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Editorial on the Research Topic 


Combinatorial Approaches for Cancer Treatment: From Basic to Translational Research


Cancer represents an important public health concern as the main leading cause of death worldwide. Current monotherapies, including radiotherapy, chemotherapy and molecular targeted therapy, show limited efficacy due to rapidly emerging resistance as a result either of target mutations, or engagement of parallel oncogenic pathways or onset of adaptive survival mechanisms. Moreover, the complexity of signaling networks and the activation of bypass pathway(s) render molecular targeted therapies ineffective. Therefore, combinatorial strategies could be more effective therapeutic approaches.

The most solid malignancies are characterized by hypoxia, which plays a relevant role in cancer resistance to conventional treatments (1). Therefore, therapies targeting tumor hypoxia have attracted considerable attention. Li et al. evaluate the development of prodrugs based on targeting hypoxia. They outline existing hypoxia-activated products and analyze their potential benefits in cancer treatment along with their effects in combination setting with traditional chemotherapeutics. In their second paper (Li et al.) go into detail for the hypoxia-activated prodrug TH-302 and its potential for combinatorial regime with other anti-cancer treatments, including radiotherapy, immunotherapies, anti-angiogenic agents and tissue oxygen modulators.

Oxidative stress also plays a relevant role in cancer cell sensitivity to drugs by promoting autophagy, apoptosis, or necrosis (2, 3). Zhu et al. report that metformin, an agent that exerts broad anti-cancer effects through activating AMPK and inhibiting mTOR, enhances the cytotoxicity of anlotinib, a multi-targeted tyrosine kinase inhibitor. Metformin enhances the effect of anlotinib on NADP+/NADPH ratio, indicating that the combination regulates intracellular redox homeostasis and promotes switching to oxidative state. The molecular mechanisms underlying the anlotinib/metformin synergistic effect involve PARP1 and caspase-3 increased cleavage and Bax/Bcl-2 enhanced ratio, suggesting that the combinatorial treatment triggers apoptosis. ROS-mediated induction of p38/JNK MAPK and ERK signaling might explain the activation of Bcl-2/Bax-caspase signaling pathway and lead to apoptosis (4).

A typical approach exploited by cancer cells to escape apoptosis is the concomitant upregulation of anti-apoptotic BCL-2 family members, including BCL-2 and MCL-1 (5). BCL-2 targeting via selective inhibitors ABT shows efficacy in several cancers (6, 7). However the concomitant expression of MCL-1 results in ABT-resistant cancer cells. Therefore, BCL-2/MCL-1 combined inhibition could represent a novel therapeutic approach to fight cancer. Following this hypothesis, Shi et al. investigate the therapeutic efficacy of the BCL-2 inhibitor ABT-199 combined with the MCL-1 inhibitor homoharringtonine in acute myeloid leukemia treatment. Their data suggest that the dual strategy is more effective in inducing apoptosis compared to monotherapies.

It is well known that genetic and epigenetic alterations, signaling pathways dysregulations, changes in cellular metabolism and tumor microenvironment are key players in cancer development and progression. Cancer cells metabolic reprogramming mainly consists in the activation of anaerobic glycolysis regardless of oxygen availability, which results in the higher production of glycolysis intermediates (8). Leone et al. review the dual role of Methylglyoxal, a glucose-derived reactive dicarbonyl, in cancer progression and the combined therapeutic strategies aimed to counteract tumor growth.

Lahooti et al. review the role of miRNAs in the angiogenesis. The authors present traditional anti-angiogenic chemotherapeutic agents and illustrate the potential that miRNAs have in the field. They attempt to critically evaluate how combinatorial analyses of miRNAs with traditional chemotherapeutics need to take into consideration the potential angiogenic activity of nucleic acids, an aspect frequently overlooked, even for miRNAs with known anti-angiogenic properties.

An interesting contribution is the review of Mancini et al. that raises awareness on the relevance of evaluating sex influence in preclinical and clinical trials to better comprehend sex/hormones in determining cancer development, progression, and sensitivity to therapy. Sex-related factors, mainly estrogenic hormones, affect the levels and/or function of p53 network both in hormone-dependent and -independent cancer. The review summarizes the studies reporting the relationship between sex and p53 circuitry, also focusing on preclinical studies and clinical trials to define sex effect on p53-targeted therapy. The review discusses the potential optimization of p53-targeted therapy given patients’ sex and hormonal status. Gaining insights into the effects of sex on cancer therapy can help to identify more targeted and effective combinatorial treatments.

Despite advances in the development of molecular targeted therapies, tumor heterogeneity is a relevant aspect for tumor resistance to the treatments. The chemotherapy still represents the main therapeutic approach available for treatment of some cancer types, including triple negative breast cancer (TNBC), glioblastoma, pancreatic and colorectal cancer. However, the chemotherapeutic efficacy is often limited by the occurrence of resistance whose molecular bases are still poorly understood. In the effort to identify the molecular mechanisms of carboplatin resistance in TNBC, Abreu de Oliveira et al. demonstrate that Wnt signaling activation promotes cancer stem cells (CSCs) enrichment which underlies chemotherapy resistance. Wnt signaling inhibition reduces TNBC CSCs population and resensitizes carboplatin-resistant TNBC to the drug. CSCs are key players in cancer resistance to conventional protocols of radiotherapy, chemotherapy and molecular targeted therapy, thus causing the failure of cancer therapy and tumor relapse (9). The limited clinical efficacy of monotherapeutic regimes in CSCs eradication highlights the need for developing alternative combinatorial strategies. Catara et al. review the preclinical studies which provide the proof of concept that CSCs-centered combined therapies, based on the combination of two molecular targeted therapies and the combination of molecular targeted therapy with chemotherapy or radiotherapy, result in more effective CSCs targeting compared to single treatments.

The large number of anti-cancer drugs available implies a huge number of possible combinations to be assessed to identify the synergistic ones for cancer treatment. The computational methods could represent useful tools to screen drug combinations, thus restricting the prohibitive cost and intense labor required for the experiments. Li et al. construct transcriptomics- and network-based prediction models to screen the potential drug combinations for prostate cancer treatment and evaluate their accuracy by in vitro assays. Their approach identifies drugs combinations to be further investigated in preclinical and clinical trials. Gondal et al. present a novel computational framework using a literature-derived in silico Drosophila Patient Model for treating colorectal cancer (CRC) patients. The proposed model identifies synergistic combinations for treating different CRC patients and could be deployed in preclinical settings to evaluate potential combinations before an in vivo evaluation. The computational approaches might help to design specific and personalized interventions taking into account the inter-individual variations occurring on genomic, biochemical, behavioral and environmental levels. Gondal and Chaudhary present a review of existing computational resources that the scientific community can utilize for evaluating existing repositories of biomolecular cancer data, in conjunction with simulation software for the development of personalized cancer therapeutics. The authors present a critical review on existing methodologies and recognize limitations in them. Crook et al. profile advanced or refractory solid cancers by multi-analyte molecular and functional tumor interrogation [Encyclopedic Tumor Analysis (ETA)] to select personalized combination treatment regimens. The ETA-guided combined treatments of mTOR inhibitors with several anti-neoplastic agents, targeting different tumor-associated signaling pathways, improve significantly the Progression Free Survival of treated patients, thus providing clinical evidence of the therapeutic benefit achieved by personalized combinatorial strategies compared to mTOR inhibitors as monotherapies.

Among the combinatorial strategies, the local treatment based on photothermal therapy (PTT) might benefit of immunotherapy in combination setting. This strategy could enhance the efficacy with a limited toxicity of the treatment. Although the immunotherapy in combination setting is the subject of other Frontiers in Oncology Research Topics, the paper of Xia et al., which combine immunotherapy and PTT (10) for local cancer treatment of hepatocarcinoma, is included in this Research Topic as strategy to potentiate the local cancer treatment. PTT induces the release of tumor-associated antigens by ablating tumor while Ganoderma Lucidum polysaccharides exert the anti-tumor action by stimulating the immune function without apparent toxicity.

In summary, this Research Topic is focused on the combinatorial treatment strategies to fight cancer which target cancer hallmarks, including signaling pathway dysregulation, hypoxia, oxidative stress, metabolic reprogramming, angiogenesis and stemness. The papers included in this Research Topic strengthen the relevance of combined approaches compared to single treatments in preclinical and in clinical setting.
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One of the hallmarks of cancer cells is their metabolic reprogramming, which includes the preference for the use of anaerobic glycolysis to produce energy, even in presence of normal oxygen levels. This phenomenon, known as “Warburg effect”, leads to the increased production of reactive intermediates. Among these Methylglyoxal (MGO), a reactive dicarbonyl known as the major precursor of the advanced glycated end products (AGEs), is attracting great attention. It has been well established that endogenous MGO levels are increased in several types of cancer, however the MGO contribution in tumor progression is still debated. Although an anti-cancer role was initially attributed to MGO due to its cytotoxicity, emerging evidence has highlighted its pro-tumorigenic role in several types of cancer. These apparently conflicting results are explained by the hormetic potential of MGO, in which lower doses of MGO are able to establish an adaptive response in cancer cells while higher doses cause cellular apoptosis. Therefore, the extent of MGO accumulation and the tumor context are crucial to establish MGO contribution to cancer progression. Several therapeutic approaches have been proposed and are currently under investigation to inhibit the pro-tumorigenic action of MGO. In this review, we provide an overview of the early and latest evidence regarding the role of MGO in cancer, in order to define its contribution in tumor progression, and the therapeutic strategies aimed to counteract the tumor growth.
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Introduction

Cancer represents an important health problem being the leading cause of morbidity and mortality worldwide, with about 18 million new cases and 9.6 million cancer-induced deaths in 2018 (1). There are several risk factors contributing to carcinogenesis; lots of them can be classified as modifiable and include smoke, physical inactivity, obesity and unhealthy diet (2). However, cancer progression depends by changes in cancer cells resulting not only by activating mutations in oncogenes and inactivating mutations in suppressor genes, but also by alterations in cellular metabolism and tumor microenvironment (3).

In the last few years, cancer has emerged as a metabolic disease. In order to survive in adverse conditions, cancer cells develop metabolic adaption which allows their uncontrolled growth and proliferation (4).

One of the main changes in metabolism of cancer cells is represented by their preference for the use of anaerobic glycolysis to produce ATP, regardless of oxygen availability (5). This phenomenon known as “Warburg effect” has been described for the first time by Otto Warburg in the 1920s, when he showed that cultured tumor tissues have a high rate of glucose uptake, lactate secretion and oxygen availability (5). In normal tissue, with oxygen availability, cells use mitochondrial oxidative respiration to produce energy as this process guarantees a higher ATP generation compared to that produced by fermentation of glucose. The reason why cancer cells prefer fermentation of glucose to lactate, even in presence of oxygen-rich conditions and functional mitochondria, is because this process occurs 10-100 time faster than the complete oxidation of glucose in mitochondria (6, 7).

An important consequence of the increased glycolytic flux is the higher production of glycolysis intermediates. Among these, Methylglyoxal (MGO) is a glucose-derived highly reactive dicarbonyl and the major precursor of advanced glycation end-products (AGEs) (8). Compared to glucose, the glucose-derived glycolysis intermediates, especially MGO, form much more glycated proteins in a more rapid way (4). This leads to the AGEs accumulation and the related AGEs-receptor of AGEs (RAGE) pathway activation that contributes to the pathogenesis of many complications in age-related diseases, including cancer, by fostering tissue and cellular dysfunction (9, 10).



Methylglyoxal Metabolism and Its Mediated Cellular Damage

MGO is a α-oxoaldehyde metabolite, with a molecular weight of 72Da, mainly formed as byproduct of glycolysis starting from the spontaneous degradation of triose phosphate intermediates, glyceraldehyde-3-phosphate (G3P) and dihydroxyacetone phosphate (DHAP) (11). MGO can be produced also by other minor sources such as: i. the degradation of glycated proteins (8), ii. the threonine catabolism in which MGO is produced from aminoacetone oxidation (12) and iii. the ketone body metabolism where hydroxyacetone, derived from acetone hydroxylation, is further oxidized to form MGO (13, 14). MGO production by glycolysis has been estimated to be around 125 µmol/kg cell mass per day (15) and human plasmatic concentrations about 50-150 nM, while intracellular concentration are about 1-4 µM in human cells (16).

MGO action consists in the spontaneous chemical modification of nucleotides, lipids and proteins. It modifies DNA mainly reacting with deoxyguanosine (dG) to form imidazopurinone adduct 3-(2’-deoxyribosyl)-6,7-dihydro-6,7-dihydroxy-6/7-methylimidazo-[2,3-b]purine-9(8)one (MGdG) (17). MGO-derived DNA adducts can result in DNA strand breaks, nucleotide transversions, DNA-DNA crosslinks and DNA-protein crosslinks (4). In the steady state in vivo, approximately 9 adducts per 106 nucleotides are produced; anyway, this frequency increases and may be linked to mutagenesis in ageing, diabetes and other disorders, including cancer, characterized by high levels of dicarbonyls (14, 18).

MGO modifies from 1 to 5% of proteins irreversibly interacting with arginine residues to form hydroimidazolone (MGO-H1), the most frequent MGO-derived AGE, argypirimidine and tetrahydropyrimidine (THP). Since arginine residues are most frequently located in the functional sites of proteins (19), glycation in these sites results in protein inactivation and dysfunction (20). In a minor quantity, MGO also interacts with lysine residues to form Nε-(1-carboxyethyl) lysine (CEL) and 1,3-di(Nε-lysino)-4-methyl-imidazolium (MOLD) (4). Increasing evidence indicates that an accumulation of MGO-modified proteins is associated to several type of cancers (21, 22).

To prevent the MGO harmful effect, mammalian cells have developed some detoxifying enzymatic mechanisms including glyoxalase (Glo), aldoketo reductases (AKRs) and aldehyde dehydrogenases (ALDHs) (23, 24). Among these, Glyoxalases 1 (Glo1) and 2 (Glo2) represent the most important system, committed to the detoxification of the majority of MGO produced. It is present in the cytosolic compartment of all cells (25) and includes: 1. a catalytic amount of reduced glutathione (GSH); 2. the Glo1, acting as the rate-limiting enzyme that catalyzes the conversion of hemithioacetal, formed by non-enzymatic reaction between MGO and GSH, in S-D-lactoylglutathione; 3. the Glo2 that hydrolyzes S-D-lactoylglutathione in D-lactate, thereby reforming GSH (26).



The Hormetic Role of Methylglyoxal in Cancer

Apparently conflicting data have been published in literature, sustaining both a pro-tumorigenic and an anti-cancer effect of MGO (Figure 1). The experimental evidence collected so far, suggests that the dual role of MGO depends on the metabolic adaptation ability of cells. If keeping tolerable, MGO stress results to be beneficial to cancer cells through apoptosis escape and enhanced cell growth. When the threshold of dicarbonyl stress is exceeded, MGO causes major toxic effects on cancer cells (Figure 1). This cellular response recalls the hormesis phenomenon, whereby a mild stress-induced stimulation increases cellular stress tolerance and results in beneficial biological effects, whereas cell death represents a final process where failure in adaptation or unhealthy adaptation occurs (27). Molecular effects of MGO on tumor progression are following described and summarized in Table 1.




Figure 1 | Role of MGO in cancer. An inverse correlation exists between MGO concentrations and tumor progression. High MGO levels cause growth arrest in several types of cancer. Conversely, a lower increase in MGO concentrations can promote cancer growth.




Table 1 | Effects of MGO and MGO-induced AGEs in different cancer types.




Methylglyoxal as an Anti-Cancer Metabolite

Pioneering investigations on the biological effects of MGO highlighted an anti-proliferative activity of this Glo substrate (47, 48). Its anti-proliferative activity is characterized by the inhibition of DNA synthesis, protein synthesis and cellular respiration (28). DNA modification by MGO is associated with increased mutation frequency, DNA strand breaks and cytotoxicity, which most likely explain the historically recognized anti-tumor activity of MGO (29–31, 48).

Studies on the mechanisms of MGO toxicity have exhibited marked selectivity for proliferating cells and some selectivity for malignant proliferating cells. Early investigations reported the inhibition of cell growth and toxicity induced by MGO exposure of human leukaemia 60 (HL60) cells in vitro (32). The accumulation of nucleic acids and protein adducts preceded the cellular apoptosis in these cells (33). Conversely, a no significant inhibition of cell growth was found in mature peripheral leucocytes (neutrophils and lymphocytes), demonstrating a selectivity of MGO toxicity for HL60 cells with a higher rate of cell growth than mature leucocytes (32, 33). Similarly, MGO treatment inhibited mitochondrial respiration of several types of malignant cells and tissues but it had no inhibitory effect on the respiration of any of the normal cells and tissues tested (34). In Ehrlich ascites cells, this tumoricidal effect of MGO was attributed to the potent inactivation of glyceraldehyde-3-phosphate dehydrogenase (GAPDH), which plays an important role in the high glycolytic capacity of the malignant cells (35).

Millimolar concentration of MGO induces apoptosis in various cancer cell types. Apoptosis was primary due to the block of cell cycle progression and glycolytic pathway in prostate cancer (PC3) cells (49). The activation of mitogen-activated protein kinase (MAPK) family (p-JNK, p-ERK and p-p38 levels) and the downregulation of B-cell lymphoma 2 (Bcl-2) and matrix metalloproteinase 9 (MMP-9) were demonstrated to impair cell viability, proliferation, migration, invasion, tubule formation and increase apoptosis in breast cancer cells (50). These effects were also associated to the impairment of c-Myc expression and glycolytic metabolism in human colon cancer cell lines (51). A study performed in liver cancer cells reported that much lower concentrations of MGO (1 μM) were able to decrease migration, invasion and adhesion of liver cancer cells, without impairing cell viability, in a p53-dependent manner (52). This implies that MGO could find a clinical benefit only in case of metastatic p53-expressing liver cancer. However, these preliminary data were obtained in vitro in cancer cell lines without considering the impact on the tumor microenvironment or the systemic effects.

The anti-tumor activity of MGO was also reported in vivo in rodents inoculated with tumor cells. The tumor growth was inhibited by single or continuous MGO administration (29–31, 51, 53, 54). However, the potential efficacy of MGO as anti-cancer therapy was limited by the evidence of tumor regrowth once therapy was terminated. The small increase observed in median survival time may be due to a generalized MGO toxicity because of the use of doses close to the maximum tolerated dose (48). An open issue is on the side-effect of MGO in the context of chronic inflammatory conditions, like obesity and diabetes, which represent common risk factors for many tumors, e.g. hepatocellular carcinoma (HCC) and breast cancer.



Glyoxalase 1 Expression: A Survival Mechanism of Cancer Cells

To compensate for high MGO levels, cancer cells may adopt survival mechanisms including Glo1 increased expression and activity. Indeed, higher levels of Glo1 have been described in several cancers (55–57) and have also been linked to multidrug resistance (MDR) in cancer chemotherapy (55).

The pro-tumorigenic role, initially attributed to Glo1, has been further validated in the last decade by studies sustaining its role as potential target in cancer therapies. The overexpression of Glo1 has been found in biopsies of pancreatic cancerous tissue (58) and HCC (59) but not in the adjacent non-cancerous tissue. In tumor cells of oropharyngeal squamous cell carcinoma (OPSCC), Glo1 expression is positively correlated to argypirimidine modification, and Glo1 protein levels are increased following exogenous MGO administration (60). This suggests that Glo1 expression represents an adaptive response to the accumulation of cytotoxic metabolites and an independent risk factor for unfavorable prognosis of OPSCC patients (60).

Amplification of Glo1 gene has been found to be a frequent genetic event in breast cancer, sarcoma, non-small-cell lung cancer (NSCLC) and, more recently, in HCC (61, 62). Interestingly, xenograft tumor growth is inhibited when Glo1 is silenced in HCC cells carrying genetic amplification but not in cells with normal copies (62), supporting the potential use of Glo1 as target in tailored therapies in patients with genetic Glo1 amplification.

In many tumors, it has been reported that the expression of Glo1 is higher in more aggressive and invasive cells than in less aggressive tumor cells, as described in: PC3 and LNCaP cell lines of prostate cancer, MDA and MCF-7 cell lines of breast cancer, skin carcinomas and skin benign neoplasms, respectively (63–65). Moreover, increased circulating levels of Glo1 have also been found in patients with metastatic compared to non-metastatic prostate cancer (66). These evidence suggest a prognostic role for Glo1 tumor expression (36), as further indicated in fibrosarcoma progression by a proteomic analysis (38). Furthermore, Glo1 emerged as an independent prognosticator of adverse significance in a colorectal cancer (CRC) patient cohort (37), later confirmed by the study showing that patients with low Glo1-expressing CRC had longer disease-free survival than the patients whose tumor expressed higher levels of Glo1 (39).

Some of these studies have described the pro-survival effect of Glo1 as a result of apoptosis elusion, rather than a direct regulation of cell proliferation (59, 62–64). In human CRC cells, Glo1 silencing inhibits colony formation, migration, invasion and induces apoptosis through the increase of the signal transducer and activator of transcription (STAT) 1, p53 and Bax and the decrease of c-Myc and Bcl-2 expression (39). The same pathways have been described in the apoptosis induced in tumor cells by high MGO levels (50–52), which are likely at least part of the effect obtained by Glo1 interfering.

The antitumor effect of Glo1 depletion underlines the potential role of Glo1 as therapeutic target. Beside the prognostic role described above for Glo1, its differential expression in malignant and less aggressive tumor cells may be useful for differential diagnosis.



Methylglyoxal as a Pro-Cancer Metabolite

Besides the anti-tumor activity, in the last few years more and more evidence have shed light on the MGO ability to promote tumor progression (4).

Endogenous MGO-modified heat shock protein (Hsp) 27 has been found in several types of human cancer, including non-small cell lung (40) and gastrointestinal (41) cancer, where MGO protects cancer cells from apoptosis by increasing the anti-apoptotic activity of Hsp27 through the inhibition of caspase-3 and 9 activation (40–42). In breast cancer cells, MGO-induced post-translational glycation of Hsp90 affects its activity with a consequent decrease of the large tumor suppressor 1 (LATS1) expression, a key kinase for the regulation of the Hippo tumor suppressor pathway through Yes-associated protein (YAP) (43). This study demonstrated that, following MGO accumulation, YAP is retained in the nucleus where it promotes cell growth and proliferation by inducing the expression of genes involved in these processes (43).

More recently, novel molecular mechanisms related to the pro-oncogenic activity of MGO have been identified in different cancer tissues and cell lines.

In CRC human tissues, accumulation of MGO adducts (argypirimidine) are found to be positively correlated with primary tumor staging, indicating that the degree of dicarbonyl-induced stress is associated with CRC tumor aggressiveness (44). Consistent with this data, in experimental mouse models of colon cancer, MGO administration (50 mg/kg BW) causes low-grade carbonyl stress that can lead to inflammation and oxidative stress, responsible for chemically-induced colonic preneoplastic lesions deterioration. Moreover, MGO induces the growth of mouse CT26 colon cancer isografts by enhancing the expression or activation of proteins involved in cell survival, proliferation, migration and invasion (45).

In vitro experiments accomplished in anaplastic thyroid cancer (ATC) cell lines showed that MGO-H1 accumulation causes the increase of invasion/migration properties and a marked mesenchymal phenotype through a novel mechanism involving transforming growth factor β 1 (TGF-β1)/focal adhesion kinase (FAK) signaling (46). Similar effects are found in Glo1-depleted breast cancer cells where, the downregulation of the dual specificity phosphate 5 (DUSP5) phosphatase and the consequent over-activation of MEK/ERK/SMAD1 pathway promote the establishment of a metastatic phenotype characterized by increased cell migration and extracellular matrix (ECM) remodeling (67).

Treatment of estrogen receptor (ER)-negative MDA-MB-231 breast cancer cell line with different concentrations of MGO-derived bovine serum albumin AGEs (MGO-BSA-AGEs) causes an increase of the proliferation, migration and invasion capacity in a RAGE-dependent manner. This effect is mediated by a higher MMP-9 activity and phosphorylation of several proteins, including the ribosomal protein serine S6 kinase (p70S6K)-beta 1, STAT3, the p38 MAPK, the glycogen synthase-serine kinase (GSK)-3α and the MAPK/ERK protein-serine kinase 1/2 (MKK1/2), each of these belonging to the main signal pathways involved in tumor growth (68). Similar effects are also induced, in a dose-dependent way, in ER-positive MCF-7 human breast cancer cell line (69). In detail, MCF-7 treated with low doses (50-100 µg/ml) of MGO-BSA-AGEs show a significantly increase of cell proliferation and migration, without any alteration of cell invasion, due to the MAPK pathway activation and cAMP-response element binding protein (CREB1) 1 phosphorylation. Conversely, higher dose (200 µg/ml) of MGO-BSA-AGEs results in cytotoxicity through the activation of the apoptosis mediated by the caspase-3 cleavage (69). Probably, the inhibitory mitogenic effect observed following treatment with 200 µg/ml MGO-BSA-AGEs is due to an impediment to the correct RAGE oligomerization and consequent downstream pathways activation (69). Consistently, Khan M.S. et al. demonstrated that treatment of MCF-7 with MGO-derived human serum albumin AGEs (MGO-HSA-AGEs) (50 µg/ml) causes an increase in cell migration, likely through rearrangements of cytoskeleton (70).

These studies indicate that the conflicting literature available on the role of MGO in cancer progression could be explained by its “hormetic effect”, by which exposure to low doses of MGO causes an adaptive effect crucial for cancer cell survival. Indeed, following MGO treatment, cancer cells show a characteristic biphasic dose response growth curve (71). Moreover, difference in tumor cells response may depend on different ability of cells to face a stress condition. An increased formation of MGO in tumor cells that is not followed by a parallel increase in Glo1 activity or other detoxifying mechanisms results in toxicity (72). Thus, the correct balance between Glo1 activity and the increased MGO production, associated to the high glycolytic flux in cancer cells, is likely crucial for tumor growth response (72).




Methylglyoxal and Its Derived Adducts as Novel Biomarkers

A promising field of research is the use of MGO or MGO-derived adducts as novel biomarkers for cancer. In support of this, serum carboxymethyl lysine (CML) content has been detected at higher levels in a mouse model of lung cancer compared to controls (73). Consistently, a recent study by Irigaray and Belpomme has proved that free MGO blood levels increase in rats following subcutaneous administration of a tumorigenic cell clone of colon adenocarcinoma, compared to those measured in rats receiving non-growing tumor-associated clone. In addition, the increase of MGO levels correlates with the growth of implanted tumorigenic cell clone, indicating that MGO levels could also represent a useful marker in monitoring tumor progression (74).

Besides proteins, MGO modifies DNA thus enhancing its antigenicity. It has been demonstrated that, circulating autoantibodies against MGO-modified DNA are detectable in cancer patients and their use as markers could be relevant in certain types of cancer (75). Interestingly, a highly sensitive method has been later developed and validated for the simultaneous quantitation of 9 exocyclic DNA adducts derived from 8 aldehydes, including MGO, in human blood samples (76).

According to these data, in a pioneering study, Coluccio et al. have recently demonstrated a positive correlation between MGO-derived adducts and cancer staging by analyzing the secretome of blood-derived circulating cancer cells (BDCs) isolated from blood samples of cancer and healthy patients. This study provides a non-invasive method to detect dynamic changes of cancer in real time that may be used for alternative and personalized pharmacological strategies (77).

Together these studies spotlight the potential for a prognostic role of MGO and its derived adducts in cancer. Further clinical trials will be necessary to benefit from these early evidence and obtain a diagnostic application for MGO-derived adducts detection.



Therapeutic Strategies

In this context, major efforts have been made to discover pharmacological approaches able to inhibit, or at least slow down, tumor growth (Figure 2). Possible strategies to this purpose have been initially focused on exploiting the cytotoxic effect of high MGO levels (9). Encouraging anti-cancer effects of a MGO-based formulation were early described in pre-clinical models and in a three-phase clinical study (78). Metronomic doses of MGO are able to sensitize breast cancer cells to doxorubicin and cisplatin, thus inducing cell death, without any additional deleterious effects (79). Given the association between Glo1 overexpression and the MDR in cancer chemotherapy, and the presence of Glo1 amplification in several human tumors, an anticancer strategy is further represented by the use of Glo1 inhibitory drugs (56, 80).




Figure 2 | Anti-tumor pharmacological strategies. In cancer cells, the increased glycolytic flux causes a higher MGO production which can sustain tumor growth. Glo1 inhibitors block tumor progression by further increasing MGO intracellular levels and leading to dicarbonyl stress-induced cytotoxicity. Differently, MGO scavengers, by trapping MGO and reducing MGO-induced adducts formation, are able to block tumor progression preventing the cytotoxicity related to high MGO levels. MGO, methylglyoxal; Glo1, Glyoxalase 1; Glo2, Glyoxalase 2; F-1,6-bis-p, fructose-1,6-bis-phosphate; GA-3-P, glyceraldehyde 3-phosphate; DHAP, dihydroxyacetone phosphate; HL cells, Human Leukemia cells.



The GSH conjugate S-p-bromobenzylglutathione cyclopentyl diester (BrBzGSHCp2) exhibits a Glo1 inhibitor activity (81). The use of BrBzGSHCp2 has been proven to be effective both in vitro and in vivo models where Glo1 is expressed at high levels, as demonstrated in lung cancer cell line and mouse model (82), in drug resistant leukemia cells (83) and in Huh7 HCC cell line (84). Moreover, combination of BrBzGSHCp2 with sorafenib enhances susceptibility of HCC to the latter (84). Conversely, BrBzGSHCp2 treatment has been associated to a strengthening of aggressiveness in ATC and breast cancer (43, 46). This suggests that the efficacy of anti-tumor strategies involving the use of BrBzGSHCp2 can be ascribed to differences in cell lines and animal models used and, in general, is more efficient in a neoplastic context where Glo1 is expressed at high levels (4). Besides BrBzGSHCp2, troglitazone reduces the Glo1-induced MDR in doxorubicin-resistant K562 leukemia cells, in doxorubicin-resistant MCF7 cells and in astrocytoma cell line U-373 (85–87).

Several compounds are emerging as Glo1 inhibitor, namely curcumin, naringin, carmustine, myricetin, quercetin, delphinidine, γ-tocotrienol, lovastatin, piceatannol and TLSC702. Among these, curcumin is a polyphenol with anti-oxidant, antibacterial, anti-inflammatory, antidiabetic and anti-tumor activities (4, 88). It is known to hamper breast cancer, prostate cancer and brain astrocytoma cell growth (89, 90). By inhibiting Glo1 activity, naringin and carmustine induce apoptosis of human colon adenocarcinoma (Caco-2) cells and PC3 cells (91–93). While myricetin, quercetin, delphinidine, γ-tocotrienol, and lovastatin have been demonstrated to induce apoptosis in HL60 cells (94–98). Through their Glo1 inhibitor activity TLSC702 and piceatannol, a naturally occurring stilbene, reduce the proliferation of human non-small cell lung cancer cells expressing high Glo1 levels (99–101).

Following Glo1 inhibition, cancer cells switch from glycolysis to tricarboxylic acid (TCA) cycle to avoid apoptosis induced by MGO accumulation. Shimada et al. reported that the combination of TLSC702 with shikonin, a specific inhibitor of pyruvate kinase M2 that is a driver of TCA cycle, suppressed the metabolic shift from glycolysis to mitochondrial respiration (TCA cycle), leading to apoptosis of human non-small cell lung cancer (NCI-H522) cells (102). Moreover, TLSC702 decreases cell viability and suppresses tumor-sphere formation in ALDH1-positive cancer stem cells (CSCs) in breast cancer (103).

Metformin (N,N-dimethylbiguanide), a potent anti-diabetic molecule also used in cancer treatment for its anti-tumorigenic properties (104, 105), sensitizes endometrial cancer to progestin by targeting Tet methylcytosine dioxygenase 1 (TET1), which downregulates Glo1 expression (106). Through the inhibition of Glo1 expression, metformin overcomes resistance to chemotherapy. Indeed, combined treatment of metformin with chemotherapeutic drugs, such as cisplatin and paclitaxel, reverses progestin resistance and enhances the sensitivity of endometrial cancer cells to chemotherapeutic drugs (104, 107). Moreover, Antognelli et al. demonstrated that metformin inhibits Glo1 thus hampering epithelial to mesenchymal transition (EMT), migration and invasion of metastatic PC3 cells (66). Besides its effect on Glo1 expression, metformin is emerging as MGO scavenger (108), anyway the knowledge about its action in this context is still limited.

A second and more promising anti-cancer strategy is represented by the use of MGO scavengers, in light of the pro-oncogenic effects of low doses of MGO. Indeed, the anti-cancer strategy based on Glo1 inhibition may result in potential toxic side effects related to the increasing MGO concentration, thus limiting their use in clinical practice.

Aminoguanidine (AG), a diamine oxidase with inhibitor activity on inducible nitric oxide synthase (iNOS), is a well known AGE inhibitor and MGO scavenger (9, 109). First evidence of the anti-cancer effect of AG were provided in thyroid follicular carcinoma, HCC and breast cancer progression, where AG had inhibitory effect on tumor growth by modulating iNOS (110–112). Anyway, there was no link between the AG anti-glycation action and its anticancer effect. Recently, the action of AG on the reversion of MGO pro-cancer effect has been demonstrated in breast cancer cells (67). Similarly, Antognelli et al. have demonstrated that AG treatment in ATC cell line is able to revert the pro-tumorigenic role of MGO and this effect is enhanced when AG is used in combination with resveratrol, a Glo1 activator (46).

L-Carnosine (β-alanyl-L-histidine), a naturally occurring dipeptide acting as MGO scavenger, has been shown to exert anti-proliferative effects in cancer cells (113, 114). It reverses MGO pro-tumorigenic action by decreasing migratory ability of breast cancer cells (43, 67) and inducing apoptosis in CRC cells, both in vitro and in vivo (44). Moreover, Bellier et al. demonstrated that the combined use of carnosine with cetuximab increases the apoptosis of KRAS-mutated CRC cells, unlike cetuximab treatment alone that has no effect. This effect has been also confirmed in vivo in mouse models (115).

Combination of natural compounds with chemotherapeutic drugs is attracting great attention for their low toxicity and potential efficacy against resistant tumors.



Conclusions

The increasing number of cancer patients worldwide makes the search in this field more challenging. A hallmark of cancer is the altered cellular metabolism that leads to changes in the reactive metabolic intermediates levels, also called “oncometabolites”, which influence cancer progression (116). The preferential use of anaerobic glycolysis implicates a higher formation of endogenous metabolites, such as MGO, in the highly proliferative and metabolically active cancer cells.

MGO contribution to tumor progression is still a debated topic, considering the apparently contrasting literature that attributes to this dicarbonyl both a pro- and anti-cancer effect. Indeed, the studies collected in this review indicate that, on one hand, MGO inhibits tumor growth by inducing cytotoxicity and impairing the expression or activity of factors having a pivotal role in invasiveness. On the other hand, recent studies demonstrate that MGO can support tumor growth essentially through the evasion from programmed cell death and the increased migration, invasion and ECM remodeling processes. This opposite action of MGO can be explained by several factors. First, the extent of MGO accumulation is essential to decide cancer cell destiny. Low levels of MGO are able to promote tumor growth as result of stress-responsive activation of survival mechanisms and apoptosis elusion, while high MGO accumulation induces cytotoxicity. Secondly, the different ability of cancer cells to face MGO-induced dicarbonyl stress is crucial for their survival. Indeed, overexpression of Glo1 is often present in more aggressive tumors and it is associated to MDR.

Many efforts have been made in the search of pharmacological strategies able to exploit the MGO cytotoxic action. Anyway, a promising strategy is represented by the use of natural compounds that can be used in association of chemotherapeutic drugs, with the advantage of showing minor risk of toxic side effects.

