.00E-108

4.44E-106

Adj
1.92E-244
6.29E-219
2.46E-203
2.59E-201
3.09E-150
1.80E-133
3.97E-119
4.23E-119
4.29E-113
4.29E-113
4.73E-144
3.16E-129
2.93E-125
8.33E-121
1.95E-120
4.68E-113
1.22E-112
1.84E-105
2.29E-105

4.72E-103

Log2FC
5.388356
6.767
6185771
5942379
5079765
5050994
3.008937
4896743
5.556778
2.753282
591417
-159429
-5.9989
-5.48495
-44167
-4.19548
-471194
-5.73998
-6.76073

-3.9582

Description

ETS variant transcription factor 4

keratin 80

forkhead box Q1

cadherin 3

cell migration inducing hyaluronidase 1
claudin 1

ajuba LIM protein

prostate cancer associated transcript 2
endothelial cell specific molecule 1

NFE2 like bZIP transcription factor 3
bestrophin 4

glycolipid transfer protein

carbonic anhydrase 7

ATP binding cassette subfamily A member 8
transmembrane protein 100

solute carrier family 25 member 34

family with sequence similarity 135 member B
MAM domain containing 2

proprotein convertase subtilisin/kexin type 2

glucagon like peptide 2 receptor