Given the complexity of carcinogenesis, further studies are needed to clarify the molecular pathways affected by MGO and involved in tumor progression. This will allow to identify and to optimize therapeutic strategies for personalized treatment of different types of cancer.
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Prostate cancer (PRAD) is a major cause of cancer-related deaths. Current monotherapies show limited efficacy due to often rapidly emerging resistance. Combination therapies could provide an alternative solution to address this problem with enhanced therapeutic effect, reduced cytotoxicity, and delayed the appearance of drug resistance. However, it is prohibitively cost and labor-intensive for the experimental approaches to pick out synergistic combinations from the millions of possibilities. Thus, it is highly desired to explore other efficient strategies to assist experimental researches. Inspired by the challenge, we construct the transcriptomics-based and network-based prediction models to quickly screen the potential drug combination for Prostate cancer, and further assess their performance by in vitro assays. The transcriptomics-based method screens nine possible combinations. However, the network-based method gives discrepancies for at least three drug pairs. Further experimental results indicate the dose-dependent effects of the three docetaxel-containing combinations, and confirm the synergistic effects of the other six combinations predicted by the transcriptomics-based model. For the network-based predictions, in vitro tests give opposite results to the two combinations (i.e. mitoxantrone-cyproheptadine and cabazitaxel-cyproheptadine). Namely, the transcriptomics-based method outperforms the network-based one for the specific disease like Prostate cancer, which provide guideline for selection of the computational methods in the drug combination screening. More importantly, six combinations (the three mitoxantrone-containing and the three cabazitaxel-containing combinations) are found to be promising candidates to synergistically conquer Prostate cancer.
Keywords: prostate cancer, drug combinations, the transcriptomics-based prediction, the network-based prediction, computation
INTRODUCTION
In the past decades, the drug development has been dominated by one-target one-drug strategy. Although the targeted therapy has dramatically changed the treatment of cancer, confining the drug to a single target fails to consider the complexity of causative factors. Furthermore, cancer cells easily develop resistance to single-drugs through activating other pathways due to their heterogeneous mutation and functional redundancy (Al-Lazikani et al., 2012; Lavecchia and Cerchia, 2016; Liu et al., 2019). Conversely, combinatorial therapies exhibit significant advantages in overcoming drug resistance, reducing toxicity and improving curative effects, thus attracting considerable interests from researchers and drug companies (Bayat Mokhtari et al., 2017; Liu et al., 2019). Considering high attrition rates in the development of new drugs, one tempting option for exploring combinatorial therapies in tumor is to consider drugs already on the market, due to their well-documented safeties (Huang et al., 2019).
In spite of the successes of combinatorial therapies, most of them were derived from the clinical experience and serendipitous discovery, only covering a tiny fraction of the large-scale combinatorial space (Al-Lazikani et al., 2012). In fact, besides more than 200 currently approved cancer agents, there are several thousand drugs under investigation. Consequently, the number of combinations to be tested could reach millions (Ding et al., 2020). It is prohibitively cost and labor-intensive for the experimental approaches to pick out synergistic combinations from the millions of possibilities (Regan-Fendt et al., 2019). Thus, it is highly desired to introduce some effective and robust approaches to significantly narrow down the candidate space of drug combinations for wet-lab experimental validations, in turn facilitating the process of drug synergy prediction.
To mitigate these challenges, various computational methods are coming up recently to assist the combination therapies. Although the predictive ability of these methodologies is significantly better than random, some limitations should be mentioned. Firstly, many existing computational methods (Li et al., 2015; Chen et al., 2016; Regan-Fendt et al., 2019) are based on a similarity comparison between the query combinations and the known ones, thus needing a lot of known drug combinations. However, the number of synergistic combinations known is much less than that of the unknown ones. Secondly, most of the developed predictive models (Zhao et al., 2011; Li et al., 2015; Li et al., 2017; Celebi et al., 2019) require multiple kinds of features, such as physicochemical properties of drugs, interactions between biological entities. In fact, too many features as input would limit the applicability of the method, because the prediction of new drug combination will depend on the same descriptors for each component in the combination (Mason et al., 2018). However, some data may be non-existent or difficult to obtain, in particular for new agents (Chen et al., 2016). In addition, some features may not contribute much to elucidating the underlying mechanisms of drug synergy. As accepted, drug-induced gene expression profiles can be a snapshot of the biological effects induced by drug treatments, thereby benefiting in the recognition of mechanisms of drug action (Lamb et al., 2006; Bansal et al., 2014; Huang et al., 2019). Some studies indicated that gene expression profiles play a significant part in drug predictions (Sun et al., 2015; Celebi et al., 2019; Zhu et al., 2020). Furthermore, there is an growing number of databases which describe biological entities, chemical agents or genomic data and their relationships being produced and available to the public like the Cancer Genome Atlas (TCGA) (Chang et al., 2013) and the Library of Integrated Network-based Cellular Signatures (LINCS) (Subramanian et al., 2017; Keenan et al., 2018; Koleti et al., 2018). The predictive power of transcriptomics-based methods will gain further improvement owing to the availability of such databases. For example, Stathias et al. (Stathias et al., 2018) integrated gene expression data from Cancer Genome Atlas, Library of Integrated Network-based Cellular Signatures, and the Brain Tumor PDX national resource to build a computational platform named SynergySeq in order to identify synergistic combinations in glioblastoma multiforme (GBM). As a result, they identified compounds that synergize with BET inhibitors and further validated their synergistic effects in reducing glioblastoma multiforme cell expansion experimentally. In addition, in the last few years, network-based models were developed to enable researchers to screen synergistic pairs and examine the mechanisms of them, given that both physiological states and biological processes are modulated by a large interactive network with many signaling pathways (Jia et al., 2009; Barabási et al., 2011; Ryall and Tan, 2015; Wu et al., 2018; Cheng et al., 2019; Zhou et al., 2020). For example, according to the approved combinatorial therapies of hypertension and cancer, Cheng et al. (Cheng et al., 2019) quantified the distance between drug targets and disease proteins in the human protein-protein interaction network (PPI), and suggested that a drug combination is effective when meets the criteria of “Complementary Exposure” pattern: the target modules of each drug locates separately within or adjacent to different parts of the disease module. Using hypertension data as a validation set, this network-based predictor achieved 59% accuracy, outperforming traditional cheminformatics and bioinformatics approaches. The work exhibits the role of the network-based information in identifying efficacious combination therapies. However, most of the current models, including the network-based one (Cheng et al., 2019), were constructed using data from various diseases (Bansal et al., 2014; Sun et al., 2015). The models involved in multiple diseases do not take the context specificity into account, while synergy and antagonism have shown to be strongly context-dependent compound-pair properties (Bansal et al., 2014; Yin et al., 2014; Sun et al., 2015). Therefore, it is highly desired to study the context-specific therapies on drug combination prediction.
Prostate cancer (Prostate cancer) has remained an important public health concern since it is the most frequently diagnosed cancer and the second common reason for cancer death in men, which is predicted to have 191,930 new cases and 33,330 deaths in 2020 (Siegel et al., 2020). In 1941, Charles Huggins (Huggins and Hodges, 1941) reported androgen deprivation therapy (ADT) suppressing androgen receptor activity, which has played an important role in treating Prostate cancer. To date, ADT has been used as a standard treatment for Prostate cancer patients. Although ADT exerts certain remissions for 1–2 years for most patients, they still progress to castration-resistant Prostate cancer later, leading to the lethal condition in Prostate cancer. To overcome resistance to monotherapy, some clinical trials like the CHAARTED (Sweeney et al., 2015) and STAMPEDE (James et al., 2015), have shown a survival advantage when combining androgen deprivation therapy with chemotherapy, showing a promise of drug combination in the treatment of Prostate cancer. However, there are only a few approved and investigational drug combinations for Prostate cancer and the success of current Prostate cancer combination therapies are limited (Lee and Kantoff, 2019). Hence, the development of new combinations for Prostate cancer is of great importance.
Inspired by the challenge, we construct a computation-based strategy to screen potential drug combinations for Prostate cancer. Considering high attrition rates in the new drug development, herein, we focus on FDA approved drugs with potential to be repurposed with an existing Prostate cancer single-agent, due to their well-documented safeties. Our prediction framework mainly includes three parts (Figure 1): 1) Transcriptomics-based ranking: computing the synergistic potential for drug pairs by integrating disease transcriptional data with drug-perturbated transcription profiles; 2) Network-based assessment: quantifying the network-based relationship between drug targets of the top ranked pairs and Prostate cancer proteins, in order to assess the predicted drug pairs from a network perspective; and 3) Experimental validation: using cell viability assays to further evaluate the accuracy of the predicted results. The comparison of the two computational results also provides guidelines for selection of the computational methods when applied to a specific disease.
[image: Figure 1]FIGURE 1 | Overview of the design strategy proposed for generating Prostate cancer-specific drug combinations, including three main frameworks: (A) Transcriptomics-based ranking, (B) network-based assessment, and (C) experimental validation.
MATERIALS AND METHODS
Collection and Preprocessing of Gene Expression Datasets
In this study, we used two gene expression databases: 1) RNA-Seq data for Prostate cancer tumors and controls were downloaded from Cancer Genome Atlas database (Chang et al., 2013); and 2) the drug-perturbated profiles were downloaded from the Library of Integrated Network-based Cellular Signatures project (Subramanian et al., 2017; Koleti et al., 2018). Specifically, we downloaded the Level 4 panel standardized data from the Phase II L1000 dataset released from the Broad Institute Library of Integrated Network-based Cellular Signatures Data Generation Center through the GEO portal [https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE70138]. By reannotating all probe sets on different platforms, 12,299 genes shared between the two databases were retained.
Computation of Disease Signature
Prostate cancer RNA datasets publicly available through Cancer Genome Atlas were downloaded using GenomicDataCommons download tool (Grossman et al., 2016). We obtained 52 prostate cancer and 52 matched normal controls. Then thresholds of |log2FC| > 1 and FDR < 0.1 were used to select genes that differentially expressed between tumor and normal samples, leading to the Prostate cancer gene-expression signature.
Collection and Preprocessing of Gene Expression Datasets
As described in the SynergySeq (Stathias et al., 2018), each compound will be assigned a transcriptional consensus signature (TCS) by utilizing the quantitative gene expression data measured before and after drug perturbation. Then the concordance ratio (CR) and the disease discordance ratio (DR) are calculated for each drug pair (Stathias et al., 2018). Herein, CR denotes the ratio of a compound’s genes in the same direction as the reference signature to those in the opposite directions (Eq. 1). For DR, its definition is based on a comparison between the genes in TSC of a compound and the disease signature genes that are missing in the reference signature. Consequently, DR could be obtained as the ratio of differentially expressed genes induced by drug in an opposite direction to ones in the same direction (Eq. 2):
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where z, d, and r denote the TCS vectors of the L1000 compound, the disease and the reference compound signature, respectively.
Combining CR with DR, the orthogonality of each compound to the transcriptional impact caused by the reference compound can be measured by a single value, Orthogonality Score (OS) (Stathias et al., 2018).
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Construction of Human Protein-Protein Interaction Network
Here, we construct a comprehensive human PPI network by using high-quality protein-protein interaction data from different bioinformatics and systems biology databases (Cheng et al., 2019): 1) binary interactions from yeast two-hybrid high-throughputs; 2) binary, physical PPIs derived from protein 3D structures; 3) kinase-substrate pairs; 4) signaling interactions, and 5) literature-curated interactions. As a result, the final human PPI network consists of 217,109 edges and 15,911 nodes.
Network Configurations of Drug–Drug–Disease Combinations
We assemble Prostate cancer-gene annotation data from eight different bioinformatics data sources: OMIM (Amberger et al., 2015), CTD (Davis et al., 2015), ClinVar (Landrum et al., 2014), GWAS Catalog (Welter et al., 2014), GWASdb (Li et al., 2016), PheWAS Catalog (Denny et al., 2013), HuGE Navigator (Yu et al., 2008), and DisGeNET (Piñero et al., 2015). In addition, we collect the target information of the approved drugs by searching in DrugBank (Law et al., 2014), and drug target interactions meeting three criteria were used (Cheng et al., 2019): 1) binding affinities ≤10 μM; 2) the manually verified target stored in the UniProt with unique identifiers.
In the human PPI network, when a drug targets the corresponding subnetwork of a disease or its adjacent communities, the drug is more likely to have therapeutic effects on the disease than other drugs with targets far from the disease subnetwork (Cheng et al., 2018; Cheng et al., 2019). Z-score is a reliable index to measure the network proximity between a drug (X) and a disease (Y), which is based on the shortest path lengths d(x, y) between drug targets (x) and disease proteins (y):
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Select a random group of proteins each time, the size and degree distribution of which matches the ones of disease proteins and drug targets, repeat 100 times, and then the mean µ and standard deviation σ were calculated. If the drug targets and the disease proteins separate from each other from a network-based perspective, their corresponding z ≥ 0; otherwise, z < 0.
In addition, the isolated target protein modules between two drugs in the human PPI network indicating that they act in different ways, and the network-based separation is an effective measurement for this (Menche et al., 2015):
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where <d> represents the shortest path between two nodes. If the two drug–target modules isolate from each other in the network, their corresponding [image: image]; otherwise, sAB < 0.
Cell Lines and Reagents
PC-3 cells were purchased from the Wuhan Bafeier Biological Co., Ltd. and grown in F12K mediums supplemented with 10% FBS and 1% penicillin-streptomycin at 37 under 5% CO2. Docetaxel (D807092) was purchased from Macklin (Shanghai, China). Imatinib (I0906), cabazitaxel (C3390), and mitoxantrone (M3133) were purchased from Tokyo Chemical Industry (TCI, Shanghai, China). Indinavir sulfate (HY-B0689A) and cyproheptadine hydrochloride sesquihydrate (HY-B1165) were purchased from MedChemExpress (MCE, Shanghai, China). MTT (3580MG250) was purchased from BIOFROX (Guangzhou, China).
MTT Assay
Cells were seeded into 96-well plate at a density of 4.0 × 103 cells/well in growth medium, cultured for 24 h, and then the indicated drugs were added and co-cultured for 72 h. For each concentration gradient, set three replicates, and a well without culture medium was set as control. Then 10 μl MTT solution was added to each well. After 4 h, the cell medium was removed and 150 μl/well of DMSO was added. Relative cell viability was obtained by measuring absorbance at 570 nm in a microplate reader (Flexstation® 3, Molecular Device, United States).
RESULTS
Transcriptomics-Based Ranking
In the area of recognizing the mechanisms of human diseases and drug actions, RNA-seq plays a significant role (Lamb et al., 2006; Rees et al., 2016; Wang et al., 2016). Advances in sequencing techniques have generated large-scale omics data, which provide opportunities for drug discovery. As aforementioned, Stathias et al. (Stathias et al., 2018) proposed a method termed SynergySeq to screen drug pairs acting in a synergistic way, in order to combat the resistance of BET inhibitors in glioblastoma multiforme. By assessing the expression of 978 representative landmark transcripts in glioblastoma multiforme and small molecule compounds, they screened some synergistic combinations with a reference compound (BET) from 285 L1000 compounds, and these combinations were further validated by both the external databases and various assays. Herein, we also applied SynergySeq to Prostate cancer. Different from (Stathias et al., 2018), we reannotated the probes on Cancer Genome Atlas and Library of Integrated Network-based Cellular Signatures platforms, resulting in 12,299 common genes, covering a more comprehensive gene space, and the compound library was expanded to 918 approved drugs, much more than 285 in the previous work (Stathias et al., 2018).
Compound-Specific Transcriptional Consensus Signatures
In order to predict drug combinations for Prostate cancer, we first need to generate drug-perturbated transcription profiles of Prostate cancer cells from a large-scale database which collects gene expression data before and after drug perturbation across multiple cancer cell lines. For each compound, the Library of Integrated Network-based Cellular Signatures L1000 project provides data on gene expression measured at different time points and doses before and after treatment of multiple cells (Keenan et al., 2018). However, some compounds didn’t treat any Prostate cancer cell lines, so there is a need to establish the respective transcriptional consensus signatures (TCS) for each compound. In the work of Stathias (Stathias et al., 2018), they introduced TCS to represent the transcription profiles of compounds in glioblastoma multiforme cells under the condition that most Library of Integrated Network-based Cellular Signatures L1000 compounds lack profiles from any glioblastoma multiforme cell, and demonstrated that TCSs could represent the compound used to perturb the cells, and be independent of the cell type. Following the work, we calculated TCS for each compound, based on the chemical perturbation experiments data across multiple cell lines. If a gene is observed to be consistently up or down regulated in multiple types of cancer cell lines after the compound disturbance, we deduce that the gene also produces the same transcriptional changes in the prostate cancer cells.
In order to confirm the assumption, correlation coefficients between all pairs of compounds were calculated using TCS and hierarchical clustering was then performed. As a result, various compound classes are aggregated respectively, as shown in Figure 2 and Supplementary Table S1. Figure 2 shows that compounds with highly correlated consensus signatures (Pearson Correlation > 0.7) could be incorporated into a subnetwork reflecting their mechanism of action, confirming that TCS could well characterize the transcriptomic changes induced by drugs. In addition, the observation further supports the idea that compounds with similar mechanisms produce similar gene expression changes (Lamb et al., 2006; Rees et al., 2016; Regan-Fendt et al., 2019).
[image: Figure 2]FIGURE 2 | The clustering of small molecules according to their L1000 consensus signatures. (A) Correlation matrix of the 918 consensus signatures. Blue to red denotes the correlation coefficient between the two compounds from −1 to 1, namely, from completely negative correlation and the completely positive one. The red clusters along the diagonal denote compounds with high transcriptional similarities (Pearson Correlation > 0.7). (B) Networks of highly correlated Library of Integrated Network-based Cellular Signatures compounds. The nodes in the network represent L1000 small molecules. If the correlation coefficient between two compounds is greater than 0.7, they are connected by a line. The color of the network is corresponding to the cluster annotation in (A). For example, blue nodes in (B) are Proteasome inhibitors, corresponding to the blue cluster in (A). Compound names and mechanisms of action are shown in Supplementary Table S1.
Reference Compounds
Herein, we need to identify available Prostate cancer drugs from the Library of Integrated Network-based Cellular Signatures L1000 dataset as reference candidates and then repositioned other marketed drugs to find the ones, which could produce synergistic effects with the reference compound selected. For Prostate cancer, only thirteen drugs are selected as preliminary reference candidates in the work, as they are approved drugs for Prostate cancer and also have experimental data for treating Prostate cancer cell lines in the Library of Integrated Network-based Cellular Signatures project. For the thirteen reference compounds, we only focused on genes that induce consistent transcriptional changes in at least half of the PC-3 cells to obtain robust reference signatures (Stathias et al., 2018). Because a high TCS gene score (max score = the number of the cell lines used) indicates that more genes over/under-expressed in different PC-3 cells, three compounds (mitoxantrone, cabazitaxel, and docetaxel), which exhibit significantly higher TCS scores than the other Prostate cancer drugs (vide Supplementary Table S2), are selected as final reference compounds.
In fact, mitoxantrone, cabazitaxel, and docetaxel are all conventional chemotherapeutics to treat Prostate cancer. Mitoxantrone was the only chemotherapeutic drug approved for the treatment of Prostate cancer before 2004. As a DNA intercalating agent and topoisomerase II inhibitor, it has been routinely used for the treatment Prostate cancer since its palliative benefit could enhance clinical remission of the Prostate cancer patients. However, it was also reported that the mitoxantrone failed to confer any survival advantage, and most patients frequently developed therapeutic resistance to the treatment (Song et al., 2018). In 2004, the docetaxel was approved by FDA, which brought certain improvements for the treatment of Prostate cancer patients. Thus, it became the standard chemotherapy treatment for castration-resistant prostate cancer (Song et al., 2018). Unfortunately, many patients did not respond to the therapy and all patients ultimately developed resistance to the docetaxel (Hwang, 2012; Song et al., 2018). Thus, many efforts have been devoted to overcome chemoresistance to docetaxel. Consequently, multiple novel anti-tumor agents were developed, including the cabazitaxel. The cabazitaxel, as the second taxane, could extend survival and is currently used as a single agent (Madan et al., 2011). Despite the antitumor activity of the cabazitaxel in docetaxel-resistance models, cabazitaxel resistance was still proved both in vitro and in vivo and the resistance mechanisms are still unclear (Natsagdorj et al., 2019; Ylitalo et al., 2020). As known, the cabazitaxel is often administered as a last resort after patients develop resistance to docetaxel. Once the resistance to cabazitaxel is acquired, there are limited therapeutic options. Therefore, it is important to explore the combination therapy based on the three reference compounds to improve survival or clinical outcomes, in turn providing more options for the treatment of Prostate cancer.
Prediction of Synergic Effects Based on Transcriptome-Based Data
As accepted, a drug might have the potential to treat a certain disease if its treatment could reverse the gene signature of the disease (Li et al., 2020). Thus, an ideal Prostate cancer drug should has a TCS, which could reverse all abnormally expressed genes in Prostate cancer (Stathias et al., 2018). In the other words, we hope to select the combination of drugs, which could to the largest extent reverse the abnormally expressed genes in Prostate cancer.
Using Cancer Genome Atlas RNA-Seq datasets for Prostate cancer tumors and controls, we identified 1283 differentially expressed genes to comprise the Prostate cancer disease signature. Then we prioritized the compounds based on how much they differ from the reference compounds and how much they reverse the disease signature. First, we calculated CR in terms of Eq. 1, which denotes the overlap between a reference small molecule and the Library of Integrated Network-based Cellular Signatures L1000 one. The higher the CR value is, the more similar the transcriptional responses induced by the two compounds. In other words, they are more likely to target the same disease pathway. Then, DR was estimated by Eq. 2, which gives the reversal degree of disease signature caused by a small molecule different from a reference drug (Stathias et al., 2018). These genes in DR are absent from the Prostate cancer reference signature. The compound has higher DR than the other, suggesting that it has more discordant genes with respect to the Prostate cancer differentially expressed genes. Finally, combining CR and DR, each compound can be scored by a single value (OS; Eq. 3) to quantify its orthogonality to the reference-induced transcriptional effect.
In order to select compounds with great potential, we did a scatterplot for each reference compound, as shown by Figure 3. According to the criteria that drug pairs with therapeutic effects tend to have high OS, three compounds located in the upper left corner, which have significantly higher OS scores than the others, were selected for each reference compound, leading to nine drug combination candidates. It can be seen from Figure 3 that the top three combined objects are the same for each reference compound, which are indinavir, imatinib and cyproheptadine.
[image: Figure 3]FIGURE 3 | Ranking of the 918 Library of Integrated Network-based Cellular Signatures compounds based on their orthogonality to the signatures of the three references (mitoxantrone, docetaxel and cabazitaxel). X-axis and Y-axis denote the CR and DR values, respectively.
Network-Based Assessment
It was indicated from the network analysis that a combinatorial therapy is efficacious only when it follows the “Complementary Exposure” pattern, namely, the target modules of each drug in the combination locates separately within or adjacent to different parts of the disease module (Cheng et al., 2019). Therefore, we further constructed the network-based model to assess the drug combinations predicted by the transcriptomics-based method. To achieve this goal, we quantified the network-based relationship between Prostate cancer disease module and two drug-target modules in order to observe if the nine drug combinations fall into the Complementary Exposure category. The results are shown as follows:
For indinavir, the network configuration between it and the three reference compounds are failed to be calculated because the target protein of the indinavir only has Pol polyprotein reported. However, the pol polyprotein is marked as “unreviewed” in the UniProt database. In other words, there is lack of reliable data regarding the target protein for the indinavir so that the network relationship could not be calculated. This is a limitation for application of the network analysis in practice, which requires specific target proteins.
For the imatinib-containing combinations, our network analysis shows that imatinib and the three reference compounds all target different parts of the Prostate cancer-related subnetwork by “Complementary Exposure” pattern. Specifically, the relative proximity between the four drugs (imatinib and three reference compounds) and the Prostate cancer module is negative, z < 0, suggesting that the drug target modules in the combination overlap with the disease module. In addition, the network proximity between imatinib and the three reference compounds is positive (sAB ≥ 0), indicating that the two drug targets are topologically separated. Thus, the network analysis further supports that the imatinib-containing combinations may be potential for the treatment of Prostate cancer (Figure 4A), in line with the prediction of the transcriptomics-based analysis above.
[image: Figure 4]FIGURE 4 | Network configurations of drug–drug–disease combinations. (A, B) The network-based relationship between two drug–target modules and one disease module on imatinib-reference drug- Prostate cancer (A) and cyproheptadine-reference drug-Prostate cancer (B). (C, D) The exposure mode of the Prostate cancer-associated protein module to the pairwise drug combinations: the three imatinib-containing combinations (C), and the three cyproheptadine-containing combinations (D). The z-scores measure the drug–disease separation. The s-scores denote the topological relationship between two drug target modules.
For the cyproheptadine-containing combinations, although the cyproheptadine hits different targets from the reference compound (sAB ≥ 0), it failed to hit the disease module (z > 0). Cheng reported that the efficacy of the combinatorial therapy isn’t better than the single-agent therapy if at least one agent locates far from the disease subnetwork (Cheng et al., 2019). Judged from the network-based result, the cyproheptadine-containing combinations should be ineffective for Prostate cancer, which is opposite to the transcriptomics-based prediction.
Experimental Validation of the Predictions
As observed above, there are some discrepancies between the transcriptomics-based prediction and the network-based one. Thus, we further used the experimental method to validate the prediction results from the two methods. Herein, we used the MTT assay, which is a popular tool in measuring the metabolic activity of living cells, to estimate the cytostatic effects of a monotherapy or a combination of them on PC-3 cells (vide Supplementary Table S3). In order to assess the degree of synergy or antagonism, the combined effects of a drug pair are usually compared to the theoretically expected values using a reference mode, with the assumption that there is no interaction between the components of the combination. The reference models employed here are Bliss (Bliss, 1939) and ZIP (Yadav et al., 2015) models, which are implemented in SynergyFinder web-application (https://synergyfinder.fimm.fi; ref (Ianevski et al., 2017)).
Synergy scores are listed in Table 1, which are derived from the dose-matrix combinations. Figure 5, Supplementary Figures S1, S2 show the 2D and 3D synergy heat maps for the Bliss and ZIP models of the interactions, through which the combined effects of the nine drug combinations against PC-3 cells (vide) could be obtained. The results shown in Figure 5A revealed that the docetaxel-containing combinations inhibit PC-3 cell proliferation in a dose-dependent manner. In other words, the combination could produce different effects on PC-3 cells due to the different concentration of its components, including antagonistic, addictive, or synergistic effects. Specifically, there is antagonism between the docetaxel and the indinavir when the concentration of the docetaxel is between 40 and 500 nM. The combination of the docetaxel and the imatinib also exhibits antagonism when the concentration of the docetaxel is higher than 100 nM. For the docetaxel-cyproheptadine, this pair presents antagonism when concentration of indinavir is lower than 50 nM, and cyproheptadine is greater than 50 nM. While at other range of drug doses pairs, the docetaxel-containing combination induces additive/synergistic effects. Different from the dose-dependent effects of the combinations containing docetaxel, the three combinations containing mitoxantrone all show overall synergistic effects within the experimental dose range, judged from Figure 5B). In addition, it can be observed from Figure 5C that the three combinations containing cabazitaxel show the strongest synergistic effects. In a whole, the experimental results almost support the transcriptomics-based predictions, but exhibit some discrepancies with the network-based predictions for the mitoxantrone-cyproheptadine and cabazitaxel-cyproheptadine.
TABLE 1 | Synergy scores for each drug combination according to Bliss model.
[image: Table 1][image: Figure 5]FIGURE 5 | The 2D and 3D heat maps of the combination responses for docetaxel-containing (A), mitoxantrone-containing (B) and cabazitaxel-containing combinations (C) according to Bliss model. Red represents the synergistic interaction while green denotes the antagonistic interaction.
DISCUSSIONS
Drug combinations play a major part in combating various complex diseases due to increased therapeutic efficacy, decreased toxicity and counter drug resistance. And computational methods bypass the combinatorial explosion problem by greatly reducing the search space and prioritizing combinations. Among these approaches, the transcriptomics-based and the network-based methods have attracted much attention and achieved remarkable performance. In addition, most existing methods focused on multiple diseases. However, the drug synergy is a strongly context-dependent property. Thus, it is highly desired to explore disease-specific synergy combinations. Prostate cancer is a primary factor of male morbidity and mortality, and the inevitable drug resistance to exiting monotherapies highlights the need of new combination therapies. Therefore, we hope to establish a synergistic drug prediction model for Prostate cancer in the work. We firstly employ a transcriptomics-based approach to reposition 918 approved drugs in combination for Prostate cancer, through which the nine synergistic combinations are identified. To compare the performance of different computational methods to predict the drug pair of Prostate cancer, we further utilize the network-based method proposed by Cheng et al. (Cheng et al., 2019) to assess the synergistic potential of the six drug combinations from the transcriptomics-based prediction, excepting for the three indinavir-containing combinations, since the indinavir lacks reliable drug targets. The network-based results show that the three imatinib-containing combinations fall into the Complementary Exposure category with the Prostate cancer disease module. Thus, the network-based method show that they are effective combinations for Prostate cancer, in line with the transcriptomics-based prediction. However, the three cyproheptadine-containing combinations are predicted as nonsynergistic combinations, which conflicts with the transcriptomics-based results. To validate the computational results, we further conduct in vitro experiments. The in-vitro results show that the combined effects of the three docetaxel-containing combinations are in a dose-dependent manner while the other six combinations could synergistically inhibit the growth of PC-3 cells, thus supporting the transcriptomics-based predictions. However, the two combinations (cyproheptadine-mitoxantrone and cyproheptadine-cabazitaxe), which are predicted to be nonsynergistic by the network-based method, present strongly synergistic in the in-vitro experiment instead. Only the network-based predictions of imatinib-mitoxantrone and imatinib-cabazitaxel are consistent with the in-vitro results.
Specifically, the two imatinib-containing combinations (mitoxantrone-imatinib and cabazitaxel-imatinib), which are consistently predicted as synergistic combinations in the transcriptomics-based and the network-based analysis, are further proved in vitro and exhibit highly potential for the combination therapy of Prostate cancer. In fact, it is revealed that imatinib could inhibit PDGFR, a potential therapeutic target in Prostate cancer (Pinto et al., 2012). Unfortunately, the efficacy of single-agent PDGFR inhibitors in patients with metastatic Prostate cancer appears limited. Interestingly, it was observed that combining imatinib with other anticancer drugs might increase the effectiveness of the single-agent PDGEF inhibitor (Kim et al., 2012). Moreover, the imatinib was found to decrease interstitial fluid pressure in solid tumors so that it could improve tumor delivery of anticancer drugs in vivo (Vlahovic et al., 2007). All the evidences also provide further support for the potential of the imatinib in combination therapy for Prostate cancer. The two cyproheptadine-containing combinations (mitoxantrone-cyproheptadine and cabazitaxel-cyproheptadine), which are predicted to be synergistic combinations in the transcriptomics-based prediction but nonsynergistic in the network-based analysis, show to inhibit the proliferation of PC-3 cells synergistically in vitro. Although the therapeutic effect of cyproheptadine in Prostate cancer has never been reported, the use of cyproheptadine in the treatment of multiple malignancies, such as myeloma, leukemia and hepatocellular carcinoma (Rosenberg and Mathew, 2013), to some extent suggest the effect of cyproheptadine in combating cancers. Therefore, it is reasonable for the two cyproheptadine-containing combinations to be potential for the Prostate cancer treatment. The two indinavir-containing combinations (mitoxantrone-indinavir and cabazitaxel-indinavir), which failed to conduct the network-based analysis, also were experimentally confirmed to be synergistic combinations. Indinavir is a human immunodeficiency virus protease inhibitor (HIV PIs), which was proved in vitro and in vivo to slow down the proliferation, promote the apoptosis and inhibit the growth of tumor cells (Toschi et al., 2011; Barillari et al., 2014; Maksimovic-Ivanic et al., 2017). The anti-tumor activity of HIV PIs has also reported in many studies on treating tumors like Kaposi’s sarcoma, lymph-gland tumor, or Prostate cancer (Toschi et al., 2011; Barillari et al., 2014; Maksimovic-Ivanic et al., 2017). In addition, the CYP3A4 participates in the process of metabolism and the development of resistance (Ikezoe et al., 2004; Van Eijk et al., 2019), while indinavir as a potent inhibitor of CYP3A4 is thought to enhance the therapeutic effects of anticancer drugs in androgen-independent prostate cancer cells.
Judged from the experimental results, the transcriptomics-based predictor performs better than the network-based analysis, at least for Prostate cancer One reason may be that this network approach used in the work is based on the analysis of hypertension and pan-cancer data while the models built on data from a variety of diseases are more likely to miss some important features that being beneficial for capturing unique combinations with therapeutic effectiveness for a specific disease like Prostate cancer (Sun et al., 2015). As an attempt, we reconstructed a tissue specific Prostate interactome. Specifically, we first calculated the median expression of each gene in the tumor or normal samples from the prostate tissue, after downloading gene expression and phenotype data of Cancer Genome Atlas (Chang et al., 2013) and GTEx (Consortium, 2013). And then, proteins with median expression >1 Transcripts Per Million (TPM) (Sriram et al., 2019) were screened, which are considered to express in the prostate commonly. Finally, the full human PPI network is narrowed down to a subnetwork specific to the prostate, with 214,351 edges and 15,784 nodes. Then, we calculated the configurations of the six drug-drug- Prostate cancer combinations (vide Supplementary Figure S3) are the same as those obtained by the full network calculation (vide Figure 4). The result implies that it may be difficult for the network topology to capture the characteristic of the specific disease. In contrast, the information from the transcriptional level of the specific disease (Prostate cancer) could reflect individual characteristics. In addition, as proposed by Cheng (Cheng et al., 2019), some factors, the incompleteness of the human PPI network and the limited knowledge of proteins associated with the disease and drugs, may impose restrictions on the performance of the current network-based approaches used to develop therapeutic strategies. For example, some drugs have no target proteins available for the network calculation like the indinavir under study. Therefore, researchers should be more cautious when purely using network-based methods to predict drug combinations for a specific disease.
Also, it is noted that the reference signatures used in the transcriptomics-based model is derived from perturbational gene-expression data on PC-3 cell lines, which may not match the disease signature perfectly. But, only the PC-3 cell-line is disturbed by all the 13 approved prostate cancer drugs in the GSE70138 dataset while the LNCAP one is disturbed by one drug (mitoxantrone). For the DU-145 cell-line, there is no profiles induced by any of the 13 drugs. As known, the PC-3 cell-line is derived from metastatic prostate cancer and has been served as standard cell in the drug research on the prostate cancer. To maintain the consistency between the calculation and the experiment, we validated the predictive combinations by in vitro experiment only on the PC-3 cells. Additionally, we did a computational comparison. We used the gene expression profiles of LNCAP cells induced by the mitoxantrone to perform transcriptome-based predictions. As shown by Supplementary Figure S4, the three candidates (imatinib, indinavir and cyproheptadine) also rank the top, in line with the prediction from the PC-3 cell, implying to some extent consistency between the two cell-lines. In fact, many drug prediction models are also based on pan-cancer data without considering cancer types due to the limited data available for each cancer type, but they still achieved satisfactory performance when applied to specific cancer (Geeleher et al., 2014; Sun et al., 2015; Cheng et al., 2019), implying that there are some features shared across different cancers, which contribut to drug predictions. In this study, we only studied one cancer type (i.e., Prostate cancer). Although the patient samples and cancer cells belong to different stage, it should be reasonable to assume that there are some characteristics shared between different stages of the prostate cancer. In addition, it is found from some previous literatures (Mao et al., 2008; Kim et al., 2012; Barillari et al., 2014; Hsieh et al., 2016; Sun et al., 2016; Takemoto et al., 2016; Maksimovic-Ivanic et al., 2017; Van Eijk et al., 2019) that the three drugs (i.e., indinavir, imatinib, and cyproheptadine) predicted as one component of the drug combination exhibited anticancer impact on various cancers, including prostate cancer, which also to some extent supports the rationality of using perturbational gene-expression data on PC-3 cell lines to predict drug combinations for the prostate cancer. However, more in vitro and in vivo experiments will be needed to further validate the therapeutic efficacy of our predictive drug combinations for the prostate cancer.
Despite fascinating advantages of combination therapies, there are still some limitations and challenges needed to be addressed. Firstly, using multiple drugs in the combination may precipitate undesired side effects, and make it difficult to identify which drug is responsible for the effects (Kavanagh et al., 2018). Secondly, the determination of drug dose and ratio in combination therapy is much more complicated than that of monotherapy, because the solubility, stability, pharmacodynamics, and pharmacokinetics of different drugs may vary greatly (Sun et al., 2016). In addition, most of the existing drug combination predictive models are based on omics and drug response data. There has been lack of sufficient data to model the unique characteristics of patients (Kening et al., 2020), which is a major limitation of current researches, including our study. Overcoming these limitations will further increase the value of combination therapies, which requires the joint efforts of researchers across various disciplines, such as biology, chemistry, medicine, and computer science.
CONCLUSIONS
In summary, our results show that the transcriptomics-based strategy is more suitable for the specific disease than the network-based one, at least for Prostate cancer, which will assist in decision making for the usage of the computation methods in the drug combination prediction. More importantly, six drug combinations (i.e., the three mitoxantrone-containing and the three cabazitaxel-containing combinations) are found to be potential to synergistically conquer prostate cancer, which offer promising candidates for preclinical testing. Despite the encouraging results, our findings still require further preclinical testing and clinical trials.
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Background: Activation of the mTOR signaling pathway is ubiquitous in cancers and a favourable therapeutic target. However, presently approved mTOR inhibitor monotherapies have modest benefits in labeled indications while poor outcomes have been reported for mTOR inhibitor monotherapy when administered in a label-agnostic setting based on univariate molecular indications. The present study aimed to determine whether patient-specific combination regimens with mTOR inhibitors and other anticancer agents selected based on multi-analyte molecular and functional tumor interrogation (ETA: Encyclopedic Tumor Analysis) yields significant treatment response and survival benefits in advanced or refractory solid organ cancers.
Methods: We evaluated treatment outcomes in 49 patients diagnosed with unresectable or metastatic solid organ cancers, of whom 3 were therapy naïve and 46 were pre-treated in whom the cancer had progressed on 2 or more prior systemic lines. All patients received mTOR inhibitor in combination with other targeted, endocrine or cytotoxic agents as guided by ETA. Patients were followed-up to determine Objective Response Rate (ORR), Progression Free Survival (PFS) and Overall Survival (OS).
Results: The Objective Response Rate (ORR) was 57.1%, the disease Control rate (DCR) was 91.8%, median Progression Free Survival (mPFS) was 4.9 months and median Overall Survival (mOS) was 9.4 months. There were no Grade IV treatment related adverse events (AEs) or any treatment related deaths.
Conclusion: Patient-specific combination regimens with mTOR inhibition and other anti-neoplastic agents, when selected based on multi-analyte molecular and functional profiling of the tumor can yield meaningful outcomes in advanced or refractory solid organ cancers.
Trial Registration: Details of all trials are available at WHO-ICTRP: https://apps.who.int/trialsearch/. RESILIENT ID CTRI/2018/02/011808. ACTPRO ID CTRI/2018/05/014178. LIQUID IMPACT ID CTRI/2019/02/017548.
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BACKGROUND
Mammalian Target of Rapamycin (mTOR) is a protein kinase which plays an important role in tumorigenesis by controlling protein synthesis, cell growth and proliferation and metastasis (Crespo et al., 2016). Since activation of the mTOR signaling pathway is ubiquitous in cancers, therapeutic inhibition of mTOR using analogs of Rapamycin (‘Rapalogs’) has been an attractive strategy for systemic management of cancer, albeit with modest benefits (Kwitkowski et al., 2010; Yao et al., 2011; Buti et al., 2016; Hua et al., 2019). Previous attempts to match alterations in mTOR pathway genes with label-agnostic mTOR blockade via monotherapy have reported inferior outcomes (Le Tourneau et al., 2015; Tsimberidou et al., 2019). The low efficacy of mTOR inhibitors has been attributed to the largely cytostatic rather than cytotoxic mechanisms of action (Meric-Bernstam and Gonzalez-Angulo, 2009), their limited inhibitory capacity as well as the activation of other resistance pathways (Faes et al., 2017). There is growing evidence that mTOR inhibitors in multi-drug combination regimens can overcome the largely cytostatic effect of mTOR inhibitor monotherapies thus leading to improved treatment outcomes especially in advanced cancers. Illustratively, the combination of Everolimus and Exemestane is superior to Everolimus alone in treatment of patients with non-steroidal aromatase-inhibitor refractory ER+/HER2- metastatic breast cancer (Jerusalem et al., 2018). Likewise, the combination of Everolimus and lenvantinib has been approved for metastatic RCC (Leonetti et al., 2017) owing to higher efficacy over Everolimus monotherapy. Similarly, though Alpelisib monotherapy targeting mutant PIK3CA has shown limited efficacy (∼6% ORR) in solid organ cancers, the combination of Alpelisib and Fulvestrant has yielded higher response rates (∼26%) in ER+/HER2-metastatic breast cancers (Juric et al., 2018; André et al., 2019).
It is accepted that tandem therapeutic targeting of multiple signaling pathways can lead to improved outcomes in cancer (O’Reilly, 2002). The mTOR pathway cross-talks with multiple other signaling pathways such as MAKP/ERK (Mendoza et al., 2011; Liu et al., 2018), AR (Mulders, 2009) and VEGF (Crumbaker et al., 2017). Some crosstalk appears to be linked to resistance mechanisms, while a subset may present therapeutically relevant targets (Conciatori et al., 2018; Liu et al., 2018). Likewise, several other signaling pathways that are also known to be upregulated in cancers, offer additional opportunities for tandem therapeutic targeting (O’Reilly, 2002).
Although the potential benefits of Everolimus in combination with chemotherapy agents have been hypothesized in various cancers, the benefits of such regimens in a refractory setting has not yet been demonstrated. Further, selection of chemotherapy agents for such combination regimens have been largely derived from Randomized Clinical Trials (RCT) or Standard of Care (SoC) guidelines rather than via patient-specific evaluation of drug resistance or sensitivity in respective tumors. The benefits of the latter approach lie not only in identifying relevant drugs with higher antitumor activity (Jo et al., 2018) but also provide a repertoire of drugs that can be used in a label-agnostic setting.
The clinical utility of patient-specific multi-analyte tumor interrogation (called ETA for ‘Encyclopedic Tumor Analysis’) for identifying vulnerabilities in advanced refractory cancers (ARC) and their targeting with personalized de novo combination treatment regimens has been previously demonstrated (Nagarkar et al., 2019). Here, we report the efficacy of such personalized combination treatment regimens which achieve efficacious mTOR blockade as well as tandem targeting of other tumor vulnerabilities to yield meaningful outcomes in treatment of advanced refractory cancers.
METHODS
Study Design
This manuscript reports data from a subset of patients from three prospective interventional phase II/III trials, including RESILIENT (CTRI/2018/02/011808), ACTPRO (CTRI/2018/05/014178) and LIQUID IMPACT (CTRI/2019/02/017548) who received mTOR inhibitor-based treatments. The primary outcome data for the RESILIENT Trial has already been published (Nagarkar et al., 2019). The outcome data for the other two trials will be reported separately. The present manuscript only reports findings in a subset of patients from these trials where the therapy profile is relevant to the theme of this submission. Details of all trials are available at WHO-ICTRP. All trials were approved by institutional review boards and ethics committees of sponsor as well as clinical trial site. All trials were conducted in accordance with all applicable ethical guidelines and the Declaration of Helsinki. The present manuscript also retrospectively reports data from a curated subset of patients who availed of Encyclopedic Tumor Analysis (ETA) as a commercial service offered by the study sponsor for personalized treatments; outcomes are reported only for those patients who received mTOR-inhibitor based treatments.
Patients
Between Jan 2018 and Jun 2019, 37 patients with advanced solid organ cancers received treatments with mTOR inhibitors in combination with other systemic anticancer agents as part of various prospective interventional clinical trials conducted by the study sponsor. All study participants were previously counseled regarding study objectives, potential benefits and potential risks and provided signed written informed consent for participation in the trial and for publication of deidentified data. Between Jan 2018 and Dec 2018, 12 patients underwent ETA as a commercial service to inform precision systemic therapy options for advanced broadly refractory solid organ tumors and received treatments with mTOR inhibitors in combination with other systemic anticancer agents. Treatment outcomes were available in these patients and were hence considered for analysis. All patients consented for analysis and publication of deidentified data. Outcome data for these patients are reported.
Encyclopedic Tumor Analysis
The process of ETA and generation of patient specific therapy recommendations have been described previously (Nagarkar et al., 2019) and is also provided as Supplementary Material. Briefly, ETA included molecular profiling of tumor tissue and blood samples by NGS, immunohistochemistry (IHC) on tumor tissue and in vitro chemoresponse profiling (CRP) of viable tumor tissue derived cells (TDCs) or Circulating Tumor Associated Cells (CTACs) from peripheral blood. Both cytotoxic anticancer agents as well as mTOR inhibitors were evaluated by CRP where viable TDCs/CTACs were treated in vitro with standardized concentrations of anti tumor agents and the proportion of cell death was measured. Next Generation Sequencing (NGS) analysis of tumor tissue DNA or peripheral blood circulating tumor DNA (ctDNA) using a targeted gene panel (452 or 411 genes) was performed to identify molecular alterations in the mTOR pathway genes that are known to be indicative for selection of mTOR inhibitor as well as molecular alterations to select appropriate targeted and endocrine agents. Finally, Immunohistochemistry (IHC) profiling of tumor tissue was used to determine expression of Estrogen Receptor (ER) and Androgen Receptor (AR) for selection of Endocrine agents. ETA findings were integrated to generate patient specific treatment recommendations which were shared with the treating oncologist.
Treatments
All patients received individualized combination regimens with mTOR inhibitors and other targeted, endocrine or cytotoxic drugs which were informed by ETA findings. Among 39 patients where the combination regimen included ≥1 cytotoxic agents, the choice of single or multiple cytotoxic agents was based on reported safety information (AE profiles) of each individual cytotoxic agent (labeled toxicity), as well as phase I trial data of safety and toxicity of combinations. This safety information was used to anticipate/predict patient-wize expected AEs which was referred to while determining the appropriate starting dose as well as dose escalation in each patient. In all patients, the treatment agents were initially administered at lower (≤50%) doses, and were escalated based on an individualized dose escalation schedule. Other factors which guided patient-specific dosage and schedule included institutional guidelines and protocols as well as clinical assessment of the patients’ health. As per the treatment plan in the trials, patients were to be administered treatments until progression or death or dose limiting toxicity. Patients who showed durable response were maintained with suitable dose reduction as decided by the treating clinician. For non-trial patients, schedule and duration were determined by the treating clinician based on clinical assessment of patients’ health.
Response Evaluation
Treatment response was assessed in all patients based on a baseline and follow-up radiological imaging (CT/PET-CT) as per RECIST 1.1 criteria (Eisenhauer et al., 2009) to determine Objective Response Rate (ORR), disease Control Rate (DCR), Progression Free Survival (PFS) and Overall Survival (OS). Patients in clinical trials underwent follow-up imaging scans after every two cycles of treatment or after every 8–12 weeks, whichever was longer. All radiological data were independently evaluated by an external expert radiologist who was blinded to the interpretation of the original radiologist. If the findings of the external expert radiologist concurred with the gross findings of the original radiologist, then the initially reported values were retained. In case of divergent findings, this was conveyed to the original radiologist for re-evaluation of the radiological scan data.
Follow-Up
Patients were followed up until study termination or patient exclusion (death/loss to follow-up/withdrawal of consent) or until December 2020, to determine Progression Free Survival (PFS) as well as Overall Survival (OS). Post completion of study, patients were followed-up every 6 months for OS only. Patients who were not part of the clinical trials underwent follow-up imaging scans at intervals specified by the treating clinicians.
Safety and Adverse Events
Treatment related AEs were prospectively obtained for trial patients during the trial. Treatment-related AEs for non-trial patients were obtained from patients’ clinical records which were provided by the treating clinician. All AEs were graded according to NCI-CTCAE v5 (NCI, NIH, DHHS, 2017) and reported. For patients in the clinical trials, as well as commercial patients AEs were managed by standard procedures according to institutional protocols.
RESULTS
Study Cohort
The present manuscript reports outcomes in 49 patients (23 males, 26 females, median age 49 years) who received mTOR inhibitor-based treatment regimens informed by ETA (Table 1, Supplementary Dataset). This cohort includes prospective data of 37 cancer patients from clinical trials and retrospective data of 12 cancer patients who received ETA-guided treatment recommendation commercially from the sponsor. Among the 49 patients, three were therapy naïve (at presentation) whilst 46 had refractory cancers which had progressed following failure of multiple lines of prior systemic therapy.
TABLE 1 | Patient Demographics. The Study population includes 49 patients who received ETA guided combination treatments with mTOR inhibitors. Patient data was aggregated from three clinical trials conducted by the study sponsor as well as patients who availed of ETA as a commercial service from the sponsor.
[image: Table 1]Treatments
All patients were administered mTOR inhibitors as part of multi-drug regimens where the combinations included either ≥1 cytotoxic agent (n = 20), cytotoxic and other targeted/endocrine agents (n = 19), or ≥1 targeted or endocrine agents (n = 10). In this cohort, seven patients were AR+, three patients were ER+ and two patients were AR+, ER + by IHC. All anticancer drugs in the combination treatments were approved by the United States FDA for use as antineoplastic agents. Selection of all treatment agents (including mTOR inhibitors) was agnostic to the respective labeled indications. Patient-wize drugs and regimens are provided in Supplementary Dataset.
Treatment Response
Among the 49 patients, 1 (2.0%) showed Complete Response (CR), 27 (55.1%) showed Partial Response (PR), 17 (34.7%) showed SD and 4 (8.1%) patients showed PD. The Objective Response Rate (ORR) in this sub-cohort was 57.1% and disease Control Rate (DCR) was 91.8%. Patient outcomes are summarized in Table 2. In three patients, failure of a prior line of Everolimus inhibitor monotherapy had led to a previous instance of PD; all three patients received ETA guided combination regimen in the present study and showed PR. Additional relevant or unique cases are discussed in the Supplementary Material. Patient-wize responses to treatment are provided in Supplementary Dataset. Findings of the original radiologist and the external expert radiologist were found to be concurrent with regards to determining gross treatment response (PR, SD and PD) in all cases and hence did not necessitate any re-evaluation.
TABLE 2 | Gene variants indicative of mTOR activation. The table indicates the types of gene variants observed and the number of patients where the tumors harbored each type of gene variants. Indications in italicized text are probable indications.
[image: Table 2]Among 20 patients who received mTOR inhibitors in combination with cytotoxic agents (mTOR_C), PR was observed in 10 patients (50%). Among 29 patients, the combination regimen included an additional targeted or endocrine agent (mTOR_T, mTOR_CT) for tandem blockade of other signaling pathways; 18 of these patients (62.1%) showed PR. Within these 29 patients, PR was observed in 6/10 (60%) patients where AR/ER was targeted in tandem with mTOR, 5/9 (55.5%) patients where the VEGF signaling pathway was a tandem target and in 6/9 (66.7%) patients where the EGFR/ERBB2 pathway was targeted along with mTOR.
Progression Free Survival and Overall Survival
The study patients (n = 49) reported median PFS (mPFS) and median OS (mOS) of 4.9 months (95% CI: 3.6–6.2) and 9.4 months (95% CI: 6.6–12.2) respectively. The PFS rate and OS rate at 12 and 24 months were ∼60 and ∼35% respectively. The mPFS, PFS rates, mOS and OS rates in the various regimen subtypes are summarized in Table 3 along with the overall values. Kaplan Meier Plots of PFS and OS (overall as well as regimen subtypes are provided in Figure 1. In order to benchmark the benefits of ETA-guided therapy in the study cohort, we compared (Figure 2) the observed PFS of each patient on ETA-combination regimen (PFS2) against PFS on patient’s last failed line of therapy (PFS1). PFS2 was delimited due to demise in seven patients, due to disease progression in four patients, due to censoring in 14 patients (6 withdrew consent for further follow-up, eight defaulted). At the last follow-up, among the 24 patients who remained Progression Free, the ongoing Progression Free duration was reported as interim PFS. Based on these cut-offs, the PFS2:PFS1 ratio was ≥2.5 in 20 patients, between 1.3–2.5 in 10 patients, and ∼1 in six patients. The median PFS1 was 2.8 months, median PFS2 was 4.9 months and the overall PFS2:PFS1 ratio was 1.8, indicating that the median improvement was a significant extension of PFS over the last treatment. Patient-wize PFS and OS are provided in Supplementary Dataset.
TABLE 3 | Treatment Outcomes. Progression Free Survival and Overall Survival Data are censored at the last follow-up.
[image: Table 3][image: Figure 1]FIGURE 1 | Kaplan Meier Plots of Progression Free Survival and Overall Survival. Progression Free Survival (PFS, (A)) and Overall Survival (OS, (B)) were evaluated for the entire cohort as well as subgroups which include mTOR inhibitors in combination with either Cytotoxic Agents (mTOR_C), other targeted agents (mTOR_T) or with both cytotoxic and targeted agents (mTOR_CT).
[image: Figure 2]FIGURE 2 | Improvements in Progression Free Survival. The image depicts each patients PFS in months on the last line of treatment (PFS1, left) and the PFS in months observed on ETA guided mTOR combination therapy regimen (PFS, right). In this cohort, three patients were therapy naïve and three patients had undergone prior surgery or radiation only. □: censored. ●: demise; ●: progression; →: ongoing PFS.
Molecular Alterations in the Mammalian Target of Rapamycin Pathway
The molecular landscape of mTOR pathway associated genes in the study cohort as determined by NGS is depicted in Figure 3. Variations in PIK3CA and PTEN were most common among all genes related to the mTOR pathway. In 27 patients, the tumor harbored gene variants which were previously reported to be indicative for mTOR activation. In five patients, the tumors harbored gene variants which were probably indicative for mTOR activation, in addition to known targetable variants. In four patients, the tumor harbored no known targetable variants and only probably indicative variants. The phenotypic consequence of the variations appeared to be aligned with the activity profile of other known variants, and hence deemed as probable indications for mTOR inhibitor selection. Finally, in 13 patients there were no known gene variants indicative of mTOR activation.
[image: Figure 3]FIGURE 3 | Molecular Landscape of Study Cohort. Molecular alterations observed in genes in the mTOR pathway genes as determined by Next Generation Sequencing (NGS) analysis of tumor tissue DNA or cell free tumor DNA (ctDNA) are depicted. Five-digit numbers at the bottom of each column indicate individual patients in the study cohort. Cancer types (topmost row) and gender (second row from top) are color coded. SNV and CNV (gain or loss) are color coded. The Study Cohort consisted of 49 patients divided into various sub-groups:Group A (n = 31, known ± probable mTOR activating variants), Group B (n = 5, probable mTOR activating variants) and Group C (n = 13, no known mTOR activating variants).
Adverse Events
There were no grade IV treatment related Adverse Events (AEs) or any treatment related deaths. Grade III treatment related AEs were seen in 34 patients. The most common grade III treatment related AEs were Fatigue (27%), Anorexia (11%) and Oral Mucositis (8%) which were managed by administration of standard treatment modalities Hyperglycemia which has been previously reported in mTOR regimens was observed in one patient. Patient-wize AEs are provided in Supplementary Dataset.
DISCUSSION
The study outcomes support the hypotheses of the study that ETA-guided combination regimens of mTOR inhibitors with other anti-neoplastic agents can achieve meaningful response in advanced refractory cancers especially when such combinations include other targeted/endocrine agents for tandem blockade of other tumor-associated signaling pathways. While PFS rates were higher in combination regimens that included another targeted agent (mTOR_T, mTOR_CT), the OS rates were similar across all therapy regimen subtypes indicating that mTOR inhibitors in combination regimens offer OS benefits while tandem targeting of additional tumor pathways yields PFS benefits as well apart from to OS benefits. It is generally accepted that subsequent lines of anticancer treatments are associated with decreasing probability of success. However. among patients who received ETA-guided combination regimens, there was an almost doubling of the PFS (PFS2:PFS1 ratio) indicating significant therapeutic benefit to patients. The authors acknowledge that the instances of censored PFS may underrepresent the actual extent of benefit. However, the recorded data indicate a significant median advantage despite censored observations; since therapy was ongoing in several patients, eventual improvements to these ratios are anticipated. We hence conclude that ETA guided combination regimens can provide significant PFS improvements even in heavily pre-treated populations. The response and survival benefits indicate the ability of ETA guided combination treatments to exploit known targetable vulnerabilities as well as to overcome known resistance variants. The present outcomes are remarkable in context of the PFS and ORR reported for the mTOR arm in the SHIVA trial (Le Tourneau et al., 2015), as well as outcomes in the NCI Match arms where modest benefits were observed such as 23% ORR for Capivasertib (Kalinsky et al., 2018), 0% ORR and 27% 6-months PFS rate for Taselisib (Krop et al., 2018) and 4% ORR and 1.8 months median PFS for GSK2636771 (Janku et al., 2018).
Presently, apart from Alpelisib, selection of other mTOR inhibitors is not based on molecular indications. Prior attempts to match variations in mTOR pathway genes with label-agnostic mTOR blockade (such as the trials mentioned above) have reported largely discouraging outcomes. Several variations are associated with mTOR activation such as alterations in the AKT (1/2/3), PIK3CA and PTEN genes besides the mTOR gene itself (Grabiner et al., 2014). Among the 32 patients with known and probable mTOR activation, the most common gene variants associated with the mTOR pathway were SNVs in PIK3CA (n = 24, 48.9%), loss of PTEN gene function via SNV or CNA (n = 9, 18%). Deleterious SNV/CNA in multiple mTOR pathway genes were also observed in some patients (n = 10, 20.4%). The present study does not aim to establish the predictive efficacy of these mTOR pathway variations for mTOR inhibitor selection or treatment response; the profile of (detected and undetectable) molecular variants in the known mTOR pathway genes suggests the role of additional hitherto unidentified genes and gene-variants linked to resistance or response toward mTOR inhibitors. Molecular alterations (SNV and CNV) of unknown significance in mTOR pathway genes were detected in 9 cases. These variations are speculated to be probable indications, which may be confirmed based on future insight into the phenotypic consequence (gain/loss of function) of these variations.
Prior attempts to identify potentially synergistic and safe anticancer drug combinations (Wang and Sorger, 2017; Sidorov et al., 2019; Zagidullin et al., 2019) as well as to predict drug efficacy via in vitro CRP of cell lines or primary tumor cellsy (Hurvitz et al., 2015; Mercatali et al., 2016; Kuo et al., 2019) reflect a consensus in favor of personalized combination regimens based on molecular and functional evidence. However, these prior reports do not have any correlation with clinical outcome data. In this regard, ours is the first report that provides clinical evidence demonstrating the utility and efficacy of a comprehensive, integrational multi-analyte-based approach (ETA) for informing personalized combination regimens. In ETA, targeted agents were selected based on NGS findings (SNV, CNA and Differential Gene Expression, DGE), endocrine agents were selected on the basis of hormone receptor (ER/AR) expression as determined by immunohistochemistry (IHC) on tumor tissue. mTOR inhibitors and cytotoxic agents were selected on the basis of in vitro CRP of viable TDCs or CTACs. It is pertinent to note that the observed drug efficacies by in vitro CRP is a summation of all known and latent resistance mechanisms including tumor-specific pathways as well as transiently dysregulated pathways. Since mTOR activation is associated with resistance to chemotherapy agents, in vitro CRP identified efficacious cytotoxic anticancer agents to which the tumor had not acquired resistance despite mTOR activation. Since the primary indication for mTOR inhibitor selection was in vitro CRP rather than molecular variations, ETA thus identified several patients (n = 13) with in vitro and largely in vivo response to mTOR inhibition, but where the tumor harbored no known alterations indicative of mTOR activation.
Having established the utility of ETA for selection of efficacious combination treatments with mTOR inhibitors and other antineoplastic agents, it is pertinent to review the safety of such de novo drug combinations. The safety profile of multi-drug anticancer regimens especially those with combinations of targeted and cytotoxic agents has been discussed at length in prior meta analyses (Liu et al., 2016; Nikanjam et al., 2016; Nikanjam et al., 2017). These studies observe that it is been possible to safely administer de novo (targeted and cytotoxic) drug combinations in most patients with manageable profiles of adverse events (AEs). It is generally agreed that although the actual profile of Adverse Events (AEs) in any given patient cannot be accurately predicted, the commonly occurring AEs associated with each drug or combinations can be anticipated. The profile of AEs shows that even though this heavily pretreated cohort was at an inherently higher risk of AEs due to cumulative toxicities from prior treatments, ETA guided therapies were generally well tolerated with a manageable toxicity profile (Li et al., 2015; Wilks, 2015).
The present study was largely based on a heavily pretreated cohort with minimal representation of therapy naïve patients. Hence, we are unable to demonstrate the benefits of ETA guided combination regimens as initial line therapy in treatment naïve patients at presentation.
To conclude, the present study is the first to demonstrate that ETA-guided combination regimens with mTOR inhibitor and other anticancer agents yield superior response rates and survival benefits as compared to mTOR inhibitor as monotherapy or in physician’s choice of combination regimens, in a (mostly) heavily pretreated cohort of patients with acceptable toxicity profile.
CONCLUSION
We demonstrate that patient-specific combination regimens which achieve mTOR blockade and tandem targeting of other tumor vulnerabilities not only lead to favourable outcomes in advanced refractory cancers but also had manageable toxicity profiles. While prior attempts to expand the scope of mTOR inhibitor monotherapy in an organ agnostic setting based on univariate molecular profiling have been largely successful, we show that personalized combination regimens based on multi-analyte tumor profiling can yield significant and meaningful treatment benefits in various solid organ cancers. This is a viable pan-cancer treatment strategy since it overcomes the limited efficacy of mTOR inhibitors as well as the drug-resistance associated with activation of mTOR.
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GLOSSARY
mTOR mammalian target of rapamycin
ETA encyclopedic tumor analysis
ORR objective response rate
DCR disease control rate
mPFS, median progression free survival
mOS median overall survival
ER estrogen receptor
HER2 human epidermal growth factor receptor 2
MAKP mitogen activated protein kinase
ERK extracellular signal-regulated kinase
AR androgen receptor
VEGF vascular endothelial growth factor
RCT randomized clinical trial
SoC standard of care
ARC advanced refractory cancers
IHC immunohistochemistry
USFDA united states food and drug administration
CR complete response
PR partial response
SD stable disease
PD progressive disease (disease progression)
EGFR epidermal growth factor receptor
ERBB2 synonym of HER2
PFS progression free survival
OS overall survival
AE adverse event
CRC colorectal cancer
ctDNA circulating (cell-free) tumor DNA
SNV single nucleotide variations
CNV copy number variations
CRP chemoresponse profiling
NGS next generation sequencing
DGE differential gene expression
TDCs tumor tissue derived cells
C-TACs circulating tumor associated cells
RECIST response evaluation criteria in solid tumors
CTCAE common terminology criteria for adverse events
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Hypoxia is an important feature of most solid tumors, conferring resistance to radiation and many forms of chemotherapy. However, it is possible to exploit the presence of tumor hypoxia with hypoxia-activated prodrugs (HAPs), agents that in low oxygen conditions undergo bioreduction to yield cytotoxic metabolites. Although many such agents have been developed, we will focus here on TH-302. TH-302 has been extensively studied, and we discuss its mechanism of action, as well as its efficacy in preclinical and clinical studies, with the aim of identifying future research directions.
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INTRODUCTION
Hypoxia is an important characteristic of tumors, and generally results in a poor response to radiation and chemotherapy. However, it also presents a therapeutic opportunity, as normal tissue is generally well oxygenated. There have been numerous candidate molecules with enhanced toxicity to hypoxic cells, and they all share a general mechanism: an inert compound is enzymatically reduced to a reactive species, which is easily re-oxidized in the presence of oxygen. Such agents are referred to as hypoxia-activated prodrugs, or HAPs.
The first studies on HAPs were conducted by Alan Sartorelli’s group at Yale, who showed that mitomycin C was preferentially activated under hypoxic conditions, and was thus able to selectively kill hypoxic cells (Lin et al., 1972; Rockwell et al., 1982; Fracasso and Sartorelli, 1986; Pritsos and Sartorelli, 1986). Further HAPs included RSU-1069 and tirapazamine (SR4233) (Laderoute and Rauth, 1986; Whitmore and Gulyas, 1986; Zeman et al., 1986), though neither agent achieved clinical recognition. Recently, a second generation HAP, TH-302 (evofosfamide) has been the subject of extensive preclinical research, much of it supporting the belief that the agent would have a valuable future. However, these hopes were significantly undermined by the failure of phase III clinical trials. Nonetheless, research on TH-302 is still ongoing, and here we will summarize the state of the field.
PHARMACOLOGICAL MECHANISMS
TH-302 was first described in 2008 (Duan et al., 2008). The prodrug consists of a 2-nitroimidazole moiety linked to bromo-iso-phosphoramide mustard (Br -IPM), a DNA cross-linking agent. TH-302 is a substrate for certain cellular reductases that generate a radical anion through 1-electron reduction. Under normoxic conditions, the free radical anions are quickly oxidized back to either the original prodrug or superoxides, and no cytotoxic product is released. However, in the absence of oxygen, the free radical anions are further reduced, leading to the release of Br-IPM or its stable downstream product, isophosphoramide mustard (IPM) (Figure 1). The reductase involved in this selective activation under hypoxia is not yet fully understood. However, Hunter et al. investigated potential modifiers of TH-302 metabolism by RNA sequencing, whole-genome CRISPR knockout, and reductase-focused short hairpin RNA screens, and found that the activation of TH-302 is related to genes involved in mitochondrial electron transfer, DNA damage-response factors and mitochondrial function regulators, such as SLX4IP, C10orf90 (FATS), SLFN11, YME1L1 (Hunter et al., 2019).
[image: Figure 1]FIGURE 1 | Metabolism of TH-302.
TH-302 shows obvious biliary excretion and/or gut secretion (Jung et al., 2012), with a short half-life of 12.3 min, a high clearance rate of 2.29 L/h/kg, and its volume of distribution is 0.627 L/kg.
PRECLINICAL STUDIES
In vitro Cytotoxicity
In a panel of 32 human cancer lines, Meng et al. found that all cells displayed enhanced sensitivity to TH-302 under severely hypoxic conditions (∼0.1% O2). Consistent with enhanced cell killing, TH-302/hypoxia also induced γH2AX phosphorylation, DNA cross-linking and cell cycle arrest. Additional studies with repair deficient CHO cells found that loss of homologous repair increased drug sensitivity; non-homologous end-joining, base and nucleotide excision played no role in processing the DNA/IPM lesions (Meng et al., 2012). Also consistent with a DNA damage response, TH-302/hypoxia can down-regulate levels of the three D cyclins, as well as CDK4/6, p21 (cip-1) p27 (kip-1), and phosphorylated Rb, and up-regulate the expression of caspases-3,8 and 9, and poly ADP-ribose polymerase to induce both G0/1 cell cycle arrest and trigger apoptosis in multiple myeloma (Hu et al., 2010). TH-302 decreased proliferation and HIF-1α expression in acute myeloid leukemia (AML) and nasopharyngeal carcinoma (NPC) cells and induced cell-cycle arrest, and enhanced double-stranded DNA breaks (Portwood et al., 2013; Huang et al., 2018). TH-302 was selectively toxic to hypoxic (1% O2) osteosarcoma cells while normal osteoblasts were protected (Liapis et al., 2015). The combination of TH-302 with cisplatin (DDP) had a synergistic effect on cytotoxicity in nasopharyngeal cancer cell lines (Huang et al., 2018). Under hypoxic conditions (1% O2), TH-302 significantly inhibited the survival of melanoma cells in two/three-dimensional (2D/3D) culture, and the combination with sunitinib further enhanced the effect (Liu et al., 2017).
In 3D tumor spheroids and multi-cellular layer models, TH-302 was more effective in tumor spheroids compared with monolayer cells, indicating that TH-302 had a significant “bystander effect” (Meng et al., 2012; Voissiere et al., 2017). Ham et al. showed that in a 3D breast cancer cell (MDA-MB-157) model, the combination treatment with doxorubicin and TH-302 could significantly reduce drug resistance (Ham et al., 2016).
Response of Experimental Tumors
Monotherapy
Single agent TH-302 has shown efficacy against multiple human xenografts, including hepatoma, multiple myeloma (MM), neuroblastoma, rhabdomyosarcoma, osteolytic breast cancer, non-small cell lung cancer (NSCLC), head and neck squamous cell carcinoma (HNSCC), and acute myeloid leukemia (Hu et al., 2010; Li et al., 2010; Portwood et al., 2013; Liapis et al., 2016; Sun et al., 2016; Zhang et al., 2016a; Harms et al., 2019). Using two high-grade glioma models (C6 glioblastoma and 9 L glioma) with different levels of hypoxia, Stokes et al. showed that the more hypoxic, less perfused C6 tumor model was more sensitive to TH-302 (Stokes et al., 2016).
A study by Sun et al. further supported the “bystander effect” of TH-302 in animal models. They found that the DNA damage induced by TH-302 initially only appeared in hypoxic regions, but subsequently spread to the entire tumor (Sun et al., 2012). However, the bystander hypothesis was questioned by Hong et al. who found that the toxic metabolites Br-IPM and IPM were unable to pass across cell membranes. They proposed that any effect on oxygenated tumor cells was due to high concentrations of pro-drug leading to some residual Br-IPM formation even in the presence of oxygen. (Hong et al., 2018; Hong et al., 2019).
Nytko et al. demonstrated that the efficacy of TH-302 is highly dependent on tumor type, largely due to levels of cytochrome P450 oxidoreductase activity (POR) (Nytko et al., 2017). Through the study of 22 cases of papillomavirus-negative head and neck squamous cell carcinoma (HPV-negative HNSCC), Jamieson et al. confirmed that for hypoxic HPV-negative HNSCC cells, TH-302 exhibited stronger potency and selectivity than the previous generation HAP (PR- 104 A or SN30000), and the responsiveness was dependent on the sensitivity to DNA cross-linking and the activation rate of the prodrug. They also revealed the correlation between TH-302 sensitivity and proliferative rate/proliferation metagene (Jamieson et al., 2018). Recent evidence suggests that TH-302 can not only kill hypoxic pancreatic cancer cells, but also has the ability to improve the oxygenation status of residual tumor cells, so it can be used to enhance the effect of radiotherapy and chemotherapy (Kishimoto et al., 2020) (Table 1).
TABLE 1 | Pre-clinical studies of TH-302.
[image: Table 1]Combination of TH-302 With Conventional Chemotherapy
TH-302 has been shown to enhance the anti-tumor effect of many conventional chemotherapy drugs, such as docetaxel, cisplatin, pemetrexed, irinotecan, doxorubicin, gemcitabine, temozolomide, and topotecan (Liu et al., 2012; Saggar and Tannock, 2014; Liapis et al., 2015; Sun et al., 2015b; Zhang et al., 2016b; Liapis et al., 2016; Huang et al., 2018). Saggar and Tannock demonstrated that TH-302 could inhibit tumor reoxygenation and as well as the proliferation of hypoxic tumor cells that survived chemotherapy (Saggar and Tannock, 2015).
For the treatment of osteosarcoma, TH-302 combined with proapoptotic receptor agonists (dulanermin or drozitumab) or doxorubicin could effectively reduce the tumor burden of bone as well as pulmonary metastases and could prevent bone destruction caused by osteosarcoma (Liapis et al., 2015; Liapis et al.,2017).
As cancer-initiating cells (C-ICs) are associated with hypoxic niches, Haynes et al. investigated and proposed that conventional treatments such as fluorouracil with or without radiotherapy, would enhance tumor hypoxia and thus expand the C-IC population, which could be counteracted by TH-302 treatment (Haynes et al., 2018). The PI3K pathway is involved in cell adaptation to hypoxia, via Akt mitochondrial translocation (Chae et al., 2016). However, in pancreatic ductal adenocarcinoma (PDAC) cells, resistance to the PI3K pathway inhibitor was associated with tumor hypoxia. Conway et al. combined TH-302 and AZD2014 for the treatment of tumor-bearing mice. The results showed that single use of AZD2014 improved survival and had additional anti-invasive effects, while TH-302 as a single agent exhibited higher efficacy under hypoxic conditions. As expected, the combination of TH-302 and AZD2014 enhanced the potency of each drug, ultimately leading to an overall improvement in anti-tumor effects (Conway et al., 2018).
Combination of TH-302 With Radiotherapy
Since hypoxic cells are known to be extremely radioresistant, there is a powerful rationale for combing radiation and TH-302. Several investigators have demonstrated increased tumor growth delay and decreased hypoxic fraction in a variety of tumor types (NSCLC, rhabdomyosarcoma, squamous cell carcinoma, colorectal adenocarcinoma, pancreatic cancer) when using this combination (Peeters et al., 2015; Hajj et al., 2017; Nytko et al., 2017; Takakusagi et al., 2018). Lohse et al. studied 11 pancreatic cancer PDX models and found that the combination of TH-302 and ionizing radiation (IR) could significantly delay tumor growth, reduce tumor volume, and reduce the frequency of tumor initiating cells (TIC), especially in the more rapidly growing/hypoxic models (Lohse et al., 2016). Spiegelberg et al. confirmed that TH-302 could increase the sensitivity of esophageal carcinoma to radiotherapy, without any additional toxicity to the gastrointestinal tract (mucosal damage) and lung (fibrosis) (Spiegelberg et al., 2019b).
Combination of TH-302 With Tissue Oxygen Modulators or Anti-Angiogenic Therapy
Any treatment that increases tumor hypoxia might be expected to enhance the response to TH-302. For example, pretreatment with pyruvate has been shown to increase TH-302 sensitivity, through increased mitochondrial oxygen consumption and concomitant transient tumor hypoxia (Takakusagi et al., 2014; Wojtkowiak et al., 2015). Hydralazine (a vasodilator) that is known to profoundly exacerbate hypoxia in murine tumors, enhanced the efficacy of TH-302 (Bailey et al., 2014).
However, the most obvious candidates for such an approach are anti-angiogenics. In two renal cell carcinoma models, the mTOR inhibitors everolimus and temsirolimus both reduced vessel density, with resultant increase in hypoxia and TH-302 response (Sun et al., 2015a). Yoon et al. combined TH-302 with the VEGF-A inhibitor DC101, a HIF-1α inhibitor (low-dose doxorubicin) and radiotherapy for the treatment of mouse models of sarcoma. The results showed that this multi-modal therapy could effectively block sarcoma growth. The mechanism involved the increase of DNA damage and apoptosis in endothelial cells, the reduction of HIF-1α activity, and the inhibition of cancer stem cell-like cells (Yoon et al., 2015; Yoon et al., 2016). Experiments conducted by Kumar et al. using a subcutaneous xenograft model of neuroblastoma showed that the combined use of TH-302 and sunitinib (an anti-angiogenic multikinase inhibitor) resulted in greater tumor growth delay, increased apoptosis and tumor hypoxia. They also found that the combination therapy significantly reduced the burden of liver metastases (Kumar et al., 2018). With genetically engineered melanoma mouse models, Liu et al. showed that while sunitinib alone would lead to greater hypoxia without tumor suppression, TH-302 in combination with sunitinib could significantly reduce tumor volume and prolong survival (Liu et al., 2017).
Combination of TH-302 With Molecular Targeted Therapy
Benito et al. found that the combination of TH-302 and sorafenib resulted in greater anti-leukemia efficacy than either alone (Benito et al., 2016). Lindsay et al. established a stochastic mathematical model, parameterized experimental and clinical data, and concluded that the combination therapy of TH-302 and erlotinib was better than single-agent therapy of either in EGFR-mutant NSCLC, which was mainly reflected in delayed drug resistance (Lindsay et al., 2016).
Combination of TH-302 With Immunotherapy
A new and promising way to exploit TH-302 may be in combination with immunotherapy. Jayaprakash et al. demonstrated that the hypoxic regions in the prostate cancer models lacked T cell infiltration, potentially creating zones of immunotherapy resistance. To overcome this, they combined TH-302 with a maximal checkpoint blockade directed against both CTLA-4 and PD-1, dramatically enhancing the effect of the immunotherapy treatment (Jayaprakash et al., 2018). Likewise, Jamieson et al. also found that the combined therapy of TH-302 and CTLA-4 blockade can further improve the survival rate of the HNSCC model compared with single use either alone (Jamieson et al., 2018).
Combination of Th-302 With Other Therapies
For the treatment of hepatocellular carcinoma, Duran et al. used hepatic hypoxia activated intra-arterial therapy (HAIAT) and found that the addition of TH-302 to conventional Trans Arterial ChemoEmbolization (cTACE) achieved promising anti-cancer effects, which mainly manifested as reduced tumor burden, decreased tumor growth rate and increased necrotic fraction (Duran et al., 2017).
CLINICAL TRIALS
TH-302 entered clinical trials in 2007 and results were first reported in 2011 (Table 2). Weiss et al. enrolled 57 patients with advanced solid tumors who were treated with TH-302 monotherapy (dose and scheme: TH-302 was administered i. v. over 30–60 min. Arm A: 7.5–670 mg/m2, 3 times weekly dosing followed by 1 week off; Arm B: 670–940 mg/m2, every 3 weeks dosing). They reported skin and/or mucosal toxicity with a maximum tolerated dose (MTD) of 670 mg/m2. They observed two partial responses and 27 cases of stable disease. Additionally, TH-302 helped to resolve Cullen’s sign in patients with metastatic melanoma (Weiss et al., 2011a, Weiss et al., 2011b). Riedel et al. conducted a phase one clinical trial on 30 patients with advanced solid tumors. Their results revealed the potential therapeutic value of co-targeting tumor angiogenesis and hypoxia (dose and scheme: pazopanib, orally dosed at 800 mg daily on days 1–28; TH-302, administered i. v. on days 1, 8, and 15 of a 28 days cycle at doses of 340 or 480 mg/m2) (Riedel et al., 2017). Conroy et al. reported the efficacy of TH-302 as a monotherapy on two patients with advanced ovarian serous carcinoma with BRCA1 mutations. Both individuals responded well (dosed at either 300 mg/m2 (9 cycles, 15 months) or 340 mg/m2 (6 cycles, 3 months)) showing partial response or stable disease (Conroy et al., 2017). A phase one surgical study of TH-302 (dose range 240–670 mg/m2, every 2 weeks) combined with bevacizumab (dose: 10 mg/kg) in the treatment of bevacizumab-refractory glioblastoma found that the therapy was well-tolerated at 670 mg/m2, with an overall response rate of 17.4% and a disease control rate of 60.9% (Brenner et al., 2018). The phase 1/2 study of TH-302 (NCT01522872) conducted by Laubach et al. showed that for relapsed/refractory myeloma, TH-302 alone or in combination with bortezomib was well tolerated and could prolong survival (dose and scheme: Arm A: 340 mg/m2 dose of TH-302 was administered i. v. over 30–60 min with a fixed oral 40 mg dose of dexamethasone on days 1, 4, 8 and 11 of a 21 days cycle; Arm B: 340 mg/m2 dose of TH-302 was administered i. v. over 30–60 min with a fixed oral 40 mg dose of dexamethasone and a fixed i. v. or s. c. administration of 1.3 mg/m2 dose of bortezomib on days 1, 4, 8, and 11 of a 21 days cycle) (Laubach et al., 2019). The anti-tumor effect of TH-302 (300 mg/m2 administered i. v. on days 1 and 8 of each 21 days cycle, 6 cycles) combined with doxorubicin (75 mg/m2 administered i. v. on day 1 of each 21 days cycle, 6 cycles) in the treatment of advanced soft tissue sarcoma (STS) has also been tested in phase two clinical trials, and complete and partial responses have been observed (Chawla et al., 2014). Borad et al. evaluated the therapeutic effect of TH-302 combined with gemcitabine on pancreatic cancer. Prolonged progression-free survival (PFS) and CA19–9 response were observed (dose and scheme: 240 or 340 mg/m2 TH-302 administered i. v. over 30–60 min followed 2 h later by a 30 min i. v. infusion of gemcitabine 1,000 mg/m2 on days 1, 8, and 15 of each 28 days cycle). Skin and mucosal toxicity and bone marrow suppression are the most common toxicities (Borad et al., 2015). Another phase two study enrolled five HNSCC patients receiving TH-302 monotherapy (480 mg/m2 qw × 3 each month). Two of them achieved partial response, and the other three had stable disease (Jamieson et al., 2018).
TABLE 2 | Clinical trials of TH-302.
[image: Table 2]TH-302 was successfully applied in the clinic but the outcomes were not sufficient to receive approval from requlatory authorities. Badar et al. revealed that TH-302 exhibited limited activity in leukemia patients (doses ranging between 120 and 550 mg/m2) (Badar et al., 2016). In the phase three multicenter clinical trial (TH CR-406/SARC021), 640 patients with soft tissue sarcoma were enrolled. The results showed that the combination of TH-302 (300 mg/m2 administered i. v. for 30–60 min on days 1 and 8 of every 21 days cycle, 6 cycles) and doxorubicin (75 mg/m2 administered on day 1 of every 21 days cycle, six cycles) failed to improve overall survival compared with doxorubicin alone (Tap et al., 2017). But it should be noted that the historical survival benefit of doxorubicin monotherapy shows a trend for improvement over time, perhaps due to superior clinical management of associated toxicities. The initial phase two combination study (Dox + TH-302) was a single arm study that utilized historical doxorubicin single agent survival results (12–13 months) as reference. Ultimately this proved to be an invalid comparison. In addition, antagonistic effects between drugs (Anderson et al., 2017) and changes in drug formulations (Higgins et al., 2018) should also be considered as potential causes. TH-302 plus gemcitabine in the treatment of patients with pancreatic ductal adenocarcinoma (PDAC) also missed the end point of another phase three clinical trial (dose and scheme: TH-302 340 mg/m2 and gemcitabine 1,000 mg/m2 administered i. v. on days 1, 8, and 15 of a 28 days cycle) (NCT01746979) (Van Cutsem et al., 2016). In this case, lack of patient screening based on tumor hypoxia may have been the most important cause of the trial’s failure (Domenyuk et al., 2018; Spiegelberg et al., 2019a). In contrast to the prevalent belief that all PDAC are severely hypoxic, evidence showed that the levels of hypoxia observed in PDAC were highly heterogeneous (range from 0 to 26%) and were similar to those reported in other tumor types (Dhani et al., 2015). Patients with a low tumor hypoxic fraction are not expected to benefit from TH-302 treatment, and a more efficient approach to the clinical application of TH-302 may be to determine the tumor hypoxic status of tumor prior to patient selection.
DISCUSSION AND DIRECTIONS FOR FUTURE APPLICATIONS
Hypoxia is an important feature of solid tumors and may also be an effective new target for tumor therapy. We are trying to put forward new suggestions on the clinical application of TH-302 or other HAPs. Hypoxia is not only a characteristic of macroscopic tumors. In 2007, our group reported that peritoneal disseminated micro-metastases (less than 1 mm in diameter) are severely hypoxic and poorly proliferative (Li et al., 2007; Li and O’Donoghue, 2008; Li et al., 2010b; Li et al., 2010a; Huang et al., 2013). Further, our data indicated that tumor cells in these hypoxic micro-metastases could survive for several weeks (data to be published). In view of this special state of early micro-metastases of tumors, TH-302 may have the potential to prevent them from developing into macroscopic tumors, thereby reducing the recurrence and metastasis rate of tumors. In this area, TH-302 may be superior to traditional radiotherapy and chemotherapy. Our group is conducting further research.
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Hepatocellular carcinoma is a malignant tumor with high morbidity and mortality, a highly effective treatment with low side effects and tolerance is needed. Photothermal immunotherapy is a promising treatment combining photothermal therapy (PTT) and immunotherapy. PTT induces the release of tumor-associated antigens by ablating tumor and Ganoderma lucidum polysaccharides (GLP) enhance the antitumor immunity. Results showed that Indocyanine Green (ICG) was successfully encapsulated into SF-Gel. ICG could convert light to heat and SF-Gel accelerates the photothermal effect in vitro and in vivo. PTT based on ICG/ICG-SF-Gel inhibited the growth of primary and distal tumors, GLP enhanced the inhibitory efficacy. ICG/ICG-SF-Gel-based PTT and GLP immunotherapy improved the survival time. ICG/ICG-SF-Gel-based PTT induces tumor necrosis and GLP enhanced the photothermal efficacy. ICG/ICG-SF-Gel-based PTT inhibited cell proliferation and angiogenesis, induced cell apoptosis, enhanced cellular immunity, and GLP enhanced these effects. In conclusion, GLP could enhance the abscopal effect of PTT in Hepatoma-bearing mice.
Keywords: ganoderma lucidum polysaccharides, photothermal immunotherapy, abscopal effect, hepatoma, immunomodulatory, anti-proliferative, pro-apoptotic, anti-angiogenic
INTRODUCTION
Primary liver cancer is one of the malignant tumors with high morbidity and mortality in the world. In 2018, Liver cancer ranks 6th in new incidence and 4th in mortality in the world, and the overall 5-years survival rate is only 18% (Bray et al., 2018). Hepatocellular carcinoma (HCC) is the main type of primary liver cancer (75–85%). In 2019, HCC ranks 4th in the incidence and 2nd in mortality among malignant tumors in China (Rongshou et al., 2019).
Surgical resection is the main radical treatment for HCC. Due to the late stage of the disease, poor liver function, poor general condition, only 20% of patients can be diagnosed with radical treatment. Radiofrequency ablation, hepatic arterial chemoembolization, systemic therapy and radiotherapy are available for patients who can’t or refuse surgery. However, these treatments have problems such as high side effects and tolerance. The 5-years overall survival rate of surgical resection is only 50%, and the recurrence rate is 70% (Tabrizian et al., 2015). There is no effective treatment, resulting in few options for patients with recurrence and advanced stage. Therefore, highly effective cancer treatment is urgently needed.
In recent years, cancer immunotherapy that stimulates the immune system to attack tumors has gradually become a new strategy (Kun, 2015; Ribas and Wolchok, 2018). Immunotherapy is divided into Targeted antibodies (Sliwkowski and Mellman, 2013; Compte et al., 2018), adoptive cell therapies (Restifo et al., 2012; Maude et al., 2014), oncolytic viruses (Twumasi-Boateng et al., 2018), cancer vaccines (Carreno et al., 2015; Zhu et al., 2017), and immunomodulators (Gubin et al., 2014; Momin et al., 2019). However, most immunotherapies have limitations such as high cost (Ledford, 2013; Ledford, 2015), cytokine release syndrome (DeFrancesco, 2014), risk of serious autoimmune diseases (Montero et al., 2007), delayed effect of curative effect (Hoos, 2007), and poor Chimeric antigen receptor T Cell persistence or cancer cell resistance (Shah and Fry, 2019).
Among these immunotherapies, cancer vaccine therapy may have advantages (Fang et al., 2014; Palucka and Banchereau, 2014). Tumor antigens are introduced into the body and activate B and T cells to recognize and act on specific tumor cells, to inhibit the growth, metastasis, and recurrence of tumors. In recent years, tumor vaccines have been widely studied, and whole-cell or cell lysate vaccine shows a good application prospect (Ellebaek et al., 2012; Fang et al., 2014). However, the clinical efficacy of whole-cancer vaccines is poor, and there are problems such as the complex production process, the uncertainty of nature and dose (Cicchelero et al., 2014). Therefore, more effective tumor immunotherapy is urgently needed.
PTT utilize the heat generated by optical absorbing agents under near-infrared (NIR) light to dissolve tumor. PTT has the advantages of local treatment, high selectivity, low systemic toxicity, non-invasive and controllable temperature (Chen et al., 2014). Indocyanine green (ICG) is a safe, effective, and widely used clinical contrast agent, which was approved by the United States Food and Drug Administration in 1959. Because of its NIR optical properties, ICG absorbs light and generates heat for the ablation of the tumor (Deng et al., 2015). Hyperthermia can be effective for local cancer treatment due to the sensitivity of tumor cells to temperature elevation (Hynynen and Lulu, 1990). However, it’s difficult to completely eradicate the tumor by PTT alone, heterogeneous heat distribution may lead to residual tumors (You et al., 2012). Therefore, successful cancer treatment requires the combination of PTT with other therapies, such as immune stimulation.
Photothermal immunotherapy is a promising treatment combining PTT and immunotherapy (Yata et al., 2017). PTT induces apoptosis or necrosis of tumor cells through hyperthermia (Zhang et al., 2014), releases tumor-associated antigens, triggers specific antitumor immunity, and clearing the residual tumor (Guo et al., 2014). However, weak immunogenicity affects the cancer immunotherapy effects (Zhou et al., 2012). Immunomodulators can activate the antitumor immune response and enhance immune function. Ganoderma lucidum polysaccharides (GLP) is one of the critical bioactive components of Ganoderma lucidum, which has been recognized as a promising natural source of immunomodulatory (Wang et al., 2018). Clinical studies have shown beneficial effects of GLP as an immunomodulatory in cancer patients without obvious toxicity and GLP exerts the antitumor action by stimulating the immune function (Sohretoglu and Huang, 2018). It was reported that GLP could activate bone marrow-derived macrophages to produce immunomodulatory substances, such as TNF-α, IL-1β and IL-6 (Wang et al., 1997; Zhang et al., 2010). The in vitro and in vivo studies have shown that GLP can promote the proliferation of splenocytes stimulated by Concanavalin A or lipopolysaccharide, enhance the phagocytosis of macrophages, increased cytotoxic T lymphocyte cytotoxicity and natural killer activity, increase the expression of IL-6 and TNF-α, and decrease the expression of VEGFA, which indicating that GLP possesses potential anticancer activity through immunomodulatory, anti-proliferative, pro-apoptotic and anti-angiogenic effects (Lin and Zhang, 2004; Gao et al., 2005; Chang et al., 2009; Weng and Yen, 2010).
Silk fibroin is an FDA-approved natural polymer extracted from Bombyx mori cocoons, has been extensively used because of its good biocompatibility, controllable biodegradability, remarkable biomechanical properties and self-assembling capacity (Yucel et al., 2014). Injectable SF hydrogel can be formed by physical and chemical methods through β-Sheet (Matsumoto et al., 2006). It can control drug release and widely used in local therapy (Rojas et al., 2019).
In this study, SF was extracted from the Bombyx mori cocoons, ICG-SF-Gel was formed by ultrasonic oscillation method, GLP was prepared by heating and dissolving. ICG was encapsulated into SF-Gel for phototherapy of Hepatic Tumor (As illustrated in Figure 1) (Chen et al., 2016). Then, the ultraviolet-visible (UV) absorbance of ICG and ICG-SF solution and photothermal effect were carefully characterized in vitro. Meanwhile, we established a subcutaneous bilateral hepatic tumor model. GLP was administered by intragastric administration daily, and photothermal treatment was performed. The photothermal effect of ICG/ICG-SF-Gel on tumors was recorded, the inhibitory effect on tumor growth was monitored, the body weight was measured and the mortality of mice was recorded. The morphological changes and pathological changes of tumors were detected by Haematoxylin-eosin (HE)-staining. Finally, immunohistochemical staining was used to detect the expressions of Ki-67, Caspase-3, BAX, bcl-2, PECAM-1, VEGFA, FGF-2, TNF-α, CD68, IL-1β, IL-6 and IL-13 (Figure 4). Our study indicated that GLP could enhance the abscopal effect of PTT in Hepatoma-bearing mice through immunomodulatory, anti-proliferative, pro-apoptotic and anti-angiogenic.
[image: Figure 1]FIGURE 1 | Schematic design of ICG/ICG-SF-Gel and the distal antitumor mechanism of ICG/ICG-SF-Gel-based photothermal therapy and GLP immunotherapy in hepatoma-bearing mice.; Abbreviations: SF, Silk fibroin; GLP, Ganoderma lucidum polysaccharides; ICG, Indocycline green; ICG-SF-Gel, Indocyanine green and Silk fibroin Gel; NIR, near-infrared.
MATERIALS AND METHODS
Materials and Reagents
GLP was extracted from the fruiting body of Ganoderma lucidum (Leyss. ex Fr.) Karst by Hangzhou Johncan International, the content was about 30%. ICG was purchased from Dalian Meilun Biotech (Dalian, China). Bombyx mori Cocoons were purchased from Bozhou Naxi Pharmaceutical (Bozhou, China). Lithium Bromide was purchased from Sigma-Aldrich (St Louis, MO, United States). Dialysis bag (3,500 Da) and HE staining kit were purchased from Solarbio (Beijing, China).
Preparation of Silk Fibroin, Indocyanine Green and Silk Fibroin Gel and Ganoderma Lucidum Polysaccharides
SF was prepared as the method previously described (Kim et al., 2017). Bombyx mori Cocoons were cut into pieces and soaked in 0.02 M Na2CO3 solution. Then boiled for 1 h to remove sericin while stirring constantly. Washed 3 times and dried at 65°C. After drying, cocoons were dissolved in a water bath with 9.3 M LiBr solution at 60°C for 3 h. Then, filtrated twice with filter paper. Finally, dialyzed with dialysis bag (MWCO 3500) against 2,000 ml ultra-pure water for 72 h to remove the LiBr. The SF solution was further purified by freeze-drying to obtain silk fibroin freeze-dried powder, sealed and stored in a drying box.
ICG-SF-Gel was prepared by ultrasonic oscillation. Briefly, ICG solution (2 mg/ml) and SF solution (60 mg/ml) were mixed in an equal proportion. Then, ultrasound (100 W) was performed until turbidity appeared. Finally, the ultrasound was stopped and standing for 30 min.
GLP was prepared by heating and dissolving. Briefly, 1 g of GLP powder was added to 6 ml of pure water, heated and dissolved in a constant temperature water bath at 60°C, centrifuged at 2,000 rpm for 5 min, then the precipitation was discarded to get about 6 ml of GLP solution.
The Photothermal Effect of Indocyanine Green and Indocyanine Green and Silk Fibroin Gel in vitro
To investigate the photothermal effect of ICG and ICG-SF-Gel in vitro, 200 μl of ICG solution (1 mg/ml) and ICG-SF-Gel were added into a 48-well cell culture plate and irradiated with 808 nm NIR laser (1.0 W/cm2) for 300 s. During the irradiation, the temperature was recorded. SF (30 mg/ml) and Ultra-pure water were used as control. To investigate the photothermal circle stability, the temperature changes of four groups were measured by light on/off (5 min/30 min) three times.
Cell Culture
Mouse hepatoma 22 (H22) cells were purchased from Shanghai Zhong Qiao Xin Zhou Biotechnology (Zqxzbio, ZQ0109, China). The cells were cultured in RMPI Medium 1,640 (Gibco, C11875500BT, United States), supplemented with 10% fetal bovine serum (Gibco, 1600044, United States), 1% penicillin, and streptomycin (Solarbio, P1400, China) at 37°C under a circumstance containing 5% CO2. Adjust H22 cell strains to 1 × 107 cells/ml, then injected 0.2 ml into the abdomen of male BALB/C mice for 6–8 days. The ascites cells were passaged three times for usage. The cell concentration was 1 × 107 cells/ml.
Animal Experiments
Animals
Male BALB/C mice (20–24 g) were supplied by the Laboratory Animals Center of Wenzhou Medical University. The mice were kept with regulated humidity (50 ± 10%) and temperature (22 ± 2°C) in a 12 h light/dark cycle, fed with forage and clean water ad libitum. All the experiments were performed under the approval and guidance of the Animal Experimentation Ethics Committee of Wenzhou Medical University, Wenzhou, China.
Mice were randomly divided into seven groups. In the H22, H22 + ICG + Laser, H22 + ICG-SF-Gel + Laser and H22 + Laser groups, mice received ultra-pure water intragastric administration daily, while in the H22 + GLP, H22 + ICG + GLP + Laser and H22 + ICG-SF-Gel + GLP + Laser groups, mice received GLP (50 mg/ml) intragastric administration daily.
The Primary Tumor Inoculation
After 7 days of intragastric administration, 0.2 ml of the H22 cells (1 × 107 cells/ml) were subcutaneously injected into the back of the left hindlimb of each mouse as primary tumors. The body weight and primary tumor volume were measured daily. Tumor volumes (V) were calculated using an ellipsoid approximation: V = 0.5 × L × W2 (L = the maximum diameters of the tumor, W = a longest transverse diameter perpendicular to the maximum diameters of the tumor). Relative primary tumor volumes were calculated as V/V0 (V0 is the tumor volume when ICG/ICG-SF-Gel were injected). The mortality of mice was recorded daily, draw the curve of the survival time in mice by Kaplan-Meier method.
The Distal Tumor Inoculation
Eight days after the primary tumor inoculation, 0.2 ml of the H22 cells (1 × 107 cells/ml) were subcutaneously injected into the back of the right forelimb of each mouse as the distal tumors. The distal tumor volumes were measured daily. Tumor volumes (V) were calculated using an ellipsoid approximation: V = 0.5 × L × W2. Relative distal tumor volumes were calculated as V/V0 (V0 is the tumor volume of the third day after distal tumor inoculation).
The Photothermal Effect of Indocyanine Green and Indocyanine Green and Silk Fibroin Gel in vivo
When the primary tumors reached 60 mm3, 0.1 ml ICG (1 mg/ml) was injected into the tumor site of H22 + ICG + Laser and H22 + ICG + GLP + Laser groups, 0.1 ml ICG-SF-Gel was injected into the tumor site of H22 + ICG-SF-Gel + Laser and H22 + ICG-SF-Gel + GLP + Laser groups. After injections, the tumor site of mice in the four groups was irradiated with an 808 nm NIR laser for 90 s. The maximum temperatures of the tumor area and thermo-graphic images were recorded at every 10 s intervals for 90 s. The irradiation and temperature thermal imaging were performed again each day for the next 2 days.
The Distal Antitumor Mechanism of Photothermal Therapy and Ganoderma Lucidum Polysaccharides Immunotherapy
Histopathological Examination
Four mice from each group were randomly sacrificed 7 days after the distal tumor inoculation and their primary and distal tumors were collected. Tumors were fixed in 4% paraformaldehyde and embedded in paraffin wax, cut into 5 µm thick slices. HE-stained slides were obtained for morphological and pathological analysis.
Immunohistochemical Staining
Tumor slices were deparaffinized in a xylene series and hydrated in distilled water. Then, Incubating slides in 3% H2O2 in methanol for 10 min. Antigen retrieval was performed by heating slides in an autoclave with 10 mM pH 6.0 citrate buffer for 5 min after pressure gaining and washing with PBS. Nonspecific antibody binding was blocked with 5% BSA in PBS for 30 min at room temperature before incubation with primary antibodies at 4°C overnight. Then, incubated with secondary antibody for 1 h at 37°C. Finally, stained with DAB and counterstained with hematoxylin. Negative control slides were obtained by omitting the primary antibody. Cell nuclei were counterstained with reformative Gill’s hematoxylin.
Quantitation of Ki-67 Proliferation Index
The method has been described previously. Briefly, the tumors from different treatment groups were collected for immunohistochemical staining of Ki-67. Ki-67 positive cells were counted from at least five random microscopic fields (400 × original magnifications) per subject and quantified by optical density using Image-Pro Plus 6.0. The Ki-67 proliferation index (%) was calculated according to the following formula: the number of Ki-67 positive cells/the total cell count × 100%.
Detection of Tumor Apoptosis, Tumor Vascularity, and Immune Index
The method has been described previously. Briefly, tumors from different treatment groups were collected for immunohistochemical staining of Caspase-3, BAX, bcl-2, PECAM-1, VEGFA, FGF-2, TNF-α, CD68, IL-1β, IL-6, and IL-13. Positive-staining cells were counted from at least five random microscopic fields (400 × original magnifications) per subject and quantified by optical density using Image-Pro Plus 6.0.
Statistical Analysis
All the data were presented as mean ± SD. All statistical analysis was carried out using GraphPad Prism 7.04 for Windows. For all the immunohistochemical staining analysis, the Student’s t-test was performed to determine the significance of differences between two groups, and one-way analysis of variance (ANOVA) was employed for multiple group comparison. Survival curves were plotted using the Kaplan-Meier method and compared between groups using the Log-rank (Mantel-Cox) test. Two-way ANOVA was used for time-temperature curves. The temperature curve, relative tumor growth curve and body weight curve were analyzed by two-way ANOVA. In all tests, p < 0.05 was considered statistically significant. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001.
RESULTS AND DISCUSSION
Preparation of Silk Fibroin and Indocyanine Green and Silk Fibroin Gel and Ganoderma Lucidum Polysaccharides
SF was prepared as the method previously described. The concentration of SF solution was approximately 3 wt%. ICG solution (2 mg/ml) and SF solution (60 mg/ml) were mixed in an equal proportion. Then, ultrasound (100 W) was performed until turbidity appeared. Finally, the ultrasound was stopped and standing for 30 min to obtain ICG-SF-Gel.
The UV spectrum of ICG (10 μg/ml) and ICG-SF solutions was investigated and results were displayed in Figure 2A. The Ultra-pure water and SF solution exhibited no absorption peaks at 400–900 nm. ICG and ICG-SF solutions exhibited a strong characteristic absorption peak at 779 nm, indicating that the successful encapsulation of ICG in the SF solution and SF did not affect the UV absorbance of ICG.
[image: Figure 2]FIGURE 2 | The photothermal effect of ICG and ICG-SF-Gel in vitro. (A) The ultraviolet-visible spectrum of the ICG-SF, ICG, SF, and Ultra-pure water; (B) The temperature change of ICG-SF-Gel, ICG, SF and Ultra-pure water under continuous 808 nm NIR laser irradiation (1 W/cm2) for 300 s; (C–F) Temperature change of Ultra-pure water (C), SF (D), ICG (E) and ICG-SF-Gel (F) under the discontinuous 808 nm NIR irradiation mode (ON = 5 min, OFF = 30 min, three cycles, 1 W/cm2) for 300 s; (G–I) Three cycles temperature change of Ultra-pure water, SF, ICG and ICG-SF-Gel under the discontinuous 808 nm NIR irradiation mode (ON = 5 min, OFF = 30 min, 1 W/cm2) for 300 s.
In our previous study, we carried out the characterization experiments of ICG-SF-Gel, which proved the safety of ICG-SF-Gel (Xu et al., 2018; Yao et al., 2020).
GLP was extracted from the fruiting body of Ganoderma lucidum (Leyss. ex Fr.) Karst by Hangzhou Johncan International, the content was about 30%. It was prepared by heating and dissolving. Briefly, 1 g of GLP powder was added to 6 ml of pure water, heated and dissolved in a constant temperature water bath at 60°C, centrifuged at 2000 rpm for 5 min, then the precipitation was discarded to get about 6 ml of GLP solution.
The Photothermal Effect of Indocyanine Green and Indocyanine Green and Silk Fibroin Gel in vitro
The photothermal effect of ICG-SF-Gel, ICG (1 mg/ml) in vitro was evaluated for 300 s and results were shown in Figures 2B–I.
To explore a more suitable concentration of ICG, we carried out experiments on the photothermal effect of ICG at different concentrations and 1 mg/ml was selected. (Figure 2B). The result showed that the photothermal effect of the continuous 808 nm NIR radiation on Ultra-pure water and SF (30 mg/ml) was negligible. By contrast, after radiation for 10 s, the temperature of ICG (1 mg/ml) began to rise rapidly, after 260 s the temperature was elevated up to 65°C. ICG-SF-Gel also showed a temperature rising after radiation. The temperature of ICG-SF-Gel began to rise rapidly after 10 s, then rose and remained at 69°C after 160 s. Compared with the ICG solution, ICG-SF-Gel has a higher temperature and faster heating rate (Figure 2B).
To investigate the photothermal circle stability in vitro, the temperature change of ICG (1 mg/ml) and ICG-SF-Gel under the discontinuous 808 nm NIR irradiation mode (ON = 5 min, OFF = 30 min, three cycles, 1 W/cm2) was performed (Figures 2C–I) and the similar results were obtained (Figure 2G). The photothermal effect of the first radiation on the temperature of Ultra-pure water and SF (30 mg/ml) was negligible. By contrast, after radiation for 20 s, the temperature of ICG (1 mg/ml) began to rise rapidly, after 200 s the temperature was elevating up to 60°C. ICG-SF-Gel also exhibited a temperature rising after the first radiation, the temperature began to rise rapidly after 20 s, and after 140 s the temperature was elevated up to 60°C. Compared with the ICG solution, a higher temperature and faster heating rate were observed for ICG-SF-Gel (Figure 2G). As expected, the photothermal effect of discontinuous 808 nm NIR irradiation mode on the temperature of Ultra-pure water and SF (30 mg/ml) were negligible (Figures 2C,D). Compared with the ICG solution, the heating rate and maximum platform temperature of ICG-SF-Gel decreased more obviously (Figures 2E,F). In Figure 2E, the temperature rise of the three radiations was the same in the first 40 s, indicating that the photothermal stability of ICG is good. Besides, the first radiation also consumed ICG, but less than the ICG-SF-Gel group, which was still enough to support the ICG consumption of the second radiation, so the second photothermal curve did not decrease. However, in the third radiation, the content of ICG has been consumed too much, resulting in a decrease in the temperature in the third photothermal curve. In Figure 2F, SF-Gel could control the release of ICG and aggregate ICG, resulting in more ICG consumption, more temperature rise, and faster heating rate during the first radiation. Then, also due to the controlled release and aggregation effect of SF-Gel on ICG, the consumption of ICG was higher. Therefore, in the second and third laser irradiations, the content of ICG was lower, the heating rate and the maximum platform temperature of the ICG-SF-Gel group decreased more obviously. Therefore, in the follow-up animal experiments, we had an injection of ICG before every radiation to ensure the stability of the effect of PTT.
Overall, these results suggested that ICG could convert light to heat, and ICG-SF-Gel may converge and accelerate the photothermal effect so that ICG can achieve a faster and stronger photothermal effect.
The Photothermal Effect of Indocyanine Green and Indocyanine Green and Silk Fibroin Gel in vivo
To confirm the photothermal transformation of ICG/ICG-SF-Gel in vivo, and to stimulate the immune response of the body, we treated the mice with 808 nm NIR laser (1 W/cm2) every 24 h intervals for 3 days. The maximum temperatures of the tumor area and thermo-graphic images were recorded for 90 s (Figure 3A and Supplementary Material).
[image: Figure 3]FIGURE 3 | The photothermal effect of ICG and ICG-SF-Gel in vivo. (A) The thermo-graphic images of H22 + ICG-SF-Gel, H22 + ICG, and H22 groups mice after NIR irradiation at every 10 s intervals for 90 s during the 3 days NIR irradiation; (B) The digital photograph of H22 + ICG-SF-Gel, H22 + ICG and H22 groups mice before and after NIR irradiation on Day 1; (C–E) The temperature changes of tumor area in H22 (C), H22 + ICG (D) and H22 + ICG-SF-Gel (E) groups mice after NIR irradiation at every 10 s intervals for 90 s during the 3 days NIR irradiation; (F–H) The temperature changes of tumor area in H22, H22 + ICG and H22 + ICG-SF-Gel groups mice after NIR irradiation at every 10 s intervals for 90 s on Day 1 (F), Day 2 (G) and Day 3 (H) (n = 3 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group).
As shown in Figures 3C–F, on the first day, the tumor area temperature of H22 group mice increased slowly from 36.6 to 40.2°C. By contrast, the tumor area temperature of H22 + ICG group mice rapidly increased from 35.6 to 55.5°C after irradiation for 10 s, then kept increasing at a relatively fast rate. Finally, the temperature was elevated up to 75.5°C. In the ICG-SF-Gel group, the tumor area temperature rapidly increased from 35.6 to 56.8°C after 10 s, then kept increasing at a relatively fast rate. Finally, the temperature was elevated up to 81.4°C. Compared with the H22 + ICG group, the tumor area temperature of the ICG-SF-Gel group increased faster and higher, which may be due to the aggregation effect of SF-Gel on ICG, so that ICG can achieve a faster and stronger photothermal effect.
In the 3 days NIR irradiation experiment, the tumor area temperature of H22 group mice increased slowly from 36 to 40°C (Figure 3C). The heating rate of H22 + ICG group mice was faster and higher on day 2 than day 1, then decreased on day 3, but still faster and higher than day 1 (Figure 3D). The heating rate of ICG-SF-Gel group mice was faster and higher on day 2 than day 1, then decreased on day 3, but still slightly faster and higher than day 1 (Figure 3E). However, in the experiment of discontinuous NIR radiation in vitro, the heating rate of ICG and ICG-SF-Gel groups decreased slightly, and the maximum platform temperature kept decreasing. The reason for this difference may be the effect of skin color and tissue on NIR heat absorption. As shown in Figure 3B, after irradiation, the tumor areas of the mice were burned and the tissue moisture content decreased, making it easier to heat up. Besides, the pigmentation in the tumor area increases the absorption of light energy, thus making the thermal effect of the laser more significant.
Compared with the H22 + ICG group, the tumor area temperature of the ICG-SF-Gel group increased faster and higher on day 1, but slightly slower and lower on day 2 and day 3 (Figures 3F–H). It is consistent with results of discontinuous NIR radiation in vitro, which may be due to the aggregation effect of SF-Gel on ICG. Due to the higher consumption of ICG in the ICG-SF-Gel group mice on day 1, the photothermal effect of ICG-SF-Gel group mice was slightly weaker than that of H22 + ICG group mice on day 2 and day 3.
All in all, the results of in vivo experiments also demonstrated that ICG could convert light to heat, and ICG-SF-Gel may converge and accelerate the photothermal effect of ICG so that ICG can achieve a faster and stronger photothermal effect.
Indocyanine Green/Indocyanine Green and Silk Fibroin Gel-Based Photothermal Therapy and Ganoderma Lucidum Polysaccharides Immunotherapy to Inhibit the Tumor Growth
The Schematic illustration of ICG/ICG-SF-Gel-based PTT and GLP immunotherapy to inhibit distal tumor growth is shown in Figure 4A. After 7 days of ultra-pure water or GLP intragastric administration, 0.2 ml of the H22 cells (1 × 107 cells/ml) were subcutaneously injected into the back of the left hindlimb of each mouse as the primary tumors. When the primary tumors reached 60 mm3, H22 + ICG + Laser and H22 + ICG + GLP + Laser groups were intratumorally injected with 0.1 ml ICG (1 mg/ml), H22 + ICG-SF-Gel + Laser and H22 + ICG-SF-Gel + GLP + Laser groups were intratumorally injected with 0.1 ml ICG-SF-Gel. After injections, the tumor site of mice in five groups was irradiated for 90 s. The maximum temperatures of the tumor area and thermo-graphic images were recorded for 90 s. The irradiation and temperature thermal imaging were performed again each day for the next 2 days. In the 3 days experiment, the tumor area temperature of mice injected with ICG or ICG-SF-Gel under laser irradiation quickly rose to 55°C in 30 s, which was high enough to effectively ablate tumors. While in the H22 group, the tumor area temperatures of mice exhibited no significant increase during irradiation (Figure 4B).
[image: Figure 4]FIGURE 4 | Inhibition of the tumor growth in vivo. (A) Schematic illustration of ICG/ICG-SF-Gel-based photothermal therapy and GLP immunotherapy to inhibit distal tumor growth; (B) The temperature changes of tumor area in five groups mice after NIR irradiation during the 3 days NIR irradiation (n = 6–9 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group); (C–E) The relative tumor volume of primary tumors (C) or distal tumors (D) and the relative body weight (E) in seven groups mice after different treatments to their primary tumors (n = 10–15 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group); (F) The survival curve of seven groups mice after primary tumor inoculation. Survival curves were compared between groups using the log-rank test (n = 7–19 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group).
To investigate the antitumor efficiency of ICG/ICG-SF-Gel-based PTT and GLP immunotherapy in hepatoma-bearing mice, the primary tumor size was measured daily. The relative primary tumor volumes were calculated as V/V0 (V0 is the tumor volume when ICG/ICG-SF-Gel were injected). As illustrated in Figure 4C, ICG/ICG-SF-Gel-based PTT and GLP immunotherapy significantly inhibited the growth of the primary tumors. Compared with the H22 group, the increase of relative primary tumor volume in H22 + ICG + Laser and H22 + ICG-SF-Gel + Laser groups were slowed down significantly, while that in H22 + ICG + GLP + Laser and H22 + ICG-SF-Gel + GLP + Laser groups slowed down more obviously, suggesting that ICG/ICG-SF-Gel-based PTT inhibited the growth of primary tumors and GLP could enhance the inhibitory effect.
Besides, GLP mainly plays the role of an immunomodulator to enhance the inhibition of tumors. GLP alone can’t directly inhibit tumor growth, and GLP needs to be dissolved by heating during intragastric administration. In this process, GLP may be decomposed into glucose-based monosaccharides, which has been proved in the literature published in science that glucose can promote the growth of the primary tumor (Goncalves et al., 2019), which may lead to the relative primary tumor volume in the GLP + H22 group is higher than that in the H22 group alone. Laser alone can’t kill the H22 tumor, but due to the mild temperature stimulation caused by the laser, it accelerates the blood circulation around the tumor and promotes the growth of the primary tumor, which may lead to the relative primary tumor volume in the GLP + Laser group is higher than that in the H22 group alone (Figure 4C).
Eight days after the primary tumor inoculation, 0.2 ml of the H22 cells (1 × 107 cells/ml) were subcutaneously injected into the back of the right forelimb of each mouse as the distal tumors with no direct treatments. To further investigate the distal antitumor efficiency of ICG/ICG-SF-Gel-based PTT and GLP immunotherapy in hepatoma-bearing mice, the distal tumor size was measured daily. The relative distal tumor volumes were calculated as V/V0 (V0 is the tumor volume of the third day after distal tumor inoculation). As shown in Figure 4D, ICG/ICG-SF-Gel-based PTT and GLP immunotherapy significantly inhibited the growth of distal tumors. Compared with the H22 group, the increase of relative tumor volume in H22 + ICG + Laser and H22 + ICG-SF-Gel + Laser groups were slowed down significantly, while that in H22 + ICG + GLP + Laser and H22 + ICG-SF-Gel + GLP + Laser groups slowed down more obviously, suggesting that ICG/ICG-SF-Gel-based PTT inhibited the growth of distal tumors and GLP could enhance the inhibitory efficacy.
However, unlike primary tumors, there was no significant difference in distal tumors between the H22 + GLP and H22 + laser groups and the H22 group. This may be due to the different mechanisms of combined treatment of primary and distal tumors. The inhibitory effect of combination therapy on the primary tumor is mainly the direct killing effect on tumor cells, while the inhibitory effect on the distal tumor is achieved through the distal effect brought by immune function. In the H22 + GLP group, because the effect of combination therapy on the distal tumor is achieved through immune function, the promoting effect of sugar on tumor growth may be offset by strong immune function. In the H22 + Laser group, the laser did not directly stimulate the distal tumor, so it did not affect the growth of the distal tumor.
To evaluate the health status of mice, the body weight was measured daily. The relative body weight was calibrated by normalizing the initial body weight (at day 0) to 1. The relative body weight was plotted at regular intervals and considered a surrogate for evaluation of systemic well-being. There were no significant body weight changes in the seven groups during the experiment (Figure 4E), indicating the fewer side effect of the treatments.
To evaluate the survival of mice, the mortality of mice was recorded daily. As displayed in Figure 4F, ICG-based PTT and GLP immunotherapy significantly resulted in improving the survival time. Compared with the H22 group, the H22 + ICG + Laser group exhibited a significant increase in improving the survival time, and in the H22 + ICG + GLP + Laser group, the survival time increased more obviously, indicating that ICG-based PTT prolonging the survival of mice bearing H22 tumors, and GLP can further prolong the survival time. Meanwhile, Consistent with ICG-based PTT and GLP immunotherapy, ICG-SF-Gel-based PTT and GLP immunotherapy significantly improved the survival time. Compared with the H22 group, the H22 + ICG-SF-Gel + Laser group exhibited no significant increase in improving the survival time, but in the H22 + ICG-SF-Gel + GLP + Laser group, the survival time increased significantly, indicating that ICG-SF-Gel-based PTT prolonging the survival of mice with the combination of GLP.
The Distal Antitumor Mechanism of Indocyanine Green/Indocyanine Green and Silk Fibroin Gel-based Photothermal Therapy and Ganoderma Lucidum Polysaccharides Immunotherapy
As a promising natural source of immunomodulatory, GLP exerts the antitumor action by stimulating immune function (Sohretoglu and Huang, 2018; Wang et al., 2018). We introduced GLP immunotherapy to improve the distal antitumor efficiency of tumor-associated antigens produced in situ after photothermal ablation of primary tumors, and to inhibit the development of tumors.
To explore the antitumor mechanism of ICG/ICG-SF-Gel-based PTT and GLP immunotherapy, the tumors from different treatment groups of mice 7 days after the distal tumor inoculation were collected for HE staining and immunohistochemical staining.
First, to explore the effect of photothermal ablation, the morphological and pathological changes of primary tumors from different treatment groups of mice 7 days after the distal tumor inoculation were analyzed through HE staining. As shown in Figure 5A, the H22 group displayed robust tumor tissues with no necrosis and had rich normal capillaries. Binucleated cells with large nuclei and dense chromatin were frequently observed, indicating rapid tumor growth. In contrast, cell shrinkage and nuclear fragmentation were evident in H22 + ICG + Laser, H22 + ICG-SF-Gel + Laser, H22 + ICG + GLP + Laser and H22 + ICG-SF-Gel + GLP + Laser groups, revealing that PTT based on ICG/ICG-SF-Gel could induce tumor necrosis. Besides, more tumor necrosis and fragmentation in nuclei with evident cytoplasmic separation from nuclei were found in H22 + ICG + GLP + Laser and H22 + ICG-SF-Gel + GLP + Laser groups, indicating that GLP could enhance the photothermal ablation efficacy. These results suggested that PTT based on ICG/ICG-SF-Gel could achieve the effect of photothermal ablation and GLP could enhance the photothermal ablation efficacy.
[image: Figure 5]FIGURE 5 | Morphological changes, pathological changes, and cell proliferation of tumor tissues after different treatments. (A,B) The Haematoxylin-eosin staining of primary tumors (A) and distal tumors (B) collected from different treated groups of mice 7 days after the distal tumor inoculation (The same row shared the same scale bar: 100 μm); (C–F) Immunohistochemical staining of Ki-67 (C), Caspase-3 (D), BAX (E) and Bcl-2 (F) of distal tumors collected from different treated groups of mice 7 days after the distal tumor inoculation (The same row shared the same scale bar: 50 µm) and quantitative analysis of Ki-67 (G), Caspase-3 (H), BAX (I) and Bcl-2 (J) (n = 4 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group).
Then, the morphological changes, pathological changes, and cell proliferation of distal tumors after different treatments were analyzed through HE staining and Ki-67 immunohistochemical staining. As shown in Figure 5B, the H22 group had large areas of confluent tumor cells with little or no tumor tissue necrosis. Consistent with the primary tumors, cell shrinkage and nuclear fragmentation were observed in distal tumors after PTT based on ICG/ICG-SF-Gel, and GLP-assisted PTT led to more tumor necrosis. Besides, compared with ICG-based PTT, PTT based on ICG-SF-Gel led to more tumor necrosis, indicating that PTT based on ICG-SF-Gel have a stronger inhibitory effect on distal tumor growth than ICG-based PTT. Ki-67 is a nuclear protein expressed in proliferating mammalian cells, suggesting the high proliferation potential of the tumor cells (Sobecki et al., 2016). Ki-67 immunohistochemical staining results revealed that PTT based on ICG/ICG-SF-Gel inhibited the cell proliferation of distal tumors and GLP enhanced the inhibition effect. Compared with ICG-based PTT, ICG-SF-Gel-based PTT enhanced the inhibition of cell proliferation (Figures 5C,G). All these results suggested that PTT based on ICG/ICG-SF-Gel could inhibit the cell proliferation of distal tumors and GLP could enhance the inhibition efficacy.
Some studies have revealed that GLP reduces the expression of some signaling molecules in the phosphoinositide 3-kinase (PI3K)/AKT/mammalian target of rapamycin (mTOR) signaling pathways which play a key regulatory function in proliferation at both gene and protein levels (Suarez-Arroyo et al., 2013). In the follow-up work, we will explore whether this signaling pathway is involved in our study.
Caspase-3 is a key executioner in apoptosis which is involved in the growth stimulation (Huang et al., 2011). BAX is a pro-apoptotic gene, it has been proposed that GLP enhances the anti-cancer effects by up-regulation of BAX (Huang et al., 2010). Bcl-2 is a proto-oncogene, which can inhibit apoptosis, mainly because bcl-2 regulates a variety of cell apoptosis-related protein activity, such as by Caspase-3 (Ola et al., 2011). It was reported that GLP induced HUVECs apoptosis directly by decreasing anti-apoptotic protein Bcl-2 expression (Cao and Lin, 2006). It is recognized that GLP can induce apoptosis in cancer cells by regulating the expression of bcl-2 (Martínez-Montemayor et al., 2011). To explore whether cell apoptosis plays a role in ICG/ICG-SF-Gel-based PTT and GLP immunotherapy, the distal tumors from different treatment groups of mice 7 days after the inoculation of the distal tumor were analyzed through immunohistochemical staining of Caspase-3, BAX, and bcl-2. Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel displayed a more obvious expression of Caspase-3 and BAX, and GLP increased the expression, demonstrated that GLP could increase cell apoptosis of distal tumors induced by PTT based on ICG/ICG-SF-Gel. Compared with ICG-based PTT, ICG-SF-Gel-based PTT increased the expression of Caspase-3 and BAX, indicating that ICG-SF-Gel-based PTT could induce cell apoptosis of distal tumor more effectively than ICG-based PTT (Figures 5D,E,H,I). Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel displayed lower expression of bcl-2 and GLP decreased the expression, demonstrated that PTT based on ICG/ICG-SF-Gel could inhibit the expression of apoptosis inhibitor gene and GLP could enhance the inhibitory effect. Compared with ICG-based PTT, ICG-SF-Gel-based PTT decreased the expression of bcl-2, indicating that ICG-SF-Gel-based PTT could inhibit the expression of apoptosis inhibitor genes more effectively than ICG-based PTT (Figures 5F,J). GLP may up-regulate the expression of BAX, inhibit the expression of Bcl-2, and then activate the expression of Caspase-3, thus enhancing the apoptosis of distal tumors. All in all, these results pointed out that ICG-SF-Gel-based PTT could increase cell apoptosis of distal tumors more effectively than ICG-based PTT, and GLP could enhance the pro-apoptosis efficacy.
Platelet endothelial cell adhesion molecule-1 (PECAM-1) is a transmembrane glycoprotein member expressed on endothelial cells, which has been shown to play an important role in angiogenesis (Cao et al., 2009). Fibroblast growth factor-2 (FGF-2) and vascular endothelial growth factor (VEGF) were also involved in angiogenesis, and FGF-2 was reported to stimulate endothelial cell growth and enhances angiogenesis (Bikfalvi, 1999). Besides, GLP has been reported to inhibit angiogenesis by reducing the expression of VEGF (Sohretoglu and Huang, 2018). Therefore, angiogenesis of distal tumors from different treatment groups of mice 7 days after the inoculation of the distal tumor was analyzed through immunohistochemical staining of PECAM-1, VEGFA, and FGF-2. Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel displayed lower expression of PECAM-1 and VEGFA, and GLP decreased the expression more obviously, suggested that PTT based on ICG/ICG-SF-Gel could inhibit angiogenesis and GLP could enhance the inhibitory efficacy (Figures 6A,B,D,E). Compared with ICG-based PTT, ICG-SF-Gel-based PTT decreased the expression of PECAM-1, VEGFA, and FGF-2, indicating that ICG-SF-Gel-based PTT could inhibit angiogenesis more effectively than ICG-based PTT. (Figures 6A–F). These results demonstrated that ICG-SF-Gel-based PTT could inhibit angiogenesis more effectively than ICG-based PTT, and GLP could enhance the anti-angiogenic efficacy. GLP may inhibit angiogenesis by inhibiting the proliferation of vascular endothelial cells and the production of PECAM-1, VEGFA and FGF-2, thus inhibiting the growth of distal tumors.
[image: Figure 6]FIGURE 6 | The angiogenesis of distal tumors after different treatments. (A–C) Immunohistochemical staining of PECAM-1 (A), VEGFA (B) and FGF-2 (C) of distal tumors collected from different treated groups of mice 7 days after the distal tumor inoculation (The same row shared the same scale bar: 50 µm) and quantitative analysis of PECAM-1 (D), VEGFA (E) and FGF-2 (F) (n = 4 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group).
It has been established that the immune system plays an important role in tumorigenesis (Baxevanis et al., 2009), and photothermal immunotherapy is a promising treatment combining PTT and immunotherapy (Yata et al., 2017). PTT utilizes heat generated by optical absorbing agents under NIR light to dissolve tumor cells, induced apoptosis or necrosis of tumor cells based on hyperthermia (Zhang et al., 2014). Then, tumor cell necrosis releases tumor-associated antigens, triggering specific antitumor immunity and clearing the residual tumor (Guo et al., 2014). As a promising natural source of immunomodulatory, GLP activates the antitumor immune response and enhances immune function (Sohretoglu and Huang, 2018; Wang et al., 2018). TNF-α is an important marker in the activation of cellular immunity (Xiang et al., 2015), CD68 is a pan-marker of macrophages, IL-1β and IL-6 are important proinflammatory cytokines secreted by M1 macrophages (Zong et al., 2019). IL-13 is a Th2 cytokine that plays a critical role in a novel immunoregulatory pathway in which natural killer T cells suppress tumor immunosurveillance (Terabe et al., 2000; Terabe et al., 2004). It was reported that GLP could activate bone marrow-derived macrophages to produce immunomodulatory substances, such as TNF-α, IL-1β and IL-6 (Wang et al., 1997; Zhang et al., 2010).
To investigate whether the immune system plays an important role in ICG/ICG-SF-Gel-based PTT and GLP immunotherapy, the distal tumors from different treatment groups of mice 7 days after the distal tumor inoculation were analyzed through immunohistochemical staining of TNF-α, CD68, IL-1β, IL-6 and IL-13. Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel displayed a more obvious expression of TNF-α and GLP increased expression, suggesting that PTT based on ICG/ICG-SF-Gel could increase cellular immunity and GLP could enhance cellular immunity induced by PTT based on ICG/ICG-SF-Gel. Compared with ICG-based PTT, ICG-SF-Gel-based PTT increased the expression of TNF-α, indicating that ICG-SF-Gel-based PTT could induce cellular immunity more effectively than ICG-based PTT (Figures 7A,F). Compared with the H22 group, distal tumors treated with PTT based on ICG-SF-Gel displayed a more obvious expression of CD68 and GLP increased the expression of CD68 induced by ICG/ICG-SF-Gel based PTT, indicating that PTT based on ICG-SF-Gel could increase the infiltration of macrophages and GLP could enhance the infiltration of macrophages induced by ICG/ICG-SF-Gel based PTT (Figures 7E,J). Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel displayed a more obvious expression of IL-1β and GLP increased the expression of IL-1β induced by ICG-based PTT, indicating that PTT based on ICG/ICG-SF-Gel could increase the infiltration of M1 type macrophages and GLP could enhance the infiltration of M1 type macrophages induced by ICG-based PTT (Figures 7B,G). Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel displayed a more obvious expression of IL-6 and GLP increased expression, suggesting that PTT based on ICG/ICG-SF-Gel could increase the infiltration of M1 type macrophages and GLP could enhance the infiltration of M1 type macrophages induced by PTT based on ICG/ICG-SF-Gel (Figures 7C,H). Compared with the H22 group, distal tumors treated with PTT based on ICG/ICG-SF-Gel decreased the expression of IL-13 and GLP decreased the expression more obviously, indicating that PTT based on ICG/ICG-SF-Gel could inhibit the down-regulation of tumor immunosurveillance induced by IL-13 and GLP could enhance the inhibitory efficacy (Figures 7D,I). All these results suggested that the immune system plays an important role in ICG/ICG-SF-Gel-based PTT and GLP immunotherapy and GLP could enhance immune function. GLP may promote the secretion of IL-6, IL-1β and TNF-α by activating CD68 macrophages, reduce the inhibition of IL-13 secreted by natural killer T cells on tumor immune surveillance, strengthen the immune function of the body, and thus inhibit the growth of distal tumors.
[image: Figure 7]FIGURE 7 | The immune index of distal tumors after different treatments. (A–E) Immunohistochemical staining of TNF-α (A), IL-1β (B), IL-6 (C), IL-13 (D) and CD68 (E) of distal tumors collected from different treated groups of mice 7 days after the distal tumor inoculation (The same row shared the same scale bar: 50 µm) and quantitative analysis of TNF-α (F), IL-1β (G), IL-6 (H), IL-13 (I) and CD68 (J) (n = 4 mice per group, data are presented as the mean ± SD. Statistical significance was expressed by *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001, comparing other groups with the H22 group).
Due to COVID-19 and other reasons, our experimental animals and cells suffered severe losses, which limited our research methods to immunohistochemical staining, unable to use other research methods to support the experimental results. Therefore, In the follow-up work, we will use more experimental methods to support the experimental results and conduct further research.
CONCLUSION
In summary, we extracted SF from the Bombyx mori cocoons, prepared ICG-SF-Gel by ultrasonic oscillation and prepared GLP by heating dissolution. The UV absorbance of ICG and ICG-SF solution indicating that the successful encapsulation of ICG in SF solution and SF did not affect the UV absorbance of ICG. In vitro results showed that ICG could convert light to heat and ICG-SF-Gel may converge and accelerate the photothermal effect. To confirm the photothermal transformation of ICG and ICG-SF-Gel in vivo, we established a subcutaneous bilateral hepatic tumor model and shown a similar result. To investigate the antitumor efficiency, the primary and distal tumor growth rate and the mortality of mice were recorded. Results showed that PTT based on ICG/ICG-SF-Gel inhibited the growth of primary tumors and GLP could enhance the photothermal ablation efficacy. ICG-based PTT inhibited the growth of distal tumors and GLP could enhance the inhibitory effect. ICG-SF-Gel-based PTT had a stronger inhibitory effect on tumor growth than ICG-based PTT. ICG-based PTT and GLP therapy significantly resulted in improving the survival time. ICG-SF-Gel-based PTT with GLP can improve the survival time. And there were no significant body weight changes in the seven groups, indicating the fewer side effect of the treatments. To explore the distal antitumor mechanism of ICG/ICG-SF-Gel-based PTT and GLP immunotherapy, the distal tumors from different treatments were collected for HE staining and immunohistochemical staining of Ki-67, Caspase-3, BAX, bcl-2, PECAM-1, VEGFA, FGF-2, TNF-α, CD68, IL-1β, IL-6 and IL-13. Results showed that ICG/ICG-SF-Gel-based PTT induce tumor necrosis and GLP enhanced the photothermal efficacy. ICG/ICG-SF-Gel-based PTT inhibited cell proliferation and angiogenesis, induced cell apoptosis, enhanced cellular immunity, and GLP enhanced these effects. All in all, our results demonstrated that GLP could enhance the distal antitumor effect of PTT in hepatoma-bearing mice through immunomodulatory, anti-proliferative, pro-apoptotic and anti-angiogenic. The combination of PTT and immunomodulator GLP immunotherapy is potential photothermal immunotherapy on HCC.
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Sex profoundly affects cancer incidence and susceptibility to therapy, with sex hormones highly contributing to this disparity. Various studies and omics data suggest a relationship between sex and the oncosuppressor p53 circuitry, including its regulators MDM2 and MDM4. Association of this network with genetic variation underlies sex-related altered cancer risk, age of onset, and cancer sensitivity to therapy. Moreover, sex-related factors, mainly estrogenic hormones, can affect the levels and/or function of the p53 network both in hormone-dependent and independent cancer. Despite this evidence, preclinical and clinical studies aimed to evaluate p53 targeted therapy rarely consider sex and related factors. This review summarizes the studies reporting the relationship between sex and the p53 circuitry, including its associated regulators, MDM2 and MDM4, with particular emphasis on estrogenic hormones. Moreover, we reviewed the evaluation of sex/hormone in preclinical studies and clinical trials employing p53-target therapies, and discuss how patients’ sex and hormonal status could impact these therapeutic approaches.
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Introduction

Cancer statistics reveal sex (meant as biological factors) differences in incidence, therapy response, and mortality of many cancers (1). The majority of these tumors, excluding sex-related prostate ovary and breast cancer, present a higher incidence, increased invasive property, and cancer death in males compared to female, even after correction for environmental exposures and risk habits, as smoking and alcohol consumption, more common among men (2). Primarily, genetic factors residing on sex chromosomes contribute to these disparities (3). Indeed, the X chromosome contains various genes involved in oncogenesis (4). Since a percentage of genes is not silenced in inactivated X-chromosome, their higher expression levels in females compared to males may underlie cancer differences (4, 5).

Additionally, an important factor contributing to sexual differentiation is the circulating sex hormones with a strong relevance of estrogen (6, 7). Women have a higher risk of developing lung cancer upon smoking than men. Various studies suggest that the interaction between tobacco carcinogens and endogenous and exogenous sex steroids may be relevant (8). Nonetheless, this disparity persists among adults aged 85 and older, thus beyond the women’s reproductive age (9). The levels of intra-tissue sex hormones determined by local production of the estrogen (intracrinology) are assuming great importance in many hormone-related tumors (10, 11). Finally, epigenetic modification of DNA is different in the two sexes with DNA methylation enhanced in various organs of experimental feminine rodents. Since cancer is linked to epigenetic dysregulation, these differences play an important function, too [reviewed in (5)].

All these factors can variously affect molecular pathways involved in oncogenesis. The p53 pathway is one of the most relevant in tumor development and therapy response, and p53 is a crucial oncosuppressor in both humans and rodents (12, 13). TP53 gene is mutated in about 50% of human cancers, while the protein is inactivated in tumors bearing wild-type p53 (wt-p53). One of the most frequent inactivation mechanisms of wt-p53 is the overexpression of its negative regulators, MDM2 and MDM4 (also MDMX). These two proteins form a heterodimer that controls p53 activity and levels. In addition, the two proteins function singularly towards p53 with different outcomes depending on the tissue (14, 15). Given its relevance, re-activation of wt-p53 oncosuppressive activity is a field of intense study. In tumors retaining wt-p53, most of the approaches target the inhibitory proteins MDM2/MDM4, either singularly or in combination [reviewed in (16, 17)]. These approaches apply mainly to solid tumors as myeloma, melanoma, and liposarcoma, although some trials have also been applied to acute myeloid leukemia (AML) (for details, see Therapies Directed to wt-p53 Re-Activation). Unfortunately, at present, none of these therapeutic approaches have reached the patient’s bed.

Over time, different studies have demonstrated crosstalk between p53/MDM2/MDM4 and sex. Although p53 and its regulators MDM2 and MDM4 genes reside on autosomes, genes associated with p53 circuitry reside on the X chromosome, affecting its function in a sex-related manner. Moreover, genetic variations in the p53/MDM2/MDM4 genes (in the promoter, 3′UTR region, introns, or coding sequence) are responsive to hormone status, affecting p53/MDM4/MDM2 levels and function. Despite all these data, sex differences are not consistently evaluated in preclinical and clinical trials targeting the p53 circuitry.

In this review, we summarize data regarding sex-related factors associated with wt-p53, MDM2, and MDM4. Particularly, we recapitulate the sex-related factors that can affect p53 function by acting on p53 itself or its regulators MDM2 and MDM4. Moreover, we will review sex differences in therapeutic approaches aimed to reactivate wt-p53 and discuss how the consideration of sex could affect the results of these approaches.



Effects of Sex on p53 Circuitry


p53

Given the importance of the oncosuppressor p53 in counteracting cancer development, many studies investigated the association of p53 status with sex-related genetic factors and the potential effect of sex-related factors on p53 function.


Genetic Factors

A direct association of p53 status with sex-associated cancer difference has been reported in various tumors. In lung cancer, p53 mutations are more frequent in females than in males [reviewed in (8)]. Also, females carrying mutant p53 have an increased risk of developing adrenocortical carcinoma (ACC), suggesting that the p53 oncosuppressive activity impacts ACC development more strongly in females than in males (18). Since ACC risk is also increased in females of pediatric age (19), factors other than sex hormones likely affect p53 function in ACC in a sex-related way (5). At present, these factors have not been identified.

In exon 4 of the p53 gene, the SNP-R72P is present (Table 1). The R72 variant possesses higher ability to induce apoptosis compared to P72 [reviewed in (20)]. A hospital-based case–control study of hepatocellular carcinoma (HCC) development in a Turkish population demonstrated that the P72 homozygote (p53Pro/Pro) is associated with increased HCC risk in males but not in females (21). A similar association of the variant alleles (P/R + P/P) has been found with a particular squamous cell carcinoma (Kangri cancer) in Indian male subjects (22). These studies suggest that the penetrance/efficacy of the p53Pro/Pro variant is different among male and female subjects. Which factors, genetic or hormonal, alter the p53Pro/Pro activity is currently unknown. It has been proposed that biallelic expression of X-linked tumor-suppressor genes in females explains a portion of the reduced cancer incidence in females compared to males across various tumor types (4). Recently, Haupt and collaborators reported X-linked genes associated with the p53 network. Starting from bio-informatic analyses, they showed that in many non-reproductive cancer histotypes, p53 mutation is more frequent in males than in females with a concomitant lower survival rate (23). Then, they identified X-linked genes encoding for proteins essential for genomic fidelity that are connected to p53. Due to the chromosome X inactivation, females are protected from these gene germline mutations, while males are exposed to a higher risk because they have only a single copy of the X chromosome. The underlying hypothesis is that this link brings to enhanced selection of p53 inactivation in men. This phenomenon is not evident in hormone-dependent tumors since in male breast cancer the frequency of p53 inactivation is reduced compared to females (24). Molecular proof of the ability of these X-linked genes to confer p53-mediated increased protection from cancer in the female gender has not yet been provided.


Table 1 | Summary of p53, MDM2, MDM4 SNPs relevant to cancer in a sex/hormone-related way.





Hormone Activity

Many studies investigated the effect of sex hormones, especially estrogen, on p53 function (25). The picture deriving from these studies is very complex, in some cases reporting opposite results. An important factor that may contribute to this inconsistency is the type of estrogen receptor involved. Indeed, estrogen activity is mediated by the membrane-bound G protein-coupled estrogen receptor 1 (GPER or GP3R0) and the nuclear estrogen receptors (ERs) α and β (ERα, ERβ), with ERβ often exhibiting opposite activity to ERα. Hormone-stimulated nuclear ERs translocate into the nucleus and direct transcription as homo- and heterodimers or as partners of other transcription factors (indirect genomic signaling) (26). Additionally, the two nuclear receptor genes (named ESR1 and ESR2 corresponding to ERα and ERβ, respectively) originate alternative forms that can interact with the full-length receptors and repress their function. Therefore, the studies performed by stimulation with 17β-estradiol (E2, the primary estrogenic hormone that interacts with all estrogen receptors) without characterization of the receptor and the ERα and ERβ isoforms present in the system can be variously interpreted. An additional factor that adds complexity to the interpretation of estrogen activity towards p53 is the positive regulation of MDM2 levels by estrogens (see relative paragraph MDM2). Since MDM2 is a negative regulator of p53, the fine-tuning of MDM2 and p53 by estrogens can result in different outcomes.

Since ERα is a critical therapeutic target in hormone-responsive breast and endometrial cancers, many data described in literature investigated the interplay between p53 and ERα. Particularly, since p53 mutation is not common in estrogen-responsive breast cancer, accounting for about 20% of tumors (27, 28), many studies focused on this tissue.

Two main and opposite estrogenic hormone activities towards p53 have been described: a positive activity at different levels and a repressive activity mainly related to p53-transcriptional function.


Cooperative Estrogen-p53 Activity

As concerns the mechanism of cooperation, there are various studies from Olivier’s group (29–31). In cell lines derived from breast cancer MCF7 cells, they demonstrated that estrogen through endogenous ERα increases p53 levels and enhances p53-mediated response to DNA damage. They further showed that focal adhesion kinase (FAK), a critical regulator of adhesion and motility, is downregulated by p53 in response to E2 (31). These studies have been further confirmed by Berger and colleagues, who demonstrated that the p53 promoter contains four ERα responsive elements (ERE) (32). Accordingly, knockdown of ERα leads to decreased p53 mRNA and protein levels and its targets, MDM2 and p21. This results in increased colony formation in an estrogen-free medium upon a cytostatic dose (100–400 nM) of doxorubicin (32). Of note, these authors demonstrate that the ERβ receptor is not involved since its exogenous expression does not alter p53 levels and activity. In support of this data, Klaus and colleagues analyzed the radiation-responsiveness of the mammary epithelium in ovariectomized mice upon E2 and progesterone (P) treatment (33). These hormones activate the p53 response to radiation in terms of increased p21. Also, by comparing the mammary epithelium of BALB/c mice with different p53 status (Trp53+/+, Trp53+/−, Trp53−/−), they demonstrated that E + P upregulated p53 nuclear levels and apoptosis upon ionizing radiation, also in the haploinsufficient background (BALB/c Trp53+/−) (34). Interestingly, parity acted similarly and delayed the onset of spontaneous mammary tumors in these mice, confirming a protective role of hormones towards breast cancer development. Similar data were obtained by Sivaraman using the rat model (35). Importantly, epidemiologic studies show that women with full-term pregnancy have a significantly reduced risk of developing ER+ breast cancer (36). In agreement with these studies, Kupperwasser and colleagues reported that mare serum gonadotropin (PMSG) and human gonadotropin (hCG) treatment increases p53 nuclear fraction leading to enhanced mammary gland apoptosis following ionizing radiation (37). Interestingly, a recent proteome analysis of MCF-7 cells demonstrated that estrogen modulates cyto-nuclear shuttling; in response to estrogen, dynamic subcellular redistribution of proteins is the major phenomenon compared to the alteration of protein levels (38). Overall, this data strongly supports that estrogen enhances the oncosuppressive function of p53 in the breast tissue. Also, in another normal epithelial context as Young Adult Mouse Colon cells (YAMC), estrogen induces p53 downstream targets as PUMA, Bcl-2-associated X protein (Bax), and Noxa, and sensitizes cells to p53-mediated apoptosis (39), extending the cooperative function of p53 and estrogen in another epithelium. The good prognosis of ERα+/wt-p53 breast cancer can also be related to a cooperative activity between these two factors. To integrate this hypothesis, p53 inhibits ERα transcriptional activity on synthetic estrogen-responsive elements (40), suggesting a tumor-suppressive function of p53 towards ERα in hormone-activated signaling pathways.

This data raises a question about the consequences on p53 of anti-estrogenic therapies in breast cancer (41). Since these drugs antagonize ER function, they should reduce p53 oncosuppressive activity. The observation that anti-estrogenic therapy displays partial agonist activity in a gene-specific and tissue-specific manner partly solves this issue (42). In this regard, Olivier’s group demonstrated that 4-hydroxy-tamoxifen (OHT), a selective estrogen receptor modulator (SERM), suppresses cell proliferation more effectively in breast cancer cell lines bearing wild-type p53 compared to cells with mutated p53. Furthermore, p53 expression levels have been reported as a positive prognostic factor for OHT treatment (43). Conversely, the activity of fulvestrant (ICI 182,780), a selective estrogen receptor degrader (SERD) that acts by inducing degradation of nuclear estrogen receptors is independent of p53 status (30). This data suggests that the p53-estrogen crosstalk is differently affected by estrogen, OHT, and fulvestrant, and supports the efficacy of anti-estrogenic therapies in wt-p53 breast cancer.

By considering hepatic tissue, Pok and colleagues showed that testosterone positively regulates hepatocyte cell cycle regulators and reduces p53 and p21, while E2 plays the opposite effect (44). Accordingly, in liver cancer cell lines, E2, via ERα, activates the transcription of p53 and its target miR-23a, promoting p53-dependent apoptosis and, in turn, inhibiting HCC development (45). Since men are more susceptible than women to hepatocellular carcinoma (HCC) at age <60 years (46), this data supports a protective role of estrogenic hormones in liver cancer risk and highlights a possible mechanism by which sex hormones contribute to establishing the male prevalence of hepatocarcinoma.

Few studies analyzed the effects of ERβ on p53. In colon cancer cell lines, ERβ overexpression enhances p53 levels and activity through p14ARF-mediated downregulation of MDM2. Of note, this cell outcome was observed in many but not all colon cancer cell lines analyzed. The reason for these results remains unexplained (47). Similarly, in the human colon metastatic LoVo cell line, overexpression of ERβ enhances p53-mediated apoptosis in an estrogen-dependent manner (48). Overall, these studies indicate a proapoptotic function and anti-oncogenic activity of ERβ towards p53 although in tissues other than the breast.



Antagonistic Estrogen-p53 Activity

Opposite to this view, Das’s group reported that ERα inhibits p53 function on some transcriptional targets (49). The model proposed by these authors is that ERα and p53 cooperatively bind on the promoters of some p53-targets genes at whose levels ERα represses p53 activity. In most of these studies, cell outcome is not reported, so they are not entirely comparable to previous studies. One limitation of these studies is that they are often based on ERα overexpression. Indeed, in MCF7 without ERα overexpression, endogenous ERα does not affect p53 transcriptional function following E2 or fulvestrant treatments (50). A further explanation can derive from studies of Brown’s group (51). They demonstrated in MCF7 that E2 and OHT reduce the apoptosis induced by cytotoxic high dose of doxorubicin (10 μM) whereas fulvestrant is inefficacious. Using genome-wide approaches, they reported the modulation of a subset of p53 and ER target genes, but not changes of p53 levels and its binding to these gene promoters. This data suggests that different p53 targets can be variously regulated upon specific estrogen treatments, leading to different cell outcomes. Also, Lewandowski and collaborators reported an antagonistic activity of estrogen towards p53. In MCF7 cells, E2, through ERα, mediates the relocalization of p53 from the nucleus to the cytoplasm, inhibiting its transcriptional activity as revealed by decreased p21 levels. This, in turn, results in reduced sensitivity of MCF7 to TNF-mediated cell death while ERβ behaves oppositely, antagonizing cytoplasmic relocalization of p53 (52). Interestingly, a study from Bargonetti’s group demonstrated that in MCF7, estrogen-induced cell proliferation and downregulation of p21 are p53-independent but MDM2 dependent (53). Therefore, E2-induced p21 modulation as a marker of p53 activity can be misleading. Moreover, the different crosstalk between ERα and p53 could also be ascribed to specific treatments, such as cytostatic (32) vs. cytotoxic (49) doses of doxorubicin, γ-irradiation (33), or TNFα (51).





MDM2

MDM2 protein is involved in a negative feedback loop with p53, by which p53 activates transcription of the MDM2 oncogene, which in turn inhibits p53 activity. This loop is essential to maintain both proteins at moderate levels and reset cell behavior after p53 activation. Due to their intertwined role, an unbalanced expression or activity of MDM2 is involved in cancer, and many studies highlighted sex-related factors leading to unbalanced MDM2 (15). Additionally, MDM2 regulates targets other than p53, which also have relevance to cancer (54).


Genetic Factors

The expression of the MDM2 gene is probably the best example of sex-mediated regulation of p53 circuitry in cancer. An initial report from Blaydes’s group demonstrated the activation of the MDM2 P2 promoter by the AP1-ETS transcription factors in an ERα dependent manner (55). Subsequently, Bond and colleagues identified the SNP309 T/G within this promoter (56) (Table 1). The SNP309G variant extends the length of the DNA binding site for specificity protein 1 (Sp1), increasing the affinity for this transcriptional factor. As a result, Sp1 increases MDM2 levels, leading to an attenuation of the oncosuppressive p53 activity. This SNP is indeed associated with an early age of cancer diagnosis. Since Sp1 is a co-transcriptional factor of ERs, the authors demonstrated that SNP309 accelerates the age of onset of various cancer types (diffuse large B cell lymphoma, soft tissue sarcoma, invasive ductal breast carcinoma, IDC)—in female but not in male patients (57). Accordingly, this sex difference is associated with ER+ but not ER− invasive ductal breast carcinoma and is more evident in non-menopausal women. Similar data were reported for colorectal cancer, in which female SNP309G carriers were diagnosed with cancer earlier than those carrying the wild-type gene (58). Other studies evidenced the relevance of this SNP in a p53-independent way due to the ubiquitin ligase activity of MDM2 towards other targets (53, 59, 60). Overall, this data underlies the role of the estrogen-mediated pathway on MDM2 function through SNP309. At odds with this data, some studies did not find an association between SNP309 and estrogen status on cancer risk [reviewed in (61)]. Although, in many cases, the authors did not take into account the sex and the hormone levels, a resolving study from Lønning’s group defined the presence of the additional SNP285G>C, which antagonizes the Sp1 binding to SNP309 (Table 1) (62). The presence of this SNP reduces the risk of both ovarian and breast cancers, highlighting the relevance of MDM2 fine-tuning for cancer development.

Further complexity has been recently added by Lozano’s group, who demonstrated that MDM2 SNP309G exhibits tissue-specific regulation and different impacts on cancer risk (63). Accordingly, Grochola and colleagues showed that in pancreatic ductal adenocarcinoma (PDAC), the SNP309G is associated with earlier onset in men but not in women. They attributed this effect to the function of Sp1 as a coactivator of androgen receptors present in PDAC (64).

In 2015, Kato’s group identified an additional SNP in MDM2-P2 promoter, the SNP55 (rs2870820, C/T) (65). Both SNP55T and SNP55C bind Sp1, whereas only the C allelic variant creates an additional consensus sequence for the transcriptional factor NF-kB. The NF-kB p50/p50 homodimer interferes with Sp1 transcriptional activity, as demonstrated by Hirano and colleagues (66). In the context of MDM2, this results in transcriptional repression of the gene (65). Therefore, this SNP further contributes to fine-tuning MDM2 levels. Subsequently, Helwa and colleagues reported that women with SNP55TT or SNP55TC genotype have a higher risk of colon cancer, particularly left-sided colon cancer, than those with SNP55CC genotype (66). Conversely, this SNP does not seem to affect breast, lung, prostate, and endometrial cancer risk (66). In a recent study, the same group analyzed the impact of the combination of all three SNPs and reported that the SNP55T allele variant is associated with a lower risk of endometrial cancer in women carrying the SNP285G and SNP309T. At the same time, this haplotype is not correlated with the risk of ovarian cancer (67).

These results collectively validate the MDM2 SNPs as important cancer modifiers by attenuating the cell-protective activity of p53 or p53-independent pathways. To date, the characterization of these SNPs in the application of MDM2-target therapies has not been reported.



Hormone Activity

Besides the effect of the hormone on MDM2 transcription through SNPs, other studies evidenced a regulation of MDM2 by the estrogenic pathway at the protein levels. ERα stabilizes MDM2 since the use of fulvestrant significantly reduces the MDM2 half-life. Particularly, fulvestrant decreased basal expression of MDM2 through increased protein turnover in the absence of E2 (68). This in turn, increases cell apoptosis and sensitivity of MCF7 breast cancer cells to chemotherapic drugs, doxorubicin, paclitaxel, and etoposide (68). Accordingly, high levels of MDM2 are detected in ERα+ breast carcinoma (69). In a reciprocal fashion, Cavailles’s group demonstrated MDM2 activity towards ERα: MDM2 interacts with ERα and p53 and induces ERα degradation through its ubiquitin ligase activity in a ligand-independent manner (70). Conversely, in a p53-independent way, Bargonetti’s group reported the ability of MDM2 to facilitate the estrogen-mediated activation of cell proliferation (53), suggesting different activities of MDM2 dependent on p53 background.

The overall positive effects of estrogenic hormones on MDM2, at the mRNA and protein levels, suggest that anti-estrogenic therapies in breast cancer could synergize with MDM2-targeted drugs.




MDM4

MDM4 is a double-faced p53 regulator: it cooperates with MDM2 in inhibiting p53, thus behaving as an oncogenic factor. Conversely, under DNA damage conditions, it cooperates with p53 and promotes cell apoptosis (71, 72). MDM4 also possesses a p53-independent function by suppressing the mTOR-mediated pathway (73, 74). Of relevance, the proapoptotic activities reside on the cytoplasmic fraction of MDM4 (75, 76). Accordingly, most tumors show high levels of MDM4 in the nuclear compartment (77). Wide-genome studies reported the association of specific SNPs in the MDM4 gene with hormone-mediated cancer and estrogen receptor-negative breast tumors, suggesting that the presence of ERs may select for a particular MDM4 gene status.


Genetic Factors

Despite the description of various SNPs in the MDM4 gene (78), the majority of data focused on the SNP 34091 (A > C) in the 3′UTR region of human MDM4 (Table 1). Data collected from the Collaborative Oncological Gene-environment (COGS) showed a significant association of this SNP with hormone-dependent cancers (79–81). This SNP located 32 bp downstream of the stop codon should create an illegitimate binding site for miR-887 (80, 82) and has-miR-191, a miRNA often expressed in tumor tissues, leading to downregulation of MDM4 in the MDM4-C variant (83). Unexpectedly, the SNP34091C variant is associated with increased risk of breast cancer, high-grade ovarian cancer (HGSOC), and prostate cancer suggesting a specific sensitivity of these hormone-dependent cancers to presumably low MDM4 levels (79, 84). SNP34091C is associated with increased cancer risk only in ER-negative breast cancer, suggesting that the presence of ERs interferes with MDM4 activity (79, 85). Additionally, in ER-negative breast cancer and HGSOC, the presence of this SNP is not correlated to the status of p53, suggesting that ERs interfere with MDM4 p53-independent activities. This data is in agreement with the cytoplasmic proapoptotic function of MDM4. The ER ability to re-localize MDM4 in the nucleus would abrogate the MDM4 cytoplasmic anti-oncogenic function. Accordingly, many human tumors express nuclear MDM4 (77). Other studies on ovarian cancer reported contradictory results. Wynendaele reported an association of the AA haplotype with reduced overall survival of ovarian carcinoma. Conversely, Gansmo reported an association of C variant with HGSOC (84). A possible explanation raised by these last authors is that in HGSOC, p53 is mutated in almost 90% of tumors. Therefore, the effect of this variant is mediated via pathways other than p53 (84).

The association between hormone-related pathways and this SNP is supported by the observation that it does not alter colon- and lung-cancer risk in a large population-based control study (86). Of merit, this study distinguished male and female patients compared to male and female controls. Association with prostate cancer was not found, although some authors reported a trend of association of the C allele with higher prostate cancer aggressiveness (87).

At odds with the previous study, other authors reported a reduced cancer risk for the SNP34091C variant in esophageal squamous cell carcinoma and non-Hodgkin lymphoma (88, 89). Information on ERs status in these studies is not available and cannot be entirely compared to previous results. Additionally, the different geographic populations (Caucasian vs. Chinese) may underlie this discrepancy. Indeed, the frequency of the MDM4-SNP34091 is different between these two populations (90). Finally, other miRNAs may affect SNP function (91).

Additional SNPs have been identified in other cancer types. Couch and colleagues reported the association of the minor allele of MDM4 SNP rs2290854 with breast cancer risk in mutant BRCA1 carriers, suggesting that this MDM4 variant can be a modifying factor for breast cancer in this mutant background (92) (Table 1). Also, in this case, this SNP is associated with ER− but not ER+ breast cancer. Moreover, two recent papers analyzed the sex-related association of various MDM4 SNP with glioma in the European and Chinese populations (93, 94). The authors evidenced the association of the A allele of a novel MDM4 SNP (rs4252707) (Table 1) with the increased risk of this tumor. However, although the higher frequency of glioma in males, they did not find an association with sex.



Hormone Activity

Lozano’s group was the first to demonstrate a dissimilar activity of overexpressed MDM4 between male and female mice (95). Her group reported a higher incidence of multiple tumors and a decreased animal survival in Mdm4 transgenic p53-null males but not in females, indicating sexual dimorphism of Mdm4 activity, at least in rodents. Using the same animal model, our group demonstrated that in a wt-p53 background, Mdm4 promotes tumor development following DNA damage in a sex-independent way, indicating that Mdm4 oncogenic properties are not affected by sex. In contrast, there is increased chemotherapy sensitivity in Mdm4-overexpressing male but not in female mice. Molecular analysis demonstrated that E2 re-localizes MDM4 in the nucleus, antagonizing the cytoplasmic MDM4-mediated DNA damage response (96). Noteworthy, treatment of animals with fulvestrant rescues MDM4-mediated proapoptotic activity and increases tumor sensitivity to chemotherapy. Accordingly, MDM4 nuclear localization and intra-tumor estrogen availability correlate with decreased platinum sensitivity and apoptosis and predict poor disease-free survival in human HGSOC. A specular finding was reported by Das’s group (97). They showed that ERα is a positive regulator of MDM4 oncogenic activity, and treatment of tumor cells with ER inhibitors (fulvestrant or OHT) reduces MDM4 protein levels. Overall, this data indicates that sex and/or ERα regulate MDM4 activity. Depending on p53 background, they can result in opposite outcomes. The assessment of sex/hormone status in MDM4-target therapy could confirm the relevance of these factors in drug efficacy and suggest the potential usefulness of combinatorial treatments.





Therapies Directed to wt-p53 Re-Activation

In the last decades, different therapeutic approaches were developed to reactivate wt-p53 functions in cancer. Peptides and small molecule compounds were described to target the critical inhibitory binding of MDM2 and MDM4 to p53 or to stimulate p53 by acting on the protein itself [reviewed in (16, 98, 99)].

Compounds in the p53 network that entered clinical trials are summarized in Table 2. Among them, the majority refers to phase I studies that evaluate safety and tolerability, with few or no results about the efficacy of the therapies. Despite the low number of patients usually enrolled in phase I, none of these trials reported the hormone/gender status in their evaluations. Here, we briefly reviewed the active clinical trials suggesting the potential role of sex/hormone.


Table 2 | Strategies for wt-p53 re-activation, which entered clinical trial phases.



P28 is a peptide derived from the Azurin, a Pseudomonas aeruginosa redox protein that exerts an antiproliferative activity towards cancer cells by inhibiting COP-1 mediated ubiquitination of p53, thus in an MDM2/MDM4 independent way (100, 101). In a Phase I study (NCT00914914), p28 proved preliminary evidence of anti-tumor activity in patients with melanoma and colon cancer (Table 2). Although no results regarding gender are displayed (102), P28 efficacy towards these non-hormone mediated cancers might suggest that COP-1 mediated regulation of p53 is not affected by hormone status. Accordingly, a second Phase I study NCT01975116 established safety in children with recurrent or refractory central nervous system cancer (CNS) (103). Comparing this peptide efficacy in males and females could highlight the potential effects of genetic factor/s on p53 function.

ALRN-6924 is a peptide that targets both MDM2 and MDM4 and prevents their binding to p53 (104). Phase I studies evaluated safety in acute myeloid leukemia (AML), myelodysplastic syndrome (MDS), and solid cancers (Table 2). Two recent trials are recruiting patients to evaluate the safety and efficacy of ALRN-6924 in combination with drugs used in chemotherapy as Cytarabine for patients with leukemia (NCT03654716) or Paclitaxel for those with breast cancer (NCT03725436). The results of this last trial could be of interest to evaluate the relevance of ERs in p53 circuitry since the inclusion criteria are breast cancer carrying wt-p53 and positive for ERs.

RG7112 and RG7388, two derivatives of cis-imidazoline molecule known as “nutlin”, are under testing in clinical trials (Table 2). RG7112, despite promising results in terms of p53 activation, was dropped because of significant toxicity (105). RG7388, known as Idasanutlin, is a nutlin analog with a higher affinity and specificity for MDM2. This compound underwent several clinical trials, including phase II and phase III trials in combination with chemotherapy or novel therapies as monoclonal antibodies and other new anticancer small molecules (Table 2). Based on the relevance of ERα in MDM2 levels, the efficacy of this drug could be increased in those tumors previously shown more sensitive to SNP variations.

Spirooxindole-based compound mimics the p53 key amino acids that bind MDM2. MI-77301 from Sanofi (106) and the substituted dihydroisoquinolinone derivative CGM097 from Novartis, entered in phase I clinical trials (Table 2). For both compounds, the anti-tumor activity has been verified in preclinical studies (107), whereas no results have been reported from clinical trials. Of interest, p53 status is not sufficient to predict CGM097 sensitivity in a panel of 477 cell lines from the Cancer Cell Line Encyclopedia (CCLE). In the 13 gene signature predicting CGM097 response, MDM2 levels are the most significant predictor (108). Given the relevance of ER/hormone status in affecting MDM2 levels, the assessment of hormone status could be relevant in the analysis of the efficacy of these compounds in the related clinical trials.

MK-8242 from Merck is a small-molecules that inhibits MDM2 interaction with p53 and can induce growth arrest at very low concentration (109). In the NCT01463696 trial, three of 47 patients with liposarcoma showed a partial response, and 31 patients stable disease (110) (Table 2). Since 60% of these patients are males, it would be interesting to re-evaluate the results by separate analysis of patients based on sex/hormone status.

AMG232 by Amgen is a piperidinone-derived compound that acts as a potent inhibitor of the MDM2−p53 complex and shows high anti-tumor activity in xenograft models (111). This compound underwent several clinical trials, including phases I and II, as single or combination treatments for solid tumors, AML, myeloma, and melanoma (Table 2), but its effects have never been evaluated in the light of sex/hormones.

DS3032b developed by Daiichi Sankyo showed stable disease in 77% of patients with solid tumors (112) and reduced bone marrow blasts after the first cycle in half patients and complete remission in two patients with hematological malignancies.

HDM201 developed by Novartis is an imidazopyrrolidinone analog that inhibits the P53–MDM2 interaction with high efficiency. It was able to induce p53 dependent apoptosis and tumor regression in xenograft tumor models (113). Many clinical studies are ongoing in patients with wild-type p53 tumors of different histotypes such as AML, solid tumors, and multiple myeloma (Table 2). Some results of clinical benefit from these trials have been reported: approximately 25–30% of patients had a partial response or stable disease, although the tumor histotypes are not specified (114).

Many of the tumors under these clinical trials—including myeloma and lymphoma—show sex differences, with male prevalence. Evaluating these drugs in terms of sex and/or hormone status could give valuable information for more personalized medicine.



Discussion

Although sex is an important factor in determining cancer development, progression, and sensitivity to therapy, sex-based studies of cancer biology and treatment are still largely insufficient, and the factors driving the sex-related cancer disparity remain to be clarified. Even after recommendations from NIH and other funding agencies to consider sex and gender at all levels of biomedical research, animal studies and clinical trials that distinguish gender populations are few (115). P53-target therapies do not make an exception, as demonstrated by Table 2. None of those clinical trials reported separate results for men and women or considered the hormonal status of patients. Still, many studies demonstrate that p53 activity is affected by sex-related genetic and/or hormone determinants. This review reflects the abundance and complexity of the sex-related molecular factors that affect p53 response in human tumors. Based on the data here reviewed, nowadays, it is difficult to predict which genetic or hormonal factors could contribute to defining a more personalized application of single or combinatorial treatments.

For this reason, evaluation of sex/hormones in preclinical studies and clinical trials could help clarify the factors that finally affect p53 function in vivo and could guide future molecular studies besides drive a more appropriate and successful application of these therapies. Indeed, “false” negative or positive results could be due to the confounding effects of mixed backgrounds. As stated by Clayton and Collins, “inadequate inclusion of female cells and animals in experiments and inadequate analysis of data by sex may well contribute to the troubling rise of reproducibility in preclinical biomedical research” (115).

Inclusion of sex/hormone status in the analysis of p53 data could open the possibility of combinatorial treatments with anti-hormone or other target therapies. Based on the beneficial effect of SERM on tumors with wt-p53 and possible depressing activity of MDM2 levels, a combinatorial treatment of SERM therapy with p53-reactivating drugs in breast cancer could be hypothesized. Accordingly, Rozeboom and colleagues recently suggested a new clinical trial based on triple therapy with a BCL2 inhibitor (venetoclax), an anti-estrogen (tamoxifen/fulvestrant), and an MDM2 inhibitor (AMG-232/MI-77301) in the ER+/WT TP53 metastatic breast cancer setting (116). Finally, the ascertainment of sex/hormone and p53 crosstalk could guide different drug dosages and improve safety-toxicity drug features. This is particularly relevant given the more active immune response in females than males and the well-known required lower doses of heart disease drugs in females compared to men (117, 118).
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Background

Existing research shows that ABT-199, as a first-line drug, have been widely used in hematological malignancies, especially in leukemia, but the clinical efficacy of single drug therapy was limited part of the reason was that BCL-2 inhibitors failure to target other anti-apoptotic BCL-2 family proteins, such as MCL-1. In this case, combination therapy may be a promising way to overcome this obstacle. Here, we investigate the preclinical efficacy of a new strategy combining ABT-199 with homoharringtonine (HHT), a selective inhibitor of MCL-1 may be a promising approach for AML treatment as these two molecules are important in apoptosis.



Methods

A Cell Counting Kit-8 (CCK8) assay and flow cytometry were used to determine the half-maximal inhibitory concentration (IC50) value and cell apoptosis rate, respectively. The flow cytometry results showed that combined treatment with HHT and ABT-199 caused apoptosis in AML patient samples (n=5) but had no effect on normal healthy donor samples (n=11). Furthermore, we used a Western blot assay to explore the mechanism underlying the efficacy of HHT combined with ABT-199. Finally, antileukemic activity was further evaluated in vivo xenograft model.



Results

Our results indicated that ABT-199 combined with HHT significantly inhibited cell growth and promoted apoptosis in both AML cell lines and primary AML tumors in a dose- and time-dependent manner. Moreover, HHT combined with ABT-199 suppressed AML cell growth and progression in vivo xenograft model.



Conclusions

Our research found that HHT combined with ABT-199 exerted its anti-leukemia effect by inducing apoptosis through the treatment of AML in vitro and in vivo.





Keywords: ABT-199, homoharringtonine, cancer, acute myeloid leukemia, combinatorial therapy, molecular mechanisms, basic research



Introduction

Acute myeloid leukemia (AML) is a common and severe type of acute leukemia, especially in adults. In the United States, nearly 20,000 patients suffer from AML every year. Worse still, AML causes over 10,000 deaths per year. The 5-year survival rates, which are 65% for children and 26% for adults, remain quite low (1, 2). It has been reported that apoptosis evasion is associated with tumorigenesis and drug resistance (3). The upregulation of antiapoptotic BCL-2 family members and MCL-1 functions are two typical approaches exploited by cancer cells to escape apoptosis (4).

Targeted therapy has emerged as a promising treatment strategy for AML, which is resistant to chemotherapy. BCL-2 plays an important role in chemoresistance as an effective antiapoptotic protein (5, 6). Targeting BCL-2 with BH3 mimetics, such as ABT-199 (venetoclax), shows superior effects on lymphoma, especially when combined with homoharringtonine (HHT) (7).

ABT-199, a selective inhibitor of BCL-2, shows remarkable efficacy in a large number of cancers (6, 8). The emergence of ABT-199 provides an opportunity to study the function of BCL-2 inhibition. Other studies have shown that targeting BCL-2 via ABT-199 can effectively induce apoptosis in AML. Furthermore, overexpression of MCL-1, another antiapoptotic protein, renders leukemia cells resistant to both ABT and its predecessor ABT-737 (9, 10).

HHT, an omacetaxine mepesuccinate, has been widely studied and used in China as a classic antileukemic drug. However, the precise targets of HHT remain unclear (11, 12). Our findings indicated that HHT could potentiate the cytotoxicity of ABT-199 to leukemia cells. Moreover, a regimen combining ABT-199 with HHT was highly active against primary cells obtained from patients with refractory or relapsed AML.



Materials and Methods


Chemicals and Reagents

ABT-199 was purchased from Selleck Chemicals (Houston, TX, USA). HHT (Zhejiang Minsheng Pharmaceutical, Zhejiang, China) was dissolved in sterile phosphate-buffered saline (PBS) at 1 mg/mL and stored at -20°C. HHT was diluted to the required concentrations in subsequent experiments with culture medium.



Cell Culture

AML cell lines (OCL-AML2, OCL-AML3, MOLM-13, and MV4-11) were purchased from the American Type Culture Collection (ATCC, Manassas, VA, USA). Cells were cultured in a humidified incubator at 37°C and 5% CO2 in RPMI 1640 medium (HyClone, Logan, UT, USA) containing 10% fetal bovine serum (FBS) (Gemini, Sacramento, CA, USA).



Patient Samples

Primary AML cells were extracted from patients newly diagnosed with AML at the Department of Hematology, the First Affiliated Hospital of Zhejiang University. Bone marrow samples were collected from healthy hematopoietic stem cell transplantation donors (n=11). The characteristics of the patients with AML are shown in Table 3. The experiment was conducted by the guidelines of the Declaration of Helsinki and was approved by the Ethics Committee of the Faculty of the First Affiliated Hospital of Zhejiang University. IRB approval information is shown in Supplemental 4.



Cell Viability Assay

The cytotoxic effects of ABT-199 and HHT on AML cell lines were determined by a Cell Counting Kit-8 (CCK8; Dojindo, Kumamoto, Japan) assay. Cells (2×10 (4) cells/well) were seeded in 96-well plates containing 100 µL growth medium and treated with designated doses of ABT-199 or HHT alone or in combination at 37°C in a humidified 5% CO2-95% air incubator for 24 h or 48 h; the optical densities (O.D.s) at the dual wavelengths of 450/630 nm were determined using a microplate reader (BIO-TEK EPOCH, USA).



In Vitro Clonogenicity Assay

To evaluate colony-forming abilities following drug treatment, OCL-AML2, OCL-AML3, and MOLM-13 cells (2×105/well) in the logarithmic growth phase were seeded in 24-well plates and then treated with 80 nM ABT-199 or 16 nM HHT alone or both molecules. After 24 h, the cells were washed and further cultured in complete methylcellulose medium at a cell density of 500 cells/well in 3.5-cm dishes for 14 days. Colonies consisting of at least 50 cells were counted and analyzed for clonogenicity.



Apoptosis Assay

To assess apoptosis, OCL-AML2, OCL-AML3, MOLM-13, and MV4-11 cells were cultured and treated with different doses of ABT-199 or HHT alone or in combination for 24 h or 48 h and then double-labeled with Annexin-V-FITC/PI (eBioscience, San Diego, California, USA) for 20 min at room temperature in the dark according to the manufacturer’s instructions. The stained cells were analyzed with a NovoCyte flow cytometer (ACEA Biosciences, Inc.) with NovoExpress software. Apoptotic cells were defined as Annexin-V positive.



Western Blot Analysis

Cell lysates were prepared using RIPA protein lysis buffer (Beyotime, Nantong, China). MOLM-13 cells (2×105/mL) were cultured with 5 nM ABT-199 or 4 nM HHT alone or the two drugs in combination for 24 h because no obvious apoptosis was observed at this time. The specific antibodies used in this study included those specific for β-actin, MCL-1, Caspase-3, BCL-2, FLT3, and (rabbit monoclonal antibodies, 1:1000, Cell Signaling Technology). Proteins were detected by the addition of horseradish peroxidase (HRP)-conjugated secondary antibody. Signals were detected using the ECL Western Blotting Detection Kit (Gene-Flow, Staffordshire, UK).



Xenograft Tumor Model

Twenty-four female NOD/SCID mice (4-6 weeks of age, nonpregnant, female, and 16-18 g) were purchased from the Nanjing Biomedical Research Institute of Nanjing University (Nanjing, China). OCL-AML3 cells (5×106) were subcutaneously injected into the front-left region of the NOD/SCID mice. When tumor volumes reached approximately 75 mm3, the mice were randomly divided into four groups: the vehicle, ABT-199, HHT, and combination groups (n=5). The mice were treated with the vehicle (the same volume of normal saline), ABT-199 (50 mg/kg/day), HHT (1.0 mg/kg/day), or the corresponding doses of ABT-199 and HHT by oral gavage for 2 successive weeks. Tumor volume (V) was determined by the equation V = (L × W2)/2, where L is tumor length and W is tumor width.



Statistical Analysis

Statistical analyses were conducted using Prism software v6.0 (GraphPad Software, La Jolla, CA, USA); at least three independent experiments were performed and compared using Student’s t-test. Multigroup comparisons were performed using one-way analysis of variance (ANOVA) followed by the Bonferroni post hoc test. Survival was estimated using Kaplan-Meier analysis and compared using the log-rank test. We used Calcusyn v2.0 software to calculate the “combination index” (CI) of the drug combination treatment to describe synergism (CI < 1), addictive effect (CI = 1), or antagonism (CI > 1) (13). P values < 0.05 were considered statistically significant. Statistical analyses were performed using SPSS 20.0 software (La Jolla, CA).




Results


Combination of ABT-199 and HHT Exerted Antileukemic Activity in Diverse AML Cell Lines

First, we used an MTT assay to examine the viability of AML cell lines treated with ABT-199 or HHT alone or in combination. The concentrations of ABT-199 and HHT are shown in Figures 1A–H. We found that AML cell lines treated with both ABT-199 and HHT showed a much better inhibitory effect especially in OCL-AML2, OCL-AML3, MOLM-13, and MV4-11cell lines with FLT3-ITD mutation than those treated with each reagent alone in a time-dependent manner. The half-maximal inhibitory concentration (IC50) values (Table 1) of ABT-199 and HHT were lower at 48 h than at 24 h in all cell lines (P < 0.001). Percent viabilities of the DMSO-treated control of the ABT-199 and HHT in the ratios (3:1 and 7:1) were shown in the Supplemental Figures 1, 2.




Figure 1 | AML cell lines (OCL-AML2, OCL-AML3, MOLM13, and MV4-11) were treated with various doses of ABT-199 or HHT alone or in combination for 24 h or 48 h (A–H). The percent viability is normalized to the percent viability of the DMSO-treated control. Values are expressed as the mean ± S.D. @ of three independent experiments (*P < 0.05, **P < 0.01, and ***P < 0.001).




Table 1 | IC50 values of ABT-199 and HHT as single agent in AML cells.





Combination Treatment With ABT-199 and HHT Synergistically Induced Apoptosis in Both AML Cell Lines and Primary AML Samples

We investigated the effects of ABT-199 and HHT alone or in combination on AML cell lines. OCL-AML2, OCL-AML3, MOLM13, and MV4-11 cells were exposed to the indicated concentrations of ABT-199 with or without HHT for 24 h or 48 h. As shown in Figure 2A, ABT-199 or HHT alone was unable to induce apoptosis, while the combination could significantly increase apoptosis in all of the tested AML cell lines. Combination index (CI) values were calculated according to the median effect method of Chou and Talala (Table 2). A CI value of less than 1.0 indicates a synergistic effect. Then, we further confirmed the antileukemic activity of ABT-199 combined with HHT in primary samples (n=5). The clinical characteristics of the donor AML patients are summarized in Table 3. Consistent with the antileukemic activity of ABT-199 plus HHT observed in the AML cell lines (Figures 2B–E), exposure of primary AML cells to ABT-199 and HHT resulted in remarkable apoptosis (Figure 2F). In contrast, the combination of ABT-199 and HHT displayed minimal toxicity to normal peripheral blood mononuclear cells obtained from healthy donors (n=11) (Figure 2G). The CI value of other ratios of ABT-199 and HHT were shown in the Supplemental Figure 3(3:1) and Supplemental Figure 4 (7:1). The CI values are listed in Supplemental Table 1. These findings indicated that the combination of ABT-199 and HHT might be a promising therapy for AML that spares normal hematopoietic cells.




Figure 2 | The percentage of apoptotic cells was examined with a NovoCyte flow cytometer. ABT-199 combined with HHT resulted in significant increases in the apoptosis rate in AML cell lines (A). The same results were observed in primary leukemia samples (B–F). The combination regimen exhibited minimal toxicity to normal peripheral blood mononuclear cells obtained from healthy donors (G) (*P < 0.05, **P < 0.01, and ***P < 0.001; NS, not significant).




Table 2 | The effect of synergistic inhibition in AML cell lines.




Table 3 | The characteristics of 5 cases diagnosed with de novo or refractory/relapsed acute myeloid leukemia.





Effects of ABT-199 Combined With HHT on Colony Formation

Clonogenicity assays were carried out to investigate whether ABT-199 combined with HHT affects the clonogenic capacity of AML cells. Therefore, OCL-AML2, OCL-AML3, and MOLM-13 cells were treated with the indicated concentrations of ABT-199 or HHT alone or in combination for 24 h. Neither ABT-199 (80 nM) nor HHT (16 nM) alone diminished the colony formation abilities of the OCL-AML2, OCL-AML3, and MOLM-13 cells (Figures 3A–C). The colony formation of MV4-11 was listed in the Supplemental Figure 5. However, when the combination of ABT-199 and HHT was given, the colony-forming units decreased remarkably (P<0.001 vs. control, ABT-199 alone, or HHT alone).




Figure 3 | The numbers of colony-forming units (CFU) produced by OCL-AML2, OCL-AML3, and MOLM13 cells exposed to ABT-199 alone (80 nM) or in combination with HHT (16 nM) in a methylcellulose culture system for 24 h (A–C). The percentage of CFU was determined by counting colonies (≥50 cells). Data are presented as the mean ± S.D. @ of three independent experiments. (*P < 0.05, **P < 0.01, and ***P < 0.001).





Combination Therapy With ABT-19 and HHT Was More Active Than Either Monotherapy in a Xenograft Mouse Model

To validate that the joint effects of ABT-199 and HHT measured in vitro translate into a difference in tumor responsiveness in vivo, we established a xenograft mouse model by subcutaneous injection of OCL-AML3 cells. As we expected, the results were consistent with those of the in vitro experiments. Mice treated with ABT-199 combined with HHT showed a remarkably reduced tumor burden (Figures 4A–C). Moreover, the combined treatment group showed little lethal toxicity (Figure 4D). Consistently, histopathological analysis revealed a remarkable reduction in leukemia cell infiltration into tumor tissue in the combination group (Figure 4E). In brief, the combination regimen of ABT-199 and HHT was more effective than the corresponding single-agent treatments in inhibiting AML growth and progression.




Figure 4 | The antitumor potency of ABT-199 combined with HHT was evaluated in OCL-AML3 cell line-derived mouse xenograft models (n = 5 per group). Compared with each agent alone, the combination of ABT-199 with HHT significantly decreased the tumor burden, including tumor size and weight (A–C). Mouse body weight was measured every other day. (D) Bone marrow from mice was embedded in paraffin and stained with H&E. Scale bar, 25 μm. Data represent the mean ± S.D. *P < 0.05 vs the cotreatment groups (E). (*P < 0.05, **P < 0.01, and ***P < 0.001).





ABT-199 Combined With HHT Modulated MCL-1 Phosphorylation by Inhibiting p-ERK and Activating BAX

To better understand the underlying mechanism of the reductions in BCL-2 and MCL-1, Western blotting was performed, and the results showed that the reductions in the MCL-1 protein levels in AML cell lines treated with HHT might be mediated through proteasome degradation. ABT-199 has been reported to associate with BAX. We found that ABT-199 combined with HHT reduced MCL-1 level but increased BAX level. In addition, compared with ABT-199 or HHT alone, combination treatment produced more p-ERK degradation. The results showed that ABT-199 combined with HHT modulated MCL-1 phosphorylation by inhibiting p-ERK and activating BAX (Figure 5A).




Figure 5 | In the MOLM-13 cell lines, compared with each agent alone, ABT-199 combined with HHT downregulated MCL-1, p-ERK expression (A). Strikingly, our results also showed that cotreatment with ABT-199 and HHT inhibited the FLT3/Stat5/MCL-1 signaling cascade, and the protein levels of p-FLT3, p-Stat5, and MCL-1 were determined by Western blotting (B). The total and phosphorylation protein of FLT3 and STAT in a FLT3 ITD-negative cell line were shown by Western blot (C).





ABT-199 Combined With HHT Downregulated the FLT3/Stat5/MCL-1 Signaling Cascade

To investigate the cytotoxicity mechanism of ABT-199 combined with HHT in AML cells, potential signals were further analyzed by Western blot analysis. As we have mentioned above ABT-199 combined with HHT are sensitive to FLT3 mutant cell lines so ABT-199 combined with HHT markedly reduced the phosphorylation of FLT3 in the MOLM13 cell line (Figure 5B). However, the FLT3 downstream signaling molecules total Stat5 did not significantly change. Our results showed that ABT-199 combined with HHT yielded substantial reductions in the levels of p-FLT3 and p-Stat5 in MOLM13 cells. The total and phosphorylation protein of FLT3 and STAT in a FLT3 ITD-negative cell line were shown in Figure 5C.




Discussion

Chemotherapy is currently one of the main approaches for AML therapy. However, most targeted agents concentrate on upstream nodes in cancer signaling pathways. Drug resistance and severe side effects as well as relatively low overall survival limit the use of traditional chemotherapeutic drugs (14, 15). Drug resistance is usually inevitable, particularly for monotherapies utilizing targeted compounds, due to complex cancer signaling pathways (16, 17). Studies have shown that FLT3-ITD MR is related to complete remission (CR) and overall survival (OS) in AML patients. Furthermore, FLT3-ITD MR may act as an independent prognostic factor for OS in non-M3 AML patients. Classifying risk grades based on FLT3-ITD MR is crucial for individualized treatment and prognostic evaluation. Concordantly, monotherapy with ABT-199 has a finite efficacy because of the absence of triggering of BH3-only protein expression and compensatory upregulation of MCL-1 expression (18, 19). Combining two agents is an effective way to reduce the dose used at this stage. An ideal combination of two drugs would be able to enhance proapoptotic effects, such as inducing the expression of the Bax protein. According to our research, we found that ABT-199 combined with HHT exerted superior synergistic lethality in AML cell lines.

HHT, a natural alkaloid derived from Cephalotaxus, is widely applied for AML therapy in China (12, 20–23). Recently, some researchers launched a national, multicenter, randomized, double-blinded, prospective phase III clinical trial to study the effect of an HHT-based induction regimen on de novo AML patients. The results showed that the HHT-based regimen achieved a relatively high completion rate and prolonged overall survival (24). Additionally, HHT plays an important role in the treatment of chronic myeloid leukemia (CML). In 2010, FAD evaluated the use of HHT in relapsed/refractory CML. Clinical research on the mechanisms of action of HHT has found different mechanisms, including binding with the small subunit of the ribosome and interfering with the process of translation to inhibit protein synthesis (25). However, adverse events have been observed to be similar in all groups studied (26). Tumor recurrence and drug resistance are associated with high expression of anti-apoptotic proteins, such as MCL-1, that have been increasingly recognized as important targets in cancer therapy (8). In addition, because the MCL-1 protein has a short half-life, it can be easily cleaved by activated caspases during apoptotic cell death (27). Numerous experiments have shown that co-treatment with other antitumor therapeutics can reduce the level of MCL-1. It was recently reported that the anti-apoptotic activity of MCL-1 is necessary for the development and sustained growth of AML (28). If a drug can effectively inhibit MCL-1, then it should have some effects on AML.

BCL-2 was initially found in lymphoid cancer cells. A large number of studies on BCL-2 have been conducted in lymphoid cells, in which BCL-2 is highly expressed (29, 30). In our research, we found that selective, on-target BCL-2 inhibition was a superior method for the clinical treatment of AML (31). It should be noted that even AML myeloblasts that are not sensitive to conventional chemotherapy appear to be quite sensitive to BCL-2 inhibitors (32). Thus, the BCL-2 inhibitor ABT-199, an effective chemotherapeutic agent, has been used in the clinic. In our research, we found that Bax expression was dramatically upregulated, whereas BCL-2 and MCL-1 levels were downregulated in ABT-199 plus HHT combination-treated cells, leading to a dramatic increase in the cleavage of caspase-3, which may be one of the ways that HHT enhances the promotive effect of ABT-199 on apoptosis in AML cell lines.

Our results found that ABT-199 combined with HHT could inhibit those with FLT3-ITD mutant of AML cell proliferation by inducing apoptosis in a dose- and time-dependent manner. Furthermore, the possible mechanism revealed inhibition of the antiapoptotic proteins BCL-2 and MCL-1 and activation of caspase family members, such as caspase-3 and caspase-9. Cell cycle blockade inhibits DNA synthesis, thereby inhibiting cell proliferation and promoting antileukemic effects (33). The critical role of PI3K signaling in the progression of numerous tumors, including leukemia, has been well reported (34, 35). Strikingly, we revealed that ABT-199 combined with HHT could effectively inhibit the expression of p-FLT3 and its downstream signaling proteins, p-Stat5 and MCL-1, inducing apoptosis in AML cell lines.

Interestingly, according to the IC50 value, we observed a phenomenon in which MV4-11 and MOLM13 cells carried the FLT3-ITD mutation and exhibited increased sensitivity to ABT-199, especially when combined with HHT. It has been reported that HHT affects the FLT3-STAT5 signaling pathway (36). Our research showed that HHT, especially in combination with ABT-199, had a significant effect on the FLT3 signaling pathway by downregulating the phosphorylation of FLT3 and STAT5. In this study, the combination of ABT-199 and HHT exerted promising antileukemic effects at the lower tested doses. The low but effective doses of ABT-199 combined with HHT likely observed in vitro may produce tolerance advantages in vivo. Overall, our study provided a rationale for a novel combination approach to cure AML. Besides, our research indicated that HHT could strengthen the antileukemic effect of ABT-199 in vitro and in vivo. In addition, we also discussed the potential mechanisms of the two drugs. Therefore, our findings provide a strong rationale for a phase I/II clinical trial with ABT-199 and HHT combination treatment of AML patients.



Conclusion

Taken together, our research results show that ABT-199 combined with HHT exerts antileukemic activity in vitro and in vivo, likely through inhibiting the expression of BCL-2 and MCL-1, as well as the FLT3-STAT5 signaling pathway, and provide potential benefits and a clinical application approach for ABT-199 and HHT in AML patients.
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In silico models of biomolecular regulation in cancer, annotated with patient-specific gene expression data, can aid in the development of novel personalized cancer therapeutic strategies. Drosophila melanogaster is a well-established animal model that is increasingly being employed to evaluate such preclinical personalized cancer therapies. Here, we report five Boolean network models of biomolecular regulation in cells lining the Drosophila midgut epithelium and annotate them with colorectal cancer patient-specific mutation data to develop an in silico Drosophila Patient Model (DPM). We employed cell-type-specific RNA-seq gene expression data from the FlyGut-seq database to annotate and then validate these networks. Next, we developed three literature-based colorectal cancer case studies to evaluate cell fate outcomes from the model. Results obtained from analyses of the proposed DPM help: (i) elucidate cell fate evolution in colorectal tumorigenesis, (ii) validate cytotoxicity of nine FDA-approved CRC drugs, and (iii) devise optimal personalized treatment combinations. The personalized network models helped identify synergistic combinations of paclitaxel-regorafenib, paclitaxel-bortezomib, docetaxel-bortezomib, and paclitaxel-imatinib for treating different colorectal cancer patients. Follow-on therapeutic screening of six colorectal cancer patients from cBioPortal using this drug combination demonstrated a 100% increase in apoptosis and a 100% decrease in proliferation. In conclusion, this work outlines a novel roadmap for decoding colorectal tumorigenesis along with the development of personalized combinatorial therapeutics for preclinical translational studies.
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Introduction

Cancer development is a multistep process that is driven by a heterogeneous combination of somatic mutations at the genetic and epigenetic levels (1, 2). Specific mutations in oncogenes (3) and tumor suppressor genes (4), that result in their activation and inactivation, respectively, manifest themselves at the tissue level in the form of polyps, multi-layering, and metastasis (1, 5, 6). These system-level properties resulting from heterogeneous biomolecular aberrations and dysregulated cellular processes are abstracted as “hallmarks of cancer” (1, 6). The heterogeneity exhibited by cancer cells stems from factors such as genomic instability, clonal evolution, and variations in the microenvironment (7, 8). This fosters plasticity in cancer cells which lead to drug resistance – a leading impediment in the treatment of the disease (7–9). As a result, despite major research initiatives and resultant advancements in decoding the molecular basis of cancer, a comprehensive treatment for the disease still alludes researchers. The limited therapeutic regimens approved by the Food and Drug Administration (FDA) (10–12) exhibit variable efficacies across patients besides a multitude of toxic side effects and, multi-drug resistance (13). Towards designing efficacious personalized cancer therapeutics, recent advances in high-throughput omics-based approaches complemented by patient-specific gene expression data can provide significant assistance (14, 15). Several online databases and portals including cBioPortal (16), The Cancer Genome Atlas (TCGA) (17), and International Cancer Genome Consortium (ICGC) (18) amongst others (19, 20) provide such freely available datasets. However, effective and seamless utilization of such patient-specific genomic data to design personalized cancer therapies is still a fledgling area.

Researchers are increasingly employing whole-animal models (21–24) such a mouse, zebrafish, and fruit fly for preclinical in vivo validation of therapeutic hypotheses generated from personalized preclinical studies. Amongst the animal models, Drosophila melanogaster has become a popular platform for gene manipulation, investigating site-specific changes in the genome, and high-throughput whole-animal screening (14, 25). Importantly, a comparative study of the human and fly genome showed around 75% of disease-causing genes in humans are conserved in Drosophila (24, 26). Additionally, ease of handling and significantly lower genetic redundancy imparts further advantage to the employment of fly models (27). As a result, over 50 different data repositories, and tools are now available for hosting data on the fly genome, RNAi screens, and expression data including FlyGut-seq (28), and FlyAtlas (29) databases. Specifically in the case of cancer, several in vivo studies have been designed to elicit novel therapeutic targets using the Drosophila model system (30–33). One salient example is the validation of indomethacin, which is reported to enhance human Adenomatous Polyposis Coli (hAPC) induced phenotype in Drosophila eye (34) and therefore, employed for treating colorectal cancer (CRC). Vandetanib, another approved targeted therapy that was also validated by using the Drosophila system, suppressed Ret activity, and was later approved for medullary thyroid carcinoma (MTC) (30). However, a major shortcoming of using such mono-therapeutic agents for cancer treatment stems from the tumor heterogeneity which results in the selection of resistant cells (35, 36) besides acting specifically on singular pathways. To overcome these issues, multiple therapeutic agents acting on multiple pathways in synergy can significantly increase drug efficacy, besides lowering the therapeutic dosage (36). To evaluate high-efficacy synergistic drug combinations, researchers have employed the Drosophila model in preclinical studies to elicit optimal drug combinations (32, 33). The Drosophila Lung Cancer Model by Levine et al. (32) helped identify trametinib and fluvastatin as combinatorial drug therapy for lung cancer. Further, an EGFR induced lung tumor model was also designed in Drosophila which assisted in providing an alternative combination of drugs for lung cancer treatment through screening an FDA-approved compound library (33). However, combinatorial therapies pose unique challenges such as multidrug resistance in chemotherapy (13) and cross drug resistance (37, 38) besides the continuing need for higher therapeutic efficacies (39). Towards tackling these issues, researchers are now ‘personalizing’ live animal platforms for employment in preclinical studies to design efficacious therapeutic regimens. For instance, a comprehensive state-of-the-art in vivo Drosophila Patient Model (DPM) using a personalized therapeutics approach was described in flies (40). This particular study involved genetic manipulation of the fly genome to induce mutations specific to KRAS-mutant metastatic colorectal cancer. Combinatorial therapies were then given to the transgenic flies, harboring mutations that were identified in the patient, to discover high-efficacy synergistic drug combinations.

Here, we propose a novel computational framework in the form of an in silico Drosophila Patient Model (DPM), for developing personalized drug combinations for CRC patients. This framework is designed such that it can facilitate the modeling and analysis of patient-specified CRC network models along with evaluation of combinatorial therapeutic strategies (41, 42). We have constructed five biomolecular network models of cells regulating the maintenance of adult Drosophila midgut epithelium lining. These include multipotent intestinal stem cells (ISCs) (43–47), enteroblasts (EBs) (48), enterocytes (ECs), enteroendocrine cells (EEs) (49–53), and visceral muscle (VM) cells (54). Next, we evaluated each network’s ability to program cell fates under normal conditions as well as under minor perturbations. The ISCs are under the regulation of two sub-regions at the time of division; Apical and Basal (52). In our study, we have incorporated this information and analyzed ISC network under Apical and Basal regulation by changing inputs to the network. The networks including ISC’s under Apical and Basal regulation, EB, and EC, were then subjected to three types of inputs including physiological inputs (referred to as “normal”), aberrant inputs such that the fly homeostatic midgut regulation is perturbed (referred to as “stress”), and oncogenic inputs (referred to as “cancer”). The cell fate outcomes under normal and cancer conditions were validated against published literature. The individual output node propensities for the normal case were also validated against RNA-seq gene expression values taken from the FlyGut-seq (28) database. Additionally, three literature-based case studies were constructed to further validate the proposed in silico DPM. The first case study replicates colorectal tumorigenesis under progressive mutations using Martorell et al.’s CRC model (55). In the second case study, we employed Markstein et al.’s (56) model to perform therapeutic interventions to validate the cytotoxicity of nine FDA-approved drugs. Finally, in the third case study, we reproduced Bangi et al.’s KRAS-mutant CRC model (40) for evaluating optimal personalized drug treatment combinations by incorporating key patient-specific mutations into our model followed by combinatorial therapeutic screening. Building on these case studies, we devised a novel synergistic combination of a chemotherapeutic agent and a targeted therapy i.e., paclitaxel-regorafenib, paclitaxel-bortezomib, docetaxel-bortezomib, and paclitaxel-imatinib for treating six CRC patients taken from cBioPortal (16), while four patients were treated with only targeted therapy. The results obtained from combinatorial chemo- and targeted therapies show up to a 100% increase in anti-cancerous cell fates such as apoptosis and a 100% reduction in tumorigenesis promoting cell fates such as hyper-proliferation.

Taken together, we propose a computational framework in the form of an in silico DPM to provide personalized CRC therapeutics. This approach can help reduce the overall cancer treatment cost by facilitating the development of higher efficacy combinatorial therapies for colorectal cancer.



Results


Network Construction and Robustness Analysis of Regulatory Homeostasis in Drosophila melanogaster Midgut

To investigate the biomolecular signaling regulating the homeostasis in Drosophila melanogaster midgut (Supplementary Figure 1), we undertook an extensive literature survey and constructed five cell-type-specific rules-based network models (details in Supplementary Tables 1–5). Each model corresponds to one of the five cellular phenotypes lining the Drosophila midgut including intestinal stem cells (ISCs) (43–47), enteroblasts (EBs) (48), enterocytes (ECs), enteroendocrine cells (EEs) (49–53), and visceral muscle (VM) (54). The schematic of pathway integration in each network model is provided in Supplementary Figures 2–6. ISC network contains 48 nodes and 70 edges, EB consists of 45 nodes and 65 edges, EC and EE comprise 39 nodes and 55 edges, and VM contains 42 nodes and 57 edges (Figures 1A–D).




Figure 1 | Regulatory schema of networks for the five cell types present in Drosophila melanogaster midgut. (A–D) The mapping between inputs, processing, and output nodes present in the biomolecular network models of five cell types i.e. ISC, EB, EC/EE, and VM. (E) Cellular fate propensities for ISC, EBs, ECs, and VM, along with their respective SEMs.



Next, to evaluate the biological plausibility of each network, we assessed the network response under normal input node values taken from the FlyGut-seq database (28) (see Materials and Methods). Our results show that the biomolecular network of ISC cells programmed apoptosis (with a propensity of 0.332), extrusion (0.188), proliferation (0.131), and differentiation/EB fate (0.131). EB network exhibited apoptosis (0.379), and extrusion (0.230). In the case of the EC network, apoptosis and dpp production were both programmed with propensities of 0.331, while for VM network apoptosis and dpp production cell fate program with 0.398 propensity (Figure 1E).

To determine the robustness of cell fate programming by each type of cell, we induced a 10% perturbation in the input stimuli and observed the network response. The highest variation in cell fates was exhibited in apoptosis (SEM 0.0006), delta production (SEM 0.0012), multilayering (0.0014), and WNT target genes (0.0009) for ISC, EB, EC, and VM, respectively (Supplementary Figure 7). The robust cell fate programming results indicate that all five networks are biologically plausible as they exhibited robustness against random perturbations and are hence feasible for employment in onward analyses (57, 58) (Supplementary Table 6).



Evaluation and Validation of Biomolecular Network Models Under Normal, Stress and Colon Cancer Conditions

To investigate and evaluate the proposed normal networks under normal, stress, and cancerous conditions (construed as a combination of inputs), Deterministic Analysis (DA) was performed (59) (Supplementary Table 7). Results from our analyses (Figure 2) revealed that under normal conditions, ISC’s Apical regulation programmed apoptosis, extrusion, proliferation, and differentiation (or EB fate) with propensities of 0.295, 0.178, 0.130, and 0.130, respectively (Supplementary Table 8) (see Materials and Methods). Under stress conditions, the propensity for proliferation, delta production, apoptosis, and differentiation increased to 0.141, 0.074 (from 0.062 in normal conditions), 0.344, and 0.141, respectively. Lastly, in cancerous conditions, propensities for multi-layering increased to 0.207, while proliferation, delta production decreased to 0.089 and 0.014, respectively. The results were again validated from the literature which supports that normal ISCs in stress conditions are known to undergo higher proliferation (60–62) and since delta is a marker for proliferation, its value increases as well (63–65). However, in the case of cancer conditions such as nutrient deprivation, etc., normal cells exhibit lowered proliferation (66, 67). Literature reports also that ISCs upon encountering extreme stress, exhibit epithelium multi-layering, augmented by overgrowth (68, 69) (Supplementary Figures 8–10).




Figure 2 | Cell fate propensities for intestinal stem cells (ISCs) under Apical and Basal regulation, enteroblasts (EBs), and enterocytes (ECs) in normal, stress, and cancer conditions. (A) ISC’s under Apical regulation adopt eight different cell fates in three ambient conditions. In normal conditions, the highest propensity was observed for apoptosis followed by extrusion, proliferation, and EB fate, in order. In the case of stress, the highest propensity is that of apoptosis, followed by extrusion, EB fate, and proliferation. In cancer, the highest propensity is that of apologies followed by multi-layering and extrusion. (B) ISCs under Basal regulation program eight different cell fates with the highest propensity being for apoptosis fate in normal, stress, and cancer conditions. (C) Six cellular fates in EB, with the highest propensity for apoptosis in normal, stress, and cancer conditions. (D) Five cellular fates in EC, with the highest propensity for dpp production and apoptosis in normal, stress, and cancer conditions. Uncharacterized cell fate has a 0.000 propensity in all conditions and every network.



For the ISC network under Basal regulation and in normal conditions (Supplementary Table 7), the cell fate outcomes included apoptosis, differentiation (or EE fate), and extrusion, with propensities of 0.353, 0.303, and 0.094, respectively (Supplementary Table 8). Under stress, apoptosis, proliferation, and delta production increased to 0.375, 0.069 (from 0.045 in normal conditions), and 0.102 (from 0.089 in normal conditions), respectively. For cancer conditions, the propensity of apoptosis, proliferation, and delta production decreased to 0.353, 0.017, and 0.000, respectively, whereas multi-layering increased to 0.353. Stressful cellular environments are known to increase the apoptosis rate (70–72). In absence of mutations, normal cells residing in toxic and oncogenic environments reduce their proliferation rate and delta production (63–67). Cell division rate, moreover, needs to be balanced with cell turnover and apoptosis so when proliferation slows down so does cell death (70, 71) (Supplementary Figures 11–13).

Next, we evaluated cell fate programming of the EB network under normal conditions (Supplementary Table 7). The results showed apoptosis, extrusion, and differentiation (or EC fate) cell fates with propensities of 0.381, 0.229, and 0.133, respectively (Supplementary Table 8). However, under stress conditions, the propensity for apoptosis and multi-layering increased to 0.450 and 0.109, respectively, whereas, extrusion and differentiation (or EC fate) decreased to 0.166, and 0.080, respectively. Under cancerous conditions, the salient cell fates programmed included multi-layering, apoptosis, and extrusion with propensities of 0.351, 0.394, and 0.124, respectively. Also, differentiation was suppressed to 0.000 due to toxic cellular environments. The trend in cell fate propensities under cancerous conditions also exhibited multi-layering (68, 69) along with low delta production and extrusion (Supplementary Figures 14–16). This corroborates with published literature stating that delta is a known marker for ISC and in the case of ISC proliferation, is reduced along with delta production (63–67) in cancer conditions.

Moreover, the EC network was also analyzed for response under normal conditions (Supplementary Table 7). The emergent cell fates included dpp production, apoptosis, and extrusion with propensities of 0.331, 0.331, and 0.189, respectively (Supplementary Table 8). Under stress, the extrusion rate decreased to 0.078, while dpp production and apoptosis both increased to 0.406, respectively. Dpp signaling is also known to increase under stress conditions to promote cell division (73). Under cancer conditions, however, an increase in propensities of multi-layering (0.284) was observed which is in agreement with published studies (68, 69) (Supplementary Figures 17–19).

Lastly, a comparison of output node values for ISC, EB, and EC networks under normal conditions was performed against experimental RNA-seq data from the FlyGut-seq database (28). Note that due to the paucity of regulatory dynamics in the literature on EE and VM, we could not evaluate their networks further. The output node propensities for ISC, EB, and EC were found to be comparable with values from the FlyGut-seq database (28) (Figure 3 and Supplementary Table 9). The full names of nodes in the network are mentioned in Supplementary Table 10.




Figure 3 | TISON output nodes propensities (in silico results) validation from FlyGut-seq database (in vivo results). (A) Comparison of ten output nodes propensities in ISC network: adenomatous polyposis coli (Apc2), cdc42 (Cdc42), head involution defective (hid), suppressor of hairless (Su(H)), prospero (pros), discs large 1 (dlg1), signal-transducer and activator of transcription protein at 92E (Stat92E), rolled (rl), pangolin (pan), and dMyc (myc). (B) Comparison of nine output nodes propensities in EB network: adenomatous polyposis coli (Apc2), cdc42 (Cdc42), discs large 1 (dlg1), head involution defective (hid), rolled (rl), signal-transducer, and activator of transcription protein at 92E (Stat92E), suppressor of hairless (Su(H)), pangolin (pan), and dMyc (myc). (C) Comparison of eight output nodes propensities in EC network: adenomatous polyposis coli (Apc2), cdc42 (Cdc42), discs large 1 (dlg1), head involution defective (hid), rolled (rl), suppressor of hairless (Su(H)), pangolin (pan) and dMyc (myc) (Supplementary Table 10).





Case Study 1 – Investigating Colorectal Tumorigenesis Under Progressive Mutations in Drosophila Midgut

To decode the emergent cell fates during initiation and progression of colorectal cancer (CRC) in the adult Drosophila midgut, two salient driver mutations (55) in adenomatous polyposis coli (Apc, in WNT pathway) (74) and Ras (in the EGFR pathway) (75) were incorporated into the ISC network. These mutations were initially incorporated to act individually and later simultaneously (Supplementary Figure 20). The emergent cell fates in the control case (without mutations) included apoptosis, proliferation, and differentiation, along with loss of polarity, multi-layering, and extrusion with propensities of 0.296, 0.130, 0.130, 0.00, 0.077, and 0.179, respectively. Upon incorporation of Apc mutation into the ISC network, a slight decrease in apoptosis and proliferation was observed as their propensities decreased to 0.256 and 0.112, respectively. Differentiation and extrusion also got reduced to 0.112 and 0.151, respectively, while multi-layering increased to 0.256, and loss of polarity remained unaffected. Next, upon introducing Ras mutation, a decrease in apoptosis (0.210) and an increase in proliferation (0.148) was observed, which indicated cellular overgrowth. Furthermore, in line with Martorell et al. (55), loss of polarity and extrusion increased to 0.080 and 0.210, respectively.

On the other hand, the concurrent incorporation of Apc and Ras mutations resulted in hyper-proliferation and overgrowth as apoptosis decreased to 0.173 and proliferation increased to 0.173. The differentiation rate was observed to be 0.112 and loss of polarity, multi-layering and extrusion increased to 0.061, 0.173, and 0.173, respectively. Hence, with concurrent mutations in Apc and Ras, the emergent cell fates started exhibiting the hallmarks of cancer including abnormal proliferation and loss of differentiation, etc. (76). These results were also coherent with both the experimental findings reported by Martorell et al. (55) (Figure 4 and Supplementary Table 11) and differential gene expression data (Supplementary Table 12).




Figure 4 | Cell fate outcomes after the introduction of progressive CRC mutations and their validation against Martorell et al.‘s Drosophila CRC model. A high rate of extrusion and loss of polarity was observed in Apc-Ras as well as Ras clones. Alongside, an increased proliferation rate with a decreased apoptosis and differentiation is also highlighted by Martorell et al. in their in vivo model.





Case Study 2 – Therapeutic Evaluation of Raf-Mutation in Drosophila Midgut Using Targets From the Literature

Introduction of gain-of-function Raf-specific driver mutations in our ISC network enabled the replication of Markstein et al.’s (56) therapeutic screen towards a comparative cancer recurrence evaluation of nine FDA-approved drugs. In their gain-of-function Raf tumor model, Markstein and colleagues had classified FDA-approved drugs into class I and II drugs. According to the study class, I drugs induced cancer reversal in mutated cells without affecting the wild-type cells, in contrast, class II drugs induced cancerous phenotype in wild-type cells (Supplementary Table 13). The result of our network analysis of the control case exhibited proliferation and apoptosis with propensities of 0.157 and 0.286, respectively. However, after the induction of Raf mutations, the proliferation (0.162) rate increased along with a decrease in apoptosis (0.175). Treatment of a Raf-mutated network using class I drugs led to a decrease in proliferation (0.089) and an increase in apoptosis (0.263). For the wild type in comparison with the control, almost no effect was observed on apoptosis, which remained steady at 0.283 whereas a slight decrease was observed in proliferation (0.130). This confirmed the action of class I drugs which act to substantially reduce cancerous fates in cancer without having a major impact on wild-type cells.

Alternatively, in the case of class II drugs, the wild type also exhibited hyper-proliferation after therapy with its propensity reaching up to 0.191, and apoptosis increased to 0.336. Importantly, for the mutated network, drug action continued its activities with the propensity of proliferation reaching 0.175 and apoptosis at 0.306. These results suggest that class II drugs are indeed associated with drug cytotoxicity as they induced malignancy in normal cells under therapy. This confirms Markstein et al.’s study which hypothesized that the extracellular environment in animal models is crucial in drug delivery and cytotoxicity (Figure 5 and Supplementary Table 14).




Figure 5 | Evaluating cell fates under therapeutic screens taken from Markstein et al.‘s Drosophila model. (A) The effect of class I drugs on cell proliferation in wild type and mutated networks, (B) The effect of class II drugs on cell proliferation in wild type and mutated networks, (C) The effect of class I drugs on apoptosis in wild type and mutated networks, (D) The effect of class II drugs on apoptosis in wild type and mutated network.





Case Study 3 – Employing the In Silico Drosophila Patient Model (DPM) for Personalized Therapeutics

Towards developing a Drosophila-based platform for employment in orchestrating patient-centric cancer therapeutics, we adopted Bangi et al.’s (40) in vivo Drosophila Patient Model (DPM). The in vivo model was first translated into an in silico DPM which incorporated patient-specific mutations from Bangi et al.’s study. These mutations included eight tumor suppressors: Apc, Tp53, Fbxw7, Tgfbr2, Smarca4, Fat4, Mapk14, and Cdh1, along with one oncogenic mutation in Kras (Supplementary Table 15). After inducing these patient-specific mutations into the ISC network (through direct and indirect target identification), we administered trametinib and zoledronate in different combinations to observe the most efficacious therapeutic effect. Our results showed that in control (i.e. healthy cells), the cell fate propensities for proliferation and apoptosis came out to be 0.130 and 0.294, respectively. Upon induction of mutations, proliferation increased to 0.200 and apoptosis decreased to 0.200, respectively. Next, with the administration of trametinib, an inhibitor of MEK kinase (mitogen-activated protein kinase kinase), used to treat patients with Kras mutation, the propensities for proliferation decreased to 0.000, whereas apoptosis increased to 0.386 (Figure 6A). With the administration of zoledronate, the cell fate propensities came out to be 0.130 for proliferation and 0.324 in the case of apoptosis (Figure 6B). Next, with the induction of zoledronate in combination with trametinib, a decrease in proliferation to 0.000 and an increase in apoptosis to 0.386 was observed (Figure 6C). Interestingly, augmentation of therapy with in tandem administration of trametinib, zoledronate, and trametinib with zoledronate showed proliferation to decrease to 0.000 and apoptosis to increase to 0.400 propensities (Figure 6D). These results exhibited cancer reversion on the administration of the drug combination and corroborate with Bangi et al.’s findings.




Figure 6 | Cell fate propensities were obtained from the in vivo Drosophila Patient Model using Bangi et al.'s study. Cell fate propensities under (A) control, mutated, and therapy (Trametinib), (B) control, mutated, and therapy (Zoledronate), (C) control, mutated, and therapy (Trametinib + Zoledronate), (D) control, mutated, and therapy (Trametinib, Zoledronate, and Trametinib + Zoledronate).





Identification and Evaluation of Personalized Therapeutics for CRC Patients Using In Silico DPM

Towards developing personalized combinatorial therapies for treating colorectal cancer patients, we coupled our in silico DPM with patient-specific gene expression data from cBioPortal (16) (Supplementary Table 16). Patient-specific potential druggable targets were identified (from the 48 nodes in the ISC network) and their oncogenic cell fate (“apoptosis” and “proliferation” rates) propensities were obtained using the DA pipeline (Supplementary Table 17). Next, we employed PanDrugs (77) - an online database that prioritizes direct and indirect targeting of genomic mutations, to search for “druggable genes” in our networks. Each node was then queried in the database to find out the drugs that targeted them directly or indirectly (Supplementary Tables 18, 19). The results from this exercise elicited chemotherapy (paclitaxel/docetaxel) and targeted therapies (regorafenib, bortezomib, imatinib) depending on patient-specific mutations (Supplementary Table 20). Follow up literature review showed that these drugs and their combinations are currently being used in several studies and clinical trials (78–86). Specifically, the combination of the paclitaxel-regorafenib was evaluated for treating advanced esophagogastric cancer (78), and the paclitaxel-bortezomib combination was used in metastatic solid tumors (87). While the docetaxel-bortezomib combination was evaluated for metastatic breast cancer (79), Non-Small Cell Lung Cancer (NSCLC) (80, 81), and prostate cancer (82). Paclitaxel-imatinib combination was tested in metastatic solid tumors (83), NSCLC (84), and ovarian cancer (85).

To test the efficacy of these drug combinations in CRC patients, we administered these therapies using the proposed in silico DPMs to ten patients with colorectal adenocarcinoma obtained from cBioPortal (16). To implement the simultaneous action of chemotherapy wherein the drug introduces widespread inhibition of mitosis by stabilizing polymerized microtubules and not allowing them to function during cell division for that, we surveyed the existing literature on microtubule targeting (Supplementary Table 21, Supplementary Figure 21) and embedded it into ISC network (Supplementary Table 22) to study the behavior of microtubule stabilization-induced cell fates in chemotherapy. The resultant network consists of 54 nodes and 83 edges (Supplementary Figure 22). Our results from combinatorial chemo- and targeted therapy using an extended network showed up to a 100% increase in apoptosis cell fate and a 100% decrease in proliferation rate (Figure 7 and Supplementary Table 23).




Figure 7 | Comparison of oncogenic cell fate propensities obtained from personalized screening. Personalized screening of ten colorectal cancer patients. Patient ID and mutation data were extracted from cBioPortal and cell fates for apoptosis and proliferation were plotted to observe before and after therapy results.






Materials and Methods

The following sub-sections provide details of the methodology employed at each step of the study. The overall workflow of the study is outlined in Supplementary Figure 23.


Data Collection and Boolean Modeling of Five Cell-Type-Specific Networks in Drosophila Midgut

To construct the biomolecular network models involved in the cellular regulation of Drosophila midgut, a comprehensive review of the existing literature and databases was undertaken. The databases employed included the Kyoto Encyclopedia of Genes and Genomes (KEGG) (88), Drosophila Interactions Database (DroID) (89), and data repositories such as FlyGut-seq (28). Alongside, network models of Drosophila by Giot et al. (90), Formstecher et al. (91), and Toku et al. were used to construct five rule-based Boolean biomolecular networks of the conserved signaling pathways in intestinal stem cells (ISCs) (43–47), enteroblasts (EBs) (48), enterocytes (ECs), enteroendocrine cells (EEs) (49–53), and visceral muscle (VM) cells (54). Nine major pathways involved in maintaining the overall homeostatic nature of the fly midgut were selected from the available literature. These included Notch (92), BMP (92), EGFR (93), WNT (94), JAK-STAT (94, 95), JNK (96), HIPPO (97), Insulin (63), and/or Robo (98) pathways for each cell type lining the midgut. The network steady states were used to program cell fate outcomes such as cellular differentiation, proliferation, apoptosis, EC fate determination, etc. Boolean equations (59) were used to model the regulation of each node in the biomolecular network. TISON (99), an in-house theatre for in silico systems oncology was used to translate Boolean rules into network models (see Supplementary Data, Supplementary Table 24 for video tutorial).



Robustness Analysis

To validate the biological plausibility of the proposed networks, a robustness analysis was performed (see Supplementary Table 24 for video tutorial). Physiological conditions were maintained during this process and the input node values were taken from the FlyGut-seq database (28). The normal node states for ISC, EB, EC, and VM were perturbed by ±10%. Bootstrapping was employed on 10,000 network states. The means and standard deviations of the emergent cell fates were then calculated and the standard error of means (SEM) was plotted for each cell fate to determine the biological plausibility of the scale-free networks (100) (see Supplementary Data 1).



Deterministic Analysis

The Boolean networks have been analyzed using the Deterministic Analysis (DA) (59) pipeline reported in ATLANTIS (101) and TISON (99) (see Supplementary Table 24 for video tutorial). The results from DA were used to program “cell fate attractors” which are biological states that a cell can take, along with computation of their propensities (probability of their occurrence). Three different input files are used in this process which includes (i) network file, (ii) fixed node states file, and (iii) cell fate classification file. The network file contains the Boolean rules defining the biomolecular networks. The fixed node states file contained fixed values for generating environmental conditions such as normal, stress, or cancer conditions. The cell fate classification file is used to map network states onto the biological cell fates in the light of particular cell fate markers (101) (Supplementary Table 25). For network analysis, the DA pipeline starts with a set of initial network states. To achieve a steady state, logical rules, and state transition functions are employed. Upon reaching a steady-state a cell fate attractor is formed. This attractor can represent a specific cell fate with a cell fate propensity or basin size ratio. Bootstrapping was employed on 10,000 network states. TISON’s Therapeutics Editor (TE) was used to undertake therapeutic evaluation on the network using the DA pipeline, with mutation and drug data integrated (see Supplementary Table 24 for video tutorial). Fixed node states for normal conditions were obtained from the FlyGut-seq database while for cancer conditions, literature was surveyed to find out if the pathway is up or downregulated. For stress, abnormal values were abstracted by perturbing the stimuli from normal conditions (see Supplementary Data 2).



Network Annotation Using Flygut-seq Database

Towards annotating networks with experimental values, the FlyGut-seq database was employed. For that, an RNA-seq dataset consisting of rpkm values was exported from the database. Data were extracted for the relevant genes present in our networks (ISC, EB, and EC) using their biological names (Supplementary Table 10). Expression data across the five regions of the midgut (i.e. R1, R2, R3, R4, and R5) (102) was normalized for each gene in specific cells. The normalized values were taken as normal input fixed node states for onward analyses. The normalized values were also used to compare the output node propensities from DA that was performed under normal input conditions (Supplementary Table 9, for details, see Supplementary Data 2).



Cell Fate Data Collection for Case Studies and Their Validation

To validate and exemplify our network models, we used three literature-based case studies on colorectal tumorigenesis in Drosophila melanogaster. For case study 1, data including cell fates under Apc and Ras single and simultaneous mutations were obtained from Martorell et al.’s model (55). The differential gene expression screens and data were also obtained from Martorell et al. (see Supplementary Data 3). TISON’s TE was used to implement the mutations in our network using TE’s horizontal therapy pipeline. For case study 2, therapeutic screens including the existing list of FDA-approved drugs for targeting ISC in Drosophila were adapted from Markstein et al.’s (56) study. Existing databases on drugs and drug-gene interactions such as PharmacoDB (103), PanDrugs (77), OncoKB (104), and DGIdb (105), etc (106, 107) were then used to identify target nodes in our ISC network, which were also mentioned in Markstein et al.’s study. TE was employed to deliver drug data into the CRC mutated network using TE’s vertical therapy pipeline (see Supplementary Data 4). For case study 3, patient-specific mutations, along with combinatorial therapy drug candidates were taken from Bangi et al.’s (40) study. Drug databases were used to identify target nodes in the ISC network mentioned in Bangi et al.’s study. Drugs that did not have direct targets in the network were implemented indirectly using literature-based mechanisms (see Supplementary Data 5).



Development of an In Silico Drosophila Patient Model (DPM) and Its Validation

Towards devising a novel drug combination for the treatment of colorectal tumorigenesis, we performed an exhaustive evaluation of each node in our ISC network using TISON’s TE. For that, we started with the sensitivity analysis of both tumor suppressor genes and oncogenes involved in CRC using data from existing databases and literature (55, 103, 106, 107) against patient-specific mutations taken from cBioPortal (16). The therapeutic screening was performed by upregulating the tumor suppressors and downregulating the oncogenes (Supplementary Table 26), to evaluate potential drug combination targets using the PanDrugs (77) database, a platform that prioritizes direct and indirect targeting of genomic mutations (see Supplementary Data 6).



Combination of Chemotherapy and Targeted Therapy to Treat CRC Patients

To induce the effect of chemotherapy we carried an extensive survey of the existing literature and constructed a microtubule network. The microtubule network was incorporated by integrating 6 nodes and 13 interactions to the ISC network. The resultant network contained 54 nodes and 83 interactions. This integrated network was then utilized for chemotherapeutic screening. The combinatorial personalized therapy was used to treat the CRC patients, in a vertical therapy scheme through targeting specific nodes in our ISC network in light of patient-specific mutations. DA pipeline was used to carry out the therapeutic evaluation (see Supplementary Data 6).




Discussion

Combinatorial therapies have created avenues for enhanced treatment of colorectal cancer (CRC) through drug synergy (108). Translational studies using omics-based data can help develop efficacious drug combinations for individualized CRC treatment. In particular, in silico Boolean models that utilize omics datasets can facilitate the process of developing and evaluating different drug combination therapies for the treatment of CRC (109–111). In this work, we propose a novel in silico Drosophila Patient Model (DPM), a computational framework for devising personalized therapeutic combinations for CRC patients. For that, we have constructed Boolean network models of five cell types present in Drosophila midgut: (i) intestinal stem cell, (ii) enteroblast, (iii) enterocyte, (iv) enteroendocrine, and (iv) visceral muscles (Figures 1A–D). We have used these networks to systematically induct tumorigenesis in Drosophila midgut tissue followed by therapeutic interventions for tumor reversion and restoration of physiological homeostasis (Figure 2). We then employed the ISC networks to create an in silico DPM for identifying optimal combinatorial therapeutics to treat CRC in humans. Our modeling pipeline provides a novel roadmap to annotate Boolean network models with patient data towards developing personalized medicine for CRC patients.

Several network models of biomolecular regulation in Drosophila have been reported for investigating the regulatory dynamics in cancer (90, 91, 112–114). Specifically, such applications of adult Drosophila midgut models are particularly useful in investigating CRC due to cellular and organizational similarities between Drosophila midgut and the human colon. More so, the biomolecular signaling pathways involved in maintaining homeostasis and differentiation are also conserved in both. This has given impetus to the development and utilization of Drosophila midgut models for investigating human colorectal cancer (115, 116). As a result, fly-based midgut models have been employed to investigate tissue homeostasis (117), multi-step tumorigenesis (55), epithelium renewal and regeneration upon bacterial infection or tissue damage (118), and its effect on mature and undifferentiated epithelial cells during intestinal cancer initiation (119). However, the employment of Drosophila midgut networks has hitherto remained unannotated with patient-specific mutation to study tumorigenesis in CRC thus limiting their translational potential. In this study, we have employed three literature-based case studies on in vivo Drosophila model to investigate CRC, employing in silico approaches. In our first case study, we used a fly-based network model to help investigate colorectal tumorigenesis under progressive mutations; the results from our analysis were validated against Martorell’s CRC model (55) (Figure 4). The results from our second case study helped elucidate cytotoxicity in nine FDA-approved drugs (Figure 5) and conformed with Markstein et al.’s (56) hypothesis that the extracellular environment plays a crucial role in animal models for evaluating drug delivery and cytotoxicity. Next, for the third case study, we used Bangi et al.’s in vivo DPM to perform personalized therapy for KRAS-mutant metastatic colorectal cancer patient (40) (Figure 6), which re-confirmed the potential of combinatorial treatment; trametinib, zoledronate followed by trametinib in combination with zoledronate.

Onwards, we have performed personalized therapeutics by incorporating patient-specific mutation data into our model towards devising novel combinatorial treatments. For that, we took patient-specific data on ten patients with colorectal adenocarcinoma obtained from cBioPortal (16) to annotate our network model (Supplementary Table 16). We then undertook an exhaustive screening towards identifying efficacious target nodes for each patient which was based on the node’s pro-apoptotic and anti-proliferation cell fate propensities after therapy (Supplementary Table 17). We used the PanDrugs database (77) to identify these target nodes in existing drugs. In light of our personalized screening step, we discovered that four patients can respond well to targeted therapy (imatinib, regorafenib, and everolimus), whereas for the rest a synergistic combination of chemotherapy (paclitaxel/docetaxel) and targeted therapy (imatinib, regorafenib, and bortezomib) was a more efficacious treatment (Supplementary Table 20). Literature also supports our finding that CRC treatment using a combination of chemo- and targeted therapy can provide efficacious results compared to conventional chemotherapy alone (119, 120). Specifically, the combination of the paclitaxel-regorafenib was evaluated for treating advanced esophagogastric cancer (78), and the paclitaxel-bortezomib combination was used in metastatic solid tumors (87). While the docetaxel-bortezomib combination was evaluated for metastatic breast cancer (79), Non-Small Cell Lung Cancer (NSCLC) (80, 81), and prostate cancer (82). Paclitaxel-imatinib combination was tested in metastatic solid tumor (83), NSCLC (84), and ovarian cancer (85, 86). However, further validation of these prognostic drug combinations in large-scale clinical cohorts will be required to test these drug combinations suggested by our study. In unison, our findings suggest that the proposed translational approach is effective in optimizing existing therapies.

Limitations of this study include utilizing abstracted in silico Boolean models (59) which are only qualitative. Moreover, analysis of EE and VM networks remained limited due to a lack of substantive literature. In this work, to overcome exponential computational complexity due to network size, we pruned each network to a minimum while maintaining biological cell fate outcomes. Additionally, ISC-EB-EC interplay is pivotal in determining cell fates, especially for intestinal stem cells in Drosophila midgut, however, due to network-level analysis strategy employed in the study, we are currently unable to investigate cellular interplays as well as continuous lineage tracking for various cell types. Since our networks are independent of each other we can only elucidate individual cell fates programmed by each network at a time.

Several assumptions have been made for constructing this model. Firstly, since Drosophila midgut comprises of several regions with differential niches and context specific cellular processes (42), for the sake of computational scalability, we have not incorporated Drosophila midgut compartmentalization in our model. In view of the exponential relation between computational complexity and network size, we have kept the network size to a minimum by reducing path lengths between critical nodes through removing intermediary nodes. Integrated multi-omics information e.g., from genomics, transcriptomics, and proteomics level was assumed to act on the same time-scale, towards undertaking network analysis.

With regards to drugs, we search the nodes (genes) in our network in PanDrugs database for selecting and prioritizing potential drugs that can efficaciously target the selected nodes. The assumptions made by PanDrugs for declaring a gene-drug relationship, include: for targeted therapies, the genes-drug relationship that PanDrugs provides is a direct relationship, and that the targeted drugs acting directly on the nodes in the network are without any off target pleotropic effects. PanDrugs’s drug prioritization scheme can improve if it also takes into account protein interaction networks, pathway activity, multi-omics information, however, its search is limited to genome-level information only. Moreover, each drug is able to act on all the possible transcriptomic isoforms of a gene, where necessary.

Additionally, during the personalized screening of patients, non-druggable nodes could not be evaluated further due to unsubstantive literature on their employment as drugs. Moreover, some of the genes present in the human genome do not have exact homologs in Drosophila’s genes list, which can limit the study’s translational capabilities.

Onwards, the proposed in silico DPM can be extended to perform probabilistic analysis by converting rules to the weights-based network which can also cater to external perturbations and noise into the system. Further investigations need to be carried out to predict novel druggable genes (direct targets, biomarkers, and pathway members not available in PanDrugs database) for employment in developing new drug combinations. The network models developed can also be extended to multi-scale models towards incorporating spatiotemporal regulations of colorectal cancer. Further verifications with a greater patient sample size can help achieve a better understanding of the relationship between patient-specific data in connection to therapeutic combinations. Moreover, result verification can be enhanced with wet lab validation of the proposed synergistic drug combinations outlined by our computational framework.

Taken together, our preclinical in silico DPM not only captures the regulatory homeostasis of fly midgut but also presents a novel framework to personalize Boolean network models towards their employment in personalized cancer therapeutic interventions.
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Triple-Negative Breast Cancer (TNBC) is the most aggressive breast cancer subtype, characterized by limited treatment options and higher relapse rates than hormone-receptor-positive breast cancers. Chemotherapy remains the mainstay treatment for TNBC, and platinum salts have been explored as a therapeutic alternative in neo-adjuvant and metastatic settings. However, primary and acquired resistance to chemotherapy in general and platinum-based regimens specifically strongly hampers TNBC management. In this study, we used carboplatin-resistant in vivo patient-derived xenograft and isogenic TNBC cell-line models and detected enhanced Wnt/β-catenin activity correlating with an induced expression of stem cell markers in both resistant models. In accordance, the activation of canonical Wnt signaling in parental TNBC cell lines increases stem cell markers’ expression, formation of tumorspheres and promotes carboplatin resistance. Finally, we prove that Wnt signaling inhibition resensitizes resistant models to carboplatin both in vitro and in vivo, suggesting the synergistic use of Wnt inhibitors and carboplatin as a therapeutic option in TNBC. Here we provide evidence for a prominent role of Wnt signaling in mediating resistance to carboplatin, and we establish that combinatorial targeting of Wnt signaling overcomes carboplatin resistance enhancing chemotherapeutic drug efficacy.
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Introduction

Triple-negative breast cancer (TNBC) is a molecular subtype of breast cancer characterized by the lack of expression of estrogen-receptor, progesterone-receptor, and human epidermal growth factor receptor type 2 (1). TNBC accounts for 10-20% of all breast cancer cases, occurring with higher frequency in younger women, presenting with higher grade and mitotic counts than non-TNBCs, low differentiation, and frequent lymph node involvement, ultimately contributing to poor prognosis (1, 2).

The lack of hormone- and growth factor-receptors render chemotherapy the primary systemic treatment for TNBC. Interestingly, TNBC patients have high response rates to neoadjuvant chemotherapy, achieving pathological complete response (pCR) more frequently than those bearing non-TNBCs (3). Nonetheless, TNBC patients experience lower progression-free- and overall survival rates and higher distant metastatic relapse frequency than non-TNBC patients, highlighting the critical need for alternative therapeutic approaches (3).

The Food and Drugs Administration of the United States of America first approved platinum salts, namely cisplatin, to treat metastatic testicular cancer, ovarian cancer, and bladder cancer between 1978 and 1979 (4). Since then, the use of platinum-based chemotherapy has grown and is now applied in many other cancer types. Preclinical studies have highlighted that TNBC is particularly sensitive to DNA damaging agents (5, 6). For that reason, platinum salts – DNA-crosslinking agents – have gained traction as potential additions to the therapeutic toolbox for TNBC. Phase-II and Phase-III clinical trials have demonstrated the benefits of including carboplatin (CAR) in neoadjuvant regimens for TNBC (7–10). Importantly, pCR with neoadjuvant treatment is a robust predictor of survival in TNBC (3). However, chemotherapy-treated TNBC patients are likely to acquire resistance, and patients with residual disease (RD) have worsened prognosis and experience low survival rates, particularly within the first three years ensuing treatment (3).

During the last decades, our knowledge of platinum’s mechanism of action has increased significantly. Nonetheless, how cancer overcomes platinum-mediated cytotoxicity still holds unanswered questions. Several studies have shed light on how cancer cells adapt to platinum-based treatment by restoring DNA damage repair, increasing tolerance to DNA damage, decreasing its intracellular uptake and accumulation, and regulating apoptosis and autophagy (11). Chemotherapy resistance is also known to be induced and maintained by adaptations in pro-survival and anti-apoptotic signaling pathways. Like other chemotherapeutic agents, alterations of such cellular dynamics also affect platinum-based treatments. Several studies have demonstrated the involvement of NOTCH (12), MEK (13), Hedgehog (14), EGFR (15), among others, in mediating resistance to platinum in different cancer types. Also, cancer cells with stem cell-like properties have been described to significantly influence the response to different chemotherapeutic agents, including platinum compounds (16–19). Cancer stem cells constitute a subpopulation of cancer cells with tumorigenic and self-renewal capacities and are considered desirable therapeutic targets since their intrinsic cellular properties contribute extensively to treatment failure (20–22). Breast cancer stem cells were first isolated in 2003 based on cell surface markers CD44 and CD24 (23). Since then, many studies have demonstrated their tumorigenic and drug-resistance capacities, highlighting the need to develop therapeutic approaches that deplete this population (6, 24–26).

The Wnt/β-catenin signaling pathway is a developmental signaling cascade with a prominent role in cancer (27). It is initiated when Wnt ligands (secreted lipid-modified signaling molecules) bind the receptor complex at the cell membrane. A series of events ensues, culminating in the inhibition of glycogen synthase kinase 3 beta (GSK3β), and the subsequent cytoplasmic accumulation of β-catenin, the critical mediator protein of Wnt signaling. This accumulation leads to the nuclear translocation of β-catenin, eliciting Wnt target genes’ expression by interacting with different transcription factors. In the absence of Wnt ligands, β-catenin is constitutively phosphorylated by GSK3β and targeted for proteasomal degradation (28). Notably, Wnt is known to govern several cellular functions with the potential to contribute to chemotherapy resistance. Such functions include the control and regulation of proliferation (29), DNA damage repair (30), inhibition of apoptosis (31), and maintenance and regulation of embryonic, somatic, and cancer stem cell properties (32). Different studies have demonstrated Wnt pathway involvement in the mediation of platinum resistance in various cancer types, including squamous cell carcinoma (33, 34) and ovarian cancer (35). However, its involvement in platinum resistance in TNBC is not known.

To study how TNBCs acquire resistance to carboplatin treatment, we used a pair of isogenic carboplatin-sensitive and -resistant TNBC cell lines. Transcriptomic analysis was performed to gain insight into biological signaling pathways underlying acquired carboplatin resistance in vitro, leading to the identification of Wnt signaling as a candidate resistant-mediating pathway. Additionally, the resistant cell line displayed enhanced expression of pluripotency markers and stem cell features compared to the parental, carboplatin-sensitive cells.

In vitro pharmacological and genetic manipulation of Wnt signaling was employed to assess drug response alterations and stem cell potential functionally. Inducing Wnt signaling in parental non-resistant TNBC cell lines elicited the expression of pluripotency markers observed in isogenic resistant cells and enhanced stem cell features in vitro. Moreover, inhibition of Wnt activity in resistant cells resensitized them to carboplatin and hindered tumorsphere formation. Finally, carboplatin-resistant patient-derived xenograft (PDX) models were used to test the effect of in vivo Wnt inhibition on platinum-response. Similar to what we observed in vitro, inhibition of Wnt reduced expression of cancer stem cell markers and drastically reduced resistance to carboplatin treatment in vivo.

Altogether, our results suggest the potential for Wnt signaling inhibition in combination with carboplatin as a strategy to prevent or overcome platinum resistance in TNBC patients.



Materials and Methods


Cell Lines, Cell Culture, and Treatments

MDA-MB-468 (ATCC-HTB-132) and MDA-MB-231 (ATCC HTB-26) were maintained in DMEM high glucose (Gibco 41965039) supplemented with 10% fetal bovine serum, 1mM sodium pyruvate (Gibco, 11360070), 1X non-essential amino acids (Gibco, 11140035), 100 μg/mL penicillin-streptomycin (Gibco, 15140163) and 0.01mM 2-mercaptoethanol (Gibco, 31350010).

Unless otherwise specified in the text, all carboplatin treatments (CAR, Hospira UK, Ltd) were done at 2 μM for MDA-MB-468 cells and 35 μM for MDA-MB-231 cells. Small molecule Wnt activator CHIR99021 (CHIR, Sigma, SML1046) was administered to cells in DMSO (Sigma, D2650) at 4 μM. Small molecule Wnt inhibitor LGK-974 (LGK, Selleckchem, S7143) was, unless otherwise specified, administered at 200 nM in DMSO.

Carboplatin resistance was induced in MDA-MB-468 cells by continued maintenance in carboplatin containing medium, starting at a concentration of 0.4 μM. The concentration of carboplatin was increased in 9 increments until reaching 2 μM, once unhindered cell growth was obtained at each concentration level, allowing a 48h carboplatin-free recovery period with each splitting (35).



Lentiviral Particle Production and Transduction

Lentiviruses were produced according to the RNAi Consortium (TRC) protocol available from the Broad Institute (https://portals.broadinstitute.org/gpp/public/resources/protocols). In brief, 5x105 HEK293T cells seeded per well in 6-well plates and transfected the following day with 750 μg pCMV-dR8.91, 250 μg pCMV-VSV-G, and 1 μg of the specific lentiviral expression or silencing constructs using FugeneHD (Promega, E2311) in Opti-MEM (Gibco, 31985070). One day after, the culture medium was replaced. The same day, lentivirus-recipient cells were plated in 6-well plates at a density of 5x104 cells per well. Lentivirus-containing medium was collected from HEK293T cells 48h and 72h after transfection and added to recipient cancer cells after being filtered. Two days after infection, cells were washed thoroughly with PBS, medium refreshed, and appropriate selection antibiotics applied.

For overexpression of ΔN90-β-catenin, we used pLV-beta-catenin ΔN90 (Addgene, #36985) and pPRIME-CMV-NEO-recipient (CTRL, Addgene, #11659). For β-catenin shRNA mediated silencing, we used pXL002-ishRNA-beta-catenin-1 (Addgene, #36297) and pXL004-ishRNA-scramble (Addgene, #36311). For Wnt fluorescent reporter assay, we used 7TGP (Addgene, #24305).



In Vitro Carboplatin Response

For IC50 experiments, we seeded 2.5x104 cells per well in 12-well plates. Cells were treated with increasing concentrations of CAR (0.02 to 200 μM for MDA-MB-468 and 0.35 to 3500 μM for MDA-MB-231) for 72 hours. Viability was assessed by manual cell counting using a Neubauer hemocytometer using trypan blue for dead cell exclusion. Cell viability was determined as a percentage of untreated cells, and non-linear regressions of [CAR] vs. normalized-response were fitted using GraphPad Prism v.8.0.1. to mathematically determine the IC50.



Flow Cytometry

For annexin V apoptosis analysis, cells were detached and resuspended in annexin V binding buffer (BD Pharmigen, 51-66121E) and incubated for 15 minutes at room temperature with APC-conjugated AnnexinV (Thermo-eBioscience, BMS306APC-100). After incubation, cells were diluted in binding buffer containing 100 nM of 4’,6-diamidino-2-phenylindole (DAPI). Unstained and single-stained (annexin V and DAPI) were used as gating controls.

For ALDH activity assays, cells were detached, washed in PBS, and stained using the AldeRed ALDH detection assay kit (Merck SRC150) according to manufacturer specifications.

For immunolabeling of CD44 and CD24, cells were detached, washed twice in PBS with 4% FBS, and incubated with CD44-PE (BD Pharmigen, 555479) and CD24-APC (Invitrogen, 17-4714-81) antibodies according to manufacturer specifications at room temperature. After incubations, cells were washed twice in PBS with FBS and resuspended in PBS containing 4% FBS and 100 nM of DAPI. Cells incubated with PE- and APC- conjugated isotype-antibodies and single-stained cells were used as gating controls.

All data were collected on a BD FACS Canto II at the KU Leuven Flow Cytometry Core and analyzed using FlowJo v.10.6.2.



SDS-PAGE and Western Blot

For western blot, cells were collected and washed in PBS before being pelleted. Then, cells were lysed on ice with RIPA buffer (150 mM NaCl, 1% Nonidet P40, 0.5% sodium deoxycholate, 0.1% dodecyl sulfate, 50 mM Tris-HCL, pH 8.0) containing a cocktail of protease and phosphatase inhibitors (Sigma, #P5726, #P0044, #P8340). Lysates were centrifuged at 16,000x g for 10 minutes at 4°C to discard insoluble material, and protein concentration was determined using the Bradford method. For SDS-PAGE, 30 μg of protein were mixed with 4x Laemmli buffer (240 mM Tris/HCL pH 6.8, 8% SDS, 0.04% bromophenol blue, 5% 2-mercaptoethanol, 40% glycerol) and denatured for 5 minutes at 96°C prior to electrophoretic protein separation. Resolved protein extracts were transferred to PVDF membranes (BIORAD, 162-0177). Transfer success was assessed with Ponceau S solution, and membranes were blocked with 5% non-fat milk or 5% BSA in TBS-T (0.1% Tween-20®) for 60 minutes. After blocking, membranes were incubated with primary antibodies at 4°C overnight. The day after, membranes were washed 3 times with PBS-T for 10 minutes and incubated with secondary HRP-conjugated antibodies. Immunolabeled proteins were detected with Supersignal West Pico chemiluminescent kit (Fisher Scientific, 34077) on autoradiography film (Santa Cruz, SC-201697). The primary antibodies used were active rabbit anti-non-phosphorylated β-catenin (CellSignaling Technologies, #19807S), mouse anti-total β-catenin (BD, #610154), mouse anti-β-actin (Santa Cruz, #47778).



Next-Generation mRNA Sequencing

Total RNA was obtained from cells using the GenElute mammalian total RNA miniprep kit (Sigma, RTN350-1KT) for mRNA sequencing. According to the manufacturer’s specifications, libraries were prepared from 250 ng of total RNA using the KAPA stranded mRNA-seq kit (Roche, KK8421). KAPA-single index adapters (Roche, KK8700) were added to A-tailed cDNA, and libraries were amplified by 12 cycles. Finally, libraries were purified on Agencourt AMPure XP beads (Beckman Coulter, A63881). Libraries were controlled for fragment size using the High Sensitivity DNA analysis kit (Agilent, 5067-4626) on an Agilent Bioanalyzer 2100. Each library was diluted to 4 nM and pooled for single-end 50-bp sequencing on an Illumina Hiseq4000 20 – 27 million reads per sample (22 million reads on average).

Adapters, polyA tails, and bad quality reads (Phred score > 20) were trimmed using Trim Galore! (v0.6.4_dev) with default parameters. Reads were aligned to the transcriptome and quantified using Salmon (v0.14.1) (36) with default parameters using GENCODE release 36 of the human reference transcriptome sequences and the comprehensive gene annotation. Subsequently, the counts were imported into R (v4.0.2) using tximport (v1.18.0) and differentially expressed genes were defined using DEseq2 (v1.30.0) (37) and log fold changes corrected using “ashr” method (38) (FDR adjusted p.val < 0.05 & |log2(fold change)| > 1.5). TPM values were also calculated using tximport.



Functional Enrichment Analysis and Enrichment Maps

Datasets GSE103668 and E-MTAB-7083 were downloaded from the GeneExpression Omnibus and ArrayExpress public repositories, respectively. Differentially expressed genes with |log2(fold-change)| >1 and p-value < 0.05 were obtained using limma (v3.26.8) R package in R (v4.02) and by using the limma method on NetworkAnalyst (39). Differentially expressed genes were ranked by fold-change for Gene Set Enrichment Analysis (GSEA v4.1.0) using weighted enrichment statistic and KEGG, Hallmarks, and Wikipathways gene sets. Additionally, we used custom gene sets comprised of human embryonic stem cell-related genes (M1871: BENPORATH_ES1 and M4241: BENPORATH_ES2), pluripotency transcription factor target genes (M14573: BENPORATH_NOS_TARGETS), and cancer progenitor genes (ENGELMANN_CANCER_PROGENITORS_UP) obtained from www.gsea-msigdb.org. The statistical significance threshold was set at FDR<0.1 or (p<0.5 ∧ FDR<0.25). Additionally, gProfiler (https://biit.cs.ut.ee/gprofiler/gost) was used to assess the function of ranked DEGs using the ranked query mode and Benjamini-Hochberg FDR thresholding. GSEA and gProfiler analysis outputs were fed to the EnrichmentMap app on Cytoscape (v3.8.1) to generate visualizations of enriched biological features and pathways following published protocols (40). Differentially expressed genes from RNA-sequencing were processed for functional analysis and visualization in the same way, except for GSEA, differentially expressed genes were ranked by the absolute value of fold change (41).



Real-Time Quantitative Polymerase Chain Reaction and Gene Expression Analysis

For RT-qPCR, total RNA was extracted using the GenElute mammalian total RNA miniprep kit from Sigma (Sigma, RTN350-1KT) according to the manufacturer’s instructions, and DNA was digested during RNA extraction using on-column DNAse (Sigma, On-Column DNAse I digestion set, DNASE70). cDNA was synthesized from 500 ng of total RNA using the BIORAD iScript cDNA synthesis kit (BIORAD, CAT#1708891). Quantitative real-time PCR reactions were set up in technical triplicates with Platinum SYBR Green qPCR SuperMix-UDG (Invitrogen, 11733-046) on a ViiA7 Real-Time PCR System (Thermo Scientific). Expression levels were normalized to housekeeping genes (HKG) GAPDH and RPL19. Statistical testing of differences in expression between samples was carried out on relative-expression values (2-ΔCT). In some figures, mRNA expression values are represented as fold-change for convenience of interpretation, although statistical testing was performed on relative expression values (2-ΔCT).



Tumorsphere Formation Assays

For tumorsphere formation assays, cells were collected as described above, washed, counted, and resuspended in serum-free tumorsphere assay medium containing DMEM/F12, 1x B27 (Thermo, 12587010), 10ng/mL bFGF, (Peprotech, 100-18b) 20 ng/mL EGF (Peprotech, AF-100-15), and 2% growth-factor reduced matrigel (Corning, 734-0268). Cells were seeded at a density of 1000 cells/mL in ultra-low attachment 6-well plates and allowed seven days to grow. On the 7th day, spheres were collected and centrifuged at 50g for 10 minutes, resuspended, and transferred to 96-well plates. Plates were briefly centrifuged at 50g for 1 minute to pull down larger spheroids (>60 μm) which were counted using a tally counter.



Immunohistochemistry

Tumor samples were dissected, washed in saline, and either snap-frozen in OCT compound (VWR 361603E) or fixed in 4% formalin for 24 hours. Frozen tissue was cut at 10 μm thickness using a cryostat and mounted on superfrost microscope slides (Thermo Scientific, °J1800AMNZ). Formalin-fixed tissue was embedded in paraffin and sectioned at 4 μm thickness using a microtome. Frozen and FFPE sections were stained with hematoxylin and eosin (HE), using a Leica Autostainer XL (Leica Microsystems), or stained in immunohistochemistry (IHC). In brief, frozen sections were fixed in acetone and preserved at -80°C until use. Slides were thawed at room temperature for 15 minutes and rehydrated in PBS. FFPE sections were deparaffinized in Leica Autostainer XL (Leica Microsystems) and pre-treated in citrate buffer (EnVision FLEX Target Retrieval Solution Low pH, Agilent-Dako, K8005) using a PT Link module (Dako), according to manufacturer’s instructions. For IHC, tumor sections were incubated with Envision Flex Peroxidase-Blocking Reagent (Dako, S202386-2) for at least 5 minutes, rinsed three times in wash buffer (Dako, K800721-2), and blocked with 5% bovine serum albumin (BSA) for 45 min at room temperature. After overnight incubation with anti-human Ki67 antibody (Abcam, EPR3610 clone, 1:1500) at 4°C, slides were incubated with HPR-conjugated secondary antibodies (Agilent, K400311-2) for 30 min. Tissue sections were stained with 3,3’-diaminobenzidine solution (DAB; Liquid DAB+ Substrate Chromogen System, K346889-2, Dako), counterstained with hematoxylin, and mounted using an automated coverslipper machine (Leica CV5030, Leica Biosystems). Pictures were acquired using a Zeiss Axiovision microscope. Quantification of Ki67+ cells was performed in at least 5 random 20x fields per sample using QuPath 0.2.3 (42).



Tunel Staining and Pan-Cytokeratin Immunofluorescent Staining

For TUNEL staining, cryopreserved tumor samples were cryosectioned at 10 μM thick and mounted on superfrost microscope slides. Slides were stored at -80°C and stained using the Click-iT Plus TUNEL (ThermoFisher C10617) according to the manufacturer’s instructions. After TUNEL staining, slides were blocked with 5% normal donkey serum in PBS (Gibco, 10010-050) for one hour and incubated overnight at 4°C with rabbit anti-pan-cytokeratin polyclonal antibody (Abcam ab217916 1:400). The following day, slides were washed three times in PBS containing 0.01% Triton X-100 and incubated for 2 hours with AlexaFluor conjugated donkey anti-rabbit secondary antibody (Abcam ab150073 1:1000). After secondary antibody incubation, slides were washed three times with PBS containing 0.01% Triton X-100 and mounted with ProLong™ Gold Antifade Mountant with DAPI (P36931, Thermo Fisher Scientific). Images were acquired using a Leica Sp8x confocal microscope. TUNEL positive/pan-cytokeratin positive cells were quantified in at least eight randomly sampled 10x fields per sample using QuPath 0.2.3.



PDX Models

BRC016 (primary, grade III, TNBC) was established at the University Hospital UZ Leuven and is available from Trace, the KU Leuven/LKI PDX Platform (https://www.uzleuven-kuleuven.be/lki/trace/trace-leuven-pdx-platform). C4O was previously obtained from a carboplatin treatment-refractory BRC016 tumor. Briefly, 10 BRC016 TNBC tumor-bearing NMRI-Fox1nu nude mice (Taconic) were treated intraperitoneally with 50 mg/kg carboplatin, once weekly for three weeks. The carboplatin dose chosen was based on previous studies of carboplatin-response in our lab and other groups (35, 43–45). Nine out of ten mice had a complete response to treatment. One mouse had delayed and incomplete response, bearing a residual tumor mass that became unresponsive to further carboplatin treatment and eventually resumed growth. In a previously published study, the regrown tumor was harvested and implanted on nude mice for propagation, re-testing, and confirmation of carboplatin resistance (35). Treatment experiments included 24 mice implanted with C4O tumor fragments. When tumors reached a volume of approximately 300 mm3, mice were randomly assigned to placebo (vehicle), CAR (50 mg/kg), LGK (2 mg/kg), or CAR+LGK (50 mg/kg + 2 mg/kg) treatment groups. Carboplatin was administered once a week intraperitoneally, and LGK974 was administered daily by oral gavage. Treatments were carried out for three weeks, and body weight was closely monitored throughout treatment Tumors were measured every 48 hours with digital calipers, and volume was estimated as V = L × W2 × π/6 (L: length, W: width). All animals were euthanized at the end of three weeks of treatment, and tumors were collected for downstream analysis.



Statistical Analysis

All data were analyzed using GraphPad Prism 8, except for transcriptomic datasets. Unless otherwise specified, comparisons between two groups were tested for statistical significance using unpaired t-tests with Welch correction. Comparisons between multiple groups were performed using a one-way analysis of variance (ANOVA). Comparisons between multiple groups across multiple time points were performed using two-way ANOVA. All statistical testing was corrected for multiple comparisons, using the Holm-Sidak method when comparing samples based on experimental design or the Tukey method when testing the comparison between all means in a dataset. For the reader’s convenience, all statistical tests and sample sizes are indicated in the figure legends.




Results


Carboplatin-Resistant TNBC Cells Are Characterized by Enhanced WNT/β-Catenin Pathway Activity, Stem Cell Marker Expression, and Tumorsphere Formation Capacity

To explore the mechanisms of in vitro carboplatin resistance in TNBC, we generated an isogenic carboplatin-resistant cell line (468’R) (Figure 1A) by exposing MDA-MB-468 cells to carboplatin treatment in incremental cycles.




Figure 1 | Carboplatin-resistant TNBC cells are characterized by enhanced WNT/β-catenin pathway activity, stem cell marker expression, and tumorsphere formation capacity. (A) Phase contrast microscope images of 468’P and 468’R cells. Scale bar: 100 μm. (B) Non-linear fit model of [CAR] μM vs normalized response for IC50 determination. (468’P: n=6, R2 = 0.92) (468’R: n=4, R2 = 0.95). (C) Growth curve and statistical analysis for 468’P and 468’R cells treated with VEH or CAR using two-way ANOVA. Statistical significance is reported for day 6 of treatment (n=4). (D) Representative flow cytometry scatterplots of annexin V staining of cells treated with 2 μM CAR for 72 hours (left) and respective statistical analysis (right) using multiple t-tests corrected for multiple comparisons with the Holms-Sidak method (n=3). (E) Enriched gene sets from Hallmarks and KEGG databases by one-tailed GSEA ranked by Normalized enrichment score (NES), illustrating pathways most significantly deregulated between 468’P and 468’R. (F) Enrichment map of one-tailed GSEA hits from Wikipathways database. Rectangles highlight clusters of gene sets with significant overlap and are labeled using AutoAnnotate on Cytoscape. (G) GSEA of hESCs (26) (left) and Cancer Progenitor (46) (right) gene sets in 468’R vs 468’P cells. (H) GSEA of NANOG, OCT4, and SOX2 target genes determined by ChIP-SEQ in hESC’s (26) in 468’R vs. 468’P cells. (I) Western blot of active non-phosphorylated β-catenin in 468’P and 468’R. β-actin was used as the loading control. (J) Representative scatterplots of flow cytometric analysis of aldehyde dehydrogenase activity (left). DEAB panels refer to internal controls in which ALDH activity is blocked with diethylaminobenzaldehyde to determine the background signal generated by unconverted ALDH substrate. TEST panels refer to the experimental samples where substrate for fluorimetric determination of ALDH activity is supplied. TEST samples are normalized to background fluorescence measured in DEAB internal controls and presented as the mean + standard error of the mean percentage of ALDH+ cells in 468’R (n=5) and 468’P (n=7) (right). Welch’s t-test. (K) Representative scatterplots of flow cytometric analysis of CD44-PE and CD24-APC immunolabeling (left) and corresponding statistical analysis of the mean percentage of CD44+/CD24- cells (right; n=3). Welch’s t-test. (L) qRT-PCR of Wnt target AXIN2 and stem cell markers in 468’R cells vs. 468’P (n=4). Multiple t-tests. (M) Representative brightfield images of tumorspheres generated from 468’P and 468’R cells (left, scale bar: 50 μm) and statistical analysis of mean tumorsphere forming units (number of spheres/number of seeded single cells) (right; n=3). Welch’s t-test. (Barplots represent mean + SEM. *p < 0.05; **p < 0.01; ****p < 0.0001; ns, non significant).



Half-maximal inhibitory concentration (IC50) profiles for carboplatin were determined for both parental (468’P) and 468’R cells (Figure 1B). 468’R cells displayed a 5-fold increase in IC50, thereby functionally confirming a significant increase in carboplatin resistance. When treated with vehicle, we did not observe differences in proliferation between resistant and parental cells. However, when treated with CAR, 468’R cells displayed unhindered proliferation capacity in striking contrast to parental cells (Figure 1C). Additionally, we did not find differences in Ki67 expression in standard culture conditions between cell lines (Supplementary Figure 1A). Altogether, these results suggest that differences in proliferation rate cannot justify resistance in 468’R cells compared to the parental, sensitive cell line. Flow-cytometric analysis of apoptosis further corroborated the establishment of the carboplatin-resistant phenotype. When exposed to 2 μM for 72 hours, 468’P stained positively and significantly for the apoptosis marker annexin V (47), whereas no significant increase in apoptotic cells was observed in 468’R (Figure 1D).

To study the underlying mechanisms of carboplatin resistance, we performed transcriptome analysis by next-generation mRNA sequencing in 468’P and 468’R cells. We used the ranked differentially expressed genes (Supplementary Table 1) followed by one-tailed Gene Set Enrichment Analysis (GSEA) (41) to identify changes in signaling pathways (Hallmarks, KEGG and Wikipathways). GSEA analysis identified alterations in several key cancer-related processes, such as epithelial-mesenchymal-transition (Hallmarks) and PPAR and P53 signaling (KEGG) (Supplementary Table 1). However, Wnt signaling was consistently enriched across the two databases (Figure 1E) with a clear differential expression pattern across the two cell lines (Supplementary Figure 1B). Moreover, enrichment maps of Wikipathway database terms highlighted a cluster of gene sets comprising Wnt signaling and pluripotency regulation (Figure 1F), suggesting a potential acquisition or enrichment of stem cell features in carboplatin resistant cells.

To further understand the differences in stem cell transcriptional features between 468’R and 468'P cells, we compared our transcriptomic data with curated gene sets comprised of genes found overexpressed in human embryonic stem cells (hESC) and cancer stem cells (26, 46). Interestingly, 468’R seems to be transcriptionally closer to embryonic and cancer stem cells than 468’P as determined by GSEA (Figure 1G). In addition, we compared our transcriptomic data with a gene set comprised of targets of pluripotency transcription factors NANOG, OCT4, and SOX2 in hESCs determined by chromatin immunoprecipitation followed by DNA sequencing (26). GSEA revealed enrichment of pluripotency transcription factor target genes in 468’R cells, supporting the putative acquisition of stem cell features in this cell line (Figure 1H).

To functionally validate the observed differences in Wnt/β-catenin signaling between 468’R and 468’P cells, we analyzed protein levels of non-phosphorylated (active) β-catenin. Importantly, western-blot analysis of total protein extracts in baseline untreated conditions revealed strong enrichment of active β-catenin in 468’R cells compared to the parental counterpart, thereby confirming the functional activation of Wnt signaling in drug-resistant cells (Figure 1I). Moreover, the accumulation of active β-catenin was accompanied by transcriptional activation of Wnt-reporter activity (Supplementary Figure 1C).

To quantify differences in frequency of putative cancer stem cell populations in both cell lines, we used flow cytometry to assess the enzymatic activity of aldehyde dehydrogenases (ALDH) and the expression level of the cell surface markers CD44 and CD24. Both methods have been used to identify, quantify, and isolate putative cancer stem cells from different cancer types. High ALDH activity and CD44/CD24 expression ratio in TNBC have been shown to correlate with enhanced tumorigenesis and metastatic potential as wells as radio- and chemotherapy resistance (23, 25, 48). Flow cytometric analysis showed significant differences in ALDH positive (Figure 1J) and CD44+/CD24- cells (Figure 1K), with 468’R cells expressing higher levels of both markers. Gene expression analysis also revealed an enrichment of the core pluripotency regulators OCT4, NANOG, and cMYC, as well as cancer stem cell marker LGR5 (49) (Figure 1L).

We performed a tumorsphere formation assay to functionally evaluate differences in cancer stem cell properties and in vitro tumor-initiating capacity. In vitro growth in non-adherent conditions has been described as an exclusive capability of cancer stem cells, thereby functioning as a surrogate measure of in vitro tumor-initiating capacity and as a method to enrich cancer stem cells (50). Importantly, in line with our stemness-related gene expression data and flow cytometry analysis of ALDH activity and CD44/CD24 expression, we observed a significantly higher tumorsphere formation frequency in 468’R cells compared to 468’P (Figure 1M).

Altogether, the transcriptomic evidence for alterations in Wnt signaling, and presumably stem cell features, between 468’R and 468’P cells suggests the possibility of its involvement in mediating carboplatin resistance in our isogenic cell line.



Pharmacological Activation of Wnt Signaling in 468'P Cells, Disrupts Carboplatin-Response and Enhances Stemness and Pluripotency Marker Expression

We hypothesized that modulation of Wnt signaling in the parental 468’P cell line could recapitulate the carboplatin-resistant phenotype and increase the expression level of pluripotency and stem cell-related genes. To test this hypothesis, we treated 468’P with a small molecule inhibitor of GSK3, CHIR99021 (CHIR), thereby preventing β-catenin degradation and activating the Wnt/β-catenin pathway. To confirm Wnt signaling activation, we used a lentiviral fluorescent reporter of canonical Wnt transcriptional activity (TOPGFP) (51). 468’P displayed low basal levels of Wnt-reporter activity but promptly induced the reporter upon GSK3β inhibition, with almost 100% of cells becoming GFP positive within 12 hours of treatment (Figure 2A).




Figure 2 | Pharmacological in vitro Wnt induction prevents carboplatin-induced apoptosis and upregulates stem cell marker expression. (A) Representative flow cytometry scatterplots (left) of Wnt-reporter MDA-MB-468 TOPGFP cells treated with vehicle (DMSO) or GSK3 inhibitor (CHIR, 4 μM) for 12 hours and statistical analysis of the mean frequency of GFP+ cells using Welch’s t-test (right, n=3). (B) Phase-contrast microscopy images of 468’P cells treated with or without carboplatin in the presence of CHIR or DMSO (left, scale bar: 100 μm) and statistical analysis of absolute cell numbers after 72 hours of each treatment using One-way ANOVA corrected for multiple comparisons using the Holm-Sidak method (n=4). (C) Representative flow cytometry scatterplots of annexin V staining of 468’P cells (left) treated with or without carboplatin in the presence of DMSO or CHIR (4 μM) for 72 hours and statistical analysis of the mean frequency of annexin V positive cells (right) using one-way ANOVA corrected for multiple comparisons using the Holm-Sidak method (n=3). (D) Relative mRNA expression of Wnt target and stem cell markers upon 72-hour treatment with DMSO or CHIR (4 μM) in 468’P cells (n=3). Multiple t-tests with Holm-Sidak correction for multiple comparisons. (Barplots represent mean + SEM. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns, non significant).



We observed a significant rescue of survival when treating 468’P with CHIR combined with carboplatin (Figure 2B). Carboplatin-induced apoptosis was also significantly reduced when cells were co-treated with CHIR and CAR, as determined by flow cytometric analysis of Annexin V positivity (Figure 2C). Also, GSK3β inhibition led to the upregulation of OCT4 and NANOG pluripotency markers (Figure 2D).

Similar results were observed by inhibiting GSK3β on a second TNBC cell line (MDA-MB-231) (Supplementary Figures 2A, B), suggesting this effect is not cell line-specific.



β-Catenin Overexpression Induces Carboplatin Resistance in 468’P and Enhances Stem Cell Features

GSK3 is a multi-substrate serine-threonine kinase that regulates a multitude of signaling pathways (52). As such, we proceeded to investigate whether the effects of pharmacological activation of Wnt signaling on stemness and carboplatin resistance observed upon GSK3 inhibition could also be induced by direct overexpression of β-catenin. To achieve this, we transduced 468’P cells with a lentiviral vector encoding a truncated, constitutively active mutant β-catenin (ΔN90-β-catenin) (53), generating β-catenin overexpressing cells (468’OE) (Figure 3A).




Figure 3 | β-catenin overexpression in 468’P induces carboplatin-resistance, pluripotency-related gene expression, and cancer stem cell features. (A) Western blot (top) of total β-catenin in MDA-MB-468 cells transduced with an empty vector or truncated, constitutively active β-catenin isoform ΔN90 and phase-contrast microscopy (down). (B) Enriched gene sets from Wikipathways database by one-tailed GSEA of ranked DEGs between 468’OE and 468’P sorted by normalized enrichment score (left) and enrichment map illustrating pathways most significantly different between 468’OE and 468’P (right). (C) Non-linear fit model of [CAR] vs. normalized response for IC50 determination. (468’OE: n=6, R2 = 0.92; 468’CTRL: n=6, R2 = 0.95). (D) Representative flow cytometry scatterplots of annexin V staining (left) of 468’CTRL and 468’OE cells treated with carboplatin 2 μM for 72h and statistical analysis of the mean frequency of annexin V positive cells using one-way ANOVA corrected for multiple comparisons using the Holm-Sidak method (right, n=3). (E) mRNA level fold change (Log2) of CTNNB1 (β-catenin), Wnt target AXIN2, and stem cell markers in 468’OE cells vs. 468’CTRL (n=4). Multiple t-tests with Holms-Sidak correction for multiple comparisons. (F) Representative scatterplots of flow cytometric analysis of aldehyde dehydrogenase activity (left) and statistical analysis of the mean percentage of ALDH+ cells in 468’OE (n=5) and 468’CTRL (n=5) using Welch’s t-test (right). (G) Representative scatterplots of flow cytometric analysis of CD44-PE and CD24-APC immunolabeling (left) and corresponding statistical analysis of the mean percentage of CD44+/CD24- cells using Welch’s t-test (right; n=3). (H) Representative brightfield images of tumorspheres generated from 468’CTRL and 468’OE cells (left, scale bar: 50 μm) and statistical analysis of mean tumorsphere forming units (number of spheres/number of seeded single cells) using Welch’s t-test (right; n=3). (Barplots represent mean + SEM. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns, non significant).



We then performed mRNA-sequencing to investigate biological processes altered by overexpression of β-catenin in TNBC cells. Differentially expressed genes (Supplementary Table 2) were ranked by fold-change and analyzed by GSEA using the Wikipathways database. We detected an interesting enrichment of gene sets related to both pluripotency and differentiation, namely Embryonic Stem Cell Pluripotency Pathways (M39530: WP_ESC_PLURIPOTENCY_PATHWAY) and Wnt signaling in pluripotency (M39387: WP_WNT_SIGNALING_PATHWAY_AND_PLURIPOTENCY) (Figure 3B). In addition, GSEA revealed a significant correlation between the transcriptional profile of 468’OE cells and hESC and pluripotency transcription factor gene sets (Supplementary Figure 3A).

468’OE displayed increased carboplatin resistance in comparison with 468’CTRL cells (empty lentiviral vector) (IC50 468’OE: ~7 μM vs. IC50 468’CTRL: ~1.5 μM) (Figure 3C). Accordingly, flow cytometric analysis revealed that upon overexpression of active β-catenin, 468’OE cells fail to induce apoptosis when challenged with carboplatin, displaying Annexin V positivity frequencies at the same level of untreated cells (Figure 3D). These data confirm the direct involvement of β-catenin in the acquisition of in vitro carboplatin resistance in TNBC.

Next, we probed gene expression of Wnt targets and pluripotency and cancer stem cell markers by RT-qPCR. As observed with pharmacological activation of Wnt, β-catenin overexpression also induced a significant upregulation of pluripotency markers OCT4 and NANOG but also cMYC and LGR5 (Figure 3E).

Further, in accordance with the increased expression of pluripotency and stemness-related genes, flow cytometric analysis of ALDH activity (Figure 3F) and CD44/CD24 expression (Figure 3G) corroborated the presumptive induction of an enhanced cancer stem cell phenotype upon overexpression of β-catenin in TNBC cells.

Finally, we investigated whether overexpression of β-catenin functionally endows TNBC cells with enhanced tumorsphere formation capacity. Indeed, 468’OE cells displayed a significantly higher sphere-forming efficiency when grown in 3D suspension culture conditions, confirming that β-catenin overexpression functionally enhances in vitro stem cell properties in TNBC cell lines (Figure 3H).

The overexpression of ΔN90-β-catenin on MDA-MB-231 cells yielded the same effect with a roughly 10-fold increase in the IC50 of carboplatin, as well as increased ALDH activity and tumorsphere formation capacity (Supplementary Figures 3B–F).



Wnt Inhibition Disrupts Carboplatin Resistance in 468’R Cells and Downregulates Cancer Stem Cell and Pluripotency Marker Expression

Wnt signaling is deregulated in 468’R cells, and β-catenin overexpression on parental cells confirmed its role in mediating the carboplatin-resistant stem-like phenotype. Given these observations, we hypothesized that inhibition of Wnt signaling could restore sensitivity in 468’R cells. To that end, we used LGK974 (LGK), a small molecule inhibitor of the endoplasmic reticulum palmitoyltransferase porcupine (PORCN). This enzyme is responsible for processing Wnt ligands for secretion, mediating a crucial step of Wnt-dependent signaling (54).

Combinatorial treatment of 468’R cells with 2 μM of CAR and increasing concentrations of LGK resulted in carboplatin-sensitivity in a dose-dependent manner, starting at 200 nM of the Wnt inhibitor (Figure 4A). Interestingly, LGK treatment alone (200 nM) was insufficient to induce apoptosis in both 468’R and 468’P. However, when added to carboplatin, LGK induced strong annexin V positivity in 468’R cells, indicating rescue of carboplatin sensitivity in the resistant cell line (Figure 4B).




Figure 4 | Wnt inhibitor LGK974 disrupts carboplatin resistance and pluripotency gene expression. (A) Absolute cell number of 468’R cells treated for 72 hours with increasing concentrations of LGK974 in the presence or absence of 2 μM carboplatin. Multiple t-tests (n=3). (B) Phase-contrast microscopy of 468’R cells treated for 72 hours with 200 nM LGK974 or DMSO in the presence or absence of 2 μM carboplatin (left). Mean frequency of annexin V positive cells in 468’P and 468’R cells treated with or without 200 nM LGK974 in presence or absence of 2 μM carboplatin showing the resensitization of 468’R cells to carboplatin when co-treated with Wnt inhibitor (right, n=3). One-way Anova with correction for multiple comparisons using the Holm-Sidak method. (C) Relative mRNA expression of Wnt target and stem cell markers upon 72-hour treatment with DMSO or 200 nM LGK974 with or without 2 μM carboplatin in 468’R cells (n=3). Multiple t-tests: Unt vs. Unt+LGK & CAR vs. CAR+LGK. (Barplots represent mean + SEM. *p < 0.05; **p < 0.01; ****p < 0.0001; ns, non significant).



Gene expression analysis by qPCR of LGK-treated 468’R cells confirmed downregulation of Wnt signaling by reduced expression of Wnt target AXIN2. More importantly, LGK severely reduced transcript levels of pluripotency markers OCT4, NANOG, and cMYC, both in the presence or absence of carboplatin (Figure 4C). These results corroborate the hypothesis that Wnt primes TNBC cells for carboplatin resistance by maintaining a stem-cell-like phenotype.



Inducible β-Catenin Knockdown Resensitizes 468’R Cells to Carboplatin and Disrupts Expression of Stem Cell Markers and Tumorsphere Formation Capacity

Next, we investigated whether cancer stem cell markers and function could be manipulated by directly disrupting β-catenin making use of doxycycline (DOX) inducible short-hairpin RNA targeting CTNNB1 (β-catenin) transcripts in 468’R cells (iCTNNB1-KD) (55).

Gene expression analysis by RT-qPCR confirmed a reduction of roughly 90% in CTNNB1 transcripts upon DOX treatment of iCTNNB1-KD cells whereas, as expected, cells expressing inducible scrambled shRNA (iSCRMBL) maintained basal β-catenin transcript levels (Figure 5A). Notably, DOX-induced β-catenin knockdown led to a robust reduction of pluripotency and cancer stem cell markers, confirming the role of β-catenin in maintaining their high expression (Figure 5A).




Figure 5 | Inducible β-catenin shRNA disrupts carboplatin-resistance and stem cell function in 468’R cells. (A) Relative mRNA expression level of CTNNB1 (β-catenin) and Wnt target and pluripotency markers in 468’R cells transduced with inducible CTNNB1-targeting or SCRMBL shRNAs, in the presence or absence of doxycycline (n=3). Welch’s t-test (Dox vs. no Dox). (B) Non-linear fit model of [CAR] vs normalized response for IC50 determination in iCTNNB1-KD cells in presence or absence of doxycyclin. (n=3, R2 + DOX: 0.93, R2 - DOX: 0.95). (C) Representative scatterplots of flow cytometric analysis of apoptosis by annexin V staining of 468’R iCTNNB1-KD and 468’R iSCRBML cells treated with or without 2 μM carboplatin for 72h in presence or absence of doxycycline (left) and corresponding statistical analysis of the mean frequency of annexin V positive cells (right, n=6). One-way Anova with correction for multiple comparisons using the Holm-Sidak method. (D) Representative brightfield images of tumorspheres generated from 468’R iSCRMBL and 468’R iCTNNB1-KD cells (left, scale bar: 50 μm) and statistical analysis of mean tumorsphere forming units (number of spheres/number of seeded single cells) (right; n=3). Welch’s t-test (Dox vs. no Dox). (Barplots represent mean + SEM. *p < 0.05; ***p < 0.001; ****p < 0.0001; ns, non significant).



Next, we investigated the effect of β-catenin knockdown on in vitro carboplatin response by determining the IC50 for 468’R iCTNNB1-KD cells in the presence or absence of DOX. Suppressing the expression of β-catenin had a remarkable effect on carboplatin resistance. DOX-treated iCTNNB1-KD cells displayed a substantial reduction in measured IC50 compared to non-induced cells (IC50 -DOX: ~11 μM vs. IC50 +DOX: ~1 μM) (Figure 5B). Importantly, 468’R iSCRMBL cells displayed no significant changes in IC50 (-DOX: ~13 μM vs. +DOX: ~11 μM) (Supplementary Figure 4). Additionally, when exposed to the IC50 of 468’P cells, 468’R iCTNNB1-KD cells strongly induced apoptosis in the presence of DOX, while no difference was observed in iSCRMBL cells (Figure 5C).

Finally, we assessed the effect of β-catenin suppression on tumorsphere formation as a functional readout for stem cell activity. In line with the downregulation of stem cell marker expression in the presence of DOX, iCTNNB1-KD cells displayed a significantly lower tumorsphere forming frequency when β-catenin shRNA was induced. On the other hand, differences upon the induction of SCRMBL shRNA were negligible (Figure 5D).



Wnt Inhibition Disrupts In Vivo Carboplatin Resistance in a Carboplatin-Resistant TNBC Patient-Derived Xenograft

Patient-derived xenografts are essential in vivo models of human neoplasms. Moreover, PDX models retain with excellent fidelity histological and molecular features of originating tumors, representing essential tools for assessing drug resistance and response (56–58).

To study whether, like in 468’R cells, in vivo PORCN inhibition with LGK re-establishes carboplatin sensitivity, we used an isogenic carboplatin-resistant TNBC PDX (C4O) obtained from a previously chemotherapy-sensitive model (BRC016) (35). In brief, ten mice bearing BRC016 tumors were treated with 50 mg/kg of carboplatin once weekly for three weeks. Nine out of ten BRC016-bearing mice achieved a complete response to treatment with no tumors detectable. However, one tumor displayed a late response and became resistant to further treatment despite undergoing a substantial volume reduction. The non-responder xenograft eventually regrew from the post-treatment residual tumor (Figure 6A). Material from the regrown tumor was collected to establish an isogenic model of carboplatin-resistant TNBC (C4O) and gene expression analysis revealed changes in Wnt signaling target AXIN2 and pluripotency and stem markers NANOG, OCT4, SOX2, and LGR5 (Figure 6B).




Figure 6 | WNT inhibition disrupts in vivo carboplatin-resistance in a carboplatin-resistant TNBC Patient-Derived Xenograft. (A) Tumor growth curves of carboplatin-sensitive BRC016 TNBC PDX model. Nine out of 10 mice show a complete response to treatment. One animal (red line) had a very delayed response and still had residual tumor mass after three weeks of treatment. The residual xenograft resumed growth after carboplatin treatment was stopped. This tumor was collected to establish a carboplatin-resistant model (C4O). (B) Comparative gene expression analysis by qRT-PCR of Wnt target AXIN2 and stem cell markers in BRC016 carboplatin-sensitive PDX and the C4O carboplatin-resistant isogenic PDX (n=4). Welch’s t-test. (C) Tumor growth curves of C4O carboplatin-resistant PDX treated with VEH, LGK974, CAR, or CAR+LGK showing reduced tumor growth in the combinatorial treatment arm (VEH, CAR, CAR+LGK n=6 and LGK n=5) (left). Two-way ANOVA with Tukey correction. The green-shadowed area under the curve represents highlights the time points in which the difference between CAR and CAR+LGK is statistically significant. Representative photographs of tumors in each treatment arm at day 21 of treatment (right). (D) mRNA level fold change (Log2) vs. VEH treatment (no carboplatin and no Wnt inhibitor) in tumors dissected at treatment endpoint (21 days) (n=3). Multiple t-tests (VEH vs. LGK and CAR vs. CAR+LGK). (E) Representative confocal microscopy images (left) of TUNEL staining in green and human pan-cytokeratin immunolabeling in red and respective quantification and statistical analysis of TUNEL positive cells (VEH n=4, LGK n=4, CAR & CAR+LGK n=6). One-way ANOVA with correction for multiple comparisons using the Holm-Sidak method. (Barplots represent mean + SEM. *p < 0.05; **p < 0.01; ****p < 0.0001; ns, non significant).



In vivo carboplatin resistance was maintained in subsequent generations of transplanted C4O PDX models. We detected no significant differences in mean final tumor volumes in animals treated with vehicle or 50 mg/kg carboplatin, administered once weekly intraperitoneally, for three weeks (Supplementary Figure 5A). However, combinatorial treatment with daily dosing of PORCN inhibitor LGK drastically reduced C4O tumor growth (Figure 6C and Supplementary Figure 5A). LGK was well tolerated both as mono-therapy and in combination with carboplatin, and no significant changes in mouse body weight were observed during treatment (Supplementary Figure 5B). Interestingly, LGK or CAR alone could not reduce C4O growth (Figure 6C), and no significant differences in mean final tumor volumes between VEH, CAR, and LGK-treated animals were observed. Importantly, we did not find differences in Ki67 positivity between any treatment arms, indicating that reduced tumor growth in CAR+LGK treated animals was not due to differences in proliferation (Supplementary Figure 5C).

Gene expression analysis by RT-PCR revealed that similar to what we observed upon treating 468’R cells with LGK, inhibition of PORCN in C4O led to the depletion of pluripotency marker expression both in the presence or absence of carboplatin (Figure 6D).

Finally, given the absence of alterations in the expression of Ki67, we sought out to understand whether the drastic reduction in tumor growth in animals treated with the combination of CAR and LGK could be due to increased apoptotic cell death. For this, we performed fluorescent terminal deoxynucleotidyl transferase dUTP nick end labeling (TUNEL) to detect DNA fragmentation as a readout of apoptosis. We combined TUNEL staining with human pan-cytokeratin immunolabeling to enable quantification of apoptotic signal specifically in cancer cells. No differences in TUNEL positivity were measured in VEH, LGK, and CAR-treated animals. However, animals treated with the combination of CAR and LGK displayed a significant increase in apoptotic TUNEL signal (Figure 6E).



Wnt Signaling Is Deregulated in Patients With Platinum-Resistant TNBCs and High-Grade Serous Ovarian Cancer

To understand whether alterations in Wnt signaling are prevalent in platinum-resistant human TNBCs, we analyzed a public RNA microarray dataset (GSE103668) comprised of 21 pre-treatment samples from TNBC patients treated with cisplatin and bevacizumab (59). Due to the scarcity of additional platinum-treated TNBC transcriptomic data available in public repositories, we decided to include a supplementary dataset from high-grade serous ovarian cancer (HGSOC) (E-MTAB-7083) (Figure 7A). The reason for this choice lies in the extensive use of platinum-based chemotherapy in this type of cancer and the striking overlap in clinical and molecular features between HGSOC and TNBC (61).




Figure 7 | Wnt signaling is deregulated in patients with platinum-resistant TNBCs, high-grade serous ovarian cancer, and isogenic cisplatin-resistant ovarian cancer cell lines. (A) Summary of datasets and analysis methodology used. Functional enrichment and mapping as previously reported (40, 41, 60). (B) Enriched KEGG gene sets in patients with platinum-resistant TNBC (left) and HGSOC (right). (C) Enrichment maps for visualization of enriched KEGG gene sets in patients with platinum-resistant TNBC (left) and HGSOC (right). (D) Enrichment maps for visualization of gProfiler functional enrichment analysis of ranked, upregulated DEGs in patients with platinum-resistant TNBC (left) and HGSOC (right).



The available clinical metadata was analyzed in both datasets to classify patients based on response to treatment, and differential gene expression was calculated between responders and non-responders. Interestingly, GSEA analysis on ranked differentially expressed genes using the KEGG database retrieved Wnt signaling as one of the top enriched terms with False Discovery Rate (FDR) <10% in TNBC and HGSOC patients with no response to platinum therapy (Figure 7B). Other enriched KEGG terms comprised biological processes such as focal adhesion, extracellular matrix interaction, and other signaling pathways such as TGFβ and Hedgehog. Enrichment maps of GSEA hits for both datasets contained distinctive Wnt-related clusters involving gene sets with overlapping enriched genes such as “Melanogenesis” and “Basal Cell Carcinoma” for TNBC patients and HGSOC with the addition of “Hedgehog Signaling Pathway” in the latter (Figure 7C). To obtain a broader perspective of the function of differentially expressed genes, we performed functional enrichment analysis for both datasets using gProfiler to retrieve enriched gene ontology, Reactome, and Wikipathway gene sets to build enrichment maps. We obtained a distinctive cluster of Wnt-related terms in both datasets, including regulating both canonical and non-canonical Wnt signaling in TNBC and regulating pluripotency and Wnt ligand biogenesis and secretion in HGSOC (Figure 7D).

Altogether, these results highlight Wnt signaling’s importance in mediating platinum resistance in human TNBC and suggest transversal resistance mechanisms across TNBC and HGSOC.




Discussion

Primary and acquired resistance to chemotherapy poses a critical hurdle in the treatment of cancer. This is particularly important in TNBC due to the relatively limited therapeutic toolbox available and the daunting clinical characteristics of this disease. In the continued absence of targeted molecular therapies, we must strive to improve response to current therapeutic options given the high probability of shorter survival when pCR is not achieved. The use of platinum compounds in combination with other agents or as a standalone treatment in TNBC is still under intense investigation but already shows the potential to improve pCR rates in this breast cancer subtype. However, how TNBCs specifically develop resistance to platinum-based treatment is still a poorly understood process.

In this study, we used an isogenic carboplatin-resistant TNBC cell line and used next-generation mRNA sequencing to identify transcriptomic differences between sensitive and resistant cells. Functional enrichment analysis indicated, among others, the existence of profound differences in transcription of Wnt signaling and pluripotency-related genes. Active β-catenin protein levels, together with pluripotency transcription factor and cancer stem cell marker expression, confirmed enrichment of Wnt signaling and stem cell features in resistant cells. Importantly, resistant cells displayed significantly higher in vitro tumorsphere formation efficiency, a strong indicator of the functional acquisition of cancer stem cell features which could underly chemotherapy resistance. However, further in vivo characterization of this model of carboplatin resistance should be performed to validate enrichment tumor-initiating capacity thoroughly.

Nonetheless, we deemed the observed in vitro enrichment in Wnt signaling, and stem cell features significant since there is a link between this pathway and cancer stem cell biology and tumorigenesis. In addition, several studies have demonstrated the involvement of this pathway in mediating resistance to chemotherapy and radiation in different types of cancer, including breast (30, 34, 62–64). Wnt signaling is also known to specifically mediate platinum resistance in endometrial cancer (65), ovarian (66), and oral squamous cell carcinoma (67). However, little is known regarding the role of Wnt signaling in mediating resistance to platinum in TNBC. Interestingly, Wnt is often deregulated in breast cancers, particularly TNBCs, despite the negligible frequency of mutations in Wnt pathway components. Significantly, Wnt activation is associated with poor clinical outcomes in TNBC (68).

Based on the transcriptomic data herein generated, we hypothesized that stem-cell gene expression and carboplatin resistance could be induced on parental MDA-MB-468 cells by manipulating Wnt signaling. For this, we first used CHIR, a small molecule inhibitor of GSK3β, thereby activating Wnt. Our results showed a significant increase in pluripotency marker expression and reduced apoptosis upon concomitant treatment with Wnt agonist and carboplatin. Past studies regarding the role of this multi-substrate kinase in treatment resistance are rather intriguing. While our results confirm other studies that report the enrichment of stem cell features upon GSK3β inhibition (69, 70), they seem to contradict reports of GSK3 inhibition leading to reduction of tumor growth and apoptosis (71–73). However, it is essential to note that GSK3 regulates several pathways and a myriad of cellular functions. In addition, its’ role in cancer is not only complex but also controversial since it has both tumor-suppressing and tumor-promoting functions (74). One example of its’ tumor-suppressor capabilities is through its’ inhibitory role on the Wnt signaling pathway, with the expression of kinase-inactive mutants leading to oncogenic conversion of epidermal cells (75). On the other hand, GSK3β is overexpressed in certain cancers such as colon, liver, and pancreas. In the latter, depletion of GSK3β was shown to drastically reduce tumor growth, highlighting the pro-tumoral effects of GSK3β (76). Given this, it is highly likely that the different outcomes of GSK3β inhibition may be specific to different tissues and cancer types.

Nonetheless, by overexpressing β-catenin in parental cells, we could replicate the phenotype of the isogenic carboplatin-resistant cells and GSK3 inhibition extensively. Specifically, β-catenin overexpression induced a significant increase in expression of pluripotency markers and induced carboplatin resistance, highlighting the role of Wnt pathway activation on drug resistance in TNBC.

To further validate the role of Wnt signaling and specifically β-catenin in mediating carboplatin resistance in TNBC, we made use of another TNBC cell line: MDA-MB-231. Several studies report the enrichment of cancer stem cell features such as high expression of the CD44+/CD24- immunophenotype in these cells (25, 77). Both pharmacological activation of Wnt and β-catenin overexpression successfully induced pluripotency marker expression and enhanced resistance to carboplatin. Additionally, β-catenin overexpression significantly enhanced ALDH activity and tumorsphere formation. These are interesting observations given the pre-existing enrichment in CD44+/CD24- in this cell line.

Nonetheless, another study has established a clear correlation between enhanced Wnt activity and enriched cancer stem cell potential in MDA-MB-231 cells (78). Importantly, in standard culture conditions, these cells display very low Wnt transcriptional activity but respond robustly to exogenous Wnt activation. This suggests some level of phenotypic plasticity that can be further skewed towards a more stem-like state by high levels of Wnt activation.

Inhibition of Wnt ligand secretion using LGK in isogenic carboplatin-resistant cells disrupted stem cell markers’ expression and reversed resistance. Interestingly, inhibition of Wnt ligand secretion alone was insufficient to induce apoptosis in either carboplatin sensitive or resistant cells, despite severely downregulating stem cell marker expression. This indicates that Wnt secretory signals are not necessarily essential for the survival of either sensitive or resistant cells, but rather that these signals prime the latter for survival upon challenge by carboplatin. Secreted Wnt-ligands originating from cells of the tumor microenvironment have been shown to significantly contribute to resistance by mediating immune evasion, cancer progression, and cancer stem cell maintenance (79). We here provide in vitro evidence for cancer cells themselves being an additional source of resistant-mediating Wnt-ligands in a cell-autonomous manner. Understanding which cancer cell-derived ligands are being secreted and their influence over other cell types associated with the tumor microenvironment would prove beneficial for developing novel therapeutic approaches and discovering new biomarkers for drug response.

LGK prevents the secretion of all Wnt ligands by inhibiting the palmitoyl acyltransferase PORCN. In vertebrates, the Wnt family of lipid-modified secreted signaling proteins comprises 19 members, conferring a great deal of complexity to this pathway. Wnt signaling includes a canonical or Wnt/β-catenin dependent pathway and the non-canonical or β-catenin-independent pathway (80). For that reason, it was essential to determine whether LGK-induced carboplatin sensitivity was mediated directly by β-catenin. Silencing β-catenin downregulated stem cell marker expression and dramatically reversed resistance to carboplatin, phenocopying LGK effects, and directly implicating canonical Wnt signaling in the maintenance of carboplatin resistance.

Inhibition of Wnt ligand secretion, namely through the inhibition of PORCN, has been under scrutiny during the last decade as a potential therapeutic approach for different types of cancer. LGK specifically has shown excellent preclinical efficacy in Wnt-addicted models (81) and is under examination in phase I clinical trial for several Wnt-dependent solid malignancies, including TNBC (NCT01351103) (82). We evaluated whether this molecule could resensitize an in vivo model of carboplatin-resistant TNBC. Previous studies reported that LGK alone significantly reduces the growth of a murine mouse mammary tumor-Wnt3 model (81). To our surprise, daily dosing of LGK alone had no impact on tumor growth. This is analogous to what we observed when treating carboplatin-resistant cells with LGK alone. Importantly, we observed a significant reduction of tumor growth in animals treated with a combination of daily LGK and weekly carboplatin.

The resistance we observe in our models is likely multifactorial, and Wnt is probably one of several deregulated processes which ultimately contribute to it. Nonetheless, it is crucial to consider that Wnt signaling has an overarching set of functions that lead to chemotherapy resistance. Fischer and colleagues demonstrated that in colorectal cancer PDX models, monoclonal antibodies targeting RSPO3 (a potent Wnt-signaling enhancer that binds LGR5 to potentiate Wnt activation by reducing Wnt-receptor turnover) had a strong synergistic effect against tumor growth when administered in combination with paclitaxel (83). However, when anti-RSPO3 antibodies were administered alone, they failed to reduce tumor progression. Interestingly, anti-RSPO3 administration alone significantly decreased the frequency of cancer stem cells, despite the absence of deleterious effects on tumor viability. The combinatorial treatment further decreased cancer stem cell frequency, and a surge in differentiated paclitaxel-sensitive cells was observed. An earlier study reports a very similar effect in breast cancer xenografts treated with antibodies targeting Frizzled (Wnt-ligand receptors) and taxanes, where antibody treatment alone had a limited effect on tumor growth and combined with taxanes resulted in a potent synergism (84). We report a similar therapeutic dynamic with LGK in our resistant models of TNBC, wherein LGK or β-catenin knockdown disturb stem cell functions without affecting in vitro tumorsphere formation and proliferation and in vivo tumor growth.

In addition to regulating and maintaining cancer stem cells, Wnt is known to mediate chemotherapy and radiotherapy resistance in non-stem cancer cells. One example is the enhancement of DNA damage repair in ovarian cancers (85, 86). Moreover, Wnt directly regulates the transcription of several genes encoding proteins associated with resistance to chemotherapy in diverse cancer types, such as MDR1 (Multi-drug resistance protein 1, also known as ABCB1), Survivin, and MMP7 (87). However, lower expression levels of these proteins could likely have no deleterious effects in cancer cells in the absence of cytotoxic aggression by chemotherapeutic agents.

We thus hypothesize that the synergistic effect of LGK and carboplatin is likely mediated by the combination of a shift in population dynamics from a cancer stem cell-like state to a generally more differentiated and drug-sensitive phenotype. This effect compounds with the repression of other resistance-inducing features that are non-exclusive of stem cells, thereby enhancing the response to treatment upon exposure to exogenous stressors.

Finally, we were able to identify similarities in transcriptional profiles of patients with platinum-refractory ovarian and triple-negative breast neoplasms. Wnt signaling deregulation is a common denominator in both datasets we analyzed. Given the overlapping clinical and molecular features of both cancer types, it would be interesting to investigate whether transversal resistance mechanisms exist for other therapies and other cancers. There is growing evidence that different cancers harbor rare stem cell populations, significantly contributing to therapy resistance and relapse. In addition, in many cancer types, Wnt/β-catenin is enriched in cancer stem cells.

Interestingly, Wnt activation is also coupled with a poor prognosis in several cancers, possibly indicating the existence of a common role for Wnt signaling in cancer stem cell regulation across different neoplastic diseases and suggesting that a common therapeutic approach focusing on cancer stem cell eradication could be effective in a wide variety of cancers. This warrants the necessity for developing and characterizing isogenic in vitro and in vivo models of resistance and the preclinical evaluation of Wnt-targeting molecules and their effect on cancer stem cell-mediated treatment resistance in other cancer types.

Altogether, this study demonstrates that response to platinum can be improved, and stable in vitro and in vivo resistance can be reversed by a combinatorial approach to TNBC treatment which leverages the inhibition of Wnt signaling to disrupt resistance-inducing cancer stem cell functions.
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Supplementary Figure 3 | (A) GSEA of hESCs (26) (left), Cancer Progenitor (46) (center), and pluripotency transcription target gene sets (26) (right) in 468’OE vs 468’P cells. (B) Phase-contrast microscopy (scale bar: 100 μm) of control MDA-MB-23 and 231’OE (Δn90 β-catenin overexpression). (C) Western blot of total β-catenin in MDA-MB-231 cells transduced with an empty vector or truncated, constitutively active β-catenin isoform ΔN90. β-actin was used as a loading control. (D) Non-linear fit model of [CAR] vs. normalized response for IC50 determination (right). (n=2) (E) Representative scatterplots of flow cytometric analysis of aldehyde dehydrogenase activity (left) and statistical analysis of the mean percentage of ALDH+ cells in 231’OE and 231’Ctrl cells using Welch’s t-test (n=5) (right). (F) Representative brightfield images of tumorspheres generated from 231’Ctrl and 231’OE cells (left, scale bar: 100 μm) and statistical analysis of mean tumorsphere forming units (number of spheres/number of seeded single cells) (right; n=3). Welch’s t-test. (Barplots represent mean + SEM. *p <0.05, **p<0.01, ***p<0.001, ****p<0.0001, ns = non significant).

Supplementary Figure 4 | Non-linear fit model of [CAR] vs. normalized response for IC50 determination (right) in 468’R cells transduced with inducible scrambled non-targeting shRNAs in the presence or absence of DOX. (n=2).

Supplementary Figure 5 | (A) Final tumor volumes of VEH (n=6), LGK (n=5), CAR (n=6) and CAR+LGK (n=6) treated mice. One way-ANOVA with Holm-Sidak correction for multiple comparisons. (B) Bodyweight change in percentage of initial treatment bodyweight for VEH (n=6), LGK (n=5), CAR (n=6) and CAR+LGK (n=6) treated mice. No statistically significant changes detected by two way ANOVA. (C) Representative brightfield microscopy (20x magnification) of tumor sections labeled with anti-human Ki67 (left) and corresponding statistical analysis of the mean frequency of Ki67 positive cells. (VEH, CAR, CAR+LGK n=6 and LGK n=4). One-way ANOVA with Holm-Sidak correction for multiple comparisons. (Barplots represent mean + SEM. *p <0.05, **p<0.01, ***p<0.001, ****p<0.0001, ns = non significant).
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Cancer is an urgent public health issue with a very huge number of cases all over the world expected to increase by 2040. Despite improved diagnosis and therapeutic protocols, it remains the main leading cause of death in the world. Cancer stem cells (CSCs) constitute a tumor subpopulation defined by ability to self-renewal and to generate the heterogeneous and differentiated cell lineages that form the tumor bulk. These cells represent a major concern in cancer treatment due to resistance to conventional protocols of radiotherapy, chemotherapy and molecular targeted therapy. In fact, although partial or complete tumor regression can be achieved in patients, these responses are often followed by cancer relapse due to the expansion of CSCs population. The aberrant activation of developmental and oncogenic signaling pathways plays a relevant role in promoting CSCs therapy resistance. Although several targeted approaches relying on monotherapy have been developed to affect these pathways, they have shown limited efficacy. Therefore, an urgent need to design alternative combinatorial strategies to replace conventional regimens exists. This review summarizes the preclinical studies which provide a proof of concept of therapeutic efficacy of combinatorial approaches targeting the CSCs.
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Introduction

Cancer stem cells (CSCs) constitute a cell subpopulation within the tumor whose frequency depends on the tumor type (1) and stage, being the frequency increasing with the tumor malignant progression (2). These cells possess both the ability to unlimited self-renewal and to generate the heterogeneous and differentiated cell lineages that form the tumor bulk (3). In addition, they show enhanced ability to form tumorspheres (4), high tumorigenicity (5) and high metastatic potential (6). CSCs have a leading role on resistance to cancer therapies such as chemotherapy, radiotherapy and molecular targeted therapy (7, 8). In fact, recent findings show that these conventional therapeutic interventions exert selective pressure on tumors (9, 10) resulting in the activation of or selection of cancer cells unresponsive to the treatment that display alternative pathways associated with CSCs properties. High expression level of transmembrane proteins adenosine triphosphate-binding cassette family which efflux anti-tumor drugs out of tumor cells (11), elevated capacity of DNA repair mechanism, increased protection against reactive oxygen species (ROS) and up-regulation of anti-apoptotic pathway (12) constitute a range of CSCs properties that serve chemotherapy and radiotherapy resistance. In addition to the above-mentioned features, CSCs acquire a transient state of slow proliferation that identifies a population of quiescent cells able to maintain viability in conditions that kill the other cancer cells. However, after the discontinuation of the therapy, the quiescent state is reverted and CSCs can regenerate cancer (13) following the activation of new survival strategies, including new mutations, trans-differentiation or reprogramming (14). Moreover, the radiotherapy induces the Epithelial to Mesenchymal Transition (EMT) program that makes the CSCs more invasive and resistant to the therapy (15, 16).

Developmental signaling pathways [including Wnt, Sonic Hedgehog (Shh) and Notch] and oncogenic cascades (including transforming growth factor-beta (TGF-β), Janus kinase/signal transducer and activator of transcription 3 (JAK/STAT3), phosphatidylinositol 3-kinase/V-Akt murine thymoma viral oncogene/mammalian target of rapamycin (PI3K/AKT/mTOR), Mitogen-activated protein kinase (MAPK) and V-SRC avian sarcoma (Src) have been identified as key players both in CSCs biology maintenance and in cancer therapy resistance (17, 18). The description of these signaling pathways and their roles in defining the biology of CSCs will not be tackled herein and the reader is invited to refer to reviews that widely discuss these topics (17–28). Although several targeted approaches relying on monotherapy have been developed to affect these pathways, they have shown limited efficacy due to the activation of bypass pathway(s) and to the complexity of signaling networks containing feedback loops and cross-talk. For example, bypass activation of mitogen-activated protein kinase kinase (MEK) and/or AKT limits mTOR/PI3K inhibitor therapy (29, 30). Src inhibition rapidly mediates MEK/MAPK induction in preclinical breast cancer models (31, 32) and in high-grade serous ovarian cancer cellular model (33). MEK inhibition induces PI3K pathway in KRAS mutant cancers leading to MEK inhibitor resistance (34). The activation of MAPK-interacting kinase (MNK) signaling in response to mTOR complex1 (mTORC1) inhibition leads to the resistance mechanism in medulloblastoma (35). Therefore, strategies targeting more than one pathway might yield greater, and more durable responses. Similarly, strategies that combine the molecular targeted therapy with chemotherapy or radiotherapy could be more effective. In addition to signaling pathways, tumor-associated antigens, or molecules expressed by CSCs, have been linked to therapeutic resistance. These molecules represent targets for the development of new therapeutic avenues.

This review describes the state of the art of the CSCs-targeted combinatorial therapies investigated in the preclinical studies with a focus on the hematological malignancies and different types of solid tumors. These studies provide a proof of concept of the efficacy of these dual therapeutic approaches, in which the molecular targeted therapy, and/or the chemotherapy and/or the radiotherapy are combined each with other, to fight CSCs (Figure 1).




Figure 1 | The schematic diagram shows combinatorial strategies to fight CSCs applied in the preclinical studies described in the text.





Combinatorial Strategies in Treatment of Hematological Malignancies CSCs

Combinatorial therapeutic approaches have been investigated in treatment of acute myeloid leukemia (AML) and chronic myeloid leukemia (CML) CSCs.


Acute Myeloid Leukemia

About 30% of AML patients show FMS-like tyrosine kinase-3 (FLT3)-mutations, which are associated with high levels of β-catenin. This observation suggests that the combined blockade of β-catenin and FLT3 could represent a new therapeutic avenue. Here AML and Leukemia Stem Cell (LSC)/progenitor cell viability is inhibited following treatment with the β-catenin/CBP antagonist C-82 combined with FLT3-tyrosine kinases inhibitor (TKI) sorafenib or quizartinib (36). Pre-treatment with C-82 sensitizes cells to sorafenib or quizartinib, thus resulting in reduced cell viability and induction of apoptosis both in AML cells and LSC/progenitor cells. Similarly, in vivo C-82 in combination with sorafenib or quizartinib synergistically acts to promote prolonged survival in mice xenografted with either a FLT3-mutated cell line or patient-derived tumor cells (patient-derived xenograft (PDX) mice). Mechanistically, C-82, TKIs or the combination of the two drugs effectively inhibit Wnt/β-catenin targets and FLT3 downstream signaling, with the combinatorial administration being more effective (36). The efficacy of the therapy has been also tested by using PRI724, another β-catenin/CBP antagonist. In addition, the cooperative action supported by blockade of Wnt/β-catenin and FLT3 is also provided by the administration of dual FLT3 and Wnt/β-catenin inhibitor SKLB-677 that suppresses LSCs and has strong anti-leukemia activity in FLT3-mutated AML cells (37), thus providing the rationale for the development of clinical trials.

Shh activation is detected in 45% of AML biopsies (38) and plays a role in drug resistance of AML CSCs, thus providing the rationale for selective inhibition of this pathway for AML treatment. Cyclopamine is a Shh inhibitor that does not affect the survival of normal hematopoietic stem cells (39, 40). A therapeutic combinatorial strategy relying on the administration of cyclopamine in the presence of either Lipopolysaccharide (LPS) or Tumor Necrosis Factor-α (TNF-α) or interferons (IFNs) has been proposed to cure AML patients (41). Here cyclopamine-LPS administration synergistically reduces cell viability respect to a moderate decrease for cells treated with cyclopamine alone or LPS alone and leads to a massive cell apoptosis in THP-1 and U937 cells, AML patients cell lines and AML primary cells. In in vivo AML xenograft mouse model, in which U937 cells were injected in severe combined immunodeficient (SCID) mice, combinatorial therapy determines a reduction in tumor growth. Similar results are obtained replacing LPS with TNF-α or IFNs, which allows to reduce the side effects caused by LPS. To exclude an eventual off-target effect another Shh pathway inhibitor, SANT-1, was administered in combination producing same effects. Thus, this synergistic suppressive activity of Shh inhibitors in combination with either LPS or TNF-α or IFNs may be exploited to induce cell death in other types of cancer cells.

Aiming at overcoming resistance of LSCs to chemotherapy in patients with AML, an additional combined therapy targeting Shh signaling components has been proposed by Long and collaborators (42). The study provides evidence that Gli1 could be a promising target for AML therapy. As such, Gli1 is highly abundant in AML CD34+ LSCs and in samples derived from AML patients in comparison to the healthy donors. Targeting Gli1 by the small-molecule inhibitor GANT61 significantly inhibits AML cells growth, suggesting that Gli1 can be considered a promising target to cure AML patients. Of note, co-treatment with Gli1 inhibitor and the generally used anti-leukemic drugs, such as cytarabine or all trans retinoic acid (ATRA), synergistically reduces AML cells viability, showing that pre-treatment with GANT61 promotes sensitization of primary AML CD34+ LSCs to anti-leukemic drugs. These data foster the findings obtained in previous studies where the combination of GANT61 with vincristine reverses chemoresistance in Lucena-1 myeloid leukemia cells (43).

Raf/MEK/ERK (MAPK) cascade is activated in 70%-80% of patients affected by AML and regulates Bcl-2 family proteins by stabilizing anti-apoptotic Mcl-1 and inactivating pro-apoptotic BIM (44, 45). Moreover, MAPK signaling activation contributes to acquired resistance to venetoclax, a strong inhibitor of Bcl-2, which is highly expressed in AML LSCs. Starting from these findings, anti-leukemia effects of concomitant Bcl-2 and MAPK blockade by venetoclax and MEK1/2 inhibitor cobimetinib in AML were investigated (46). The combined treatment suppresses both Bcl-2:BIM and Mcl-1:BIM complexes, enabling release of free BIM to induce apoptosis in AML stem/progenitor population. In addition, the combination significantly suppresses the clonogenic potential of myeloid progenitors compared to either drug alone and importantly minimally affects normal progenitor function (46).

Dasatinib is a highly potent inhibitor of tyrosine kinases, including Src and ABL, approved for treatment of solid tumors and hematological malignancies (47, 48). It was used in combination with natural compounds or chemotherapeutic drugs for CSCs treatment. Dasatinib was found able to enhance both in vitro and in vivo the sensitivity of AML stem/progenitor cells to chemotherapeutic agents such as daunorubicin, cytarabine and doxorubicin (49). Here the in vitro combined treatment results in a significant increase in inhibition of AML stem/progenitor cell proliferation and colony-forming cells compared to single agent treatments. Moreover, the dual treatment significantly enhances the apoptosis of AML stem/progenitor cells (49). In in vivo AML mouse model, dasatinib and chemotherapy (cytarabine or doxorubicin) combination shows significantly prolonged survival, indicating improved targeting of AML LSCs (49). On a molecular point of view, in AML stem/progenitors cells, the combination inhibits the activation of AKT and MAPK signaling pathways, while does not affect STAT5 pathway, and enhances the expression levels of p53 and its target genes, including BAX, p53-upregulated modulator of apoptosis (PUMA), p21, NOXA and DR5. In turn the reduced activation of AKT causes a reduction of HDM2 serine 166 phosphorylation, which is associated with p53 degradation. Therefore, the inhibition of AKT pathway probably represents the molecular mechanism responsible for p53 increased level, which is functional for the elimination of AML stem/progenitor cells treated with dasatinib/chemotherapy combination (49).

The relevance of blockade of PI3K/AKT/mTOR signaling cascade in AML stem cells therapy is highlighted by the combined treatment of active-site mTOR inhibitor MLN0128 and HDAC3 inhibitor vorinostat which stimulates a significantly higher apoptosis induction than the single agents in AML stem cells (50).



Chronic Myeloid Leukemia

CML is a stem cell disease characterized by the reciprocal translocation t(9;22) that generates the BCR-ABL1 tyrosine kinase oncoprotein. The therapy consists in the administration of BCR-ABL1 TKI, however the TKI resistance occurs in a large number of patients. The molecular mechanisms responsible for TKI resistance consist in the generation of BCR-ABL1 mutations, intrinsic stem cell resistance (51) or, within the native BCR-ABL1 genetic background, in the activation of pro-oncogenic signaling networks and molecules, including AKT, mTOR, MEK, STAT3, STAT5, JAK2, or Src kinases (52–56). In particular, the activation of STAT3 signaling pathway protects CML cells upon TKI-mediated BCR-ABL1 inhibition (54) and confers kinase-independent TKI resistance to primary CML stem and progenitor cells (57). The STAT3 targeting with BP-5-087, a potent and selective STAT3 inhibitor, in combination with TKI imatinib rescues the TKI sensitivity of TKI-resistant CML cell lines and primary CML stem and progenitor cells with no toxicity to normal hematopoietic stem or progenitor cells (57). Therefore, the combined blockade of both BCR-ABL1 and STAT3 significantly decreases the survival and the clonogenic properties of CML stem and progenitor cells with kinase-independent TKI-resistance compared to inhibition of only BCR-ABL1 or only STAT3, thus suggesting that the combination could be a new therapeutic approach for eradicating the TKI-resistant stem cell population in CML affected patients. Based on these results, another combined therapeutic approach that uses the STAT3 potent inhibitor CDDO-Me was assessed in CML treatment. The combination of CDDO-Me and TKI ponatinib induces the apoptosis and reduces the clonogenic ability of both CML stem cells and progenitor cells in a synergistic manner, as a result of the full and simultaneous inhibition of both STAT3 and STAT5 (58). CDDO-Me shows pleiotropic effects; in fact, it, in addition to inhibit STAT3, induces ROS generation, suppresses several survival-related molecules (including AKT, mTOR, and MAPK), and increases the expression of heme-oxygenase-1, a heat-shock-protein that contributes to drug resistance of CML cells (59). For these reasons, the combined inhibition of STAT3, heme-oxygenase-1 and BCR-ABL1, by using CDDO-Me, the heme-oxygenase-1 inhibitor SMA-ZnPP and TKI (dasatinib or ponatinib) respectively, was also investigated. The anti-proliferative effect of the triple-combination in CML cells was superior to single drug treatment or 2-drug treatment (58). Interestingly the CDDO-Me/TKI and CDDO-Me/SMA-ZnPP/TKI combinations do not significantly affect the proliferation of normal bone marrow cells, thus further supporting them as new therapeutic avenues (58).

A summary of the preclinical studies performed on CSCs of hematological tumors is provided in Table 1.


Table 1 | Combinatorial therapies tested in pre-clinical studies to treat CSCs from acute myeloid leukemia (AML) and chronic myeloid leukemia (CML).






Combinatorial Strategies in Treatment of Solid Tumors CSCs

Combinatorial therapeutic approaches have been investigated in treatment of CSCs from solid tumors including central and sympathetic nervous system tumors, breast cancer, prostate cancer, non-small-cell lung cancer (NSCLC), head and neck squamous cell carcinoma (HNSCC), colorectal cancer, hepatocellular carcinoma (HCC), ovarian cancer, pancreatic cancer and melanoma.


Tumors of Central and Sympathetic Nervous System


Gliomas

Gliomas, the most prevalent primary tumors of the brain and spinal cord, are characterized by the amplification of Gli1, a component of the Shh cascade, following the Ras/NFkB-mediated activation of Shh pathway (60). Therefore, the combinatorial targeting of Shh and Ras/NFkB pathways could represent a new strategy to fight gliomas. Driven by this hypothesis, Dixit and collaborators demonstrated that the combinatorial approach using Shh inhibitor SANT-1 and Ras/NFkB inhibitor guggulsterone is effective in arresting glioma CSCs and non-stem cells proliferation (61). The combined treatment significantly increases glioma CSCs and non-stem cells apoptosis compared to monotherapies, thus resulting in decreased cell viability. On a mechanistic point of view, guggulsterone inhibits Ras and NFkB activities and sensitizes cells to SANT-1-induced apoptosis. To corroborate this finding, the inhibition of Ras or NFkB is sufficient to sensitize glioma CSCs and non-stem cells to SANT-1. Of note, treatment with a combination of SANT-1 and guggulsterone on SVG p12 astroglia cell line does not decrease cell viability, thus suggesting that this combination selectively targets the viability of glioma CSCs and non-stem cells without affecting normal astrocytes (61).

Among the gliomas, glioblastoma (GBM) represents the most common and aggressive tumor of the central nervous system. The current standard of GBM treatment is surgical resection, concurrent and adjuvant chemotherapy with temozolomide (TMZ) and radiotherapy (62). However, the glioma stem cells (GSCs), responsible for GBM malignant growth, therapeutic resistance and recurrence, are not sensitive to TMZ and until now, there are no effective drugs for the clinical treatment of these cells. To develop new therapeutic approaches to fight GBM, the therapeutic efficacy of TMZ and demethoxycurcumin (DMC) combination was investigated on GSCs (63). The DMC-TMZ treatment causes a strong impairment of GSCs proliferation due to G0/G1 cell cycle arrest and apoptosis induction. On a molecular point of view, DMC-TMZ combination increases ROS production in GSCs, that in turn promotes the activation of caspase-3 signaling, thus inducing the apoptosis. In addition, the two drugs co-administration leads to a strong reduction of STAT3 signaling pathway activation in GSCs, thus resulting in the inhibition of STAT3 targets genes, including c-Myc and CDC25A genes, implicated in activating G1 to S cell cycle progression, and Bcl-2 and Bcl-xL genes that promote cell survival (63). In summary, STAT3 signaling blockade caused by DMC-TMZ combinatorial treatment contributes to GSCs growth inhibition and apoptosis, thus representing a new avenue to fight GBM.

GBM shows hyperactivation of Notch signaling, therefore several Notch-targeted therapies based on the γ-secretase inhibitors (GSIs) exploitation have been evaluated either as monotherapy or in combinatorial approaches with other regimens. Currently the GSI RO4929097 has been found effective in the treatment of patients with severe glioma in association with bevacizumab (64). Alternatively, it has been described to act synergistically with chemotherapeutic drugs contributing to reduce the numbers of GBM CSCs (65). One of the most promising approach relies on the combined treatment with GSIs and farnesyltransferase inhibitors (FTIs), the latter evaluated for their potential to cure glioma-affected patients, though with modest outcomes (66, 67). Ma and colleagues have shown that FTIs and GSIs act synergistically on GBM stem cells that become more sensitive to radiation respect to non-stem tumor cells (68). In particular, combined administration of the FTI tipifarnib and the GSI RO4929097 produces anti-proliferative effects and cytotoxicity on CD133+ CSCs respect to single agent treatment. On the contrary, CD133- cells were resistant to these drugs used either in mono- or combined therapy. Similarly, GBM xenograft tumors treated with the combination show a reduced tumor growth. The dual therapy tested on orthotopic GBM models extends the mice median survival with two cases of durable response. From mechanistic point of view, the synergistic activity of the cure relies on the ability of FTIs to compromise cell-cycle progression prior of the effect exerted by RO4929097, though the molecular mechanism remains not fully elucidated. On the same line of evidence, valuable outcomes have been reached in other trials using FTIs and GSIs in combination with TMZ (69) or treating other cancers types, such as breast and lung cancers (70, 71).

Another combined therapeutic approach uses LY2109761, an inhibitor of TGF-β type I serine/threonine kinase receptor (TGFβR-I), that shows anti-tumor activity in various tumor models (72–74). The combinatorial effects of radiation and LY2109761 were investigated in in vitro established human GBM cell lines and GSCs and in in vivo subcutaneous and orthotopic tumor models (75). Here the combined treatment significantly enhances the radiation-induced double-strand breaks, inhibits the DNA repair and increases the apoptosis of both GBM and GSCs. Moreover, it reduces the self-renewal and proliferation of GSCs compared to LY2109761 or radiation monotherapy. These data demonstrate that LY2109761 sensitizes both GBM and GSCs toward radiation (75). On a molecular point of view, combined treatment reduces SMAD2 phosphorylation, thus resulting in the blockade of TGF-β signaling cascade, that in turn affects the expression profiles of genes involved in several functional categories including cellular movement, cell death, and cellular growth and proliferation (75). Furthermore, the combinatorial treatment delays the tumor growth in both GBM subcutaneous and GSCs orthotopic xenograft tumor models and increases the survival of mice bearing orthotopically implanted brain tumor compared to single treatments. In addition, histologic analyses show that LY2109761 inhibits tumor invasion promoted by radiation, reduces tumor microvessel density, and attenuates mesenchymal transition (75). These findings demonstrate the therapeutic efficacy of this approach in in vitro and in vivo preclinical models of GBM.

Evidence demonstrates that the cross-talk between MEK/ERK and PI3K/mTOR pathways controls the maintenance of self-renewal and tumorigenicity of GBM CSCs (76). Therefore, the therapeutic efficacy of the combinatorial blockade of these signaling cascades was assessed in these cells. Here the combined treatment with PI3K/mTOR inhibitor NVP-BEZ235 and MEK1/2 inhibitors UO126 or SL327 results in suppression of the level of both phospho-ERK and phospho-Akt and in significant reduction of sphere-forming ability, which indicates the impairment of self-renewal ability of CSCs (76). Moreover, the combination induces a higher expression level of the neural marker βIII-tubulin, indicating that the inhibition of those pathways promotes GBM CSCs neural differentiation (76). In in vivo xenograft animal models, the GBM CSCs treated with both NVP-BEZ235 and SL327 inhibitors form smaller tumors than GBM CSCs treated with the single agent, with a significant improvement of mice survival (76).

AZD2014 is an inhibitor of mTORC1 and mTORC2 complexes as demonstrated by its ability to decrease the phosphorylation of S6k and 4EBP1, markers of mTORC1 activity, and of AKT, a marker of mTORC2 activity (77). Although AZD2014 alone has slight effect on survival of GBM CSCs, the combination of AZD2014 and radiation decreases the survival of GBM CSCs, thus indicating that the dual inhibition of mTORC1 and mTORC2 complexes sensitizes GBM CSCs to radiotherapy. Mechanistically, AZD2014-induced GBM CSCs radiosensitization involves the impairment of the repair of radiation-induced DNA double strand breaks. Moreover, the combinatorial treatment significantly increases the survival of mice bearing GBM CSCs xenograft brain tumor compared to control and single treatments mice (77).

PI3K signaling cascade is commonly hyperactive in GBM multiforme, which is also characterized by the dysregulation of apoptotic pathway due to the high expression level of anti-apoptotic Bcl-2 family of proteins. Therefore, combined blockade of PI3K pathway and Bcl-2 family of proteins may represent a reasonable therapeutic strategy. With this aim, ABT-263 (Navitoclax), an inhibitor of Bcl-2 and Bcl-xL, was used in combination with GDC-0941, a PI3K inhibitor, for the therapeutic treatment of GBM cells and CSCs (78). On a mechanistic point of view, ABT-263 binding to Bcl-2 and Bcl-xL proteins prevents their interaction with pro-apoptotic Bcl-2 family members, which results in the activation of intrinsic apoptotic cascade. However, ABT-263 poorly inhibits Mcl-1, another member of Bcl-2 family of proteins with anti-apoptotic properties, which confers resistance to ABT-263. The combination of GDC-0941 and ABT-263 significantly reduces the viability of GBM cell lines and the neurosphere formation ability of GSCs compared to single treatments. These data provide evidence that combinatorial treatment not only affects the bulk of the tumor, but also targets the CSCs population within malignant gliomas (78). On a mechanistic point of view, the combination causes a loss in mitochondrial membrane potential, the activation of both initiator caspase-9 and effector caspase-3 and the apoptosis of both GBM cell lines and glioma CSCs. Moreover, Akt pathway induces BAD phosphorylation, thereby inhibiting its pro-apoptotic properties. GDC-0941 dramatically reduces the phosphorylation of AKT and pro-apoptotic BAD proteins and lowers Mcl-1 levels by enhancing its degradation through the proteasome in GBM cell lines and glioma CSCs. In summary, GDC-0941-mediated dephosphorylation of BAD and Mcl-1 reduction render GBM cell lines and glioma CSCs more sensitive to the apoptotic properties of ABT-263 (78).

Some combinatorial therapeutic avenues in GBM CSCs treatment are based on the targeting of molecules specifically expressed by GBM CSCs including PCNA-associated factor (PAF) and bone marrow and X-linked (BMX) nonreceptor tyrosine kinase. PAF is overexpressed in breast cancer and GBM CSCs and controls cancer cell stemness via Wnt signaling (79, 80). In addition, PAF promotes CSCs resistance to radiotherapy by interacting with PCNA and regulating PCNA-associated DNA translesion synthesis (79). PAF depletion in combination with radiation compromises self-renewal and radioresistance of GSCs, thus suggesting a new therapeutic approach for GBM treatment (79). In addition, the high expression level of PAF in breast CSCs opens the possibility to design new therapeutic approaches. About the 90% of human GBMs shows high level of expression and activation of BMX (81). Interestingly, BMX is overexpressed in GSCs compared to non-stem tumor cells and neural progenitor cells. The binding of interleukin-6 to gp130 receptor stimulates the BMX mediated-hyperactivation of STAT3 signaling pathway, which in turn promotes the maintenance of GSCs self-renewal and tumorigenic potential (81, 82). In addition, BMX contributes to chemotherapy and radiotherapy cancer cells resistance (83, 84). Ibrutinib inhibits the tyrosine kinase activity of BMX, reduces GSCs proliferation, suppresses GSCs self-renewal potential and tumor sphere formation, and induces GSCs apoptosis (81). In vivo, ibrutinib suppresses the tumor growth in mice bearing GSCs-derived orthotopic xenografts, thus improving the mice survival (81). Interestingly, ibrutinib does not affect the ability of neural progenitor cells to form neurosphere; moreover, it selectively targets stem-like glioma cells expressing BMX in GBMs xenograft mice with small impact on neural progenitor cells lacking BMX expression (81). On a molecular point of view, in GSCs ibrutinib treatment strongly reduces the level of active phosphorylated BMX, and in turn the level of active phosphorylated STAT3, thus resulting in the reduction of the expression of STAT3 targets genes (Nanog and Oct4). This effect is not observed on STAT3 activation in ibrutinib treated neural progenitor cells, further confirming the specificity of ibrutinib on GSCs (81). Based on these data, the therapeutic efficacy of combined ibrutinib and irradiation treatment was analyzed in mice bearing GSCs-derived tumors (81). Here the ibrutinib and irradiation combination results in a significantly more efficient inhibition of tumor growth and in a longer survival extension compared to ibrutinib and irradiation single agent treatments. This improved therapeutic efficiency of combined treatment is due to a decreased cell proliferation and an increased apoptosis of tumor cells in GSCs-derived xenografts (81).

Diffuse intrinsic pontine glioma (DIPG) is a brainstem pediatric tumor characterized by high molecular heterogeneity (85–87) that leads to classification in cohorts according to high expression of MYCN and Shh or to presence of H3F3A mutations (86, 88). DIPG is characterized by hyperactivation of Notch, therefore the administration of Notch inhibitor has been evaluated as a potential therapeutic approach. A sequential combinatorial therapy has been assessed including the MYCN inhibitor JQ1 and the GSI MRK003 with the aim to reduce tumor growth and the resistance to radiotherapy (89). Combined treatment of DIPG cell lines (JHH-DIPG and SU DIPGXIII) shows a reduced cell proliferation with increased apoptotic cell death in a shorter time frame respect to single drug administration. On the other hand, DIPG SF7761 cells are more resistant to combinatorial treatment, even though comparative analyses at molecular level show a general downregulation of MYCN and MYC proteins levels in all the 3 cell lines tested, thereby suggesting that the molecular heterogeneity of DIPG plays an important role in the efficacy of therapy.

A summary of the preclinical studies performed on glioma CSCs is provided in Table 2.


Table 2 | Combinatorial therapies tested in pre-clinical studies to treat glioma CSCs.





Medulloblastoma

Medulloblastoma is a brain tumor which occurs exclusively in the posterior fossa. Evidence suggests that PI3K and MAPK are reciprocal bypass pathways that can promote resistance to drugs targeting either pathway alone (35). Therefore, the dual inhibition of these pathways could represent a new therapeutic approach. Frank Eckerdt and collaborators demonstrated that the pharmacological blockade of MNK sensitizes medulloblastoma CSCs to targeted PI3Kα inhibition (90). In vitro the combined MNK and PI3Kα targeting significantly impairs the neurosphere growth compared to single treatments, and in in vivo xenograft animal models it reduces tumor growth and prolongs the mice survival compared to single treatments (90).

A summary of the preclinical study performed on medulloblastoma CSCs is provided in Supplementary Table 1.



Neuroblastoma

Neuroblastoma is an extracranial solid tumor of the sympathetic nervous system. Kwang Woon Kim and collaborators (91) showed that the activation of both AKT2/mTOR and MAPK signaling pathways in neuroblastoma cells is associated with the acquisition of cancer stem like phenotype (characterized by the expression of CD133, SOX2, ALDH, Nestin, Oct4, and Nanog stem cells markers and increased sphere-forming ability) and cisplatin- and radiation- resistance. The blocking of these signaling cascades with specific inhibitors of AKT2 (CCT128930) and MEK (PD98059) results in significantly higher reduction of sphere formation, cell proliferation, and cell migration compared to the single treatments in these cisplatin- and radiation- resistant cells, thus demonstrating the therapeutic efficacy of combined treatment to fight neuroblastoma CSCs (91).

A summary of the preclinical study performed on neuroblastoma CSCs is provided in Supplementary Table 1.




Breast Cancer

The combined therapeutic strategies investigated in breast CSCs treatment are based on the combination of chemotherapeutic agents with molecular targeted therapies.

EW-7197 is TGF-β type I receptor kinase inhibitor which has been proved to be efficient in inhibiting the paclitaxel-induced CSCs properties in breast cancer cell lines and xenograft animal models (92). Paclitaxel treatment induces the increase of intracellular ROS, that in turn promote the EMT (93) through the Snail increased expression (92). The EMT increases the population of CSCs, as exemplified by the enhanced expression of pluripotency regulators (Oct4, Nanog, Klf4, Myc, and Sox2) and stemness markers [CD44+/CD24- ratio, aldehyde dehydrogenase 1 (ALDH1)] and increased mammosphere-forming efficiency (92). The combinatorial treatment of EW-7197 and paclitaxel suppresses both in vitro and in vivo paclitaxel-induced ROS increase, Snail expression, EMT, and cancer stem-like properties (exemplified as reduction of the expression of CSCs markers and pluripotency regulators). Furthermore, it improves the therapeutic effect of paclitaxel by decreasing the lung metastasis and increasing the survival time in vivo (92).

The chemotherapy-induced CSCs enrichment in triple negative breast cancer (TNBC) is mediated by the reciprocal regulation of ERK and p38 activities (94), thus suggesting that the dual targeting of these pathways could represent a new therapeutic strategy to fight breast CSCs. Driven by this hypothesis Lu and collaborators (94) showed that the pharmacological inhibition of p38 activity by SB203580 blocks paclitaxel-induced expression of Nanog, Sox2, and Klf4 pluripotency factors and abrogates the paclitaxel-induced increase in the percentage of CSCs. Moreover, the combination of paclitaxel and p38 inhibitor LY2228820 significantly affects the tumor grow of mammary fat pad xenograft animal models compared to either drug alone. LY2228820 abrogates paclitaxel-induced increase in CSCs and mammosphere-forming cells and expression of Nanog and Klf4 stemness factors, indicating efficacy of p38 inhibitors, in combination with chemotherapy, in the eradication of breast CSCs (94).

The combination of src inhibitor saracatinib and gemcitabine sensitizes gemcitabine-resistant triple negative breast CSCs, overexpressing Src and its active form p-Src, to gemcitabine through the down-regulation of AKT/c-Jun pathway (95). This combination dramatically reduces the viabilities, survival and colony formation of gemcitabine-resistant breast CSCs compared to single agents (95). Moreover, it increases the expression of pro-apoptotic protein BAX and decreases the level of anti-apoptotic proteins Bcl-xL and Survivin, thus resulting in an enhancement of gemcitabine-induced apoptosis in gemcitabine-resistant breast CSCs than the single treatments (95). In addition, the combinatorial treatment reduces the expression of migration associated proteins p-FAK and MMP-3, thus resulting in impairment of gemcitabine-resistant breast CSCs migration compared to single treatments. Src inhibition combined to gemcitabine dramatically impairs the ability of sphere forming and the expression of CSCs markers, such as CD44 and Oct-4, compared with either agent alone, reflecting the synergistic inhibition of breast cancer stemness (95).

A further study shows the efficacy of combined therapy relying on the pre-treatment with selective WNT antagonists vantictumab (OMP-18R5) or ipafricept (OMP-54F28) followed by the taxane plaxicitin administration (96). Vantictumab (OMP-18R5) and ipafricept (OMP-54F28) impair respectively the binding of WNT to FZD receptors 1,2,5,7 and 8 (97) and to FZD8-Fc, a fusion protein between the extracellular ligand binding domain of FZD8 receptor and Fc domain of human immunoglobulin G1 (IgG1) (97, 98). It is worthy to mention that these antagonist compounds in combination with taxane plaxicitin act synergistically displaying anti-tumor activity on different type of tumor cells by using PDX models such as breast, ovarian and pancreatic cancers (96). In detail, the pre-administration of WNT antagonists sensitizes CSCs to plaxicitin therapy leading to potentiate the drug induced-mitotic cell death (mitotic catastrophe) in tumor cells responsive to the treatment and to reduce the number of CSCs.

In a rare subset of breast CSCs, characterized by high expression of αvβ3 and Slug and low expression of PUMA (αvβ3+/Slug+/PUMALo), Qi Sun and collaborators identified a signaling pathway, consisting of the integrin αvβ3, Src and the transcription factor Slug, responsible for the down-regulation of the expression of the pro-apoptotic molecule PUMA, which results in promoting the survival of breast CSCs and tumor aggressiveness, independently of hormone receptor status or molecular subtype (99). The genetic (by shRNA) or pharmacological (by dasatinib or saracatinib) blockade of Src activity disrupts this signaling axis in CSCs and drives PUMA expression, which in turn leads to decreased mammosphere formation, self-renewal and tumor initiation. Therefore, Src inhibition specifically targets CSCs and decreases breast cancer metastasis in vivo (99). Src inhibition is effective in targeting CSCs in anchorage-independent conditions; however, it is relatively ineffective against adherent cells, suggesting the presence of innate resistance factors. Since pro-apoptotic PUMA binds to pro-survival Bcl-2 proteins, limiting its ability to initiate apoptosis, the authors hypothesized that Src inhibition resistance of breast CSCs is mediated by the interaction between PUMA and the pro-survival Bcl-2 family members and the combinatorial inhibition of Src and the appropriate pro-survival Bcl-2 factor should result in the overcoming breast CSCs resistance to Src inhibition, thus resulting in the further improvement of CSCs depletion. As assumed, the Src inhibitor resistance of CSCs is mediated by the interaction between PUMA and the pro-survival Bcl-2 and Bcl-xL factors. The clinically-approved Bcl-2 selective inhibitor venetoclax is able to prevent PUMA binding to Bcl-2, freeing PUMA to induce intrinsic apoptosis. Therefore, the combinatorial treatment with both venetoclax and dasatinib was investigated. This treatment increases the percentage of apoptotic CSCs compared to dasatinib alone treatment, thus resulting in a synergistic reduction of breast CSCs viability (100). In addition, it further reduces stemness properties, including self-renewal and tumorsphere formation, compared to Src inhibition alone (100).

Glutathione S-transferase omega 1 (GSTO1) plays a major role in detoxification of chemotherapeutic agents in cancer cells. Recently, Lu and collaborators showed that GSTO1 plays a role in specification of the breast CSCs phenotype in response to chemotherapy independently of its enzymatic activity (101). Here the exposure of breast cancer cells to chemotherapy induces HIF-dependent expression of GSTO1, which interacts with ryanodine receptor 1 (RYR1) to increase intracellular Ca2+ levels, which in turn activates the PYK2/Src/STAT3 signaling cascade leading to breast CSCs enrichment (101). Thus, it was hypothesized that the genetic (by siRNA) or pharmacological (by inhibitor sulfonamide chalcone S2E) inhibition of GSTO1 in combination with chemotherapy should sensitize the breast CSCs to chemotherapeutic treatment. Actually, combined treatment of GSTO1 inhibitor S2E or siRNA with tamoxifen significantly reduces cell viability, cell migration and mammospheres forming efficiency of breast CSCs compared to single treatments, while increases the breast CSCs apoptosis (102). On the mechanistic point of view, GSTO1 inhibition leads to decreased activation of pro-migration and pro-survival ERK1/2, AKT, p38, Src and STAT3 signaling pathways and drives the activation of the stress kinase JNK, that in turn induces the pro-apoptotic proteins BAX, cytochrome c and cleaved caspase-3 of the mitochondrial apoptosis signaling pathway (102).

A further therapeutic approach using chemotherapy in combination with antibody therapy against the CSCs-associated molecule Nodal was assessed in TNBC cellular models (103). Nodal, an embryonic morphogen of TGF-β superfamily, is a regulator of early embryonic development (103), is highly expressed in several aggressive neoplasms (104) and plays a role in tumor growth, metastasis, CSCs phenotype and resistance to conventional therapy (103, 104). Nodal high expression drives maintenance of self-renewal and is associated to stem cell markers expression in CSCs (105, 106), vice versa the Nodal signaling inhibition causes the reduction of tumorigenesis, metastasis, invasion, angiogenesis, and plastic stem cell phenotype in several cancer types (105, 107–109). Since Nodal is not typically expressed in most normal adult tissues, it represents a potential targetable CSCs-associated molecule. The in vitro sequential treatment with doxorubicin, an inducer of DNA damage, followed by anti-Nodal antibody regimen in TNBC cellular models, impairs the cellular stress (p38) and DNA repair (ChK1) pathways, thus resulting in significant cellular growth and viability decrease and significant cell apoptosis increase (103).

A summary of the preclinical studies performed on breast CSCs is provided in Table 3.


Table 3 | Combinatorial therapies tested in pre-clinical studies to treat breast CSCs.





Prostate Cancer

Two combinatorial therapeutic approaches were investigated in preclinical studies for treatment of prostate CSCs.

Zhang and collaborators (110) provided a first evidence that the combinatorial treatment of Napabucasin (BBI608), an inhibitor of STAT3 approved for the treatment of metastatic colorectal carcinoma and pancreatic cancer, with chemotherapeutic agents could improve the chemotherapy efficacy by modulating the sensitivity of CSCs to the drugs. Here the treatment of PC3 prostate cancer cells with different concentrations of docetaxel in combination with Napabucasin results in more effective inhibition of cell proliferation compared to docetaxel alone, thus suggesting that napabucasin could significantly increase the sensitivity of prostate cancer cells to docetaxel by killing drug resistant CSCs.

L Chang and collaborators demonstrated that the radiotherapy resistance in prostate cancer is due to the activation of PI3K/Akt/mTOR signaling pathway, which promotes both the EMT (as exemplified by increased cell migration/invasion, downregulation of epithelial marker and upregulation of mesenchymal markers) and the acquisition of CSCs phenotype (as exemplified by increased expression of CSCs markers and sphere formation ability) (111). The combination of inhibitor BEZ235 (targeting both PI3K and mTOR) with radiation exposure decreases the activation of PI3K/Akt/mTOR cascade (in terms of phosphorylation status of PI3K/Akt/mTOR signaling proteins such as p-Akt, p-mTOR, p-S6K, p-4EBP1), reduces EMT (in terms of increased expression of E-cadherin and decreased expression of N-cadherin, Vimentin, OCT3/4, SOX2 and αSMA), reduces the expression of CSCs markers (including CD44, CD44v6, CD326, ALDH1) and self-renewal proteins (such as Nanog and Snail), stimulates the apoptosis and decreases colony formation ability compared to single treatments, thus suggesting that the dual PI3K/mTOR inhibitor BEZ235 increases radiosensitivity of prostate CSCs (111).

A summary of the preclinical studies performed on prostate CSCs is provided in Supplementary Table 1.



Non-Small-Cell Lung Cancer

The therapeutic efficacy of combination of Napabucasin with chemotherapeutic agents in treatment of prostate CSCs was further corroborated by the study of Lauren MacDonagh and collaborators who analyzed the therapeutic efficacy of Napabucasin-cisplatin combination in non-small-cell lung cancer (NSCLC) CSCs treatment (112). Here Napabucasin reduces the expression of stemness related genes (Nanog, Oct-4, Sox-2 and cMyc) and CSCs associated genes (CD133 and ALDH1), which results in decrease of CSCs population present in cisplatin resistant NSCLC subtypes (113). Moreover, the combined treatment significantly reduces the proliferation of cisplatin resistant NSCLC subtypes compared to cisplatin-only treated cells, thus suggesting that Napabucasin re-sensitizes the cells to the drug cytotoxic effects (113). In addition, the combined treatment significantly impairs the clonogenic survival of cisplatin resistant NSCLC subtypes compared to Napabucasin-only treated cells and simultaneously increases the percentage of cisplatin resistant apoptotic cells compared to cisplatin alone, thus demonstrating the potential benefit of combining Napabucasin with current chemotherapy drugs, such as cisplatin, to decrease NSCLC cell survival and as a means of overcoming cisplatin resistance (113).

A summary of the preclinical study performed on NSCLC CSCs is provided in Supplementary Table 1.



Head and Neck Squamous Cell Carcinoma

Three combined approaches of molecular targeted therapies with chemotherapy were investigated in in vitro preclinical studies in treatment of head and neck squamous cell carcinoma (HNSCC) CSCs. The first strategy combines the p38 inhibitor SB203580 and chemotherapeutic agent cisplatin (114). Here the combined treatment results in a reduction of survival and colony forming ability, increased apoptosis and an impairment of DNA damage response and repair capacity compared to cisplatin alone treatment. This finding suggests that the inhibition of p38 sensitizes HNSCC cells toward cisplatin. Interestingly, SB203580-cisplatin combination significantly reduces CSCs markers expression and tumor spheroid formation compared to cisplatin treated cells, thus showing that the combinatorial treatment impairs CSCs maintenance (114).

The second approach combines the targeting of the stem cell factor BMI1 (B cell specific moloney murine leukemia virus insertion site 1 gene) with cisplatin. BMI1, a core component of the polycomb repressive complex 1, is upregulated in a variety of human cancers and contributes to CSCs self-renewal and chemoresistance (115). Cancer cells in HNSCC are efficiently targeted by cisplatin, while BMI1+ CSCs are not. Therefore, the combined administration of the BMI1 specific inhibitor PTC-209 and cisplatin fights both tumor cells and CSCs thus reducing the BMI1+ CSCs-mediated lymph node metastases (116).

The combination between dasatinib and the mithramycin analog EC-8042 was also investigated in the treatment of HNSCC CSCs (117). Hermida-Prado and collaborators showed that dasatinib and saracatinib, in monotherapy regimes, strongly reduce the phosphorylation levels of active Src and FAK, and inhibit EMT, through the up-regulation of epithelial marker E-Cadherin and concomitant down-regulation of mesenchymal markers vimentin and Snail, thus resulting in a significant inhibition of HNSCC cell migration and invasion. However, both dasatinib and saracatinib fail to eliminate CSCs-enriched tumorsphere cultures of HNSCC cells, as revealed by the significant increase in the expression levels of CSCs markers, including ALDH1A1, SOX2, Nanog1 and Oct4, thus suggesting that these drugs, used as single agents, strongly enhance CSCs properties (117). To counteract the pro-stemness activity of dasatinib, the authors assessed the effects of the dual treatment with dasatinib and EC-8042 on HNSCC cellular and xenograft animal models, based on the observation that a strong decrease of CSCs viability and CSCs-related markers expression was observed in HNSCC (117) and in other cancers (118) treated with the mithramycin analog EC-8042. As a result of the combinatorial treatment, the HNSCC cell invasion ability, the viability of CSCs-enriched tumorspheres and the expression of CSCs-related factors (including ALDH1, SOX2, Nanog, Oct4, c-Myc and Notch1) are significantly affected. On a molecular point of view, the dasatinib-EC-8042 treatment inhibits active Src phosphorylation, Src-dependent phosphorylation and activation of FAK, AKT and p44/42-MAPK and reduces the levels of the EC-8042 target SP1 (118). In in vivo HNSCC xenograft animal model, the dual treatment leads to a significant reduction of tumor growth with the concomitant improvement in mice survival when compared to vehicle and dasatinib alone treatments (117). Of note, the significant reduction in the percentage of Ki67-positive cells, the strong increase in the percentage of apoptotic cells and the remarkable decrease in the CSCs markers (such as ALDH1A1 and SOX2) expression level was observed in tumors from dasatinib-EC-8042 treated mice (117). Furthermore, while tumorsphere formation slightly increases in dasatinib-treated tumors, the tumorspheres-forming ability is significantly inhibited in dasatinib-EC-8042 treated tumors, thus providing evidence that the combined treatment effectively targets CSCs properties in in vivo HNSCC animal model. Taken together these findings demonstrate that EC-8042 counteracts the pro-stemness effects of dasatinib on HNSCC cellular and animal models and that the combined dasatinib-EC-8042 treatment benefits from the anti-proliferative, anti-invasive and anti-stemness functions provided by each compound without antagonizing each other.

A summary of the preclinical studies performed on HNSCC CSCs is provided in Supplementary Table 1.



Colorectal Cancer

5-fluorouracil (5-FU) administration remains the most effective regimen for the cure of colorectal cancer-patients (119, 120), despite tumor relapse is encountered after discontinuation of the chemotherapeutic treatment (121). WNT/β-catenin pathway is activated upon 5-FU administration and is involved in the maintenance of colorectal cancer 5-FU-treated CSCs (122). On a mechanistic point of view, the drug modulates p53 activity, which in turn leads to the expression of WNT3 that is a positive regulator of Wnt/β-catenin signaling in colorectal cancer cell lines that harbor wild-type p53, thus contributing to relapse of the tumor (122). As such the administration of the WNT inhibitor LGK-974 combined with 5-FU to patient-derived tumor organoids and patient-derived tumor cells has revealed to be effective in suppressing tumor regrowth after discontinuation of treatment. The combined treatment induces a strong decrease in β-catenin levels, thus resulting in downregulation of WNT signaling pathway. To further determine the pathophysiological importance of WNT inhibition in vivo, the effects of 5-FU and LGK-974 combinatorial treatment were evaluated in 3 wild-type PDX mouse models. Both 5-FU monotherapy and combinatorial therapy with LGK-974 and 5-FU effectively reduce tumor growth, whereas co-treatment increases the sensitivity of tumors to 5-FU. Treatment with 5-FU alone, however, increases β-catenin and CSCs markers in the remaining tumor, while concurrent LGK-974 treatment effectively suppresses the effects of 5-FU on the levels of β-catenin and CSCs markers, thus preventing from the recurrence of the tumor. Taken together these findings prompt to consider WNT inhibition and 5-FU treatment as a strategy to overcome poor survival rates in colorectal cancer-patients.

Nautiyal and collaborators showed that the combination of the src inhibitor dasatinib and curcumin is effective in eliminating chemo-resistant colon cancer cells (123). The combined treatment strongly reduces the expression of CSCs markers (ALDH, CD44, CD133, CD166) in intestinal adenomas from APCMin+/- mice, thus suggesting that the dual treatment decreases the CSCs population in adenomas (123). In vitro dasatinib-curcumin treatment acts synergistically to significantly inhibit the growth of oxaliplatin chemo-resistant colon CSCs, the colonosphere formation, invasion potential and the expression of CSCs markers (such as CD133, CD44, CD166 and ALDH), thus indicating that it is highly effective in reducing the colon CSCs population and inhibiting CSCs stemness properties (123).

A summary of the preclinical studies performed on colorectal CSCs is provided in Supplementary Table 1.



Hepatocellular Carcinoma

HCC, one of the most common cancers worldwide, is characterized by high biological, molecular and clinical heterogeneity. Among the genes whose regulation appears altered, CDK1 has been reported to be up-regulated in 46% of HCC tumor tissues and to correlate with poor prognosis of survival. On a molecular point of view, the CDK1/PDK1/β-catenin axis activation is linked to EMT, which in turn leads to an increased capacity of migration. Therefore, the dual blockade of CDK1 and PDK1 may represent a valuable combinatorial therapeutic strategy for HCC CSCs targeting. The administration of the cyclin-dependent kinase inhibitor (CDKI) RO3306 in association with the TKI sorafenib has been found functional to target CSCs in PDX tumor models of HCC (124). The treatment of PDX tumors with RO3306, sorafenib or the combination of the two drugs determines the tumor growth suppression of 75%, 42% and 92% respectively. These results clearly underline the efficacy of the combinatorial therapy and the positive effect of pretreatment with the CDKI in sensitizing CSCs to sorafenib. In particular, western blot analyses reveal the synergistic effect of the drugs combined use in down-regulating the CDK1, PDK1, β-catenin protein levels with the concurrent decrease in the levels of several CSCs stemness proteins, such as Oct4, Sox2 and Nanog (124).

A summary of the preclinical study performed on HCC CSCs is provided in Supplementary Table 1.



Ovarian Cancer

The ovarian cancer is a heterogenous disease in which a multiplicity of distinct malignancies shares a common anatomical site. The high-grade serous subtype predominates in the clinical setting and is responsible for the highest rate of mortality among all forms of ovarian cancer. The prolonged Src inhibitor saracatinib treatment of high-grade serous ovarian cancer cells generates saracatinib-resistant cells, in which the activation of epidermal growth factor receptor (EGFR), HER2/ERBB2 and Raf/MEK signaling kinases was observed (33). Moreover, high expression levels of Src and MAPK active phosphorylated forms were detected in high-grade serous ovarian cancer ALDH1+ CSCs. Therefore, the efficacy of combined Src and MEK inhibition with Src inhibitor saracatinib and MEK1/2 inhibitor selumetinib was investigated (33). The combinatorial treatment inhibits the EGFR-1 and EGFR-2–mediated bypass MEK/MAPK activation observed with saracatinib alone and effectively targets CSCs subpopulation of ovarian cancer. In in vitro experiments, the dual treatment reduces ALDH1+ CSCs population and sphere-forming cell amount more effectively than monotherapies. In vivo, it causes a significant inhibition of xenograft tumor growth compared to single drug treatments as a consequence of the drastic reduction of ALDH1+ CSCs population. In fact, tumors dissociated after combined therapy show a significant reduction in ALDH1+ CSCs population and sphere forming cells upon serial xenografting compared to tumors dissociated after monotherapies (33).

A summary of the preclinical study performed on ovarian CSCs is provided in Supplementary Table 1.



Pancreatic Cancer

Pancreatic cancer remains a deadly disease with a very low 5-year survival due to disease recurrence even after surgical resection and/or chemotherapeutic regimes. Therefore, the combinatorial therapy may represent a valuable opportunity. The combination of molecular targeted therapies with chemotherapeutic drugs was investigated in preclinical studies to fight pancreatic CSCs. Duong and collaborators showed that dasatinib sensitizes pancreatic CSCs to gemcitabine (125). In fact, dasatinib-gemcitabine treatment significantly decreases both Src and STAT3 activation (in terms of level of phospho-Src and phospho-STAT3), and the ALDH1A1 level, which in turn promotes the inhibition of CSCs proliferation and survival by the induction of apoptosis through activation of caspase-3/7 and PARP cleavage (125).

Similarly, the inhibition of Nodal signaling in combination with the chemotherapeutic agent gemcitabine induces the apoptosis of pancreatic CSCs, suppresses cells in S phase and in vivo tumorigenicity, thus suggesting that Nodal signaling inhibition reverses the chemoresistance of the tumorigenic CSCs population (105). In pancreatic cancer xenograft athymic mouse model, established by the implantation of pancreatic cancer cell line, the combination therapy significantly delays tumor growth and increases the mice survival compared to monotherapies (105). However, engrafted primary human pancreatic cancer tissue with a substantial stroma shows no response to combinatorial therapy, probably due to limited drug delivery. To improve the Nodal inhibitor delivery, a triple combination therapy, in which gemcitabine plus Nodal signaling inhibitor treatment was combined to Shh pathway inhibition, was used. This triple therapy results in the impairment of in vivo tumor growth and increase of long-term progression-free survival (105).

A summary of the preclinical studies performed on pancreatic CSCs is provided in Supplementary Table 1.



Melanoma

A therapeutic approach of combination of the anti-Nodal antibody with the chemotherapeutic agent dacarbazine (DTIC) was tested in melanoma cell lines (107). Here, while the DTIC alone treatment induces an increase in cell population expressing Nodal, the sequential treatment with DTIC and anti-Nodal antibody exhibits a striking decrease in the viable cell population and a striking increase in the proportion of programmed cell death. Moreover, the combined treatment results in a significant reduction in cell invasion, thus suggesting that targeting Nodal impairs the invasive ability of DTIC-resistant melanoma cells (107). More interestingly, the combined DTIC and anti-Nodal antibody exposure significantly suppresses the cell proliferation and induces the apoptosis in multicellular tumor spheroid culture (107). Similarly, the treatment of melanoma cell line harboring the active V600E mutation of B-RAF, which is constitutively active in approximately half of the melanoma patients, with B-RAF inhibitor RG7204 (vemurafenib) drives the selection of B-RAF inhibitor-resistant cells. These cells further treated with anti-Nodal antibody exhibit a marked decrease in viability and dramatic increase in cell death, thus showing that Nodal expression maintained in B-RAF inhibitor-resistant cells is also targetable with anti-Nodal antibodies with a significant benefit in therapeutic efficacy of melanoma treatment (107). The efficacy of combination of anti-Nodal antibody and dabrafenib, another inhibitor of B-RAF, was further investigated. Here in vitro and in vivo experiments were carried out on highly metastatic melanoma cell line and xenograft mice model with active B-RAF (V600E) mutation (126). The combined treatment significantly reduces the Nodal expression, the in vitro anchorage-independent colony formation and tumorigenic growth potential, and the in vivo lung metastases compared to the single treatments (126).

A summary of the preclinical studies performed on melanoma CSCs is provided in Supplementary Table 1.



Esophageal Cancer

The therapeutic efficacy of the combined targeting of Heat shock protein 90 (Hsp90) and STAT3 was investigated in treatment of esophageal CSCs. Hsp90 is a molecular chaperone which binds to its client proteins to stabilize them and assist in their folding. It is a positive modulator of prostate CSCs, in fact it upregulates stemness markers, promotes self-renewal, and enhances tumor sphere growth (127). Hsp90 inhibition is effective in targeting CSCs in several cancers (127–130). One of the client proteins of Hsp90 is STAT3. The association between Hsp90 and STAT3 is necessary for STAT3 phosphorylation, dimerization, and nuclear translocation (131). This evidence suggests the combinatorial inhibition of Hsp90 and STAT3 as a therapeutic approach in CSCs treatment. To this aim the therapeutic efficacy of the combined treatment of Hsp90 inhibitor SNX-2112 and the sh-mediated knockdown of STAT3 was assessed in esophageal cancer stem-like cells (ECSLCs). Here the dual treatment strongly inhibits the proliferation of ECSLCs, induces G2/M phase arrest and apoptosis of ECSLCs, significantly decreases the colony formation ability and the colony size of ECSLCs compared with shSTAT3 and SNX-2112 alone (132). On a molecular point of view, the combined treatment reduces the levels of phosphorylation of Hsp90 client proteins involved in cell proliferation including p-p38, p-JNK and p-ERK, decreases the mRNA level of adenosine triphosphate-binding cassette transporter super-family ABCB1 and ABCG2 and the expression level of pro-survival Bcl-2 protein, and increases the expression level of the pro-apoptotic Bax protein compared with SNX-2112 and shSTAT3 alone groups (132). In addition, the combined treatment significantly reduces the tumor growth in in vivo ECSLCs xenograft tumor models compared to single treatments (132).

A summary of the preclinical study performed on ECSLCs is provided in Supplementary Table 1.




CSCs-Centered Combinatorial Strategies: Which are the Concluding Remarks?

The combinatorial strategies herein reported foresee the targeting of developmental and oncogenic signaling pathways that are key players in defining several features of CSCs biology, including self-renewal, stemness, EMT, CSCs dormancy, as well as drug resistance, radio-resistance, tumor initiation and dedifferentiation, widely discussed in many published reviews (17–28).

The molecular mechanisms underlying the combinatorial strategies have been described in detail for each approach (please refer to the text above). In spite of the multiplicity of the strategies, some considerations can be taken into account to better address some common aspects of the topic.

Most of the dual therapies are based on the combination of molecular targeted therapies (for details the reader is referred to Tables 1–3 and Supplementary Table 1). The rationale underlying this combination is based on the evidence of the activation of bypass pathway(s) and the feedback loops and cross-talk occurring. For the sake of simplicity, the following cases are presented as examples. The extensive cross-talk between MAPK and PI3K/AKT/mTOR pathways limits the therapeutic efficacy of the monotherapeutic regimes which target one or the other pathway (29, 30, 34, 35). The combinatorial strategies here reviewed provide a proof of concept that the dual blockade of these pathways by different combinations of molecules as diverse as alpelisib-CGP57380 (90), CCT128930-PD98059 (91) and UO126/SL327-NVP-BEZ235 (76) allows to overcome the activation of bypass pathway, thus resulting in the stronger therapeutic efficacy in CSCs eradication. Similarly, the Src inhibition induced-activation of MAPK signaling cascade (31–33) is overcome by the saracatinib-selumetinib dual treatment (33). The activation of STAT3 signaling pathway upon TKI-mediated BCR-ABL1 inhibition suggests the combinatorial STAT3 and BCR-ABL1 targeting as a new therapeutic avenue to eradicate CML stem and progenitor cells (57, 58). In addition, the concomitant activation of more than one signaling cascade represents the basis for the molecular targeted combinatorial approaches as demonstrated in the case of the combination of the β-catenin/CBP antagonist C-82 and the FLT3-TKI sorafenib or quizartinib in LSC treatment (36).

Other strategies combine the blockade of the anti-apoptotic Bcl-2/Bcl-xL proteins and MAPK or PI3K or Src signaling cascades by the administration of cobimetinib-venetoclax (46), GDC-0941-ABT-263 (78) and dasatinib-venetoclax 100] respectively. In these cases, the rationale for these approaches relies on the ability of MAPK, PI3K and Src signaling to negatively regulate the apoptotic pathway. Indeed, MAPK stabilizes anti-apoptotic Mcl-1 and inactivates pro-apoptotic BIM (44, 45), PI3K stabilizes Mcl-1 and inhibits the pro-apoptotic properties of BAD (78), Src down-regulates pro-apoptotic PUMA (100), thus promoting CSCs survival (for more details see the text). Therefore, the apoptosis is strongly stimulated by dual inhibition treatment rather than single treatment regimes.

Related to combinatorial strategies including chemotherapeutic drugs, their use as single agents in cancer treatment activates signaling pathways that promote the enrichment in CSCs population. This is the case of paclitaxel and gemcitabine which induce the activation of p38 and Src signaling respectively, thus resulting in CSCs increase (94, 95). This mechanism of action justifies the dual combination of SB203580 or LY2228820 with paclitaxel (94) and the dual combination of saracatinib with gemcitabine (95) as new therapeutic avenues to fight CSCs. Similarly, the ability of 5-FU to activate Wnt signaling cascade represents the rationale for the dual 5-FU/LGK-974 treatment as a new approach in CSCs therapy (122). Accordingly, the combinatorial strategies based on the use of chemotherapeutic agents in combination with inhibitors of specific signaling pathways have been developed to overcome this drawback and to foster the effect of chemotherapy. Examples are provided by the combination of chemotherapeutic drugs, interfering with DNA-related physiologic functions, such as mitosis (paclitaxel, docetaxel), DNA synthesis (cytarabine (Ara-c), etoposide, gemcitabine, daunorubicin, doxorubicin), DNA repair (cisplatin) or DNA transcription (EC-8042), with the inhibitors of different signaling pathways (including Wnt, TGF-β, MAPK, STAT, Sonic Hedgehog, Src, PI3K/AKT/mTOR) playing key roles in CSCs survival, proliferation, self-renewal and EMT (42, 49, 92, 94–96, 110, 112–114, 117, 122, 125).

On the same line of evidence, the radiotherapy induces the activation of signaling pathways, such as TGF-β and PI3K/AKT/mTOR, which promote EMT and CSCs stemness. Therefore, the radiotherapy regime combined with the inhibition of these signaling cascades represents the rationale behind few therapeutic strategies herein described, such as radiation-LY2109761 (75), radiation-AZD2014 (77), radiation-BEZ235 (111) (for details the reader is referred to the text).



Discussion

Accumulating evidence from studies in cancer shows that the CSCs, although constitute a rare cell subpopulation within the tumor bulk, represent the major cause of cancer therapy failure and tumor relapse. Therefore, these cells have become attractive candidate for preclinical studies to define promising targeted therapies in the treatment of cancer. Indeed, different CSCs-centered anti-cancer strategies have been assessed that foresee the targeting CSCs specific surface markers and tumor microenvironment, the inhibition of ATP-binding cassette transporters, the switching off CSCs self-renewal and survival signaling pathways and immunotherapy (133, 134). In addition, more recent developments include nano-drug delivery systems, mitochondrion targeting, autophagy and hyperthermia (134). Herein, the description of the combinatorial strategies between the molecular targeted therapy and the chemotherapy or the radiotherapy to fight CSCs is reviewed. The preclinical studies presented in this review demonstrate that the therapeutic strategies based both on the combination of two molecular targeted therapies and on the combination of molecular targeted therapy with chemotherapy or radiotherapy result in a more effective targeting of CSCs compared to the single treatments. The most common mechanism through which these dual strategies affect CSCs relies on their eradication due to the induction of the apoptosis (Figure 2A), although a case of induction of CSCs differentiation is also reported (76) (Figure 2B). On a biological point of view, these combinatorial approaches impair some distinguishing features of CSCs, including proliferation and viability, self-renewal, clonogenic and sphere-forming potential and anti-apoptotic pathway activation, thus resulting in the reduction of CSCs radio- and chemo-resistance (the reader is referred to Tables 1–3 and Supplementary Table 1).




Figure 2 | The schematic representation shows the mechanisms underlying the CSCs combinatorial strategies applied in the preclinical studies described in the text. CSCs-targeting can result in their eradication (A), or differentiation (B). The remaining non-stem tumor cells are thought to be sensitive to the conventional chemo- and radio-therapies.



The preclinical studies herein described have been performed on some hematological malignancies, including the AML and CML, and on some solid tumor types, mainly tumors of nervous system and breast cancers. Few studies of combinatorial avenues have been carried out on other cancers, including HCC, prostate cancer, pancreatic cancer, NSCLC, HNSCC, colorectal cancer, melanoma and ovarian cancer. The promising results achieved by the CSCs-treatment of these types of tumors strongly suggest to further extend the combinatorial therapeutic approaches to the treatment of additional cancers. In addition, preclinical studies demonstrate that some therapeutic combinations selectively affect CSCs and non-stem tumor cells without impact on normal stem cells, thus further supporting them as new therapeutic avenues (46, 58, 61, 81). Of note, the preclinical studies here presented show that some Food and Drug Administration (FDA)-approved drugs/inhibitors (such as Napabucasin, dasatinib, tipifarnib, venetoclax and sorafenib), already used in clinic for cancer treatment, in combination with clinically-approved chemotherapeutic agents (including cisplatin, paclitaxel, 5-FU, docetaxel) or radiation regimes effectively affect CSCs from different tumors. Among these, Napabucasin, a STAT3 inhibitor approved for the treatment of metastatic colorectal carcinoma and pancreatic cancer, is an example. In combination with chemotherapeutic drugs (docetaxel or cisplatin) it sensitizes prostate and NSCLC CSCs to chemotherapy. Taken together these achievements suggest that the therapeutic combinatorial strategies can be translated to clinical trials.

However, it is worthy to mention that some FDA-approved drugs/inhibitors, such as dasatinib and saracatinib, with proven powerful anti-tumor properties in preclinical studies, have shown limited clinical efficacy once translated in cancer patient’s treatment (135–139). Of note, these two drugs enhance the CSCs properties in the HNSCC cellular models (117) and, more importantly, dasatinib fails to eliminate CSCs-enriched tumorspheres or to impair tumor growth in HNSCC xenograft models (117). On the same line of evidence, dasatinib worsens the effect of cetuximab in combination with radiotherapy in HNSCC xenograft models (140) and saracatinib does not affect tumor growth but impairs invasion and lymph node metastasis in HNSCC xenograft model (141). In clinical settings, these two drugs do not demonstrate any significant effect as single agents in patients with operable, recurrent and/or metastatic HNSCC (142–144). The deleterious pro-stemness activities exerted by dasatinib and saracatinib in HNSCC cell lines could envisaged as the main cause for the lack of clinical efficacy in HNSCC patients when used in monotherapeutic regimes. Similarly, dasatinib in combination with quercetin worsens the progression of liver disease, in a mouse model of obesity- and age- dependent liver disease, which fully recapitulates the non-alcoholic fatty disease (NAFLD) and HCC (145). In contrast to these findings, dasatinib inhibits the expression of CSCs marker SOX2 and tumorsphere formation in NSCLC cells (146, 147). These findings clearly demonstrate the contradictory effects of dasatinib suggesting that the observed anti-CSCs therapeutic efficacy is tumor-dependent, and thus an adequate patient stratification is required to select the patients who may benefit from dasatinib treatment.

Although the combinatorial treatments are promising strategies for CSCs-targeted therapies, the molecular heterogeneity of tumors adds another layer of complexity. Indeed, the molecular heterogeneity requires the targeting of specific signaling molecules according to the dysregulated signaling pathways, as exemplified in the case of breast, glioma and AML CSCs for which more than one combinatorial approach has been proven to be successful in cancer treatment. Therefore, the understanding of molecular and signaling networks active in each tumor subtype and in related CSCs is a relevant issue to be addressed. The implementation of –omic techniques, contributing to dissect the molecular heterogeneity of the tumors, provides the tools for defining personalized-therapeutic treatments.

A further consideration regards the cellular and animal models used in the preclinical studies. In fact, the most of these studies have been performed in vitro on CSCs from established tumor cell lines or from patients’ tumor specimens. Given the roles played by tumor microenvironment in defining tumor and CSCs properties, more appropriate models should be developed in further studies, including PDXs and organoids, to investigate the therapeutic efficacy of combinatorial approaches. The relevance of tumor microenvironment in defining both the CSCs properties and the therapeutic efficacy of the anti-CSCs combinatorial therapies is highlighted by the triple therapy that combines the Shh pathway inhibitor with Nodal inhibitor and gemcitabine to impair the pancreatic PDX tumor growth in vivo (105). Similarly, Cazet and collaborators demonstrated that Hedgehog ligand-activated cancer-associated fibroblasts provide an environment that promotes the tumor cells to acquire a chemoresistant stem-like phenotype (148). The treatment with the SMO inhibitors, reverting the cancer-associated fibroblasts gene expression changes induced by Hedgehog signaling, sensitizes the tumors to docetaxel chemotherapy in TNBC cells- and patient-derived xenograft animal models, thus resulting in inhibition of tumor growth and increased mice survival (148). In addition, the SMO inhibitor-docetaxel combined treatment was effective in treating a proportion of women with metastatic disease who had previously failed on taxane chemotherapy (148). These findings are further corroborated by the recent study of Brown and collaborators (149) who performed an ex vivo translational study on tumors dissected from ovarian cancer patients treated with metformin, a modulator of cellular metabolism, and matched non-metformin-treated control patients. Their findings demonstrate not only that metformin-treated tumors exhibit a significant reduction in CSCs population and are more sensitive to cisplatin treatment ex vivo compared to non-metformin-treated tumors, but also that metformin may impair stemness indirectly via an impact on tumor microenvironment. Indeed, metformin induces epigenetic changes in the cancer-associated mesenchymal stem cells, which prevents the ability of these cells to drive the chemoresistance ex vivo (149).

Drug specificity, selectivity and the related drug treatment side-effects are additional issues to be considered in designing new therapeutic avenues. For example, GSIs are not selective for Notch given that they may target a variety of γ-secretase substrates as well with different cellular outcomes (150). In addition, clinical trials using GSIs frequently counted drug-related side-effects (151). Therefore, there is an urgent need to develop more selective, potent and healthy drugs. For such a purpose, since several FDA-approved drugs have repurposing effects, they could constitute a further repertoire of potential anti-cancer agents. Indeed, one of the most promising repurposing approaches relies on the administration of antibiotics in combination with chemotherapy. In line with this approach, linezolid, a bactericidal antibiotic with the ability to induce a block in protein translation at mito-ribosomes with consequent alteration of mitochondrial functions, has been recently proposed in combination with the autophagy inhibitor HCQ as valuable strategy in TNBC anticancer therapy (152). Of note, concomitant treatment with linezolid and HCQ reduces tumor size in TNBC xenograft mice and colony formation in parental TNBC cells, and corresponding chemoresistant cells and CSCs compared to the linezolid alone treatment (control) (152). Similarly, a recent clinical pilot study was performed to assess the efficacy of antibiotic treatment in anticancer strategy (153). Given the important role of mitochondrial metabolism in CSCs, the FDA-approved doxycycline inhibitor was administered in short term pre-operative treatment (14 days before surgery) with the aim to follow the CSCs reduction in a small group of early breast cancer patients. The expression of known biomarkers of stemness, mitochondria, cell proliferation, apoptosis and neo-angiogenesis was analyzed in pre-operative specimens and matched surgical specimens. After doxycycline treatment, surgical tumor samples showed a significant decrease in the expression level of the stemness markers CD44 and ALDH1 respect to matched pre-operative and pre-doxycycline samples. Differently, the levels of markers of mitochondria, proliferation, apoptosis, and neo-angiogenesis were found similar in all the analyzed specimens (153). Although a further clinical study involving a larger number of patients should be performed to validate these preliminary data, this small-scale clinical study suggests that the mitochondrial functions inhibition may represent a new potential strategy for the CSCs eradication. In addition, the application of the Artificial Intelligence (154), a new emerging technology in drug discovery field, will implement the number of candidate molecules to be screened in order to design new combinatorial therapeutic avenues.

Taken together the combinatorial strategies described herein represent a starting point for future studies to design CSCs-targeted and personalized therapies.



Author Contributions

GC and DS discussed, wrote, and approved the manuscript. AC discussed and approved the manuscript. All authors contributed to the article and approved the submitted version.





Funding

This article was funded by Italian Association for Cancer Research (AIRC, Milan, Italy), IG 2017 id. 20095 to Antonino Colanzi.




Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.689131/full#supplementary-material



Abbreviations

CSCs, Cancer stem cells; ALDH1, aldehyde dehydrogenase 1; AML, acute myeloid leukemia; CML, chronic myeloid leukemia; ROS, reactive oxygen species; EMT, Epithelial to Mesenchymal Transition; Shh, Sonic Hedgehog; TGF-β, transforming growth factor-beta; JAK, Janus kinase; STAT3, signal transducer and activator of transcription 3; PI3K, phosphatidylinositol 3-kinase; AKT, V-Akt murine thymoma viral oncogene; mTOR, mammalian target of rapamycin; MAPK, Mitogen-activated protein kinase; Src, V-SRC avian sarcoma; ERK, extracellular signal-regulated kinase; JNK, c-Jun N-terminal kinase; EGFR, epidermal growth factor receptor; MEK, mitogen-activated protein kinase kinase; LSCs, leukemia stem cells; TNBC, triple-negative breast cancer; HCC, hepatocellular carcinoma; PDX, patient-derived xenograft; GSIs, γ-secretase inhibitors; FTIs, farnesyltransferase inhibitors; GBM, glioblastoma; GSCs, glioma stem cells; MNK, MAPK-interacting kinase; mTORC, mTOR complex; NSCLC, non-small cell lung cancer; HNSCC, head and neck squamous cell carcinoma; TMZ, temozolomide; DMC, demethoxycurcumin; TKI, tyrosine kinase inhibitor; PUMA, p53-upregulated modulator of apoptosis; BMI1, B cell specific moloney murine leukemia virus insertion site 1 gene; PAF, PCNA-associated factor; BMX, bone marrow and X-linked; DTIC, dacarbazine; Hsp90, Heat shock protein 90; ECSLCs, esophageal cancer stem-like cells; GSTO1, Glutathione S-transferase omega 1; FDA, Food and Drug Administration; TNF-α, Tumor Necrosis Factor-α; IFNs, interferons.



References

1. Visvader, JE, and Lindeman, GJ. Cancer Stem Cells in Solid Tumours: Accumulating Evidence and Unresolved Questions. Nat Rev Cancer (2008) 8(10):755–68. doi: 10.1038/nrc2499

2. Zhang, D, Tang, DG, and Rycaj, K. Cancer Stem Cells: Regulation Programs, Immunological Properties and Immunotherapy. Semin Cancer Biol (2018) 52(Pt 2):94–106. doi: 10.1016/j.semcancer.2018.05.001

3. Clarke, MF, Dick, JE, Dirks, PB, Eaves, CJ, Jamieson, CHM, Jones, DL, et al. Cancer Stem Cells–Perspectives on Current Status and Future Directions: AACR Workshop on Cancer Stem Cells. Cancer Res (2006) 66(19):9339–44. doi: 10.1158/0008-5472.CAN-06-3126

4. Weiswald, LB, Bellet, D, and Dangles-Marie, V. Spherical Cancer Models in Tumor Biology. Neoplasia (2015) 17(1):1–15. doi: 10.1016/j.neo.2014.12.004

5. Dick, JE. Breast Cancer Stem Cells Revealed. Proc Natl Acad Sci USA (2003) 100(7):3547–9. doi: 10.1073/pnas.0830967100

6. Pardal, R, Clarke, MF, and Morrison, SJ. Applying the Principles of Stem-Cell Biology to Cancer. Nat Rev Cancer (2003) 3(12):895–902. doi: 10.1038/nrc1232

7. Clevers, H. The Cancer Stem Cell: Premises, Promises and Challenges. Nat Med (2011) 17(3):313–9. doi: 10.1038/nm.2304

8. Skvortsova, I, Debbage, P, Kumar, V, and Skvortsov, S. Radiation Resistance: Cancer Stem Cells (Cscs) and Their Enigmatic Pro-Survival Signaling. Semin Cancer Biol (2015) 35:39–44. doi: 10.1016/j.semcancer.2015.09.009

9. Liu, L, Yang, L, Yan, W, Zhai, J, Pizzo, DP, Chu, P, et al. Chemotherapy Induces Breast Cancer Stemness in Association With Dysregulated Monocytosis. Clin Cancer Res (2018) 24(10):2370–82. doi: 10.1158/1078-0432.CCR-17-2545

10. Lee, SY, Jeong, EK, Ju, MK, Jeon, HM, Kim, MY, Kim, CH, et al. Induction of Metastasis, Cancer Stem Cell Phenotype, and Oncogenic Metabolism in Cancer Cells by Ionizing Radiation. Mol Cancer (2017) 16(1):10. doi: 10.1186/s12943-016-0577-4

11. Begicevic, RR, and Falasca, M. Abc Transporters in Cancer Stem Cells: Beyond Chemoresistance. Int J Mol Sci (2017) 18(11):2362–84. doi: 10.3390/ijms18112362

12. Steinbichler, TB, Dudás, J, Skvortsov, S, Ganswindt, U, Riechelmann, H, Skvortsova, II, et al. Therapy Resistance Mediated by Cancer Stem Cells. Semin Cancer Biol (2018) 53:156–67. doi: 10.1016/j.semcancer.2018.11.006

13. De Angelis, ML, Francescangeli, F, La Torre, F, and Zeuner, A. Stem Cell Plasticity and Dormancy in the Development of Cancer Therapy Resistance. Front Oncol (2019) 9:626. doi: 10.3389/fonc.2019.00626

14. Shen, MM, and Abate-Shen, C. Molecular Genetics of Prostate Cancer: New Prospects for Old Challenges. Genes Dev (2010) 24(18):1967–2000. doi: 10.1101/gad.1965810

15. Chi, HC, Tsai, CY, Tsai, MM, Yeh, CT, and Lin, KH. Roles of Long Noncoding RNAs in Recurrence and Metastasis of Radiotherapy-Resistant Cancer Stem Cells. Int J Mol Sci (2017) 18(9):1903–31. doi: 10.3390/ijms18091903

16. Phillips, TM, McBride, WH, and Pajonk, F. The Response of CD24(-/low)/CD44+ Breast Cancer-Initiating Cells to Radiation. J Natl Cancer Inst (2006) 98(24):1777–85. doi: 10.1093/jnci/djj495

17. Takebe, N, Miele, L, Harris, PJ, Jeong, W, Bando, H, Kahn, M, et al. Targeting Notch, Hedgehog, and Wnt Pathways in Cancer Stem Cells: Clinical Update. Nat Rev Clin Oncol (2015) 12(8):445–64. doi: 10.1038/nrclinonc.2015.61

18. Marquardt, S, Solanki, M, Spitschak, A, Vera, J, and Pützer, BM. Emerging Functional Markers for Cancer Stem Cell-Based Therapies: Understanding Signaling Networks for Targeting Metastasis. Semin Cancer Biol (2018) 53:90–109. doi: 10.1016/j.semcancer.2018.06.006

19. Espinosa-Sánchez, A, Suárez-Martínez, E, Sánchez-Díaz, L, and Carnero, A. Therapeutic Targeting of Signaling Pathways Related to Cancer Stemness. Front Oncol (2020) 10:1533. doi: 10.3389/fonc.2020.01533

20. Liu, S, Ren, J, and Ten Dijke, P. Targeting Tgfβ Signal Transduction for Cancer Therapy. Signal Transduct Target Ther (2021) 6(1):8. doi: 10.1038/s41392-020-00436-9

21. Dorritie, KA, Redner, RL, and Johnson, DE. STAT Transcription Factors in Normal and Cancer Stem Cells. Adv Biol Regul (2014) 56:30–44. doi: 10.1016/j.jbior.2014.05.004

22. Xia, P, and Xu, XY. Pi3k/Akt/mTOR Signaling Pathway in Cancer Stem Cells: From Basic Research to Clinical Application. Am J Cancer Res (2015) 5(5):1602–9.

23. Healy, FM, Prior, IA, and MacEwan, DJ. The Importance of Ras in Drug Resistance in Cancer. Br J Pharmacol (2021). doi: 10.1111/bph.15420

24. Tan, FH, Putoczki, TL, Stylli, SS, and Luwor, RB. The Role of STAT3 Signaling in Mediating Tumor Resistance to Cancer Therapy. Curr Drug Targets (2014) 15(14):1341–53. doi: 10.2174/1389450115666141120104146

25. Semba, T, Sammons, R, Wang, X, Xie, X, Dalby, KN, Ueno, NT, et al. Jnk Signaling in Stem Cell Self-Renewal and Differentiation. Int J Mol Sci (2020) 21(7):2613. doi: 10.3390/ijms21072613

26. Matozaki, T, Kotani, T, Murata, Y, and Saito, Y. Roles of Src Family Kinase, Ras, and mTOR Signaling in Intestinal Epithelial Homeostasis and Tumorigenesis. Cancer Sci (2021) 112(1):16–21. doi: 10.1111/cas.14702

27. Shah, AN, and Gallick, GE. Src, Chemoresistance and Epithelial to Mesenchymal Transition: Are They Related? Anticancer Drugs (2007) 18(4):371–5. doi: 10.1097/CAD.0b013e32801265d7

28. Bhanumathy, KK, Balagopal, A, Vizeacoumar, FS, Vizeacoumar, FJ, Freywald, A, Giambra, V, et al. Protein Tyrosine Kinases: Their Roles and Their Targeting in Leukemia. Cancers (Basel) (2021) 13(2):184. doi: 10.3390/cancers13020184

29. O’Reilly, KE, Rojo, F, She, QB, Solit, D, Mills, GB, Smith, D, et al. mTOR Inhibition Induces Upstream Receptor Tyrosine Kinase Signaling and Activates Akt. Cancer Res (2006) 66(3):1500–8. doi: 10.1158/0008-5472.CAN-05-2925

30. Carracedo, A, Ma, L, Teruya-Feldstein, J, Rojo, F, Salmena, L, Alimonti, A, et al. Inhibition of mTORC1 Leads to MAPK Pathway Activation Through a PI3K-Dependent Feedback Loop in Human Cancer. J Clin Invest (2008) 118(9):3065–74. doi: 10.1172/JCI34739

31. Chen, Y, Guggisberg, N, Jorda, M, Gonzalez-Angulo, A, Hennessy, B, Mills, GB, et al. Combined Src and Aromatase Inhibition Impairs Human Breast Cancer Growth In Vivo and Bypass Pathways Are Activated in AZD0530-resistant Tumors. Clin Cancer Res (2009) 15(10):3396–405. doi: 10.1158/1078-0432.CCR-08-3127

32. Chen, Y, Alvarez, EA, Azzam, D, Wander, SA, Guggisberg, N, Jordà, M, et al. Combined Src and ER Blockade Impairs Human Breast Cancer Proliferation In Vitro and In Vivo. Breast Cancer Res Treat (2011) 128(1):69–78. doi: 10.1007/s10549-010-1024-7

33. Simpkins, F, Jang, K, Yoon, H, Hew, KE, Kim, M, Azzam, DJ, et al. Dual Src and MEK Inhibition Decreases Ovarian Cancer Growth and Targets Tumor Initiating Stem-Like Cells. Clin Cancer Res (2018) 24(19):4874–86. doi: 10.1158/1078-0432.CCR-17-3697

34. Wee, S, Jagani, Z, Xiang, KX, Loo, A, Dorsch, M, Yao, YM, et al. PI3K Pathway Activation Mediates Resistance to MEK Inhibitors in KRAS Mutant Cancers. Cancer Res (2009) 69(10):4286–93. doi: 10.1158/0008-5472.CAN-08-4765

35. Bell, JB, Eckerdt, F, Dhruv, HD, Finlay, D, Peng, S, Kim, S, et al. Differential Response of Glioma Stem Cells to Arsenic Trioxide Therapy Is Regulated by MNK1 and mRNA Translation. Mol Cancer Res (2018) 16(1):32–46. doi: 10.1158/1541-7786.MCR-17-0397

36. Jiang, X, Mak, PY, Mu, H, Tao, W, Mak, DH, Kornblau, S, et al. Disruption of Wnt/beta-Catenin Exerts Antileukemia Activity and Synergizes With FLT3 Inhibition in FLT3-Mutant Acute Myeloid Leukemia. Clin Cancer Res (2018) 24(10):2417–29. doi: 10.1158/1078-0432.CCR-17-1556

37. Ma, S, Yang, LL, Niu, T, Cheng, C, Zhong, L, Zheng, MW, et al. Sklb-677, An FLT3 and Wnt/beta-Catenin Signaling Inhibitor, Displays Potent Activity in Models of FLT3-Driven Aml. Sci Rep (2015) 5:15646. doi: 10.1038/srep15646

38. Bai, LY, Chiu, CF, Lin, CW, Hsu, NY, Lin, CL, Lo, WJ, et al. Differential Expression of Sonic Hedgehog and Gli1 in Hematological Malignancies. Leukemia (2008) 22(1):226–8. doi: 10.1038/sj.leu.2404978

39. Hofmann, I, Stover, EH, Cullen, DE, Mao, J, Morgan, KJ, Lee, BH, et al. Hedgehog Signaling Is Dispensable for Adult Murine Hematopoietic Stem Cell Function and Hematopoiesis. Cell Stem Cell (2009) 4(6):559–67. doi: 10.1016/j.stem.2009.03.016

40. Gao, J, Graves, S, Koch, U, Liu, S, Jankovic, V, Buonamici, S, et al. Hedgehog Signaling Is Dispensable for Adult Hematopoietic Stem Cell Function. Cell Stem Cell (2009) 4(6):548–58. doi: 10.1016/j.stem.2009.03.015

41. Lu, FL, Yu, CC, Chiu, HH, Liu, HE, Chen, SY, Lin, S, et al. Sonic Hedgehog Antagonists Induce Cell Death in Acute Myeloid Leukemia Cells With the Presence of Lipopolysaccharides, Tumor Necrosis Factor-Alpha, or Interferons. Invest New Drugs (2013) 31(4):823–32. doi: 10.1007/s10637-012-9908-5

42. Long, B, Wang, LX, Zheng, FM, Lai, SP, Xu, DR, Hu, Y, et al. Targeting GLI1 Suppresses Cell Growth and Enhances Chemosensitivity in CD34+ Enriched Acute Myeloid Leukemia Progenitor Cells. Cell Physiol Biochem (2016) 38(4):1288–302. doi: 10.1159/000443075

43. Queiroz, KC, Ruela-de-Sousa, RR, Fuhler, GM, Aberson, HL, Ferreira, CV, Peppelenbosch, MP, et al. Hedgehog Signaling Maintains Chemoresistance in Myeloid Leukemic Cells. Oncogene (2010) 29(48):6314–22. doi: 10.1038/onc.2010.375

44. Konopleva, M, Milella, M, Ruvolo, P, Watts, JC, Ricciardi, MR, Korchin, B, et al. MEK Inhibition Enhances ABT-737-Induced Leukemia Cell Apoptosis Via Prevention of ERK-Activated MCL-1 Induction and Modulation of MCL-1/BIM Complex. Leukemia (2012) 26(4):778–87. doi: 10.1038/leu.2011.287

45. Pei, XY, Dai, Y, Tenorio, S, Lu, J, Harada, H, Dent, P, et al. MEK1/2 Inhibitors Potentiate UCN-01 Lethality in Human Multiple Myeloma Cells Through a Bim-Dependent Mechanism. Blood (2007) 110(6):2092–101. doi: 10.1182/blood-2007-04-083204

46. Han, L, Zhang, Q, Dail, M, Shi, C, Cavazos, A, Ruvolo, VR, et al. Concomitant Targeting of BCL2 With Venetoclax and MAPK Signaling With Cobimetinib in Acute Myeloid Leukemia Models. Haematologica (2020) 105(3):697–707. doi: 10.3324/haematol.2018.205534

47. Schenone, S, Brullo, C, Musumeci, F, Botta, M, et al. Novel Dual Src/Abl Inhibitors for Hematologic and Solid Malignancies. Expert Opin Investig Drugs (2010) 19(8):931–45. doi: 10.1517/13543784.2010.499898

48. Araujo, J, and Logothetis, C. Dasatinib: A Potent SRC Inhibitor in Clinical Development for the Treatment of Solid Tumors. Cancer Treat Rev (2010) 36(6):492–500. doi: 10.1016/j.ctrv.2010.02.015

49. Dos Santos, C, McDonald, T, Ho, YW, Liu, H, Lin, A, Forman, SJ, et al. The Src and c-Kit Kinase Inhibitor Dasatinib Enhances p53-Mediated Targeting of Human Acute Myeloid Leukemia Stem Cells by Chemotherapeutic Agents. Blood (2013) 122(11):1900–13. doi: 10.1182/blood-2012-11-466425

50. Zeng, Z, Wang, RY, Qiu, YH, Mak, DH, Coombes, K, Yoo, SY, et al. MLN0128, a Novel mTOR Kinase Inhibitor, Disrupts Survival Signaling and Triggers Apoptosis in AML and AML Stem/Progenitor Cells. Oncotarget (2016) 7(34):55083–97. doi: 10.18632/oncotarget.10397

51. Valent, P. Emerging Stem Cell Concepts for Imatinib-Resistant Chronic Myeloid Leukaemia: Implications for the Biology, Management, and Therapy of the Disease. Br J Haematol (2008) 142(3):361–78. doi: 10.1111/j.1365-2141.2008.07197.x

52. Coppo, P, Flamant, S, De Mas, V, Jarrier, P, Guillier, M, Bonnet, ML, et al. Bcr-ABL Activates STAT3 Via JAK and MEK Pathways in Human Cells. Br J Haematol (2006) 134(2):171–9. doi: 10.1111/j.1365-2141.2006.06161.x

53. Stella, S, Tirrò, E, Conte, E, Stagno, F, Di Raimondo, F, Manzella, L, et al. Suppression of Survivin Induced by a BCR-ABL/JAK2/STAT3 Pathway Sensitizes Imatinib-Resistant CML Cells to Different Cytotoxic Drugs. Mol Cancer Ther (2013) 12(6):1085–98. doi: 10.1158/1535-7163.MCT-12-0550

54. Traer, E, MacKenzie, R, Snead, J, Agarwal, A, Eiring, AM, O'Hare, T, et al. Blockade of JAK2-Mediated Extrinsic Survival Signals Restores Sensitivity of CML Cells to ABL Inhibitors. Leukemia (2012) 26(5):1140–3. doi: 10.1038/leu.2011.325

55. Warsch, W, Walz, C, and Sexl, V. JAK of All Trades: JAK2-STAT5 as Novel Therapeutic Targets in BCR-ABL1+ Chronic Myeloid Leukemia. Blood (2013) 122(13):2167–75. doi: 10.1182/blood-2013-02-485573

56. Zimmerman, EI, Dollins, CM, Crawford, M, Grant, S, Nana'Sinkam, SP, Richards, KL, et al. Lyn Kinase-Dependent Regulation of miR181 and Myeloid Cell Leukemia-1 Expression: Implications for Drug Resistance in Myelogenous Leukemia. Mol Pharmacol (2010) 78(5):811–7. doi: 10.1124/mol.110.066258

57. Eiring, AM, Page, BDG, Kraft, IL, Mason, CC, Vellore, NA, Resetca, D, et al. Combined STAT3 and BCR-ABL1 Inhibition Induces Synthetic Lethality in Therapy-Resistant Chronic Myeloid Leukemia. Leukemia (2015) 29(3):586–97. doi: 10.1038/leu.2014.245

58. Gleixner, KV, Schneeweiss, M, Eisenwort, G, Berger, D, Herrmann, H, Blatt, K, et al. Combined Targeting of STAT3 and STAT5: A Novel Approach to Overcome Drug Resistance in Chronic Myeloid Leukemia. Haematologica (2017) 102(9):1519–29. doi: 10.3324/haematol.2016.163436

59. Mayerhofer, M, Florian, S, Krauth, MT, Aichberger, KJ, Bilban, M, Marculescu, R, et al. Identification of Heme Oxygenase-1 as a Novel BCR/ABL-Dependent Survival Factor in Chronic Myeloid Leukemia. Cancer Res (2004) 64(9):3148–54. doi: 10.1158/0008-5472.can-03-1200

60. Kinzler, KW, Bigner, SH, Bigner, DD, Trent, JM, Law, ML, O'Brien, SJ, et al. Identification of an Amplified, Highly Expressed Gene in a Human Glioma. Science (1987) 236(4797):70–3. doi: 10.1126/science.3563490

61. Dixit, D, Ghildiyal, R, Anto, NP, Ghosh, S, Sharma, V, Sen, E, et al. Guggulsterone Sensitizes Glioblastoma Cells to Sonic Hedgehog Inhibitor SANT-1 Induced Apoptosis in a Ras/NFkappaB Dependent Manner. Cancer Lett (2013) 336(2):347–58. doi: 10.1016/j.canlet.2013.03.025

62. Stupp, R, Mason, WP, van den Bent, MJ, Weller, M, Fisher, B, Taphoorn, MJ, et al. Radiotherapy Plus Concomitant and Adjuvant Temozolomide for Glioblastoma. N Engl J Med (2005) 352(10):987–96. doi: 10.1056/NEJMoa043330

63. Shi, L, Fei, X, and Wang, Z. Demethoxycurcumin Was Prior to Temozolomide on Inhibiting Proliferation and Induced Apoptosis of Glioblastoma Stem Cells. Tumour Biol (2015) 36(9):7107–19. doi: 10.1007/s13277-015-3427-x

64. Pan, E, Supko, JG, Kaley, TJ, Butowski, NA, Cloughesy, T, Jung, J, et al. Phase I Study of RO4929097 With Bevacizumab in Patients With Recurrent Malignant Glioma. J Neurooncol (2016) 130(3):571–9. doi: 10.1007/s11060-016-2263-1

65. Xu, DD, Zhou, PJ, Wang, Y, Zhang, L, Fu, WY, Ruan, BB, et al. Reciprocal Activation Between STAT3 and miR-181b Regulates the Proliferation of Esophageal Cancer Stem-Like Cells Via the CYLD Pathway. Mol Cancer (2016) 15(1):40. doi: 10.1186/s12943-016-0521-7

66. Nghiemphu, PL, Wen, PY, Lamborn, KR, Drappatz, J, Robins, HI, Fink, K, et al. A Phase I Trial of Tipifarnib With Radiation Therapy, With and Without Temozolomide, for Patients With Newly Diagnosed Glioblastoma. Int J Radiat Oncol Biol Phys (2011) 81(5):1422–7. doi: 10.1016/j.ijrobp.2010.07.1997

67. Yust-Katz, S, Liu, D, Yuan, Y, Liu, V, Kang, S, Groves, M, et al. Phase 1/1b Study of Lonafarnib and Temozolomide in Patients With Recurrent or Temozolomide Refractory Glioblastoma. Cancer (2013) 119(15):2747–53. doi: 10.1002/cncr.28031

68. Ma, Y, Cheng, Z, Liu, J, Torre-Healy, L, Lathia, JD, Nakano, I, et al. Inhibition of Farnesyltransferase Potentiates NOTCH-Targeted Therapy Against Glioblastoma Stem Cells. Stem Cell Rep (2017) 9(6):1948–60. doi: 10.1016/j.stemcr.2017.10.028

69. Yahyanejad, S, King, H, Iglesias, VS, Granton, PV, Barbeau, LM, van Hoof, SJ, et al. NOTCH Blockade Combined With Radiation Therapy and Temozolomide Prolongs Survival of Orthotopic Glioblastoma. Oncotarget (2016) 7(27):41251–64. doi: 10.18632/oncotarget.9275

70. Lagadec, C, Vlashi, E, Alhiyari, Y, Phillips, TM, Bochkur Dratver, M, Pajonk, F, et al. Radiation-Induced Notch Signaling in Breast Cancer Stem Cells. Int J Radiat Oncol Biol Phys (2013) 87(3):609–18. doi: 10.1016/j.ijrobp.2013.06.2064

71. Mizugaki, H, Sakakibara-Konishi, J, Ikezawa, Y, Kikuchi, J, Kikuchi, E, Oizumi, S, et al. gamma-Secretase Inhibitor Enhances Antitumour Effect of Radiation in Notch-Expressing Lung Cancer. Br J Cancer (2012) 106(12):1953–9. doi: 10.1038/bjc.2012.178

72. Melisi, D, Ishiyama, S, Sclabas, GM, Fleming, JB, Xia, Q, Tortora, G, et al. LY2109761, a Novel Transforming Growth Factor Beta Receptor Type I and Type II Dual Inhibitor, as a Therapeutic Approach to Suppressing Pancreatic Cancer Metastasis. Mol Cancer Ther (2008) 7(4):829–40. doi: 10.1158/1535-7163.MCT-07-0337

73. Fransvea, E, Angelotti, U, Antonaci, S, and Giannelli, G. Blocking Transforming Growth Factor-Beta Up-Regulates E-Cadherin and Reduces Migration and Invasion of Hepatocellular Carcinoma Cells. Hepatology (2008) 47(5):1557–66. doi: 10.1002/hep.22201

74. Zhang, B, Halder, SK, Zhang, S, and Datta, PK. Targeting Transforming Growth Factor-Beta Signaling in Liver Metastasis of Colon Cancer. Cancer Lett (2009) 277(1):114–20. doi: 10.1016/j.canlet.2008.11.035

75. Zhang, M, Kleber, S, Röhrich, M, Timke, C, Han, N, Tuettenberg, J, et al. Blockade of TGF-Beta Signaling by the TGFbetaR-I Kinase Inhibitor LY2109761 Enhances Radiation Response and Prolongs Survival in Glioblastoma. Cancer Res (2011) 71(23):7155–67. doi: 10.1158/0008-5472.CAN-11-1212

76. Sunayama, J, Matsuda, K, Sato, A, Tachibana, K, Suzuki, K, Narita, Y, et al. Crosstalk Between the PI3K/mTOR and MEK/ERK Pathways Involved in the Maintenance of Self-Renewal and Tumorigenicity of Glioblastoma Stem-Like Cells. Stem Cells (2010) 28(11):1930–9. doi: 10.1002/stem.521

77. Kahn, J, Hayman, TJ, Jamal, M, Rath, BH, Kramp, T, Camphausen, K, et al. The mTORC1/mTORC2 Inhibitor AZD2014 Enhances the Radiosensitivity of Glioblastoma Stem-Like Cells. Neuro Oncol (2014) 16(1):29–37. doi: 10.1093/neuonc/not139

78. Pareja, F, Macleod, D, Shu, C, Crary, JF, Canoll, PD, Ross, AH, et al. PI3K and Bcl-2 Inhibition Primes Glioblastoma Cells to Apoptosis Through Downregulation of Mcl-1 and Phospho-BAD. Mol Cancer Res (2014) 12(7):987–1001. doi: 10.1158/1541-7786.MCR-13-0650

79. Ong, DST, Hu, B, Ho, YW, Sauvé, CG, Bristow, CA, Wang, Q, et al. PAF Promotes Stemness and Radioresistance of Glioma Stem Cells. Proc Natl Acad Sci USA (2017) 114(43):E9086–95. doi: 10.1073/pnas.1708122114

80. Wang, X, Jung, YS, Jun, S, Lee, S, Wang, W, Schneider, A, et al. Paf-Wnt Signaling-Induced Cell Plasticity Is Required for Maintenance of Breast Cancer Cell Stemness. Nat Commun (2016) 7:10633. doi: 10.1038/ncomms10633

81. Shi, Y, Guryanova, OA, Zhou, W, Liu, C, Huang, Z, Fang, X, et al. Ibrutinib Inactivates BMX-STAT3 in Glioma Stem Cells to Impair Malignant Growth and Radioresistance. Sci Transl Med (2018) 10(443):1–13. doi: 10.1126/scitranslmed.aah6816

82. Guryanova, OA, Wu, Q, Cheng, L, Lathia, JD, Huang, Z, Yang, J, et al. Nonreceptor Tyrosine Kinase BMX Maintains Self-Renewal and Tumorigenic Potential of Glioblastoma Stem Cells by Activating STAT3. Cancer Cell (2011) 19(4):498–511. doi: 10.1016/j.ccr.2011.03.004

83. Fox, JL, and Storey, A. Bmx Negatively Regulates BAK Function, Thereby Increasing Apoptotic Resistance to Chemotherapeutic Drugs. Cancer Res (2015) 75(7):1345–55. doi: 10.1158/0008-5472.CAN-14-1340

84. Zhang, Z, Zhu, W, Zhang, J, Guo, L, et al. Tyrosine Kinase Etk/BMX Protects Nasopharyngeal Carcinoma Cells From Apoptosis Induced by Radiation. Cancer Biol Ther (2011) 11(7):690–8. doi: 10.4161/cbt.11.7.15060

85. Ballester, LY, Wang, Z, Shandilya, S, Miettinen, M, Burger, PC, Eberhart, CG, et al. Morphologic Characteristics and Immunohistochemical Profile of Diffuse Intrinsic Pontine Gliomas. Am J Surg Pathol (2013) 37(9):1357–64. doi: 10.1097/PAS.0b013e318294e817

86. Sturm, D, Witt, H, Hovestadt, V, Khuong-Quang, DA, Jones, DT, Konermann, C, et al. Hotspot Mutations in H3F3A and IDH1 Define Distinct Epigenetic and Biological Subgroups of Glioblastoma. Cancer Cell (2012) 22(4):425–37. doi: 10.1016/j.ccr.2012.08.024

87. Paugh, SW, Stocco, G, and Evans, WE. Pharmacogenomics in Pediatric Leukemia. Curr Opin Pediatr (2010) 22(6):703–10. doi: 10.1097/MOP.0b013e32833fde85

88. Khuong-Quang, DA, Buczkowicz, P, Rakopoulos, P, Liu, XY, Fontebasso, AM, Bouffet, E, et al. K27M Mutation in Histone H3.3 Defines Clinically and Biologically Distinct Subgroups of Pediatric Diffuse Intrinsic Pontine Gliomas. Acta Neuropathol (2012) 124(3):439–47. doi: 10.1007/s00401-012-0998-0

89. Taylor, IC, Hütt-Cabezas, M, Brandt, WD, Kambhampati, M, Nazarian, J, Chang, HT, et al. Disrupting NOTCH Slows Diffuse Intrinsic Pontine Glioma Growth, Enhances Radiation Sensitivity, and Shows Combinatorial Efficacy With Bromodomain Inhibition. J Neuropathol Exp Neurol (2015) 74(8):778–90. doi: 10.1097/NEN.0000000000000216

90. Eckerdt, F, Bell, JB, Beauchamp, EM, Clymer, J, Blyth, GT, Kosciuczuk, EM, et al. Potent Antineoplastic Effects of Combined Pi3kalpha-Mnk Inhibition in Medulloblastoma. Mol Cancer Res (2019) 17(6):1305–15. doi: 10.1158/1541-7786.MCR-18-1193

91. Kim, KW, Kim, JY, Qiao, J, Clark, RA, Powers, CM, Correa, H, et al. Dual-Targeting AKT2 and ERK in Cancer Stem-Like Cells in Neuroblastoma. Oncotarget (2019) 10(54):5645–59. doi: 10.18632/oncotarget.27210

92. Park, SY, Kim, MJ, Park, SA, Kim, JS, Min, KN, Kim, DK, et al. Combinatorial TGF-Beta Attenuation With Paclitaxel Inhibits the Epithelial-to-Mesenchymal Transition and Breast Cancer Stem-Like Cells. Oncotarget (2015) 6(35):37526–43. doi: 10.18632/oncotarget.6063

93. Cannito, S, Novo, E, di Bonzo, LV, Busletta, C, Colombatto, S, Parola, M, et al. Epithelial-Mesenchymal Transition: From Molecular Mechanisms, Redox Regulation to Implications in Human Health and Disease. Antioxid Redox Signal (2010) 12(12):1383–430. doi: 10.1089/ars.2009.2737

94. Lu, H, Tran, L, Park, Y, Chen, I, Lan, J, Xie, Y, et al. Reciprocal Regulation of DUSP9 and DUSP16 Expression by HIF1 Controls ERK and P38 MAP Kinase Activity and Mediates Chemotherapy-Induced Breast Cancer Stem Cell Enrichment. Cancer Res (2018) 78(15):4191–202. doi: 10.1158/0008-5472.CAN-18-0270

95. Wu, ZH, Lin, C, Liu, MM, Zhang, J, Tao, ZH, Hu, XC, et al. Src Inhibition can Synergize With Gemcitabine and Reverse Resistance in Triple Negative Breast Cancer Cells Via the AKT/c-Jun Pathway. PloS One (2016) 11(12):e0169230. doi: 10.1371/journal.pone.0169230

96. Fischer, MM, Cancilla, B, Yeung, VP, Cattaruzza, F, Chartier, C, Murriel, CL, et al. WNT Antagonists Exhibit Unique Combinatorial Antitumor Activity With Taxanes by Potentiating Mitotic Cell Death. Sci Adv (2017) 3(6):e1700090. doi: 10.1126/sciadv.1700090

97. Gurney, A, Axelrod, F, Bond, CJ, Cain, J, Chartier, C, Donigan, L, et al. Wnt Pathway Inhibition Via the Targeting of Frizzled Receptors Results in Decreased Growth and Tumorigenicity of Human Tumors. Proc Natl Acad Sci USA (2012) 109(29):11717–22. doi: 10.1073/pnas.1120068109

98. Jimeno, A, Gordon, M, Chugh, R, Messersmith, W, Mendelson, D, Dupont, J, et al. A First-in-Human Phase I Study of the Anticancer Stem Cell Agent Ipafricept (Omp-54F28), A Decoy Receptor for Wnt Ligands, in Patients With Advanced Solid Tumors. Clin Cancer Res (2017) 23(24):7490–7. doi: 10.1158/1078-0432.CCR-17-2157

99. Sun, Q, Lesperance, J, Wettersten, H, Luterstein, E, DeRose, YS, Welm, A, et al. Proapoptotic PUMA Targets Stem-Like Breast Cancer Cells to Suppress Metastasis. J Clin Invest (2018) 128(1):531–44. doi: 10.1172/JCI93707

100. Sun, Q, Wang, Y, and Desgrosellier, JS. Combined Bcl-2/Src Inhibition Synergize to Deplete Stem-Like Breast Cancer Cells. Cancer Lett (2019) 457:40–6. doi: 10.1016/j.canlet.2019.05.004

101. Lu, H, Chen, I, Shimoda, LA, Park, Y, Zhang, C, Tran, L, et al. Chemotherapy-Induced Ca(2+) Release Stimulates Breast Cancer Stem Cell Enrichment. Cell Rep (2017) 18(8):1946–57. doi: 10.1016/j.celrep.2017.02.001

102. Manupati, K, Debnath, S, Goswami, K, Bhoj, PS, Chandak, HS, Bahekar, SP, et al. Glutathione S-Transferase Omega 1 Inhibition Activates JNK-Mediated Apoptotic Response in Breast Cancer Stem Cells. FEBS J (2019) 286(11):2167–92. doi: 10.1111/febs.14813

103. Bodenstine, TM, Chandler, GS, Seftor, RE, Seftor, EA, and Hendrix, MJ. Plasticity Underlies Tumor Progression: Role of Nodal Signaling. Cancer Metastasis Rev (2016) 35(1):21–39. doi: 10.1007/s10555-016-9605-5

104. Margaryan, NV, Hazard-Jenkins, H, Salkeni, MA, Smolkin, MB, Coad, JA, Wen, S, et al. The Stem Cell Phenotype of Aggressive Breast Cancer Cells. Cancers (Basel) (2019) 11(3):340–50. doi: 10.3390/cancers11030340

105. Lonardo, E, Hermann, PC, Mueller, MT, Huber, S, Balic, A, Miranda-Lorenzo, I, et al. Nodal/Activin Signaling Drives Self-Renewal and Tumorigenicity of Pancreatic Cancer Stem Cells and Provides a Target for Combined Drug Therapy. Cell Stem Cell (2011) 9(5):433–46. doi: 10.1016/j.stem.2011.10.001

106. Gong, Y, Guo, Y, Hai, Y, Yang, H, Liu, Y, Yang, S, et al. Nodal Promotes the Self-Renewal of Human Colon Cancer Stem Cells Via an Autocrine Manner Through Smad2/3 Signaling Pathway. BioMed Res Int (2014) 2014:364134. doi: 10.1155/2014/364134

107. Hardy, KM, Strizzi, L, Margaryan, NV, Gupta, K, Murphy, GF, Scolyer, RA, et al. Targeting Nodal in Conjunction With Dacarbazine Induces Synergistic Anticancer Effects in Metastatic Melanoma. Mol Cancer Res (2015) 13(4):670–80. doi: 10.1158/1541-7786.MCR-14-0077

108. Strizzi, L, Hardy, KM, Margaryan, NV, Hillman, DW, Seftor, EA, Chen, B, et al. Potential for the Embryonic Morphogen Nodal as a Prognostic and Predictive Biomarker in Breast Cancer. Breast Cancer Res (2012) 14(3):R75. doi: 10.1186/bcr3185

109. Quail, DF, Siegers, GM, Jewer, M, and Postovit, LM. Nodal Signalling in Embryogenesis and Tumourigenesis. Int J Biochem Cell Biol (2013) 45(4):885–98. doi: 10.1016/j.biocel.2012.12.021

110. Zhang, Y, Jin, Z, Zhou, H, Ou, X, Xu, Y, Li, H, et al. Suppression of Prostate Cancer Progression by Cancer Cell Stemness Inhibitor Napabucasin. Cancer Med (2016) 5(6):1251–8. doi: 10.1002/cam4.675

111. Chang, L, Graham, PH, Hao, J, Ni, J, Bucci, J, Cozzi, PJ, et al. Acquisition of Epithelial-Mesenchymal Transition and Cancer Stem Cell Phenotypes Is Associated With Activation of the PI3K/Akt/mTOR Pathway in Prostate Cancer Radioresistance. Cell Death Dis (2013) 4:e875. doi: 10.1038/cddis.2013.407

112. MacDonagh, L, Gallagher, MF, Ffrench, B, Gasch, C, Breen, E, Gray, SG, et al. Targeting the Cancer Stem Cell Marker, Aldehyde Dehydrogenase 1, to Circumvent Cisplatin Resistance in NSCLC. Oncotarget (2017) 8(42):72544–63. doi: 10.18632/oncotarget.19881

113. MacDonagh, L, Gray, SG, Breen, E, Cuffe, S, Finn, SP, O'Byrne, KJ, et al. BBI608 Inhibits Cancer Stemness and Reverses Cisplatin Resistance in NSCLC. Cancer Lett (2018) 428:117–26. doi: 10.1016/j.canlet.2018.04.008

114. Roy, S, Roy, S, Kar, M, Padhi, S, Saha, A, Anuja, K, et al. Role of P38 MAPK in Disease Relapse and Therapeutic Resistance by Maintenance of Cancer Stem Cells in Head and Neck Squamous Cell Carcinoma. J Oral Pathol Med (2018) 47(5):492–501. doi: 10.1111/jop.12707

115. Siddique, HR, and Saleem, M. Role of BMI1, a Stem Cell Factor, in Cancer Recurrence and Chemoresistance: Preclinical and Clinical Evidences. Stem Cells (2012) 30(3):372–8. doi: 10.1002/stem.1035

116. Chen, D, Wu, M, Li, Y, Chang, I, Yuan, Q, Ekimyan-Salvo, M, et al. Targeting BMI1(+) Cancer Stem Cells Overcomes Chemoresistance and Inhibits Metastases in Squamous Cell Carcinoma. Cell Stem Cell (2017) 20(5):621–34.e6. doi: 10.1016/j.stem.2017.02.003

117. Hermida-Prado, F, Villaronga, MÁ, Granda-Díaz, R, Del-Río-Ibisate, N, Santos, L, Hermosilla, M, et al. The SRC Inhibitor Dasatinib Induces Stem Cell-Like Properties in Head and Neck Cancer Cells That Are Effectively Counteracted by the Mithralog Ec-8042. J Clin Med (2019) 8(8):1157. doi: 10.3390/jcm8081157

118. Tornin, J, Martinez-Cruzado, L, Santos, L, Rodriguez, A, Núñez, LE, Oro, P, et al. Inhibition of SP1 by the Mithramycin Analog EC-8042 Efficiently Targets Tumor Initiating Cells in Sarcoma. Oncotarget (2016) 7(21):30935–50. doi: 10.18632/oncotarget.8817

119. Fevr, T, Robine, S, Louvard, D, Huelsken, J, et al. Wnt/Beta-Catenin Is Essential for Intestinal Homeostasis and Maintenance of Intestinal Stem Cells. Mol Cell Biol (2007) 27(21):7551–9. doi: 10.1128/MCB.01034-07

120. Carethers, JM. Systemic Treatment of Advanced Colorectal Cancer: Tailoring Therapy to the Tumor. Therap Adv Gastroenterol (2008) 1(1):33–42. doi: 10.1177/1756283X08093607

121. Sinicrope, FA, Foster, NR, Thibodeau, SN, Marsoni, S, Monges, G, Labianca, R, et al. DNA Mismatch Repair Status and Colon Cancer Recurrence and Survival in Clinical Trials of 5-Fluorouracil-Based Adjuvant Therapy. J Natl Cancer Inst (2011) 103(11):863–75. doi: 10.1093/jnci/djr153

122. Cho, YH, Ro, EJ, Yoon, JS, Mizutani, T, Kang, DW, Park, JC, et al. 5-FU Promotes Stemness of Colorectal Cancer Via P53-Mediated WNT/beta-Catenin Pathway Activation. Nat Commun (2020) 11(1):5321. doi: 10.1038/s41467-020-19173-2

123. Nautiyal, J, Kanwar, SS, Yu, Y, and Majumdar, AP. Combination of Dasatinib and Curcumin Eliminates Chemo-Resistant Colon Cancer Cells. J Mol Signal (2011) 6:7. doi: 10.1186/1750-2187-6-7

124. Wu, CX, Wang, XQ, Chok, SH, Man, K, Tsang, SHY, Chan, ACY, et al. Blocking CDK1/PDK1/beta-Catenin Signaling by CDK1 Inhibitor RO3306 Increased the Efficacy of Sorafenib Treatment by Targeting Cancer Stem Cells in a Preclinical Model of Hepatocellular Carcinoma. Theranostics (2018) 8(14):3737–50. doi: 10.7150/thno.25487

125. Duong, HQ, Yi, YW, Kang, HJ, Bae, I, Jang, YJ, Kwak, SJ, et al. Combination of Dasatinib and Gemcitabine Reduces the ALDH1A1 Expression and the Proliferation of Gemcitabine-Resistant Pancreatic Cancer MIA PaCa-2 Cells. Int J Oncol (2014) 44(6):2132–8. doi: 10.3892/ijo.2014.2357

126. Hendrix, MJ, Kandela, I, Mazar, AP, Seftor, EA, Seftor, RE, Margaryan, NV, et al. Targeting Melanoma With Front-Line Therapy Does Not Abrogate Nodal-Expressing Tumor Cells. Lab Invest (2017) 97(2):176–86. doi: 10.1038/labinvest.2016.107

127. Nolan, KD, Kaur, J, and Isaacs, JS. Secreted Heat Shock Protein 90 Promotes Prostate Cancer Stem Cell Heterogeneity. Oncotarget (2017) 8(12):19323–41. doi: 10.18632/oncotarget.14252

128. White, PT, Subramanian, C, Zhu, Q, Zhang, H, Zhao, H, Gallagher, R, et al. Novel HSP90 Inhibitors Effectively Target Functions of Thyroid Cancer Stem Cell Preventing Migration and Invasion. Surgery (2016) 159(1):142–51. doi: 10.1016/j.surg.2015.07.050

129. Stivarou, T, Stellas, D, Vartzi, G, Thomaidou, D, Patsavoudi, E, et al. Targeting Highly Expressed Extracellular HSP90 in Breast Cancer Stem Cells Inhibits Tumor Growth In Vitro and In Vivo. Cancer Biol Ther (2016) 17(8):799–812. doi: 10.1080/15384047.2016.1195041

130. Subramanian, C, Kovatch, KJ, Sim, MW, Wang, G, Prince, ME, Carey, TE, et al. Novel C-Terminal Heat Shock Protein 90 Inhibitors (KU711 and Ku757) Are Effective in Targeting Head and Neck Squamous Cell Carcinoma Cancer Stem Cells. Neoplasia (2017) 19(12):1003–11. doi: 10.1016/j.neo.2017.09.003

131. Bocchini, CE, Kasembeli, MM, Roh, SH, and Tweardy, DJ. Contribution of Chaperones to STAT Pathway Signaling. JAKSTAT (2014) 3(3):e970459. doi: 10.4161/21623988.2014.970459

132. Xu, DD, Chen, SH, Zhou, PJ, Wang, Y, Zhao, ZD, Wang, X, et al. Suppression of Esophageal Cancer Stem-Like Cells by SNX-2112 Is Enhanced by STAT3 Silencing. Front Pharmacol (2020) 11:532395. doi: 10.3389/fphar.2020.532395

133. Barbato, L, Bocchetti, M, Di Biase, A, Regad, T, et al. Cancer Stem Cells and Targeting Strategies. Cells (2019) 8(8):926. doi: 10.3390/cells8080926

134. Du, FY, Zhou, QF, Sun, WJ, and Chen, GL. Targeting Cancer Stem Cells in Drug Discovery: Current State and Future Perspectives. World J Stem Cells (2019) 11(7):398–420. doi: 10.4252/wjsc.v11.i7.398

135. Creedon, H, and Brunton, VG. Src Kinase Inhibitors: Promising Cancer Therapeutics? Crit Rev Oncog (2012) 17(2):145–59. doi: 10.1615/critrevoncog.v17.i2.20

136. Schuetze, SM, Bolejack, V, Choy, E, Ganjoo, KN, Staddon, AP, Chow, WA, et al. Phase 2 Study of Dasatinib in Patients With Alveolar Soft Part Sarcoma, Chondrosarcoma, Chordoma, Epithelioid Sarcoma, or Solitary Fibrous Tumor. Cancer (2017) 123(1):90–7. doi: 10.1002/cncr.30379

137. Scott, AJ, Song, EK, Bagby, S, Purkey, A, McCarter, M, Gajdos, C, et al. Evaluation of the Efficacy of Dasatinib, a Src/Abl Inhibitor, in Colorectal Cancer Cell Lines and Explant Mouse Model. PLoS One (2017) 12(11):e0187173. doi: 10.1371/journal.pone.0187173

138. Kalinsky, K, Lee, S, Rubin, KM, Lawrence, DP, Iafrarte, AJ, Borger, DR, et al. A Phase 2 Trial of Dasatinib in Patients With Locally Advanced or Stage IV Mucosal, Acral, or Vulvovaginal Melanoma: A Trial of the ECOG-ACRIN Cancer Research Group (E2607). Cancer (2017) 123(14):2688–97. doi: 10.1002/cncr.30663

139. Parseghian, CM, Parikh, NU, Wu, JY, Jiang, ZQ, Henderson, L, Tian, F, et al. Dual Inhibition of EGFR and c-Src by Cetuximab and Dasatinib Combined With FOLFOX Chemotherapy in Patients With Metastatic Colorectal Cancer. Clin Cancer Res (2017) 23(15):4146–54. doi: 10.1158/1078-0432.CCR-16-3138

140. Baro, M, de Llobet, LI, Figueras, A, Skvortsova, I, Mesia, R, Balart, J, et al. Dasatinib Worsens the Effect of Cetuximab in Combination With Fractionated Radiotherapy in FaDu- and A431-Derived Xenografted Tumours. Br J Cancer (2014) 111(7):1310–8. doi: 10.1038/bjc.2014.432

141. Ammer, AG, Kelley, LC, Hayes, KE, Evans, JV, Lopez-Skinner, LA, Martin, KH, et al. Saracatinib Impairs Head and Neck Squamous Cell Carcinoma Invasion by Disrupting Invadopodia Function. J Cancer Sci Ther (2009) 1(2):52–61. doi: 10.4172/1948-5956.1000009

142. Brooks, HD, Glisson, BS, Bekele, BN, Johnson, FM, Ginsberg, LE, El-Naggar, A, et al. Phase 2 Study of Dasatinib in the Treatment of Head and Neck Squamous Cell Carcinoma. Cancer (2011) 117(10):2112–9. doi: 10.1002/cncr.25769

143. Fury, MG, Baxi, S, Shen, R, Kelly, KW, Lipson, BL, Carlson, D, et al. Phase II Study of Saracatinib (AZD0530) for Patients With Recurrent or Metastatic Head and Neck Squamous Cell Carcinoma (HNSCC). Anticancer Res (2011) 31(1):249–53.

144. Bauman, JE, Duvvuri, U, Gooding, WE, Rath, TJ, Gross, ND, Song, J, et al. Randomized, Placebo-Controlled Window Trial of EGFR, Src, or Combined Blockade in Head and Neck Cancer. JCI Insight (2017) 2(6):e90449. doi: 10.1172/jci.insight.90449

145. Raffaele, M, Kovacovicova, K, Frohlich, J, Lo Re, O, Giallongo, S, Oben, JA, et al. Mild Exacerbation of Obesity- and Age-Dependent Liver Disease Progression by Senolytic Cocktail Dasatinib + Quercetin. Cell Commun Signal (2021) 19(1):44. doi: 10.1186/s12964-021-00731-0

146. Singh, S, Trevino, J, Bora-Singhal, N, Coppola, D, Haura, E, Altiok, S, et al. EGFR/Src/Akt Signaling Modulates Sox2 Expression and Self-Renewal of Stem-Like Side-Population Cells in Non-Small Cell Lung Cancer. Mol Cancer (2012) 11:73. doi: 10.1186/1476-4598-11-73

147. Bhummaphan, N, Pongrakhananon, V, Sritularak, B, and Chanvorachote, P. Cancer Stem Cell-Suppressing Activity of Chrysotoxine, A Bibenzyl From Dendrobium Pulchellum. J Pharmacol Exp Ther (2018) 364(2):332–46. doi: 10.1124/jpet.117.244467

148. Cazet, AS, Hui, MN, Elsworth, BL, Wu, SZ, Roden, D, Chan, CL, et al. Targeting Stromal Remodeling and Cancer Stem Cell Plasticity Overcomes Chemoresistance in Triple Negative Breast Cancer. Nat Commun (2018) 9(1):2897. doi: 10.1038/s41467-018-05220-6

149. Brown, JR, Chan, DK, Shank, JJ, Griffith, KA, Fan, H, Szulawski, R, et al. Phase II Clinical Trial of Metformin as a Cancer Stem Cell-Targeting Agent in Ovarian Cancer. JCI Insight (2020) 5(11):e133247. doi: 10.1172/jci.insight.133247

150. Haapasalo, A, and Kovacs, DM. The Many Substrates of Presenilin/Gamma-Secretase. J Alzheimers Dis (2011) 25(1):3–28. doi: 10.3233/JAD-2011-101065

151. Stockhausen, MT, Kristoffersen, K, and Poulsen, HS. The Functional Role of Notch Signaling in Human Gliomas. Neuro Oncol (2010) 12(2):199–211. doi: 10.1093/neuonc/nop022

152. Abad, E, García-Mayea, Y, Mir, C, Sebastian, D, Zorzano, A, Potesil, D, et al. Common Metabolic Pathways Implicated in Resistance to Chemotherapy Point to a Key Mitochondrial Role in Breast Cancer. Mol Cell Proteomics (2019) 18(2):231–44. doi: 10.1074/mcp.RA118.001102

153. Scatena, C, Roncella, M, Di Paolo, A, Aretini, P, Menicagli, M, Fanelli, G, et al. Doxycycline, an Inhibitor of Mitochondrial Biogenesis, Effectively Reduces Cancer Stem Cells (Cscs) in Early Breast Cancer Patients: A Clinical Pilot Study. Front Oncol (2018) 8:452. doi: 10.3389/fonc.2018.00452

154. Issa, NT, Stathias, V, Schürer, S, and Dakshanamurthy, S. Machine and Deep Learning Approaches for Cancer Drug Repurposing. Semin Cancer Biol (2021) 68:132–42. doi: 10.1016/j.semcancer.2019.12.011




Conflict of Interest: DS is a topic editor of the research topic: Combinatorial approaches for cancer treatment: from basic to translational research.

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


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 © 2021 Catara, Colanzi and Spano. 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.




SYSTEMATIC REVIEW

published: 29 July 2021

doi: 10.3389/fonc.2021.700407

[image: image2]


Targeting Hypoxia: Hypoxia-Activated Prodrugs in Cancer Therapy


Yue Li 1,2,3, Long Zhao 1,3 and Xiao-Feng Li 1,3*


1 Department of Nuclear Medicine, The Second Clinical Medical College, Jinan University (Shenzhen People’s Hospital), Shenzhen, China, 2 The First Affiliated Hospital, Jinan University, Guangzhou, China, 3 Department of Nuclear Medicine, The First Affiliated Hospital of Southern University of Science and Technology, Shenzhen, China




Edited by: 

George Mattheolabakis, University of Louisiana at Monroe, United States

Reviewed by: 

Chia-Che Chang, National Chung Hsing University, Taiwan; 

Saartjie Roux, Nelson Mandela University, South Africa

*Correspondence: 

Xiao-Feng Li
 linucmed@hotmail.com 

Specialty section: 
 This article was submitted to Pharmacology of Anti-Cancer Drugs, a section of the journal Frontiers in Oncology


Received: 26 April 2021

Accepted: 09 July 2021

Published: 29 July 2021

Citation:
Li Y, Zhao L and Li X-F (2021) Targeting Hypoxia: Hypoxia-Activated Prodrugs in Cancer Therapy. Front. Oncol. 11:700407. doi: 10.3389/fonc.2021.700407



Hypoxia is an important characteristic of most solid malignancies, and is closely related to tumor prognosis and therapeutic resistance. Hypoxia is one of the most important factors associated with resistance to conventional radiotherapy and chemotherapy. Therapies targeting tumor hypoxia have attracted considerable attention. Hypoxia-activated prodrugs (HAPs) are bioreductive drugs that are selectively activated under hypoxic conditions and that can accurately target the hypoxic regions of solid tumors. Both single-agent and combined use with other drugs have shown promising antitumor effects. In this review, we discuss the mechanism of action and the current preclinical and clinical progress of several of the most widely used HAPs, summarize their existing problems and shortcomings, and discuss future research prospects.
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Introduction

Hypoxia is a hallmark of a wide variety of solid tumors. In tumors, hypoxia arises due to a mismatch between oxygen delivery and consumption. Hypoxia is closely related to tumor progression, metastasis, therapeutic resistance, and poor prognosis (1). Hypoxia in tumor microenvironment leads to the transcriptional induction of a series of genes. The most important factor mediating this response is the hypoxia-inducible factor-1 (HIF-1), which extensively participates in glucose metabolism, angiogenesis, apoptosis, tumor metastasis and therapeutic resistance (2). Under hypoxic condition, HIF-1α regulates the switch from oxidative phosphorylation to anaerobic glycolysis, by activating the expression of glucose transporter 1 and 3 (GLUT-1 and GLUT-3) and related glycolytic enzymes (3). By regulating its downstream angiogenesis related genes, such as vascular endothelial growth factor (VEGF), basic fibroblast growth factor (bFGF), matrix metalloproteinases (MMPs), HIF-1α is widely involved in every step of angiogenesis, including endothelial progenitor cells recruitment and their differentiation to endothelial cells and smooth muscle cells, degradation of extracellular matrix, and the stability of peripheral cells (4). HIF-1α could induce apoptosis by regulating p53, Bcl-2, BNIP-3 and other genes (5). Through induction of MMPs, E-cadherin, CXCR4, CA9, HIF could promote tumor invasion and metastasis by regulating epithelial-to-mesenchymal transition (EMT) (6).

Tumor cells response to hypoxia depends in part on the duration of exposure. Hypoxic tumor cells may undergo necrosis, but some of the tumor cells may adjust to hypoxic stress and survive, which is also mediated by HIF-1α, resulting in a more aggressive phenotype and therapeutic resistance (5). Hypoxia and HIF could induce cell cycle arrest and hypoxic tumor cells generally have a relatively low proliferation rate (7, 8), while radiotherapy or chemotherapy mainly act on proliferating cells (9–11). Therefore, the hypoxic regions of tumors are usually insensitive to current radiotherapy and chemotherapy, and treatments targeting the hypoxic regions may provide additional clinical benefits. To this end, increasing efforts have been focused on the development of agents that selectively target and kill hypoxic tumor cells.

Hypoxia-activated prodrugs (HAPs), also referred to as bioreductive drugs, are compounds that can be selectively reduced by specific reductases under hypoxic conditions to form cytotoxic agents that precisely target hypoxic tumor cells and have little toxicity to normal tissue. At present, several classes of HAPs have been developed, including quinones, nitroaromatics, aliphatic N-oxides and hetero-aromatic N-oxides. The most representative ones are tirapazamine, AQ4N (banoxantrone), PR-104, EO9 (apaziquone), TH-302 (evofosfamide), and SN30000 (Figure 1). This review puts a special emphasis on the past achievements as well as limitations of HAPs and attempts to analyze the potential reasons for unsuccessful clinical trials, with the aim of guiding future investigations into optimizing the use of this therapeutic approach.




Figure 1 | Chemical structures of representative HAPs.





Tirapazamine

Tirapazamine (SR-4233, WIN 59075) [3-amino-1,2,4-benzotriazine-1,4 dioxide], the first hypoxia-activated prodrug, was reported in 1986 (12). Through one-electron reduction, the prodrug can generate an oxidative radical, which will diffuse into hypoxic regions and cause oxidative damage (13) (Figure 2). Cytochrome P-450 (CYP) is the main catalytic reductase involved in the reduction of tirapazamine (14). Although evidence showed that tirapazamine is a substrate for NAD(P)H: (quinone acceptor) oxidoreductase (DT-diaphorase) (15), the amount of DT-diaphorase expression in cells did not affect their sensitivity to tirapazamine (16).




Figure 2 | Reductive reaction of tirapazamine.



Tirapazamine kills hypoxic cells by inducing chromosome aberrations and DNA double-strand breaks (17). Chromosome breaks caused by tirapazamine were more damaging and difficult to repair (18). Under hypoxic conditions, tirapazamine causes damage to both purine and pyrimidine residues in double-stranded DNA. DNA base damage was dominated by formation of formamidopyrimidine and 5-hydroxy-6-hydropyrimidine (19, 20). The DNA damaging activity of tirapazamine mainly results from radicals generated within the nucleus but not in the cytoplasm (21). Tirapazamine can induce acute changes in energy metabolism and intracellular pH in tumors (22). Skarsgard et al. (23) found that tirapazamine-induced DNA damage was pH-dependent (more effective at acidic pH) and could be repaired by certain gene products including uvrC and exonuclease III (24). The affinity of tirapazamine for hypoxic tissues was confirmed by many researchers but Durand and Olive demonstrated that this selectivity of tirapazamine was much lower in vivo (3 fold higher than aerobic) than that observed in vitro (50-500 fold) (25). Under aerobic conditions, tirapazamine can still induce cell cycle interruption and apoptosis, which may lead to its aerobic toxicity (26).

In preclinical studies, tirapazamine effectively inhibited tumor colony-forming in vitro, especially in hypoxic cells (27). Tirapazamine induced cell cycle arrest and apoptosis, and down-regulated HIF-1α, CA-IX and VEGF expression (28, 29). Brown (30) suggested that the activity of tirapazamine was p53-independent, but Yang’s study on neuroblastoma revealed that tirapazamine had clinical activity only in p53-functional neuroblastoma (31). Zeman and Brown published a series of reports focusing on the radiosensitization effects of tirapazamine. They reported that tirapazamine enhanced radiation-induced antineoplastic effects while sparing normal tissues (12, 32–38). As flavone acetic acid (FAA) reduces the blood supply of tumors, tirapazamine in combination with FAA could significantly enhance the antineoplastic efficacy of both drugs (39). Many studies have investigated the synergistic effect of tirapazamine and chemotherapy (such as cyclophosphamide, cisplatin, paclitaxel, etc.) or radioimmunotherapy (40–45). Tirapazamine, together with hyperthermia, electric pulses, etc. also exhibited encouraging antineoplastic efficacy (46–49). However, studies conducted by Adam et al. (50, 51) demonstrated that tirapazamine plus cisplatin and/or irradiation significantly increased toxicity and mortality.

In clinical trials, the reported adverse events associated with tirapazamine included muscle cramping, ototoxicity, granulocytopenia, nausea and vomiting, etc. (52, 53). Most phase 1 and 2 clinical trials have shown encouraging antineoplastic efficacy and tolerable toxicity (54–60). However, others, as well as two phase 3 clinical studies showed little benefit or significant toxicity (61–65).



AQ4N

AQ4N [1,4-bis{[2-(dimethylamino-N-oxide)ethyl]amino}-5,8-dihydroxyanthracene-9,10-dione], an aliphatic N-oxide, was first reported in 1993 (66). Its prodrug has no intrinsic DNA binding affinity and thus is non-toxic. Under hypoxic conditions, AQ4N can be activated into AQ4 (with an intermediate product AQ4M) through a two-electron reduction mediated by CYP, which is DNA-affinic and possesses 1000-fold cytotoxic potency compared with its prodrug (Figure 3). During the subsequent decade, Patterson and his team deeply investigated the pharmacology of AQ4N. They demonstrated that AQ4N combined with radiotherapy or chemotherapy (cisplatin, cyclophosphamide, thiotepa, mitoxantrone) showed enhanced antineoplastic effects (67–70). In 2003, they proposed a gene-directed enzyme prodrug therapy (GDEPT) strategy using CYPs in order to facilitate the bioreduction of AQ4N (71). Other researchers also investigated the activation of AQ4N by different types of CYPs and nitric oxide synthase (NOS) (72–75).




Figure 3 | Reductive reaction of AQ4N.



Many researchers have confirmed that AQ4N exerts antitumor effects in preclinical models of pancreatic cancer (76), bladder cancer and lung cancer (77), prostate cancer (78), gliosarcoma (79), etc., in both single-agent and combined chemotherapy, and in radiotherapy. Gieling et al. (80) demonstrated that AQ4N was more effective toward metastases in a fibrosarcoma-bearing mouse model (subcutaneous KHT tumors). Trédan et al. compared the penetration capacity of AQ4N and mitoxantrone through multi-layer cell cultures and tumor xenografts, and found that AQ4N could penetrate deeply into the hypoxic regions of the tumor and that combination therapy of AQ4N with mitoxantrone showed decreased tumor growth (81). There is also evidence showed that AQ4N had anti-angiogenic effects (82, 83).

The first phase 1 study of AQ4N was reported in 2007, in which 22 esophageal carcinoma patients received an AQ4N infusion followed by fractionated radiotherapy (84). Three of 22 patients had > 50% reductions in tumor volume and 9 had stable disease without dose-limiting toxicity. Albertella et al. enrolled 32 patients with different malignancies in a phase 1 study, and demonstrated that AQ4N was activated selectively in hypoxic regions of tumors and that it can penetrate the blood-brain barrier (85). No objective antitumor effect was observed in another phase 1 clinical study conducted by Papadopoulos et al. (86).

In recent years, a series of new therapeutic strategies have been under development, including combination therapy with AQ4N and photodynamic therapy (PDT), vascular-targeted photodynamic therapy (VTP) (87–92). Feng et al. (93) developed a treatment strategy that combined PDT with AQ4N. Using an AQ4N-64Cu-hCe6-liposome in vivo PET probe, they were able to monitor tumor hypoxia status after illumination with light-emitting diode light and demonstrated that utilization of PDT-induced hypoxia to trigger hypoxia-targeted therapy achieved significant antineoplastic effects. Zhang et al. (94) showed that AQ4N combined with starvation therapy (by using stealth liposomes to deliver glucose oxidase together with prodrugs) exhibited similar enhancement of antitumor effects. These methodologies provide new insights for future cancer diagnosis and therapy.



PR-104

PR-104 is a 3,5-dinitrobenzamide-2-mustard. The water-soluble phosphate PR-104 can transform to a more lipophilic prodrug PR-104A (3,5-dinitrobenzamide-2-nitrogen mustard) systemically, and then, under hypoxic conditions, it can be further activated by reduction to PR-104H (5-hydroxylamine) and PR-104M (5-amine), allowing it to act as a DNA interstrand cross-linking agent in hypoxic cells and exert cytotoxic effects (95) (Figure 4). The reduction reaction is catalyzed anaerobically mainly by NADPH-cytochrome P450 reductase (96). There are studies demonstrating that PR-104 may also be reduced by aldo-keto reductase (AKR) 1C3 anaerobically, which might cause systemic toxicity (97, 98). The sensitivity of PR-104 depends on the oxygenation status, reductase activity, and DNA repair ability (99). Two studies have revealed the bystander effect of PR-104 (100, 101).




Figure 4 | Reductive reaction of PR-104.



In in vitro studies, the antitumor efficacy of PR-104 has been investigated in cervical squamous cell carcinoma (SiHa cells), ovarian carcinoma (A2780 cells), non-small cell lung carcinoma (H1299 and A549 cells), colorectal carcinoma (RKO and HCT116 cells), hepatocellular carcinoma, etc., PR-104 as a single agent or in combination with radiotherapy or chemotherapy has shown different degrees of antineoplastic effects (95, 102–104).

In clinical trials, however, no or only partial responses were observed, but with obvious toxicities, mainly thrombocytopenia and neutropenia (105–108). However, PR-104 showed advantages in the treatment of leukemia. Evidence showed that in acute lymphoblastic leukemia, T-cell acute lymphoblastic leukemia, and acute myeloid leukemia, PR-104 decreased tumor burden and prolonged survival in pre-clinical studies (109), and also was associated with disease response in a phase I/II clinical trial (110). The expression of AKR1C3 can be used as a biomarker to predict response to PR-104 and patients screening (111).



EO9 (Apaziquone)

EO9 (Apaziquone) [3-hydroxy-5-aziridinyl-1-methyl-2(1H-indole-4,7-dione)prop-beta-en-alpha-ol], which is structurally related to mitomycin C, was first reported 1989 and has been deeply investigated since then. Pharmacological studies have shown that DT-diaphorase plays a vital role in the reduction of EO9 prodrug (112), implying that detection of DT-diaphorase activity might predict the sensitivity of certain tumors to EO9 (113–115) (Figure 5).




Figure 5 | Reductive reaction of EO9.



In vitro, EO9 was proved effective toward colon adenocarcinoma cells, melanoma cells, central nervous system tumors, renal cancer cells, oral squamous cell carcinoma, and lung cancer cells (including NSCLC and certain cell lines of small cell lung cancer). In vivo, gastric and colorectal adenocarcinoma, ovarian carcinoma, and breast carcinoma were sensitive while leukemia was found to be resistant to EO9 (116–118). Certain inducers such as 1,2-dithiole-3-thiones (D3T) could enhance DT-diaphorase activity, thereby increasing the sensitivity of EO9 (119, 120). However, some researchers pointed out that in vitro studies on DT-diaphorase activity are different from in vivo studies, and may result in different sensitivity measurements (121). Further pharmacological studies have shown that in the presence of oxygen, DT-diaphorase reduces EO9 through 2-electron reduction, and the product is hydroquinone; while under hypoxic conditions, EO9 undergoes 1-electron reduction, and the product is semiquinone, which is more toxic than hydroquinone (122, 123). Therefore, EO9 may be more effective for hypoxic solid tumors (124, 125). Studies have also shown that the anti-tumor effect of EO9 is pH-dependent, and may exert a tumor suppressor effect in tumor areas with low pH (pH5.5-7.0) (126).

For clinical trials, nephrotoxicity and proteinuria were observed in both phase 1 and phase 2 clinical studies, but only partial response or stable disease was achieved (127–131). The reason for these unsatisfactory results may be attributed to the instability of both semiquinone and hydroquinone, with a short half-life and poor permeability, which will be quickly removed in vivo (131–134). However, this special pharmacokinetic profile is ideal for local treatment (135, 136). Intravesical instillation of EO9 was well tolerated and effective for superficial bladder cancer, manifested by a higher complete remission rate and a lower recurrence rate (137–139). A recent study pointed out that EO9 may be inactivated by hematuria, which suggests that the timing of medication should be selected with this in mind in the design of future phase 3 clinical trials (140).



TH-302 (Evofosfamide)

TH-302 (Evofosfamide), a second-generation HAP, consists of a 2-nitroimidazole moiety linked to bromo-iso-phosphoramide mustard (Br-IPM). Br-IPM is a DNA cross-linking agent. Under hypoxic conditions through a 2-nitroimidazole reduction reaction, TH-302 prodrug releases Br-IPM and perform cytotoxic effect (141) (Figure 6). Cytochrome P450 oxidoreductase (POR) also plays an important role in the reduction reaction and is the main determinant of cell sensitivity to TH-302 (142). Thus, the efficacy of TH-302 is highly dependent on the tumor type (143).




Figure 6 | Reductive reaction of TH-302.



Many researchers have reported the antitumor efficacy of TH-302 as a single agent in malignancies including multiple myeloma, osteosarcoma, chondrosarcoma, neuroblastoma, rhabdomyosarcoma, breast cancer, non-small cell lung cancer, head and neck tumors, acute myeloid leukemia, etc. (144–152). The effect of TH-302 on spherical cells was significantly enhanced (153) and its activity was related to tumor hypoxic fractions (154), indicating that TH-302 had high hypoxic selectivity. The reported antineoplastic mechanisms include DNA fragmentation, cell cycle arrest, down-regulation of hypoxia-inducible factor-1α expression, etc.

In addition to monotherapy, TH-302 also showed synergistic effects with many traditional chemotherapy drugs, including doxorubicin, topotecan, paclitaxel, cisplatin, docetaxel, pemetrexed, irinotecan, gemcitabine, and temozolomide (155–157). TH-302 was able to inhibit the reoxygenation and proliferation of hypoxic tumor cells that survived chemotherapy (158). Studies also revealed that the application of hypoxia inducers, such as Chk1 inhibitor, mTOR inhibitor, hydralazine, and pyruvate, enhanced the efficacy of TH-302 (159–161). TH-302 also has a radiosensitization effect. It exerts a synergistic effect when combined with radiotherapy (162–164). TH-302 has been shown to be beneficial in combination with conventional transarterial chemoembolization (cTACE) (165); anti-angiogenic therapy, such as VEGF-A inhibitor, sunitinib, and pazopanib (166–168); molecular targeted therapy, such as sorafenib and erlotinib (169, 170); and immunotherapy, such as CTLA-4 and PD-1 blockade (171, 172), where it also exerted a significant tumor inhibition effect. Recent evidence suggests that TH-302 can not only kill hypoxic pancreatic cancer cells, but also has the ability to improve the oxygenation status of residual tumor cells, so it may be useful to enhance the effect of radiotherapy and chemotherapy (173).

Since 2007, TH-302 has been in clinical trials. The main toxicities reported were skin and/or mucosal toxicity, thrombocytopenia, neutropenia, and myelosuppression (174–177). Several phase 1/2 clinical trials have reported encouraging results. For several types of tumors, including soft tissue sarcoma, pancreatic cancer, glioblastoma, and papillomavirus-negative head and neck squamous cell carcinoma, etc, TH-302 alone or in combination with other therapies showed varying degrees of antineoplastic activity (171, 175–178). It showed limited efficacy in the treatment of leukemia and failed in two phase 3 clinical trials (179–181). Researchers analyzed the possible reasons, including the lack of patient screening based on tumor hypoxia status (182, 183), antagonism between drugs (184), and drug formulation changes (185). Further research is still in progress.



SN30000

SN30000 [3-(3-Morpholinopropyl)-7,8-dihydro-6H-indeno[5,6-e][1,2,4]triazine 1,4-dioxide], previously known as CEN-209, is a second-generation benzotriazine-N-oxide hypoxia-activated prodrug and a modified analogue of tirapazamine (Figure 7). Currently, it is still in the stage of preclinical research. Several studies have confirmed that SN30000 possesses similar pharmacological mechanisms (186) to tirapamine, but is superior in terms of antineoplastic effects and hypoxia selectivity (187).




Figure 7 | Reductive reaction of SN30000.



Mao et al. (188) proved that, compared with monolayer tumor cells, SN30000 has higher activity on tumor spheroids, and when combined with radiation, it can cause significant tumor spheroid growth delay. Moreover, when used together with or before gemcitabine, SN30000 can effectively inhibit the proliferation of reoxygenated tumor cells (189). EF5 binding may be a promising biomarker for hypoxia stratification and SN30000 treatment response assessment (190, 191).



Conclusions and Suggestions for Future Investigations

Since the 1980s, HAPs have been developed and validated step by step, from preclinical to clinical. Despite their antineoplastic effects, their drawbacks and limitations have also been revealed by many studies. Here, we summarize the past experience and the latest research progress, and propose the following directions for future research (Table 1):


Table 1 | Summary points.



First, screening methods need to be developed based on tumor hypoxia to select the best candidates for this type of therapy. A growing number of studies have shown that PET/CT imaging can be an effective method to monitor HAPs uptake and therapeutic response (148, 190, 192). Second, biomarkers to predict drug sensitivity are needed. Since HAP is a bioreductive drug, it requires specific enzymes to complete the reduction reaction. Therefore, the detection of specific enzymes can play a role in predicting drug sensitivity (112, 142). In addition, experiments conducted by our group and others showed that hypoxic tumor cells could only survive for 2-3 days in vivo (193, 194), suggesting that in vivo hypoxic cells are destined to enter necrosis in vivo and that hypoxia-targeting therapy of macroscopic tumors should be revisited.

Hypoxia is not only a characteristic of macroscopic tumors. In 2007, Li et al. reported that peritoneal disseminated micro-metastases (< 1 mm in diameter) were severely hypoxic and in low proliferation state (7, 8, 195–197). This hypoxic state of early micrometastases likely confers insensitivity to traditional radiotherapy and chemotherapy, making them suitable therapeutic targets for HAPs. HAPs may have the potential to prevent them from developing into macroscopic tumors, thereby reducing the metastatic rate of tumors. Our group is working to further confirm the efficacy of HAPs on such tumors and its effect on early tumor metastasis.
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Anlotinib is a novel multi-targeted tyrosine kinase inhibitor with activity against soft tissue sarcoma, small cell lung cancer, and non-small cell lung cancer (NSCLC). Potentiating the anticancer effect of anlotinib in combination strategies remains a clinical challenge. Metformin is an oral agent that is used as a first-line therapy for type 2 diabetes. Interesting, metformin also exerts broad anticancer effects through the activation of AMP-activated protein kinase (AMPK) and inhibition of mammalian target of rapamycin (mTOR). Here, we evaluated the possible synergistic effect of anlotinib and metformin in NSCLC cells. The results showed that metformin enhanced the antiproliferative effect of anlotinib. Moreover, anlotinib combined with metformin induced apoptosis and oxidative stress, which was associated with the activation of AMPK and inhibition of mTOR. Reactive oxygen species (ROS)- mediated p38/JNK MAPK and ERK signaling may be involved in the anticancer effects of this combination treatment. Our results show that metformin potentiates the efficacy of anlotinib in vivo by increasing the sensitivity of NSCLC cells to the drug. These data provide a potential rationale for the combination of anlotinib and metformin for the treatment of patients with NSCLC or other cancers.
Keywords: non-small cell lung cancer, anlotinib, metformin, AMP-activated protein kinase, reactive oxygen species
INTRODUCTION
Lung cancer is the leading cause of cancer-related death, accounting for over 1.7 million deaths per year worldwide (Bray et al., 2018). Approximately 85% of all lung cancers are non-small cell lung cancer (NSCLC). Most patients with NSCLC have advanced disease or local metastasis at diagnosis, and the 5-years overall survival rate is less than 20% (Hirsch et al., 2017). In recent years, checkpoint inhibitors and inhibitors of constitutively active EGFR, ALK, or ROS1 receptor tyrosine kinases (RTKs) have markedly improved tumor responses and clinical outcomes in patients with NSCLC (Hirsch et al., 2017; Assi et al., 2018).
Anlotinib is a novel, multitargeted tyrosine kinase inhibitor that has activity against a range of RTKs involved in vascularization and tumor progression, including VEGFR-1, -2, and -3; FGFR-1, -2, -3, and -4; c-kit; and PDGFR-α and -β (Shen et al., 2018; Gao et al., 2020). Several clinical trials have demonstrated that anlotinib is well tolerated and has promising efficacy in patients with solid tumors, including advanced NSCLC, soft tissue sarcoma, medullary thyroid carcinoma, esophageal squamous cell carcinoma, and metastatic renal cell carcinoma (Chi et al., 2018; Sun et al., 2018; Zhou et al., 2019; Ma et al., 2020; Wu et al., 2020; Huang et al., 2021). In phase III clinical trials, the median overall survival for patients with advanced NSCLC who progressed after treatment with at least two lines of prior systemic chemotherapy had increased by 3.3 months (Han et al., 2018). Based on these data, anlotinib was approved by the China National Medical Products Administration for third-line or further treatment of advanced NSCLC in 2018 (Syed, 2018).
The biguanide metformin is a first-line oral anti-diabetic drug. Several studies have shown that metformin inhibits cancer cell growth and induces both cell cycle arrest and apoptosis (Alimova et al., 2009; Dowling et al., 2011). Treatment with metformin has been reported to suppress the growth of tumor xenografts in nude mice (Wheaton et al., 2014). However, the mechanisms underlying these effects are poorly understood. It is known that metformin inhibits complex I of the mitochondrial electron transport chain (Fontaine, 2018), resulting in an increase in the intracellular AMP/ATP ratio and indirect activation of AMP-activated protein kinase (AMPK). AMPK activation promotes metabolic flexibility and net ATP conservation through multiple mechanisms, including activation of catabolic pathways, inhibition of anabolic processes that consume ATP, induction of autophagy, and maintenance of NADPH homeostasis to buffer reactive oxygen species (ROS). Retaining AMPK activity may protect tumor cells from bioenergetic catastrophe and provide them with a selective growth advantage under stress. Conversely, AMPK activation can inhibit mTOR signaling, leading to decreased HIFα-driven metabolism of glucose and glutamine (Faubert et al., 2015). Metformin can also exert anti-tumor effects through AMPK-independent pathways (Kalender et al., 2010).
Metformin was previously reported to increase the sensitivity of cancer cells to targeted therapies and chemotherapies (Zhang and Guo, 2016; Deng et al., 2019). Multiple combinations of metformin with targeted agents, such as gefitinib, trastuzumab, and temsirolimus, are currently being tested in phase I/II clinical trials (Khawaja et al., 2016; Zhang and Guo, 2016; Martin-Castillo et al., 2018). Here, we report the synergistic effect of anlotinib in combination with metformin in vitro and in vivo. We observed AMPK activation and inhibition of the downstream mTOR pathway, which may partly explain the synergistic cytotoxic effect. In addition, ROS-mediated p38/JNK MAPK and ERK signaling may be involved in the anticancer effect of the combination.
MATERIALS AND METHODS
Reagents
Anlotinib was kindly provided by Chia Tai Tian Qing Pharmaceutical Group Co., Ltd (Nanjing, China). Metformin, 3- (4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (MTT), methanol, crystal violet, and phosphate-buffered saline (PBS) were purchased from Solarbio Bioscience & Technology Co. Ltd (Beijing, China). Hoechst 33342, propidium iodide (PI), 2,7-dichlorodihydrofluorescein diacetate (DCFH-DA), and SDS lysis buffer were obtained from Beyotime Biotechnology Co., Ltd (Shanghai, China). Dulbecco’s modified Eagle’s medium (DMEM), fetal bovine serum (FBS), trypsin, and penicillin/streptomycin were purchased from Invitrogen (Carlsbad, CA, United States).
Cell Culture
The human lung cell lines A549 and H460 were obtained from American Type Culture Collection (Manassas, VA, United States) and were authenticated via DNA sequencing on an ABI 3730xl genetic analyzer. The cells were grown in DMEM supplemented with 10% heat-inactivated FBS, 100 units/ml penicillin, and 100 μg/ml streptomycin in a humidified atmosphere with 5% CO2 at 37°C.
MTT Cell Viability Assay
Cells were seeded in 96-well culture plates at a density of 1–3 × 103 cells/well. After 24 h, various concentrations of anlotinib (range, 0–20 μmol/L), metformin (range, 0–20 mmol/L), or both were added to the cells. After 72 h of incubation, 5 mg/ml MTT was added to each well and incubated for 4 h. The supernatants were carefully aspirated and the formazan crystals were dissolved in DMSO. Absorbance was recorded at 570 nm using a microplate reader.
Colony Formation Assay
For clonogenic survival studies, 300 cells were seeded in 12-well plates and exposed to different treatments for 48 h. After 10–14 days of incubation, the colonies were fixed in cold methanol for 6 min and then stained with 1% crystal violet solution for 30 min. Colonies containing more than 50 cells were counted. Percent colony formation was calculated by comparison to that in untreated cultures, which was set to 100%. Thus, the percent colony formation of treated cells was calculated as follows: colony formation by treated cells/colony formation by untreated cells × 100.
Apoptosis Assay
The apoptosis assay was performed using Hoechst 33342/PI fluorescence double staining. Briefly, A549 and H460 cells were seeded at approximately 50% confluence in six-well cell culture plates. Thereafter, cells were incubated with anlotinib (10 μM), metformin (10 mM), or both for 24 h. Finally, the treated cells were stained with Hoechst 33342 (10 μg/ml) and PI (5 μg/ml) at 37°C for 15 min and then imaged using fluorescence microscopy.
Western Blot Analysis
Cells were washed with ice-cold PBS and lysed with SDS lysis buffer. The protein concentration in the lysates was determined using BCA reagent (Pierce, Rockford, IL, United States). The proteins were separated via SDS-polyacrylamide gel electrophoresis and then electrotransferred onto PVDF membranes (Millipore, Bedford, MA, United States). The membranes were blocked with 5% nonfat milk and incubated overnight at 4°C with primary antibodies against AMPK (#5832), phospho-AMPK (Thr172) (#2535), mTOR (#2983), phospho-mTOR (Ser2448) (#5536), acetyl-CoA carboxylase (ACC) (#3676), phospho-ACC (Ser79) (#3661), hypoxia-inducible factor 1α (HIF1α) (#36169), extracellular signal-regulated kinase (ERK1/2) (#4695), phospho-ERK1/2 (Thr202/Tyr204) (#4370), c-Jun NH 2-terminal kinase (JNK) (#9252), phospho-JNK (Thr183/Tyr185) (#4668), p38 (#8690), phospho-p38 (#4511) (Thr180/Tyr182), Bax (#5023), Bcl-2(#2870), cleaved caspase-3 (#9664), and cleaved PARP (#5625), which were purchased from Cell Signaling Technology (Danvers, MA, USA).Antibodies against β-actin (sc-47778) were purchased from Santa Cruz Biotechnology (Santa Cruz, CA, United States). After washing, the membranes were incubated with IRDye-conjugated anti-rabbit or anti-mouse IgG antibodies (LI-COR Biosciences, Lincoln, NE, United States). The proteins were visualized using an Odyssey LI-COR infrared imaging system.
ROS Staining
Intracellular hydrogen peroxide was detected using a DCFH-DA fluorescent probe. Cells were cultured in six-well plates and treated as indicated. Cells were washed twice with PBS and then incubated with 10 μM DCFH-DA and 10 μg/ml Hoechst 33342 at 37°C for 30 min and then imaged using fluorescence microscopy.
Determination of Intracellular ATP and the NADP+/NADPH Ratio
Relative intracellular ATP levels and the NADP+/NADPH ratio were determined using assay kits (Beyotime Biotechnology, Jiangsu, China) according to the manufacturer’s instructions. Briefly, cells were cultured in six-well plates and treated as indicated. At harvest, the cells were washed twice with PBS and lysed in lysis buffer. After centrifugation at 12,000 × g at 4°C for 5 min, the supernatant was collected. Intracellular ATP levels were determined using a luminescent plate reader. The protein concentration was quantified using BCA reagent to normalize protein levels for calculating ATP content.
To determine the NADP+/NADPH ratio, the cells were washed twice with PBS and lysed in NADP extraction buffer. Following centrifugation at 12,000 × g at 4°C for 10 min, the supernatants were collected and analyzed to quantify the NADP+/NADPH ratio according to the manufacturer’s instructions.
Mouse Xenografts in vivo
Four-week-old female BALB/c nude mice were purchased from Beijing HFK Bioscience Co., Ltd (Beijing, China). The animals were maintained under controlled environmental conditions: 22–28°C, 60–70% relative humidity, and a 12 h dark/light cycle with water ad libitum. A549 cells (3 × 106 cells) were intravenously injected into the left hind flanks of nude mice (n = 6 mice per group). Tumor volume was calculated using formula V = (a × b2)/2, where a is the tumor length and b is the tumor width. When the tumor volume reached approximately 100 mm3, the mice were randomly assigned to the control [treated with vehicle (sterile PBS)], anlotinib (0.75 mg/kg), metformin (250 mg/kg), or combination (anlotinib plus metformin) groups. Anlotinib and metformin were intragastrically administered daily for 28 consecutive days. Tumor growth was monitored and measured twice per week using a Vernier caliper. Tumors were removed from the mice after 28 days of treatment. The relative tumor volume (RTV) was calculated as the ratio of the tumor volume at time t to the tumor volume at the start of treatment. Inhibition rates are expressed as the ratio of the RTV of the treatment group (TRTV) to the RTV of the control group (CRTV) by dividing the RTV of each treatment group by the RTV of the control group, and then multiplying the quotient by 100 (TRTV/CRTV%). All protocols were approved by the Laboratory Animal Ethics Committee of Tianjin Medical University Cancer Institute and Hospital.
Statistical Analysis
In the xenograft experiment, randomization was performed using a computer-generated sequence of random numbers. In other experiments, randomization was not performed. Data are presented as the mean ± SE from three independent experiments. Data were analyzed using GraphPad Prism 5.01. Mean values were compared using the unpaired Student’s t-test. Normality distribution was assessed using the Shapiro-Wilk test. The combination index (CI) was calculated using CompuSyn software (Biosoft, Cambridge, United Kingdom). Statistical significance was set at p < 0.05 (*) or p < 0.01 (**).
RESULTS
Metformin Potentiates the Antiproliferative Effect of Anlotinib in NSCLC Cells
To examine the potential synergistic effect of anlotinib and metformin on cancer cell proliferation, we studied this drug combination in the NSCLC cell lines A549 and H460 using MTT and colony formation assays. As shown in Figure 1A, although each agent alone inhibited the proliferation of A549 and H46 cells, the combination had the strongest antiproliferative effect. The CI values were calculated using cytotoxicity data from the MTT assay. The results revealed that the CI values were less than one in both cell lines (Figure 1B). A CI value < 1 indicates drug synergism. The addition of metformin reduced the half-maximal inhibitory concentration of anlotinib by 2.7-fold in A549 cells and by 4.0-fold in H460 cells (Figure 1C). We also tested this combination in a 14-days colony formation assay. Similarly, combined treatment with anlotinib and metformin synergistically suppressed colony formation in both A549 and H460 cells (Figure 1D). These data indicate that the antiproliferative effects of anlotinib and metformin are strongly synergistic in A549 and H460 cells.
[image: Figure 1]FIGURE 1 | Metformin enhances the cytotoxicity of anlotinib in non-small cell lung cancer (NSCLC) cells (A) A549 and H460 NSCLC cells were treated with anlotinib (range, 0–20 μmol/L), metformin (range, 0–20 mmol/L), or both for 3 days. Cell viability (%) was determined using the MTT assay (B) The CI values were determined for effective dose (ED) ED50, ED75, and ED90. Columns represent data from triplicate analyses ±SE (C) The IC50 of anlotinib in A549 and H460 cells was reduced by the addition of metformin (D) A549 and H460 cells were exposed to the indicated concentrations of anlotinib alone or anlotinib combined with metformin (0.5 mM) for 48 h. Colony-forming efficiency was determined 10–14 days later. Data are presented as means ± SE from three independent experiments. Statistical significance was analyzed using unpaired Student’s t-test; *p < 0.05, **p < 0.01 compared with anlotinib alone; #p < 0.05, ##p < 0.01 compared with the untreated control group.
Metformin Enhances the Efficacy of Anlotinib in Tumor Xenografts
We evaluated whether combination treatment with metformin enhanced the antitumor effects of anlotinib using A549 xenografts. Nude mice bearing A549 xenografts were randomized and treated either with anlotinib (0.75 mg/kg), metformin (250 mg/kg), or both. Although anlotinib and metformin as monotherapies decreased tumor growth when compared with the control, the combination treatment potentiated the antitumor effects of each single treatment (Figures 2A,B), indicating that the cytotoxicity of anlotinib in the xenograft model was enhanced by the addition of metformin. No significant weight loss was observed in any of the treatment groups, suggesting that the toxicity of the combination was acceptable (Figure 2C).
[image: Figure 2]FIGURE 2 | Metformin potentiates the efficacy of anlotinib in a xenograft model (A) Mice with H460 xenografts were randomly divided into four groups and treated for 28 consecutive days with vehicle (squares), anlotinib (triangles), metformin (inverted triangles), or both anlotinib and metformin (diamonds) as described in the Materials and Methods(B) The sizes of the xenografts at the end of experiment (C) Body weight was measured every 3 days. Data are presented as means ± SE (n = 6 per group). Statistical significance was analyzed using the unpaired Student’s t-test; *p < 0.05, **p < 0.01.
Anlotinib in Combination with Metformin Induces Cell Apoptosis
We examined the effects of anlotinib and metformin on cell apoptosis via Hoechst 33342/PI double staining under a fluorescence microscope. As shown in Figures 3A,B, higher numbers of apoptotic and necrotic cells, with condensation of nuclear chromatin and fragmentation, were detected in cells treated with the combination of anlotinib and metformin compared to cells treated with monotherapy. We then determined the expression levels of the apoptosis-related proteins Bcl-2, Bax, caspase 3, and PARP using western blot analysis. The level of Bax protein was substantially increased in response to combination treatment, whereas the expression of Bcl-2 was reduced. We also found that the combination treatment induced caspase 3 and PARP cleavage to an even greater extent (Figures 3C,D). These results suggested that the combination treatment likely induced the Bcl-2/Bax-caspase signaling pathway.
[image: Figure 3]FIGURE 3 | Anlotinib with metformin synergistically induces apoptosis. A549 (A) and H460 (B) cells were incubated with anlotinib (10 μM), metformin (10 mM), or both for 24 h. After Hoechst 33342 (bright blue color) and PI (red color) double staining, the morphological changes in cells undergoing apoptosis and necrosis were observed under a fluorescence microscope. A549 (C) and H460 (D) cells were treated with the indicated concentrations of anlotinib, metformin, or both for 24 h. Cell lysates were immunoblotted with antibodies against Bcl-2, Bax, cleaved caspase 3, and PARP.
The Synergistic Effect of Anlotinib and Metformin is Mediated by AMPK Activation and mTOR Inhibition
To clarify the mechanisms underlying the antiproliferative effects of the combination treatment, we studied the effects of the combined treatment on the AMPK and mTOR pathways. Our results showed that anlotinib treatment alone induced phosphorylation of AMPKα at Thr-172. Importantly, AMPK activation increased significantly when anlotinib was combined with metformin (Figure 4). AMPK activation has been shown to reduce cell proliferation, at least in part, by inhibiting mTOR signaling. We found that the combination treatment had a synergistic effect on the suppression of mTOR phosphorylation. It has been reported that acetyl-coA carboxylase (ACC), which plays an important role in the biosynthesis and oxidation of fatty acids, is a downstream substrate of AMPK signaling. Indeed, we found that phosphorylation of ACC at Ser79 was markedly increased when cells were treated with both anlotinib and metformin (Figures 4A,B). Previous studies indicated that metformin might inhibit tumor growth by inhibiting complex I of the respiratory chain and decreasing ATP production. Interestingly, as shown in Figures 4C,D the generation of intracellular ATP in A549 and H460 cells was markedly inhibited by exposure to anlotinib in a concentration-dependent manner. In addition, the combination treatment resulted in a lower intracellular ATP levels, suggesting that anlotinib and metformin synergistically inhibited the production of intracellular ATP. HIF-1 transcriptionally promotes anaerobic glycolysis, leading to increased ATP production. Therefore, we next examined HIF-1α expression in treated cells and found that the expression of HIF-1α was markedly inhibited in both A549 and H460 cells exposed to the combination treatment under normoxic conditions (Figures 4A,B). These data suggest that the synergistic effect of anlotinib and metformin is related to regulation of the AMPK/mTOR signaling pathway.
[image: Figure 4]FIGURE 4 | Anlotinib in combination with metformin promotes the activation of AMPK and inhibition of mTOR. A549 (A) and H460 (B) cells were treated with the indicated concentrations of anlotinib, metformin, or both for 24 h. Cell lysates were harvested and immunoblotted with the indicated antibodies. A549 (C) and H460 (D) were exposed to the indicated concentrations of anlotinib alone or anlotinib and metformin (5 mM) for 24 h. Relative intracellular ATP levels were determined using an assay kit according to the manufacturer’s instructions. Data are presented as means ± SE from three independent experiments. Statistical significance was analyzed using unpaired Student’s t-test; *p < 0.05, **p < 0.01 compared with anlotinib alone; #p < 0.05, ##p < 0.01 compared with the untreated control group.
The Combination of Anlotinib and Metformin Promotes Oxidative Stress
ROS plays a crucial role in cell apoptosis signaling pathways. Therefore, we examined whether ROS is involved in the cytotoxic effects of anlotinib. The changes in total ROS production were estimated using a cell-permeable probe DCFH-DA. The fluorescence signals for DCF were markedly enhanced in cells treated with anlotinib and metformin compared to the signals in cells treated with anlotinib or metformin alone (Figures 5A,B). Intracellular NADP+/NADPH is believed to be a critical redox couple against oxidative stress. Anlotinib significantly increased the ratio of intracellular NADP+/NADPH in both cell types. The effect of anlotinib on the NADP+/NADPH ratio was potentiated in the presence of metformin, indicating that the combination treatment regulated intracellular redox homeostasis and promoted switching to the oxidative state (Figures 5C,D). These results indicate that the combination treatment induced oxidative stress in A549 and H460 cells.
[image: Figure 5]FIGURE 5 | Anlotinib combined with metformin increased intracellular ROS levels and the NADP+/NADPH ratio. A549 (A) and H460 (B) cells were incubated with anlotinib (5 μM), metformin (5 mM), or both for 24 h. After DCF (green color) and Hoechst 33342 (bright blue color) double staining, cellular DCF fluorescence was observed under a fluorescence microscope. A549 (C) and H460 (D) cells were exposed to the indicated concentrations of anlotinib or anlotinib and metformin (5 mM) for 24 h. The NADP+/NADPH ratio was measured in A549 and H460 cells using an assay kit, as described in the Materials and Methods. Data are presented as means ± SE from three independent experiments. Statistical significance was analyzed using unpaired Student’s t-test; *p < 0.05 compared with anlotinib alone; #p < 0.05 compared with the untreated control group.
Anlotinib Combined with Metformin Stimulates the Kinase Activities of p38, JNK, and ERK1/2 Kinases
ROS play a critical role in cell death via regulation of the mitogen-activated protein kinase (MAPK) family. Here, we studied the effects of anlotinib and metformin both alone and in combination on the kinase activities of ERK1/2, p38, and JNK. Our results showed that the combination treatment exerted a synergistic effect on p38, JNK, and ERK1/2 activation (Figure 6). Thus, these results indicate that anlotinib in combination with metformin enhances the phosphorylation of p38, JNK, and ERK1/2, which may be mediated by ROS.
[image: Figure 6]FIGURE 6 | Anlotinib combined with metformin increases the phosphorylation of ERK1/2, p38, and JNK. A549 (A) and H460 (B) cells were incubated with the indicated concentrations of anlotinib, metformin, or both for 24 h. Cell lysates were immunoblotted with antibodies against pERK1/2 and ERK1/2, p-p38 and p38, and pJNK and JNK.
DISCUSSION
The anticancer effect of anlotinib has been reported to be associated with its function as a multikinase inhibitor in angiogenic signaling pathways. Anlotinibalso suppresses tumor growth by blocking c-Kit, RET, Aurora-B, c-FMS, and DDR1 (Sun et al., 2016). In this study, we revealed that metformin could augment the cytotoxic effects of anlotinib. The enhanced synergistic effect of anlotinib and metformin inhibited the proliferation of NSCLC cells both in vitro and in vivo. The concentrations of anlotinib and metformin administrated in our in vitro and in vivo experiments are equal to concentrations administrated in previous studies (Chen et al., 2012; Xie et al., 2020), though higher than the therapeutic doses in humans. Low concentrations of metformin (typically 0.1–0.3 mM) selectively inhibited cancer stem cells, but these low doses had little effect on the proliferation of cancer cells (Ben et al., 2010). The combination treatment increased PARP1 cleavage, caspase-3 cleavage, and the Bax/Bcl-2 ratio, suggesting that the combination treatment triggered apoptosis, possibly mediated by the mitochondrial-dependent pathway.
Previous studies have mostly focused on the effects of anlotinib on angiogenesis and proliferation (Song F. et al., 2020). Comparatively, little attention has been paid to the effects of anlotinib on energy metabolism. In this study, we found that anlotinib significantly decreased the ATP content in NSCLC cells. It is known that decreased ATP can activate AMPK, which inhibits growth by blocking the mTOR pathway (Faubert et al., 2015). Metformin has been shown to reduce cell proliferation through the activation of AMPK and inactivation of mTOR signaling (Rocha et al., 2011; Storozhuk et al., 2013). In our study, we found that anlotinib activated AMPK, downregulated mTOR phosphorylation, and induced apoptosis. Importantly, metformin, as an indirect AMPK activator, potentiates the effects of anlotinib on the AMPK and mTOR signaling pathways. In agreement with our findings, Groenendijk et al. showed that sorafenib synergizes with metformin in NSCLC through the activation of the AMPK pathway (Groenendijk et al., 2015).
As signaling molecules, ROS play a crucial role in cell death signal transduction pathways. Excessive ROS can cause damage to biomacromolecules and promote autophagy, apoptosis, or necrosis (Wong et al., 2010). The NADP+/NADPH redox couple is involved in buffering ROS and sustaining antioxidant defenses (Aon et al., 2010). Recently, Yang et al. reported that anlotinib can directly inhibit the proliferation of and induce apoptosis in pancreatic cancer cells through ROS-activated ER stress via PERK/p-eIF2α/ATF4 (Yang L. et al., 2020). Similarly, we found that anlotinib or metformin increased ROS production and the NADP+/NADPH ratio in NSCLC cells, indicating that anlotinib or metformin can disrupt intracellular redox homeostasis and induce oxidative stress. Moreover, the combination treatment stimulated ROS generation to an even greater extent. Growing evidence has shown that members of the MAPK family, including p38 MAPK, JNK, and ERK, are critically involved inthe oxidative stress response (El-Najjar et al., 2010). The p38 MAPK and JNK pathways are related to apoptosis, yet activation of ERK is also related to cell survival (Zhang et al., 2019). However, many studies have shown that activation of ERK can promote cell death via apoptotic pathways and cell cycle arrest (Wang et al., 2000; Tang et al., 2002; Song Y. et al., 2020). These effects require sustained activation of ERK in specific subcellular compartments (Wang et al., 2000). In our study, we observed that anlotinib increased the phosphorylation of ERK1/2, p38, and JNK, and these increases in phosphorylation were greatest when cells were treated with both anlotinib and metformin. These data suggest that anlotinib-induced apoptosis may be the result of elevated intracellular ROS, which may function as upstream regulators of the p38/JNK MAPK and ERK pathways. In contrast, other studies have shown that anlotinib attenuates ERK activation in diverse cancer cells (Yang Q. et al., 2020; Hu et al., 2020; Lian et al., 2020). Cagnol et al. reported that ERK activity depends on the presence of ROS (Cagnol and Chambard, 2010). Differences in intracellular ROS levels and patterns of ROS accumulation may contribute to this inconsistency.
Thus, several mechanisms may contribute to the synergistic anticancer effect of anlotinib and metformin. The first involves decreased ATP-induced AMPK activation and mTOR inhibition. Additionally, ROS-mediated induction of p38/JNK MAPK and ERK signaling may be involved.
CONCLUSION
Metformin increases the sensitivity of NSCLC cells to anlotinib both in vitro and in vivo, providing a potential rationale for the combination of anlotinib with metformin for patients with NSCLC or other cancers.
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Rapid advancements in high-throughput omics technologies and experimental protocols have led to the generation of vast amounts of scale-specific biomolecular data on cancer that now populates several online databases and resources. Cancer systems biology models built using this data have the potential to provide specific insights into complex multifactorial aberrations underpinning tumor initiation, development, and metastasis. Furthermore, the annotation of these single- and multi-scale models with patient data can additionally assist in designing personalized therapeutic interventions as well as aid in clinical decision-making. Here, we have systematically reviewed the emergence and evolution of (i) repositories with scale-specific and multi-scale biomolecular cancer data, (ii) systems biology models developed using this data, (iii) associated simulation software for the development of personalized cancer therapeutics, and (iv) translational attempts to pipeline multi-scale panomics data for data-driven in silico clinical oncology. The review concludes that the absence of a generic, zero-code, panomics-based multi-scale modeling pipeline and associated software framework, impedes the development and seamless deployment of personalized in silico multi-scale models in clinical settings.
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1 Introduction

In 1971, President Richard Nixon declared his euphemistic “war on cancer” through the promulgation of the National Cancer Act (1). Five decades later, despite ground-breaking discoveries and advancements in the field of cancer systems biology, a definitive and affordable cure for all types of cancer still evades humankind (2). Numerous “breakthrough” treatments have also gone on to exhibit adverse side effects (3, 4) that lower patients’ quality of life (QoL) or have reported degrading efficacies (5). At the heart of this problem lies our limited understanding of the bewildering multifactorial biomolecular complexity as well as patient-centricity of cancer.

Recent advances in biomolecular cancer research have helped factor system-level oncological manifestations into mutations across genetic, transcriptomic, proteomic, and metabolomic scales (6–9) that also act in concert (10, 11). Crosstalk between multi-scale pathways comprising of these oncogenic mutations can further exacerbate the etiology of the disease (7, 12–14). The combination of mutational diversity and interplay between the constituent pathways adds genetic heterogeneity and phenotypic plasticity in cancer cells (15, 16). Hanahan and Weinberg (17, 18) summarized this heterogeneity and plasticity into “Hallmarks of Cancer” – a set of progressively acquired traits during the development of cancer.

Experimental techniques such as high-throughput next-generation sequencing, and mass spectrometry-based proteomics are now providing specific spatiotemporal cues on patient-specific biomolecular aberrations involved in cancer development and growth. The voluminous high-throughput patient data coupled with the remarkable complexity of the disease has given impetus to data integrative in silico cancer modeling and therapeutic evaluation approaches (19). Specifically, scale-specific molecular insights into key regulators underpinning each hallmark of cancer are now helping unravel the complex dynamics of the disease (20) besides creating avenues for personalized therapeutics (21, 22). In this review, we will evaluate the emergence, evolution, and integration of multiscale cancer data towards building coherent and biologically plausible in silico models and their integrative analysis for employment in personalized cancer treatment in clinical settings. The review concludes by highlighting the need of integrating and modeling multi-omics data and associated software pipelines for employment in developing personalized therapeutics.



2 Scale-Specific Biomolecular Data and Its Applications in Cancer

Rapid advancements in molecular biology research, particularly in high-throughput genomics (23), transcriptomics (24), and proteomics (25) have resulted in the generation of big data on spatiotemporal measurements of scale-specific biomolecules (Figure 1A) in physiological as well as pathological contexts (26, 27). This vast and complex spatiotemporal data is expected to exceed 40 exabytes by 2025 (28) and is currently populating several online databases and repositories. These databases can be broadly categorized into seven salient database sub-types: biomolecules (29–31), pathways (32–34), networks (35–37), cellular environment (38, 39), cell lines (40–43), histopathological images (44–46), and mutations, and drug (47–52) databases, which are discussed below.




Figure 1 | Overview of complex biomolecular regulation in cancer and scale-specific databases. (A) The complexity between genomic, transcriptomic, proteomic, metabolomic, cell-level, and environmental levels in a cancerous cell. Four examples of biomolecular signaling pathways are listed e.g., Hedgehog, Notch, (Wingless) Wnt, TGFβ, and AKT pathway. Stimuli from the extracellular environment signal the downstream pathway activation, in the cell, towards alternating the regulations in the proteomic, metabolomic, transcriptomic, and genomic scales, bringing out a system-level outcome in cancers. Lists (B) biomolecule (genes, transcripts, proteins, and metabolites) databases such as GenBank, GEO, TCGA, HPP, HMDB, etc. (C) Pathways databases such as PathDB, KEGG, STRING, etc. (D) Networks databases such as BioGRID, DIP, BIND, etc. (E) Environment databases e.g, ExoCarta, MatrixDB, MatrisomeDB, etc. (F) Cell lines databases such as CCLE, CLDB, Cellosaurus, etc. (G) Histopathological image database, for instance, TCIA, GTEx, TMAD, etc., and (H) Mutation and drug databases such as DrugBank, KEGG Drug, OncoKB, etc.




2.1 Biomolecular Databases

Biomolecular and clinical data generated from large-scale omics approaches for cancer research can be divided into four sub-categories: (i) genome, (ii) transcriptome, (iii) proteome, and (iv) metabolome (53).


2.1.1 Genome-Scale Databases

The foremost endeavor to collect and organize large-scale genomics data into coherent and accessible repositories led to the establishment of GenBank in 1986 (54) (Figure 1B, Table S1). This open-access resource now forms one of the largest public databases for nucleotide sequences from large-scale sequencing projects comprising over 300,000 species (55, 56). In a salient study employing GenBank, Diez et al. (57) screened breast and ovarian cancer families with mutations in BRCA1 and BRCA2 genes and its distribution in the Spanish population. Medrek et al. (58) employed microarray profile sets from GenBank to analyze gene levels for CD163 and CD68 in different breast cancer patient groups. The study established the need for localization of tumor-associated macrophages as a prognostic marker for breast cancer patients. To date, GenBank remains a comprehensive nucleotide database; however, its data heterogeneity poses a significant challenge in its employment in the development of personalized cancer therapeutics. Towards an improved data stratification and retrieval of genome-scale data, in 2002, Hubbard et al. (59) launched the Ensembl genome database. Ensembl provides a comprehensive resource for human genome sequences capable of automatic annotation and organization of large-scale sequencing data. Amongst various genome-wide studies utilizing Ensembl, Easton et al. (60) used this database to extract human sequence information to identify novel breast cancer susceptibility loci. Patient-specificity (10, 11) and mutational diversity (19) in cancer can manifest across spatiotemporal scales. Hence, the availability of patient-specific data for each type of cancer can furnish valuable insights into the biomolecular foundation of the disease. In an attempt to provide cancer type-specific mutation data, Wellcome Trust’s Sanger Institute developed Catalogue of Somatic Mutations in Cancer (COSMIC) (61) database. COSMIC comprises of 10,000 somatic mutations from 66,634 clinical samples. Schubbert et al. (62) employed COSMIC’s mutation data to investigate Ras activity in cancers as well as developmental disorders. The study concluded that the duration, as well as the strength of hyperactive Ras signaling controls the probability of tumorigenesis. Similarly, Weir et al. (63) utilized COSMIC data on tumor-suppressor and proto-oncogenes in the study to characterize the genome of lung adenocarcinomas. The systematic copy-number analysis with SNP data indicated that several lung cancer genes remain to be elucidated and characterized.



2.1.2 Transcriptome-Scale Databases

Gene-level information can facilitate the development of personalized cancer models; however, gene expression may vary from cell to cell and across cancer patients. As a result, cancer patients have divergent genetic signatures and transcript-level information. Hence, high-throughput transcriptomic data has the potential to provide valuable insights into the transcriptomic complexity in cancer cells and can be useful in investigating cell state, physiology, and relevant biological events (64) (Figure 1B and Table S1). Towards developing such a transcriptional information resource, in 2000, Edgar et al. (31) launched the Gene Expression Omnibus (GEO) initiative. GEO acts as a tertiary resource providing coherent high-throughput transcriptomic and functional genomics data. The platform now hosts over 3800 datasets and is expanding exponentially. GEO was employed by Chakraborty et al. (65) for annotation of chemo-resistant cell line models which helped investigate chemoresistance and glycolysis in ovarian cancers. The study identified Mitochondrial Calcium Uptake 1 (MICU1) as an important component for cancer metabolism that influences aerobic glycolysis and chemoresistance and can have a potential role in cancer therapeutics. The curation of patient-specific gene and protein expression data led to the development of The Cancer Genome Atlas (TCGA) (66). TCGA also captures the copy number variations and DNA methylation profiles for different cancer subtypes. TCGA’s potential (49, 67) is well exhibited by Leiserson et al.’s (68) pan-cancer analysis which helped identify 14 significantly mutated subnetworks containing numerous genes with rare somatic mutations across many cancers types. Davis et al. (69) further evaluated the genomic landscape of chromophobe renal cell carcinomas (ChRCCs) to elicit molecular patterns as clues for determining the origin of cancer cells. To facilitate in data management across different cancer projects as well as to ensure data uniformity towards developing data-driven models, the International Cancer Genome Consortium (ICGC) was launched in 2010 (70). ICGC adopts a federated data storage architecture that enables it to host a collection of scale-specific data from TCGA and 24 other projects (71). Burn et al. (72) estimated the distribution of cytosine in liver tumor data using ICGC. The study reported APOBEC3B (A3B) catalyzed deamination as a chronic source of DNA damage in breast cancer which also explains tumor cell evolution and heterogeneity. Supek et al. (73) compared mutation rates between different human cancers and reported the influence of “silent” mutations as a frequent contributor to cancer. Numerous databases have been established to store large-scale genomic data, however, insights from an integrated analysis of genomic data across databases have the potential to provide precise biomolecular cues into complex processes and evolution in cancer cells. This was enabled by cBio Cancer Genomics Portal (cBioPortal) (74) in 2012, with multidimensional dataset retrieval, and exploration from multiple databases. The platform additionally provides data visualization tools, pathway exploration, statistical analysis, and selective data download features for seamless utilization of large-scale genomics data across genes, patient samples, projects, and databases (75). Numerous studies have effectively employed cBioPortal (76–78); in particular, Jiao et al. (79) evaluated the prognostic value of TP53 and its correlation with EGFR mutations in advanced non-small-cell lung cancer (NSCLC). The study established that TP53 coupled with EGFR mutation can lead to the more accurate prognosis of advanced NSCLC. Hou et al. (80) also used cBioPortal to deduce targetable genotypes which are present in young patients with lung adenocarcinomas and revealed that young patients with lung adenocarcinoma were more likely to harbor targetable genotype.



2.1.3 Proteome-Scale Databases

Transcriptomic data remains limited in providing a deterministic proteome profile (81–83). Particularly, transcripts produced in a cell can be degraded, translated inefficiently, or modified due to post-translational modification (84, 85) resulting in no or a very small amount of functional protein (64). This relatively low correlation between transcriptome and proteome data was highlighted in 2019, by Bathke et al. (86) where it was shown that an increase in transcript synthesis cannot be directly associated with an increase in functional response in a cell. To facilitate functional analysis, there is a need to utilize proteomic-level data, which can help to capture a more accurate quantitative assessment of complex biomolecular regulation for functional studies (Figure 1B and Table S1). Following the successful completion of the Human Genome Project (HGP) (1998), in 2003, a group of Swedish researchers reported the Human Protein Atlas (HPA) (87, 88) with an aim to map the entire set of human proteins in cells, tissues, and organs for normal as well as cancerous state (89). HPA employs large-scale omics-based technologies to localize and quantify protein expression patterns. The database has successfully managed to host comprehensive information on human proteins from cells, tissues, pathology, brain, and blood region-related studies. HPA data can be employed for various purposes such as investigating the spatial distribution of proteins in different tissue and comparing normal and cancerous protein expression patterns across samples, etc (87). In a salient study employing HPA, Gámez-Pozo et al. (90) studied the localized expression pattern of proteins to help profile human lung cancer subtypes. The study reported a combination of peptide-level expressions which can distinguish between non-small lung cancer samples and normal lung cancer in different histological subtypes. Imberg-Kazdan et al. (91) employed HPA to identify novel regulators of androgen receptor (AR) function in prostate cancer towards therapy. Another significant stride towards generation of proteome-level information came with the establishment of the Human Proteome Project (HPP) (92, 93) in 2008 (94) by the Human Proteome Organization (HUPO). HPP consolidated mass spectrometry-based proteomics data, and bioinformatics pipelines, with the aim to organize and map the entire human proteome. To date, numerous studies have utilized HPP towards identifying the complex protein machinery involved in cancer cell fate outcomes (95–100). Amongst the earliest attempts, in 2001, Sebastian et al. (101) employed the HPP platform to deduce the complex regulatory region of the human CYP19 gene (‘armatose’), one of the contributors of breast cancer regulation. HPP project was later segmented into “biology and disease-oriented HPP” (B/D HPP) (102) and chromosome-centric HPP (C-HPP) (103). Specifically, Gupta et al. (104) carried out an extensive analysis of existing experimental and bioinformatics databases to annotate and decipher proteins associated with glioma on chromosome 12, while, Wang et al. (95) performed a qualitative and quantitative assessment of human chromosome 20 genes in cancer tissue and cells using C-HPP resources. The study revealed that several cancer-associated proteins on chromosome 20 were tissue or cell-type specific.



2.1.4 Metabolome-Scale Databases

Metabolic reprogramming is one of the earliest manifestations during tumorigenesis (105) and therefore, potentiates the usefulness of identifying metabolic biomarkers involved in cancer onset, its prognosis, as well as treatment. Large-scale efforts to collect metabolomics data have led to the development of several online databases (106–108) (Figure 1B and Table S1) including the Golm Metabolome Database (GMD) (106), in 2004. GMD provides a comprehensive resource on metabolic profiles, customized mass spectral libraries, along spectral information for use in metabolite identification. GMD was employed in 2011 by Wedge et al. (109) to identify and compare metabolic profiles in serum and plasma samples for small-cell lung cancer patients towards determining optimal agent for onwards analysis. The study showed that the discriminatory ability of both serum and plasma was equivalent. In 2013, Pasikanti et al. (110) utilized GMD to identify biomarker metabolites present in bladder cancer. The study proposed a potential role of kynurenine in malignancy and therapeutic intervention in bladder cancer. To allow for large-scale metabolic data stratification and retrieval, in 2007, Wishart et al. published the Human Metabolome Database (HMDB) (107, 111). HMDB contains organism-specific information on metabolites across various biospecimens and their accompanying environments. It is now the world’s largest metabolomics database with around 114,100 metabolites that have been characterized and annotated. HMDB was employed by Sugimoto et al. (112) to identify environmental compounds specific to oral, breast, and pancreatic cancer profiles. The study identified 57 principal metabolites to help predict disease susceptibility, besides being potential markers for medical screening. Agren et al. (113) employed metabolomic data from HMDB to construct metabolic network models for 69 human cells and 16 cancer types. The study’s comprehensive metabolic network analysis between disease and normal cell types has the potential to provide avenues for the identification of cancer-specific metabolic targets for therapeutic interventions. The HMDB supports data deposition and dissemination, however, integrated exploratory analysis is not available. The Metabolomics Workbench (108), reported in 2016, provides information on metabolomics metadata and experimental data across species, along with an integrated set of exploratory analysis tools. The platform also acts as a resource to integrate, deposit, track, analyze, as well as disseminate large-scale heterogeneous metabolomics data from a variety of studies. In a case study built using this platform, Hattori et al. (114) studied the aberrant BCAA (branched-chain amino acids) metabolism activation by MSI2 (Musashi2)-BCAT1 axis which they reported to drive myeloid leukemia progression.




2.2 Biomolecular Pathway Databases

Investigations restricted to single biomolecular scales have limited translational potential as cancer dysregulation is driven by tightly coupled biomolecular pathways constituted by biomolecules from a variety of spatiotemporal scales (discussed above). Such biomolecular pathways represent organized cascades of interactions integrating different spatiotemporal scales towards reaching specific phenotypic cell fate outcomes. Numerous scale-specific and multi-omics biomolecular pathway databases now exist to help retrieve, store and analyze existing pathway information towards understanding cellular communication in light of complex cancer regulation (32, 34, 115). One of the earliest attempts at integrating genomics data for pathway construction came in 1995, with the establishment of the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (32) (Figure 1C and Table S2). Over time, KEGG has significantly expanded to include high-throughput multi-omics data (116). As a result, the resource is divided into fifteen sub-groups including KEGG Genome (for genome-level pathways), KEGG Compound (for small molecules level pathways), KEGG Gene (for gene and protein pathways), KEGG Reaction (for biochemical reaction and metabolic pathways), etc. Li et al. (117) used the KEGG database to perform pathway enrichment analysis for predicting the function of circular RNA (circRNA) dysregulation in colorectal cancer (CRC). The study highlighted circDDX17 potential role as a tumor suppressor and biomarker for CRC. While employing KEGG, Feng et al. (118) identified four up-regulated differentially expressed genes associated with poor prognosis in ovarian cancer. Further, to furnish information on pathways for high-throughput functional analysis studies, PANTHER (protein annotation through evolutionary relationship) database was established in 2010 (34, 115). PANTHER hosts information on ontological gene and protein-protein interaction pathways by leveraging GenBank and Human Gene Mutation Database (HGMD) (119), etc. Turcan et al. (120) employed PANTHER to perform network pathway enrichment for biological processes in differentially expressed genes, especially to investigate IDH1 mutations in glioma hypermethylation phenotype. The study provided a framework for understanding gliomas and the interplay between genomic as well as epigenomic regulation in cancer. To store metabolic pathway information in a cell, Karp et al. (121) developed MetaCyc, a comprehensive reference database comprising of metabolic pathways. MetaCyc is currently available as a web-based resource with metabolic pathway information which can be employed to investigate metabolic reengineering in cancers, carry out biochemistry-based studies, and explore cancer cell metabolism, etc. Miller et al. (122) demonstrated the utility of MetaCyc database by evaluating plasma metabolomic profiles after limonene intervention in breast cancer patients. The study employed MetaCyc to perform pathway-based interpretations and revealed that such alterations were related with tissue-level cyclin D1 expression changes.



2.3 Biomolecular Network Databases

The regulatory complexity of cancer is compounded by the crosstalk between numerous multi-scale biomolecular pathways resulting in the formation of complex interaction networks (Figure 1D and Table S3). One of the earliest biomolecular network databases, the Biomolecular Interaction Network Database (BIND) (123) was established in 2001, with an aim to organize biomolecular interactions between genes, transcripts, proteins, metabolites, as well as small molecules. Chen et al. (124) employed BIND to construct a biological interaction network (BIN) towards investigating tyrosine kinase regulation in breast cancer development. The study identified SLC4A7 and TOLLIP as novel tyrosine kinase substrates which are also linked to tumorigenesis. BIND provides a comprehensive resource of predefined interacting pathways; however, it does not contain ‘indirect’ interaction information. In contrast, the Molecular INTeraction database (MINT) (37), developed in 2002, curates existing literature to develop networks with both direct as well as indirect interactions from large-scale projects with information from genes, transcripts, proteins, promoter regions, etc. MINT can store data on “functional” interaction such as enzymatic properties and modifications present in biomolecular regulatory networks. The database was employed by Vinayagam et al. (125) to construct a human immunodeficiency virus (HIV) network that helped identify novel cancer genes across genomic datasets. The Database of Interacting Proteins (DIP) (126) was developed to mine existing literature and experimental studies on biomolecules and their pathways to construct protein interaction networks (127–129). Goh et al. (127) constructed a protein-protein interaction network for investigating liver cancer using DIP. The study revealed that hepatocellular carcinoma (HCC) at moderate stage is enriched in proteins that are involved in the immune response. Similarly, Zhao et al. (128) identified autophagic pathways in plants lectin-treated cancer cells which are regulated by microRNAs. The study showed that plant lectin has the potential to block sugar-containing receptor EGFR-mediated pathways thereby leading to autophagic cell death. To further consolidate and integrate protein interaction data across pathways as well as organisms, the Search Tool for the Retrieval of Interacting Genes/Proteins – STRING database was developed in 2005 (130). STRING provides a comprehensive text-mining and computational prediction platform which is accessible through an intuitive web interface (131). STRING database also provides information on interaction weights for edges between biomolecules to show an estimated likelihood for each interaction in the network (131). Mlecnik et al. (132) employed STRING database to study T-cells homing factors in colorectal cancer and demonstrated that specific chemokines and adhesion molecules had high densities of T-cell subsets in cancer.



2.4 Cellular Environment Databases

Each pathway within a biomolecular network requires input cues from the extracellular environment for onward downstream signal transduction (133–135). In the case of cancer, the biomolecular milieu constituting the tumor microenvironment (TME) acts as a niche for tumor development, metastasis, as well as therapy response (136) (Figure 1E and Table S4). Efforts to curate information from the environmental factors such as metabolites, matrisome, and other environmental compounds led to the development of MatrixDB (38) in 2011, which hosts matrix-based information on interactions between extracellular proteins and polysaccharides. MatrixDB additionally links databases with information on genes encoding extracellular proteins such as Human Protein Atlas (137) and UniGene (138) as well as host transcripts information. Celik et al. (139) employed MatrixDB data to evaluate epithelial-mesenchymal transition (EMT) inducers in the environment using nine ovarian cancer datasets and discovered a novel biomarker, HOPX, with the potential to drive tumor-associated stroma. To host studies on extracellular matrix (ECM) proteins from normal as well as disease-inflicted tissue samples, MatrisomeDB (39) was established in 2020. The database curates 17 studies on 15 physiologically healthy murine and human tissue as well as 6 cancer types from different stages (including breast, colon, ovarian, and lung cancer) along with other diseases. Levi-Galibov et al. (140) employed MatrisomeDB to investigate the progression of chronic intestinal inflammation in colon cancer. The study revealed the critical role of heat shock factor 1 (HSF1) during early changes in extracellular matrix structure as well as its composition.



2.5 Cell Line Databases

In vitro cell lines derived from cancer patients have become an essential tool for clinical and translational research (141). These cell lines are defined based on gene expression profiles and morphological features which have been cataloged in various databases such as the Cancer Cell Line Encyclopedia (CCLE) (42) (Figure 1F and Table S5). CCLE contains mutation data on 947 different human cancer cell lines coupled with pharmacological profiles of 24 anti-cancer drugs (42) for evaluating therapeutic effectiveness and sensitivity. Li et al. (142) employed CCLE data to investigate cancer cell line metabolism. The study showed that the mutated asparagine synthetase (ASNS) hypermethylation can cause gastric as well as hepatic cancers to sensitized asparaginase therapy. Hanniford et al. (143) demonstrated epigenetic silencing of RNA during invasion and metastasis in melanoma using the CCLE database. Other cell line databases include Cell Line Data Base (CLDB) (43), and The COSMIC Cell Lines Project (40), and CellMinerCDB (41). The CellMinerCDB (2018) curates data from National Cancer Institute (NCI) (144), BROAD institute (145), Sanger institute (146), and Massachusetts General Hospital (MGH) (147) and provides a platform for pharmacological and genomic analysis.



2.6 Histopathological Image Databases

Additionally, histopathological image datasets derived from the microscopic examination of tumor biopsy samples furnish information on cellular structure, function, chemistry, morphology, etc. Numerous histopathological image-based databases have been developed to store, manage, and retrieve such information (Figure 1G and Table S6). Amongst these databases, The Cancer Imaging Archive (TCIA) (46), reported in 2013, provides a multi-component architecture with various types of images including region-specific (e.g., Breast), cancer-type specific (e.g., TCGA-GBM, TCGA-BRCA), radiology, and anatomy images (e.g., Prostate-MRI). The cancer image collection in TCIA has been captured using a variety of modalities including radiation treatment, X-ray, mammography, and computed tomography (CT), etc (148). Li et al. (149) exploited TCIA by using radiomics data in predicting the risk for breast cancer recurrence, while Sun et al. (150) employed image data to perform a cohort study to validate a radiomics-based biomarker in cancer patients. The study developed a radiomic signature for CD8 cells using the TCGA dataset for predicting the immune phenotype of tumors and deduce clinical outcomes. In 2013, image data from TCIA was integrated with The Cancer Digital Slide Archive (CDSA) (44). The CDSA hosts imaging as well as histopathological data and provides more than 20,000 whole-slide images of 22 different cancer types. The whole-slide images of individual patients present in CDSA help in linking tumor morphology with the patient’s genomic and clinical data. Khosravi et al. (151) performed a deep convolution study using CDSA, to distinguish heterogeneous digital pathology images across different types of cancers. To associate patient’s genetic information and histology images, Genotype-Tissue Expression (GTEx) (45) was reported in 2014, and was curated using datasets from non-disease tissues of 1000 individuals. Patel et al. (152) employed GTEx to investigate intratumoral heterogeneity present in glioblastoma and concluded that glioblastoma subtype classifiers are variably expressed in individual cells.



2.7 Mutation and Drug Databases

Pharmacological investigations have elucidated the mechanism as well as efficacies of numerous cancer drugs, in clinical and preclinical studies (153, 154). Databases with drug-target information can be employed in precision oncology towards designing efficacious patient-centric therapeutic strategies (Figure 1H, Table S7). These databases include DrugBank (155), which was established in 2006 and contains information from over 4100 drug entries, 800 FDA-approved small molecules, and 14,000 protein or drug target sequences. DrugBank combines drug data with drug-target information thus enabling applications in cancer biology including in silico drug target discovery, drug design, drug interaction prediction, etc. In a study employing DrugBank, Augustyn et al. (156) evaluated potential therapeutic targets of achaete-scute homolog 1 (ASCL1) genes in lung cancers and reported unique molecular vulnerabilities for potential therapeutics, while Han et al. (157) determined synergistic combinations of drug targets in K562 chronic myeloid leukemia (CML) cells including BCL2L1 and MCL1 combination. Further to evaluate drugs in light of the patient’s genomic signature, PanDrugs (52) database was established in 2019 and currently hosts data from 24 sources and 56297 drug-target pairs along with 9092 unique compounds and 4804 genes. Using PanDrugs, Fernández-Navarro et al. (158) prioritized personalized drug treatments using PanDrugs, for T-cell acute lymphoblastic (T-ALL) patients.

Altogether, the availability of voluminous high-resolution biomolecular data has enabled the development of a quantitative understanding of aberrant mechanisms underpinning hallmarks of cancer as well as create avenues for personalized therapeutic insights. Recently, Karimi et al. (159) systematically evaluated the current multi-omics data generation approaches, as well as their associated analysis pipelines for employment in cancer research.




3 Data-Driven Integrative Modeling in Cancer Systems Biology

The need to prognosticate system-level outcomes in light of oncogenic dysregulation (160, 161) has led researchers to develop integrative data-driven computational models (162–168). Such models can help decode emergent mechanisms underpinning tumorigenesis as well as aid in the development of patient-centered therapeutic strategies (162–168). These in silico models can be broadly grouped into four salient sub-scales as biomolecular (169–171), tumor environment (172–174), cell level (175, 176), and multi-scale integrative cancer models (177–179) (Figure 2).




Figure 2 | Evolution timeline of in silico scale-specific and multi-scale data-drive cancer models. Timeline of salient in silico scale-specific and multi-scale cancer models, along with PubMed yearly report (1990-2020) to display the evolutionary trends seen in the development of (A) genome-scale cancer models, (B) Transcript-level cancer models, (C) Proteome-scale models, (D) Metabolome scale models, (E) Environment-based models, (F) Cell-level models, and (G) Multi-scale cancer models.




3.1 Biomolecular-Scale Models

In silico biomolecular models of cancer can be classified into (i) genome-scale, (ii) transcriptome-scale, (iii) proteome-scale, (iv) metabolome-scale models.


3.1.1 Genome-Scale Models

Amongst initial attempts at developing cancer gene regulation models, in 1987, Leppert et al. (169) reported a computational model to study the genetic locus of familial polyposis coli and its involvement in colonic polyposis and colorectal cancer. The study was also validated by Mehl et al. (170) in 1991, which further elucidated the formation and development of familial polyposis coli genes in colorectal cancer patients. In 2014, Stratmann et al. (171) developed a personalized genome-scale 3D lung cancer model to study epithelial-mesenchymal transition (EMT) by TGFβ-based stimulation, while in 2016, Margolin et al. (180) developed a blood-based diagnostic model to help detect DNA hypermethylation of potential pan-cancer marker ZNF154. In 2017, Jahangiri et al. (181) employed an in silico pipeline to evaluate Staphylococcal Enterotoxin B for DNA-based vaccine for cancer therapy. A similar genome-scale model of DNA damage and repair was proposed by Smith et al. (182) to evaluate proton treatment in cancer (Figure 2A).



3.1.2 Transcriptome-Scale Models

In silico models developed using transcriptomic expression data can assist in comparing gene expression patterns in cancer for investigating genetic heterogeneity and cancer development as well as towards precision therapy (Figure 2B). In 2003, Huang et al. (183) presents a mathematical model using a large-scale transcriptional dataset of breast cancer patients to elucidate patterns of metagenes for nodal metastases and relapses. In another large-scale cancer transcriptomics study, 3,000 patient samples from nine different cancer types were used to decode the genomic evolution of cancer by Cheng et al. (184). In 2013, Chen et al. (185) employed an in silico pipeline which helped identify 183 new tumor-associated gene candidates with the potential to be involved in the development of hepatocellular carcinoma (HCC), while, in 2014, Agren et al. (186) developed a personalized transcriptomic data-based model to identify anticancer drugs for HCC. In 2019, Béal et al. (187) reported a logical network modeling pipeline for personalized cancer medicine using individual breast cancer patients’ data. The pipeline was validated in 2021 (188), using in silico personalized logical models for melanomas and colorectal cancers samples in response to BRAF treatments. In a similar study conducted in 2019, Rodriguez et al. (189) developed a mathematical model for breast cancer using transcriptional regulation data to predict hypervariability in a large dynamic dataset which revealed the basis of expression heterogeneity in breast cancer.



3.1.3 Proteome-Scale Models

To capture the quantitative aspects of biomolecular regulations and functional studies (82, 83), data-driven proteomic-based cancer models are essential (Figure 2C). Such models can be particularly helpful in diagnostic as well as prognostic purposes as well as for monitoring response to treatment (82, 83). In a study employing proteome-level information, in 2011, Baloria et al. (190) carried out an in silico proteome-based characterization of the human epidermal growth factor receptor 2 (HER-2) to evaluate its immunogenicity in an in silico DNA vaccine. Akhoon et al. (191) simplified this approach with the development of a new prophylactic in silico DNA vaccine using IL-12 as an adjuvant. In 2017, Fang et al. (192) employed proteome level data towards predicting in silico drug-target interactions for applications in targeted cancer therapeutics, while in 2018, Azevedo et al. (193) designed novel glycobiomarkers in bladder cancer. Recently, in 2020, Lee et al. (194) reported an integrated proteome model of macrophage migration in a complex tumor microenvironment. However, proteome-level models are limited in their ability to provide a complete analysis of the biomolecules present in a cell since they lack information on low molecular weight biomolecular compounds such as metabolites (105).



3.1.4 Metabolome-Scale Models

Metabolic data-driven models can be especially useful in understanding cancer cell metabolism, mitochondrial dysfunction, metabolic pathway alteration, etc (Figure 2D). In 2007, Ma et al. (195) developed the Edinburgh Human Metabolic Network (EHMN) model with more than 3000 metabolic reactions alongside 2000 metabolic genes for employment in metabolite-related studies and functional analysis. In 2011, Folger et al.’s (196) employed the EHMN model to propose a large-scale flux balance analysis (FBA) model for investigating metabolic alterations in different cancer types and for predicting potential drug targets. In 2014, Aurich et al. (197) reported a workflow to characterize cellular metabolic traits using extracellular metabolic data from lymphoblastic leukemia cell lines (Molt-4) towards investigating cancer cell metabolism. Yurkovich et al. (198) augmented this workflow in 2017 and reported eight biomarkers for accurately predicting quantitative metabolite concentration in human red blood cells. Alakwaa et al. (199) employed a mathematical model to predict the status of Estrogen Receptor in breast cancer metabolomics dataset, while in 2018, Azadi et al. (200) used an integrative in silico pipeline to evaluate the anti-cancerous effects of Syzygium aromaticum employing data from the Human Metabolome Database (107).




3.2 Tumor Environment Models

Integrative mathematical models of environmental cues and extracellular matrix can help researchers abstract tumor microenvironments. Such data-driven models can be used to study angiogenesis (201), cell adhesion (202), and vasculature (203), etc (Figure 2E). Amongst initial attempts at developing cancer environment-based in silico models, in 1972, Greenpan et al. (172) designed a solid carcinoma in silico model to evaluate cancer cell behavior in limited diffusion settings. In 1976, the model was expanded (173) to investigate tumor growth in asymmetric conditions. In 1996, Chaplain developed a mathematical model to elucidate avascular growth, angiogenesis, and vascular growth in solid tumors (174). Anderson and Chaplain (204), in 1998, expanded this strategy and reported a continuous and discrete model for tumor-induced angiogenesis. This modeling approach was further augmented in 2005 by Anderson (202) to a hybrid mathematical model of a solid tumor to study cellular adhesion in tumor cell invasion. Organ-specific metastases and associated survival ratios in small cell lung cancer patients have been modeled and evaluated (205) using similar models.



3.3 Cell Models

To model cell population-level behavior in cancer, researchers are increasingly developing innovative cell lines in silico models which can complement in vivo wet-lab experiments, while overcoming wet-lab limitations (206) (Figure 2F). Such models are employed to investigate cell-to-cell interactions as well as evaluate physical features of the synthetic extracellular matrix (ECM) (206), etc (175, 207). Amongst initial attempts at developing in silico cell line models, in 1989, Shackney et al. (175) proposed an in silico cancer cell model to study tumor evolution. Results showed an association between discrete aneuploidy peaks with the activation of growth-promoting genes. In 2007, Aubert et al. (207) developed an in silico glioma cell migration model and validated cell migration preferences for homotype and heterotypic gap junctions with experimental results. Gerlee and Nelander (176) expanded this work, in 2012, to investigate the effect of phenotype switching in glioblastoma growth. In conclusion, cell-based cancer models help provide scale-specific insights into cancer, however, they remain limited in investigating the spatiotemporal tissue diversity and heterogeneity in cancer patients.



3.4 Multi-Scale Models

Recently, data-driven multi-scale models are becoming increasingly popular in cancer (208) (Figure 2G). One of the earliest attempts at developing multi-scale cancer models was in 1985 when Balding developed a mathematical model to demonstrate tumor-induced capillary growth (201). In 2000, Swanson et al. (209) proposed a quantitative model to investigate glioma cells. In a similar study, Zhang et al. (210) generated a 3D, multi-scale agent-based model of the brain to study the role (EGFR)-mediated activation of signaling protein phospholipase role in a cell’s decision to either proliferate or migrate. In 2010, Wang et al. (178) also took a multi-scale agent-based modeling approach to identify therapeutic targets in concurrent EGFR-TGFβ signaling pathway in non-small cell lung cancer (NSCLC). Later in 2011 (179), they employed the approach to identify critical molecular components in NSCLC. Similarly, Perfahl et al. (211) formulated a multi-scale vascular tumor growth model to investigate spatiotemporal regulations in cancer and response to therapy. In 2007, Anderson et al. (212) proposed a mathematical model for studying cancer growth, evolution, and invasion. This model was later built upon by Chaudhary et al. (165, 213) with a multi-scale modeling strategy to investigate tumorigenesis induced by mitochondrial incapacitation in cell death, in 2011. In 2017, Vavourakis et al. (214) developed a multi-scale model to investigate tumor angiogenesis and growth. In 2017, Norton et al. (215) used an agent-based computational model of triple-negative breast cancer to study the effects of migration in CCR5+ cancer cells, stem cell proliferation, and hypoxia on the system. They later (216) reported an agent-based and hybrid model to investigate tumor immune microenvironment, in 2019. In the same year, Karolak et al. (217) modeled in silico breast cancer organoid morphologies (218) to help elucidate efficacies amongst drug treatment based on the morphophenotypic classification. Similarly, Berrouet et al. (219) employed a multi-scale mathematical model to evaluate the effect of drug concentration on monolayers and spheroid cultures.

Summarily, data-integrative computational models have now assumed the forefront in decoding the complex biomolecular regulations involved in cancer and are increasingly been employed for the development of personalized preclinical models as well as therapeutics design (220).




4 Software Platforms for Modeling in Cancer Systems Biology

Over the past decade, in silico modeling of cancer has gained significant popularity in systems biology research (162–168). In particular, data-drive computational models are now acting as an enabling technology for precision medicine and personalized treatment of cancer. To date, several single and multi-scale software platforms have been reported to model biomolecules (171, 221–228), cellular environments (229), as well as cell-level (230), and multi-scale (231) information into coherent in silico cancer models (Figure 3).




Figure 3 | Feature-by-feature comparison of networks, environments, cell lines, and multi-scale modeling software in chronological order.




4.1 Biomolecular Modeling Platforms

Software platforms aimed at modeling biomolecular entities, abstract information from published literature as well as high-throughput technologies, and model them using a Boolean modeling approach or a differential equations modeling strategy.


4.1.1 Boolean Modeling Software

Boolean network modeling technique was first introduced by Kauffman (232, 233), in 1969. This approach has been widely adopted as a tool to model gene, transcript, protein, and metabolite regulatory networks. Numerous mathematical and computational cancer models have been developed using this representation (171, 221–225). To facilitate the Boolean model development and analysis process, several platforms have been devised (234–236) (Table S8). The applicability of these platforms can be further categorized into qualitative or quantitative Boolean network modeling.


4.1.1.1 Qualitative Boolean Modeling

Biomolecular qualitative Boolean models are a widely employed approach in cancer systems biology research to cater for cases where there is insufficient quantitative information, and/or lack of mechanistic understanding. Thus far, numerous platforms have been reported to help researchers develop qualitative Boolean network models. Amongst them, FluxAnalyzer (237), reported by Klamt et al. in 2003, was developed to undertake metabolic pathway construction, flux optimization, topological feature detection, flux analysis, etc. To expand the scope of the platform and include cell signaling, gene as well as protein regulatory networks, in 2007, Klamt et al. expanded FluxAnalyzer and reported CellNetAnalyzer (226). Tian et al. (238) employed CellNetAnalyzer to develop a p53 network model for evaluating DNA damage in cancer, while Hetmanski et al. (239) designed a MAPK-driven feedback loop in Rho-A-driven cancer cell invasion. Although CellNetAnalyzer remains a widely used logical modeling software, its programmability and MATLAB dependency hinders its clinical employment for developing personalized cancer models. Towards addressing this challenge, in 2008, Albert et al. published BooleanNet (235), an open-source, freely available Boolean modeling software for large-scale simulations of dynamic biological systems. Saadatpoort et al. (240) employed BooleanNet’s general asynchronous (GA) method to deduce therapeutic targets for granular lymphocyte leukemia. Similarly, in 2008, Kachalo et al. presented NET-SYNTHESIS (227); a platform for undertaking network synthesis, inference, and simplification. Steinway et al. (241) employed both BooleanNet and NET-SYNTHESIS platforms to model epithelial-to-mesenchymal transition (EMT) in light of TFGβ cell signaling, in hepatocellular carcinoma patients towards elucidating potential therapeutic targets. BooleanNet was used to undertake model simulation and NET-SYNTHESIS for carrying out network interference and simplification. Another logical modeling platform, GIMsim (242), published by Naldi et al., in 2009, also employed asynchronous state transition graphs to perform qualitative logical modeling which is especially useful for networks with large state space. This platform was employed by Flobak et al. (243) to map cell fate decisions in gastric adenocarcinoma cell-line towards evaluating drug synergies for treatment purposes, while Remy et al. (244) studied mutually exclusive and co-occurring genetic alterations in bladder cancer. GIMsim also employed multi-valued logical functions, useful in simulating qualitative dynamical behavior in cancer research. However, the platform was unable to program automatic theoretical predictions, moreover, it only employed qualitative analysis approaches and could not be used to accurately map cell fates based on quantitative biomolecular expression data. Taken together, classical qualitative Boolean modeling approaches remain limited in developing predictive cancer models that could leverage quantitative biomolecular expression data generated from next-generation proteomics and related-sequencing projects.



4.1.1.2 Quantitative Boolean Modeling

Platforms aimed to integrate quantitative expression data from existing literature and databases towards carrying out network annotation and onwards analysis can be particularly useful in developing personalized cancer models. One such platform, the Markovian Boolean Stochastic Simulator (MaBoss), was established by Stoll et al. (245) in 2017, for stochastic and semi-quantitative Boolean network model development, mutations, and drug evaluation, sensitivity analysis based on experimental data, and eliciting model predictions. In 2019, Béal et al. (187) employed MaBoss to develop a logical model to evaluate breast cancer in light of individual patients’ genomic signature for personalized cancer medicine. This model was later expanded, in 2021, to investigate BRAF treatments in melanomas and colorectal cancer patients (188). Similarly, Kondratova et al. (246) used MaBoss to model an immune checkpoint network to evaluate the synergistic effects of combined checkpoint inhibitors in different types of cancers. In a similar attempt at developing quantitative Boolean networks, BoolNet (247) was developed in 2010 by Müssel and Kestler. BoolNet allows its users to reconstruct networks from time-series data, perform robustness and perturbation analysis and visualize the resultant cell fates attractor. BoolNet was employed by Steinway et al. (248) to construct a metabolic network model towards evaluating gut microbiome in normal and disease conditions, whereas, Cohen et al. (249) studied tumor cell invasion and migration. BoolNet, however, lacks a graphical user interface, and results from the analysis cannot be visualized interactively, which hindered its employment. To address this issue, Shah et al. (250), in 2018, developed an Attractor Landscape Analysis Toolbox for Cell Fate Discovery and Reprogramming (ATLANTIS). ATLANTIS has an intuitive graphical user interface and interactive result visualization feature, for ease in utilization. The platform can be employed to perform deterministic as well as probabilistic analysis and was validated through literature-based case studies on the yeast cell cycle (251), breast cancer (252), and colorectal cancer (253).




4.1.2 Differential Equations Modeling Software

Boolean models have proven to be a powerful tool in modeling complex biomolecular signaling networks, however, these models are unable to describe continuous concentration, and cannot be used to quantify the time-dependent behavior of biological systems, necessitating the need to switch to quantitative differential equations (254). As a result, numerous stand-alone and web-based tools have been developed to build continuous network models to help describe the temporal evolution of biomolecules towards elucidating more accurate cell fate outcomes from quantitative expression data (Table S8). Amongst initial attempts at developing such software, GEPASI (GEneral PAthway Simulator) was designed by Pedro Mendes et al. (228), in 1993. GEPASI is a stand-alone simulator that facilitates formulating mathematical models of biochemical reaction networks. GEPASI can also be used to perform parametric sensitivity analysis using an automatic pipeline that evaluates networks in light of exhaustive combinatorial input parameters. Ricci et al. (255) employed GEPASI to investigate the mechanism of action of anticancer drugs, while Marín-Hernández et al. (256) constructed kinetic models of glycolysis in cancer. In 2006, Hoops et al. reported a successor of GEPASI; COPASI (COmplex PAthway SImulator) (257), a user-friendly independent biochemical simulator that can handles larger networks for faster simulation results, through parallel computing. Orton et al. (258) employed COPASI to model cancerous mutations in EGFR/ERK pathway, while cellular senescence was evaluated by Pezze et al. (259) for targeted therapeutic interventions. Towards establishing a user-friendly software with an intuitive graphical user interface (GUI), another desktop application, CellDesigner was published by Funahashi et al. (260). CellDesigner application can be extended to include various simulation and analysis packages through integration with systems biology workbench (SBW) (261). In a case study using CellDesigner, Calzone et al. (262) developed a network of retinoblastoma protein (RB/RB1) and evaluated its influence in cell cycle, while Grieco et al. (263) investigated the impact of Mitogen-Activated Protein Kinase (MAPK) network on cancer cell fate outcomes.




4.2 Cell Environment Modeling Software

To facilitate the development of environmental models that can help investigate inter-, intra-, and extracellular interactions between cellular network models and their dynamic environment, several software and platforms have been reported (229, 264). These platforms employ discrete, continuous, and hybrid approaches to develop models of cellular microenvironments towards setting up specific biological contexts such as normoxia, hypoxia, Warburg effect, etc (Table S9). In 2014, Starruß et al. (229) published Morpheus, a platform for modeling complex tumor microenvironment. Morpheus leverages a cellular potts modeling approach to integrate and stimulate cell-based biomolecular systems for modeling intra- and extra cellular dynamics. In a case study using Morpheus, Felix et al. (265) evaluated pancreatic ductal adenocarcinoma’s adaptive and innate immune response levels, while Meyer et al. (266) investigated the dynamics of biliary fluid in the liver lobule. Morpheus is a widely employed modeling software, however, its diffusion solver is limited in its capacity to model large 3D domains. Towards modeling fast simulations for larger cellular systems, the Finite Volume Method for biological problems (BioFVM) software (264) was reported by Ghaffarizadeh et al., in 2016. BioFVM is an efficient transport solver for single as well as multi-cell biological problems such as excretion, decomposition, diffusion, and consumption of substrates, etc (267). In a case study using BioFVM, Ozik et al. (268) evaluated tumor-immune interactions, while Wang et al. (269) elucidated the impact of tumor-parenchyma on the progression of liver metastasis. BioFVM, however, relies on its users to have programming-based knowledge to develop their models, which limits its translational potential. Towards minimizing programming requirements, SALSA (ScAffoLd SimulAtor) was developed by Cortesi et al. (206) in 2020. SALSA is general-purpose software that employs a minimum programming requirement, a significant advantage over its predecessors. The platform has been useful in studying cellular diffusion in 3D cultures. This recent tool was validated in 2021, with a case study that evaluated and predicted therapeutic agents in 3D cell cultures (270).



4.3 Cell-Level Modeling Software

Towards modeling cancer cell-specific behaviors such as cellular adhesion, membrane transport, loss of cell polarity, etc several software have been reported which can help develop in silico cancer cell models (Table S10). The foremost endeavor to develop software for cell-level modeling and simulation, led to the establishment of E-Cell (230), in 1999. E-Cell can be employed to model biochemical regulations and genetic processes using biomolecular regulatory networks in cells. Edwards et al. (271) employed E-cell to predict the metabolic capabilities of Escherichia coli and validated the results using existing literature, while Orton et al. (272) modeled the receptor-tyrosine-kinase-activated MAPK pathway. This software was expanded in 2001, with the development of Virtual Cell (V-Cell) (273), a web-based general-purpose modeling platform. V-Cell has an intuitive graphical and mathematical interface that allows ease in the design and simulation of whole cells, along with sub-cellular biomolecular networks and the external environment. Neves et al. (274) employed V-Cell to investigate the flow of spatial information in cAMP/PKA/B-Raf/MAPK1,2 networks, while Calebiro et al. (275) modeled cell signaling by internalized G-protein–coupled receptors. Similarly, to increase the efficiency in the design and modeling of synthetic regulatory networks in cells, in 2009, Chandran et al. reported TinkerCell (276) with computer-aided design (CAD) functionality which enabled faster simulation and associated analysis. The platform employed a modular approach for constructing networks and provides built-in features for ease in network construction, robustness analysis, and evaluating networks using existing databases. The evolutionary trend for TinkerCell’s platform adaptability and flexibility is highlighted in Figure 4, which shows a gradual shift from being a model-specific platform to a domain modeling one. In a study employing TinkerCell, Renicke et al. (277) constructed a generic photosensitive degron (psd) model to investigate protein degradation and cellular function, while Chandran et al. (278) reported computer-aided biological circuits.




Figure 4 | Evolution of scale-specific and multi-scale software. Evolution of multi-scale modeling software for abstracting and simulating the spatiotemporal biomolecular complexity. Highlighting the need for a generic, data-driven, zero-code software requirement.





4.4 Multi-Scale Modeling Software

Multi-scale cancer modeling approaches bring together scale-specific information towards undertaking an integrative analysis of heterogeneous experimental data by building coherent and biologically plausible models (279–281). Several multi-scale modeling platforms have been reported to help develop multi-level cancer models (231) (Table S11). Amongst these, the REcursive Porous Agent Simulation Toolkit (Repast) (282) published in 2003, provides a free and open-source tool for modeling and simulating agent-based models, with high-performance computing (HPC) capability. Repast toolkit was employed in 2007, by Folcik et al. (283) to develop an agent-based model which was then used to study interactions between cells and the immune system. Similarly, Mehdizadeh et al. (284) used Repast to model angiogenesis in porous biomaterial scaffolds. Although Repast can be used for simulating several types of evolutionary trends between agents, there is no established guideline for selecting a mechanism to model such trends, hindering its use by naïve users. Moreover, Repast does not have a GUI or a software development kit (SDK) interface for implementing subcellular mechanisms e.g., gene, protein, and metabolic networks. In contrast, CompuCell (279), published in 2004 by Izaguirre et al., provides an elaborative GUI to model cell-scale or tissue-scale simulations by integrating biomolecular networks, intra- and extracellular environment, and cell to environment interactions. Mahoney et al. (285) employed CompuCell to develop an angiogenesis-based model in cancer for investigating novel cancer therapies. Although CompuCell provides an intuitive framework modeling paradigm, the platform core is not conducive to multi-scale cancer modeling. The focus of the software is primarily multi-agent simulations rather than multi-scale cancer modeling. This poses a significant challenge in the utilization of the software. In 2013, CHASTE (280) (Cancer Heart and Soft Tissue Environment) was launched, which provides a computational simulation pipeline for the mathematical modeling of complex multi-scale models. Users can employ CHASTE for a wide range of problems involving on and off-lattice modeling workflows. CHASTE has also previously been employed to model colorectal cancer crypts. Nonetheless, CHASTE does not have a GUI and can only be executed by command line text commands. Furthermore, it requires recompilation on part of the modeler to use the code updates performed by the group. To further improve the multi-scale modeling approach for investigating cancer, in 2013, Chaudhary et al. (281) published ELECANS (Electronic Cancer System). ELECANS had an intuitive but rigid GUI along with a programmable SDK besides the lack of a high-performance simulation engine (286, 287). ELECANS was employed to model the mitochondrial processes in cancer towards elucidating the hidden mechanisms involved in cell death (165). ELECANS provided a feature-rich environment for constructing multi-scale models, however, the platform lacked a biomolecular network integration pipeline, and also placed a heavy programming requirement on its users. In contrast, in 2018, PhysiCell (288) was reported for 2D and 3D multi-cell off-lattice agent-based simulations. PhysiCell is coupled with BioFVM (264)’s finite volume method to model multi-scale cancer systems (268). In a salient example, Wang et al. (269) employed PhysiCell to model liver metastatic progression. In 2019, PhysiCell’s agent-based modeling features and MaBoss’s Boolean cell signaling network feature were coupled together to develop an integrated platform, PhysiBoss (289). As a result, PhysiBoss provided an agent-based modeling environment to study physical dimension and cell signaling networks in a cancer model. In 2020, Colin et al. (290) employed PhysiBoss’s source code to model diffusion in oocytes during prophase 1 and meiosis 1, while Getz et al. (291) proposed a framework using PhysiBoss to develop a multi-scale model of SARS-CoV-2 dynamics in lung tissue. Recently, in 2021, Gondal et al. (292) reported Theatre for in silico Systems Oncology (TISON), a web-based multi-scale “zero-code” modeling and simulation platform for in silico oncology. TISON aims to develop single or multi-scale models for designing personalized cancer therapeutics. To exemplify the use case for TISON, Gondal et al. employed TISON to model colorectal tumorigenesis in Drosophila melanogaster’s midgut towards evaluating efficacious combinatorial therapies for individual colorectal cancer patients (225).

Summarily, multi-scale modeling software has enabled the development of biologically plausible cancer models to varying degrees. These platforms, however, fall short of providing a generic and high-throughput environment that could be conveniently translated into clinical settings.




5 Pipelining Panomics Data towards In Silico ClinicalSystems Oncology

In silico multi-scale cancer models, annotated with patient-specific biomolecular and clinical data, can help decode complex mechanisms underpinning tumorigenesis and assist in clinical decision-making. Clinically driven in silico multi-scale cancer models simulate in vivo tumor growth and response to therapies across biocomplexity scales, within a clinical environment, towards evaluating efficacious treatment combinations. To facilitate the development of multi-scale cancer models, several large-scale program projects have been launched (Table S12) such as Advancing Clinico-Genomic Trials on Cancer (ACGT) (293), Clinically Oriented Translational Cancer Multilevel Modeling (ContraCancrum) (294), Personalized Medicine (p-medicine) (295), Transatlantic Tumor Model Repositories (TUMOR) (296), and Computational Horizons In Cancer (CHIC) (297), amongst others (Figure 5). Here, we review and evaluate five salient projects for multi-scale cancer modeling towards their clinical deployment.




Figure 5 | Salient projects pipelining multi-scale panomics data into clinical settings – a timeline. Timeline highlighting salient project platforms for developing realistic and clinically-driven multi-scale cancer models, along with their associated leading case studies.




5.1 ACGT Project

The ACGT project (293), launched in 2007, proposed to develop Clinico-Genomic infrastructure for organizing clinical and genomic data towards investigating personalized therapeutics regimens for an individual cancer patient. The ACGT platform provides an open-source and open-access infrastructure designed to support the development of “oncosimulators” to help clinicians accurately compare results from different clinical trials and enhance their efficiency towards optimizing cancer treatment. The ACGT framework employs molecular and clinical data generated from different sources including whole genome sequencing, histopathological, imaging, molecular, and clinical data, etc. to develop simulators for mimicking clinical trials. Personalized panomics data employed to develop oncosimulators in ACGT is extracted from real patients which enables the oncosimulators to be clinically relevant for predictive purposes. Additionally, ACGT provides data retrieval, storage, integrative, anonymization, and analysis as well as results presentation capabilities. Using the platform, in 2004, a personalized, spatiotemporal oncosimulator model of breast cancer was developed to mimic a clinical trial based on protocols outlined in the Trial of Principle (TOP), towards evaluating the model response to chemotherapeutic treatment in neoadjuvant settings (298). Similarly, in 2009, Graf et al. (299) modeled nephroblastoma oncosimulator, a childhood cancer of the kidney, based on a clinical trial run by the International Society of Paediatric Oncology (SIOP) for simulating tumor response to therapeutic regimens in clinical trials. The results generated from the TOP and SIOP trials enabled the ACGT oncosimulators to adapt in light of real clinical conditions and the software to be validated against multi-scale patient data. The focus of ACGT oncosimulators, however, is limited to existing clinical trials for predicting efficacious treatment combinations.



5.2 The ContraCancrum Project

Towards establishing a platform for the development of composite multi-scale models for simulating malignant tumor models, in 2008, ContraCancrum project (294) was initiated. ContraCancrum aimed to construct a multi-scale computational framework for translating personalized cancer models into clinical settings towards simulating malignant tumor development and response to therapeutic regimens. For that, the Individualized MediciNe Simulation Environment (IMENSE) platform (300, 301) was established, to undertake the oncosimulator development process. The platform was employed for molecular and clinical data storage, retrieval, integration, and analysis. Oncosimulators, developed under the ContraCancrum project, employ patient data across biologically and clinically relevant scales including molecular, environmental, cell, and tissues level. These oncosimulators can be used to optimize personalized cancer therapeutics for assisting clinician decision-making process. To date, several oncosimulators have been reported, under the ContraCancrum project (27, 294, 299, 301–305). In particular, the initial validation of the ContraCancrum workflow was performed using two case studies; glioblastoma multiforme (GBM) (294, 305) and non-small cell lung cancer (NSCLC) (294, 304). In 2010, Folarin and Stamatakos (306) designed a glioblastoma oncosimulator using personalized molecular patient data to evaluate treatment response under the effect of a chemotherapeutic drug (temozolomide) (300). Similarly, Roniotis et al. (305) developed a multi-scale finite elements workflow to model glioblastoma growth, while Giatili et al. (307) outlined explicit boundary condition treatment in glioblastoma using an in silico tumor growth model. The results from the case studies were validated by comparing in silico prediction with pre- and post-operative imaging and clinical data (294, 302). Moreover, The ContraCancrum project hosts more than 100 lung patients’ tumor and blood samples (294). This data is employed to develop clinically validated in silico multilevel cancer models for NSCLC using patient-specific data (304). In 2010, using a biochemical oncosimulator, Wan et al. (304) investigated the binding affinities for AEE788 and Gefitinib tyrosine kinase inhibitor against mutated epidermal growth factor receptor (EGFR) for NSCLC treatment. Similarly, Wang et al. (308) developed a 2D agent-based NSCLC model to investigate proliferation markers and evaluated ERK as a suitable target for targeted therapy. Although ContraCancrum’s project has created numerous avenues for multilevel cancer model development, the platform is limited to only specific types of cancer for which data is internally available on the platform.



5.3 p-Medicine Project

Towards improving clinical deployment capabilities of oncosimulators, another pilot project: the personalized medicine (p-medicine) project was launched in 2011 (295). The main aim of p-medicine was to create biomedical tools facilitating translation of current medicine to P5 medicine (predictive, personalized, preventive, participatory, and psycho-cognitive) (309). For that, the p-medicine portal provides a web-based environment that hosts specifically-purpose tools for personalized panomics data integration, management, and model development. The portal has an intuitive graphical user interface (GUI) with an integrated workbench application for integrating information from clinical practices, histopathological imaging, treatment, and omics data, etc. Computational models developed under p-medicine workflow, are quantitatively adapted to clinical settings since they are derived using real multi-scale data. Several multi-scale cancer simulation models (oncosimulators) (295, 309) have been devised, using the p-medicine workflow. Amongst these, in 2012, Georgiadi et al. (310) developed a four-dimensional nephroblastoma treatment model and evaluated its employment in clinical decisions making. Towards evaluating personalized therapeutic combinations, in 2014, Blazewicz et al. (311) reported a p-medicine parallelized oncosimulator which evaluated nephroblastoma tumor response to therapy. The parallelization enhanced model usability and accuracy for eventual translation into clinical settings for supporting clinical decisions. In 2016, Argyri et al. (312) developed a breast cancer oncosimulator to evaluate vascular tumor growth in light of single-agent bevacizumab therapy (anti-angiogenic treatment), while in 2014, Stamatakos et al. (313) evaluated breast cancer treatment under an anthracycline drug for chemotherapy (epirubicin). In 2012, Ouzounoglou et al. (314) designed a personalized acute lymphoblastic leukemia (ALL) oncosimulator for evaluating the efficacy of prednisolone (a steroid medication). This study was further augmented, in 2015, by Kolokotroni et al. (315) to investigate the potential cytotoxic side effects of prednisolone. Later in 2017, Ouzounoglou et al. (316) expanded the ALL oncosimulator model to a hybrid oncosimulator for predicting pre-phase treatments for ALL patients. The validation of these models was undertaken using clinical trial data in pre and post-treatment (317). Although p-medicine presents a state-of-the-art in silico multi-scale cancer modeling environment, the project is limited in its application for determining individual biomarkers for potential novel therapy identification. Moreover, the project is limited to its niche set of tools and models that cannot be integrated with other similar model repositories and platforms.



5.4 TUMOR Project

In 2012, a transatlantic USA-EU partnership was initiated with the launch of Transatlantic Tumor Model Repositories (TUMOR) (296). TUMOR provides an integrated, interoperable transatlantic research environment for developing a clinically driven cancer model repository. The repository aimed to integrate computational cancer models developed by different research groups. TUMOR’s transatlantic aim was to couple models from ACGT and ContraCancrum projects with those at the Center for the Development of a Virtual Tumor (CViT) (318) as well as other relevant centers. TUMOR is predicted to serve as an international clinical translation, interoperable and validation platform for in silico oncology hosting multi-scale cancer models from different cancer model repositories and platforms such as E-Cell (230), CellML (319), FieldML (320), and BioModels (35, 321). To support model data interoperability between platforms, TumorML (Tumor model repositories Markup Language) (321) was developed towards facilitating inter-data operability in the TUMOR project. The TUMOR environment also offers a wide range of additional services supporting predictive oncology and individualized optimization of cancer treatment. For example, the platform allows remote access of predictive cancer models in hospitals and to clinicians for the development of quantitative cancer research and personalized cancer therapy model. TUMOR environment also incorporates deterministic as well as stochastic models through COPASI simulator (257). An automatic validation pipeline is also embedded for the execution and deployment of these models in clinical settings (296). TUMOR’s ability to couple and integrate models from different scales, approaches, and repositories towards increasing model accuracy in predictive oncology was exemplified with Wang et al.’s (322) NSCLC model. In 2007, Wang et al. developed a 2D multi-scale NSCLC model for evaluating tumor expansion dynamics in NSCLC patients, in CViT. This model was exported in TumorML and made available in the TUMOR repository to help evaluate growth factor influence in aggressive cancer (321). Similarly, in 2014 Sakkalis et al. (323) employed the TUMOR platform to interlink and couple three independent glioblastoma-specific cancer models (EGFR signaling (324), cancer metabolism (325), Oncosimulator (323), reported by different research groups. The resultant model was used to investigate the impact of radiation and temozolomide (chemotherapy) on glioblastoma multiforme to evaluate treatment effectiveness.



5.5 CHIC Project

Another transatlantic project Computational Horizons In Cancer (CHIC) (297) launched in 2013, aimed to provide an oncosimulator modeling platform for in silico oncology. CHIC was initiated to develop and implement predictive oncology and individualized multi-scale cancer modeling tools towards assisting quantitative cancer research and personalized cancer therapy. The workflow and tools established under the ambient of the CHIC project allowed the development of robust, interoperable, and collaborative in silico models in cancer and normal conditions. The CHIC project also proposed a pipeline to translate the model towards supporting clinicians to make optimal personalized treatment plans for individual patients. To this end, several models are created using CHIC such as non-small cell lung cancer (326), glioblastoma (327), leukemia model (328), etc. These models furnish a quantitative understanding of tumorigenesis towards providing avenues for promoting individual cancer patient treatment combinations. One such model reported by Kolokotroni et al. (326) evaluated the efficacy of cisplatin-based therapy for NSCLC patients using in silico multi-scale cancer model. While, in 2015, Antonopoulos and Stamatakos (327) modeled the infiltration of glioblastoma cells in normal brain regions using a novel treatment. In 2017, Stamatakos and Giatili (329) extended glioblastoma oncosimulator for modeling tumor growth using reaction-diffusion numerical handling based on multi-scale panomics data. They further proposed a clinical pipeline to translate the model into clinical settings towards supporting clinicians to make optimal personalized treatment plans for individual patients. Ouzounoglou et al. (328) developed an in silico multi-scale leukemia oncosimulator model towards modeling deregulations in the G1/S pathway to investigate the altered function of retinoblastoma in ALL patients. However, a clinical translation of these models is currently in the works (297).




6 Discussion

In this work, we have evaluated the use of data-driven multi-scale cancer models in deciphering complex biomolecular underpinnings in cancer research towards developing personalized therapeutics interventions for clinical decision-making. Specifically, we have discussed the chronological evolution of online cancer data repositories that host high-resolution datasets from multiple spatiotemporal scales. Next, we evaluate how this data drives single- and multi-scale systems biology models towards decoding complex cancer regulation in patients. We then track the development of various modeling software and associated applications in enhancing the translational role of cancer systems biology models in clinics.

We conclude that the contemporary multi-scale modeling software line-up remains limited in their clinical employment due to the lack of a generic, zero-code, panomic-based framework for translating research models into clinical settings. Such a framework would help annotate in silico cancer models developed using single and multi-scale databases (45, 61, 330–334). The framework should also provide an environment for developing the extra-cellular matrix of a cancer cell which can then be integrated into cellular models. Existing environment (38, 39) and cell line databases (41–43) need to be integrated to design environmental models along with biologically plausible cell line structures. These cell lines could then be assembled into three-dimensional geometries to create multi-scale in silico organoids. The pipeline should also furnish capabilities such as a convenient import workflow for clinical data integration through histopathological image data repositories (44–46) for designing biologically accurate organoid structures based on each cancer patient’s underlying cellular morphology. Once the personalized multi-scale model has been constructed, the pipeline would allow investigation into the temporal evolution of the multi-scale organoid under personalized inputs and user-designed biomolecular entities. Data generated from the multi-scale model simulation can be analyzed to elicit biomolecular cues for each cancer patient as well as determine its role. Due to the heterogeneity and complexity of biomolecular data a coherent panomics-based pipeline can be challenging to develop and will require a collaborative effort by various research groups, through close collaborations and data standardization.

Taken together, a translational in silico systems oncology pipeline is the need of the hour and will help develop and deliver personalized treatments of cancer as well as substantively inform clinical decision-making processes.
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Angiogenesis is a key mechanism for tumor growth and metastasis and has been a therapeutic target for anti-cancer treatments. Intensive vascular growth is concomitant with the rapidly proliferating tumor cell population and tumor outgrowth. Current angiogenesis inhibitors targeting either one or a few pro-angiogenic factors or a range of downstream signaling molecules provide clinical benefit, but not without significant side effects. miRNAs are important post-transcriptional regulators of gene expression, and their dysregulation has been associated with tumor progression, metastasis, resistance, and the promotion of tumor-induced angiogenesis. In this mini-review, we provide a brief overview of the current anti-angiogenic approaches, their molecular targets, and side effects, as well as discuss existing literature on the role of miRNAs in angiogenesis. As we highlight specific miRNAs, based on their activity on endothelial or cancer cells, we discuss their potential for anti-angiogenic targeting in cancer as adjuvant therapy and the importance of angiogenesis being evaluated in such combinatorial approaches.
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Introduction

Angiogenesis is the physiological process for new blood vessel development from pre-existing ones. It is a highly coordinated, multistage process that occurs in physiological conditions, such as wound healing, the female reproductive cycle, and embryonic development, and many pathological conditions, including cancer. The angiogenic outcome highly depends on the balance of growth factors and angiogenesis inhibitors. Dysregulation of this balance leads to the increased or limited vascular network identified in a series of pathologies, such as retinopathies, inflammatory disorders, cardiovascular disorders, and tumors (1–3).

The rapid growth of tumor cells requires the continuous supply of oxygen and nutrients, the diffusion of which in vivo is significantly limited at 100-500 microns from the nearest capillary. Solid tumors cannot grow more than 2-3 mm in diameter and thus become dormant without vascular support (4, 5). The rapid proliferation of the tumor cells leads to their distant localization from the nearest capillary and the induction of hypoxia, a major driver of angiogenesis. Hypoxia leads to the secretion of many growth factors, such as vascular endothelial growth factor (VEGF) and basic fibroblast growth factor (bFGF), cytokines, such as interleukin 8 (IL-8), and other pro-angiogenic mediators, such as sphingosine-1 phosphate (S1P), leading to the proliferation, migration and tumor-like formation of the nearby endothelial cells (5–8). The newly formed tumor vessels are markedly distinct from the normal capillaries due to their chaotic structure characterized by the absence of proper orientation, the limited pericyte and smooth muscle cell coverage, blunt capillary ends, increased leakiness, and limited perfusion. The increased leakiness provides fertile ground for tumor cell dissemination and metastasis, while the limited mural support often leads to their collapse due to the higher interstitial pressure of the tumoral area, increasing further the hypoxic conditions (3, 5, 9).

Targeting the tumor vascular network with anti-angiogenic therapy, despite the excellent preclinical results and the high potential these provided, did not meet the expectations in the clinic, with ephemeral results and not significant benefit in overall survival in most tumors. A prominent reason for this is considered the induction of compensatory mechanisms due to increased hypoxia upon anti-angiogenic treatment, which drives the overexpression of other pro-angiogenic factors, blocks immune functionality, and limits the perfusion of cytotoxic therapies (10, 11). During the last decade, the notion of vascular normalization as an outcome of anti-angiogenic therapy has risen, which can be achieved within a short therapeutic window during anti-angiogenic therapy. Tumor vascular normalization is expected to induce the integrity of the tumor vessels providing increased mural cell support, limited leakiness, inhibition of trans-endothelial cancer cell migration and metastatic incidence, and higher perfusion, which would limit the hypoxic areas and accommodate improved anti-cancer drug delivery in the tumoral area (12–14). The majority of the studies have focused on VEGF inhibition, the main target of anti-angiogenic therapies. A precise dosage of VEGF inhibitors has been demonstrated to inhibit vascular permeability by tightening cell-to-cell contacts and recruiting pericytes. VEGF is not the sole mediator of vascular permeability, as an increasing volume of data has highlighted the involvement of other molecular players and pathways, such as Angiopoietin-2, Semaphorin 3A, nitric oxide, superoxide dismutase-3, Notch, WNT, platelet-derived growth factor-B (PDGF-B) and bone morphogenetic protein (MBP) signaling in this process (10, 11, 13, 15, 16).

Nucleic acid-based therapeutics have attracted attention for the treatment of several diseases, including cancer (17, 18), inflammation (19), or the development of vaccines, such as against SARS-CoV-2 (i.e. COVID-19) (20–22). Among the different types of nucleic acids currently under research, miRNAs, natural molecules produced by the cells frequently transcribed along with protein-expressing genes (23, 24), are commonly dysregulated in diseases, such as cancer, inflammation, and others. Not surprisingly, miRNAs were recognized as potential prognostic and diagnostic markers in cancer (23–26). More importantly, as miRNAs are small, non-coding RNAs that utilize the cell’s RNA interference mechanism to regulate multiple gene expressions, miRNAs are evaluated as therapeutic tools against cancer (23). An increasing body of literature focuses on dysregulated miRNAs for their properties as tumor suppressors or oncogenes, and on their action to either suppress or activate tumor-promoting pathways (23). Exogenous delivery of miRNA constructs, similarly to the exogenous delivery of siRNAs, aims to replace or correct observed miRNA dysregulations. Unlike siRNAs though, miRNA replacement therapies induce the expression or increase the levels of nucleic acid sequences naturally occurring in the cells, which should have an indistinguishable effect on the endogenous miRNAs (23, 24). Though this approach has limitations, the exogenous delivery of miRNAs should induce a strong beneficial effect on cells associated with the disease (i.e., cancer cells or cells of the tumor microenvironment with dysregulated miRNA expression) while having minimal effects on normal cells (i.e., absence of dysregulation) (27).

Representatively, miR-34a is characterized as a master tumor suppressor against multiple cancer types, capable of regulating proliferation, migration (28), apoptosis (29), metastasis, senescence, differentiation, and immune responses (30). Similarly, the clinical potential and translation of other miRNAs are currently undergoing. We are not outlining these studies, as several review publications focus on the current and past clinical trials [indicatively, refer to: (31–33)]. As miRNAs are expressed in all types of cells, miRNAs regulate vascular development and angiogenesis in endothelial cells (EC). Landskroner-Eiger et al. (34) summarized the importance of miRNAs in angiogenesis from the perspective of the Dicer enzyme. Dicer enzyme is a key component in the biogenesis of miRNAs, and several studies evaluated the effect of Dicer deletion/inactivation in normal vascular development. Dicer activity affected angiogenesis, attributed to defective miRNA expression, dysregulating the expression of VEGF and its receptors. As miRNA dysregulation in cancer has been well documented (35) either through cell-to-cell communication between cancer cells and EC or EC intracellular miRNA dysregulation, utilization of miRNAs as targets or regiments can benefit cancer treatments through regulation of EC function and formation of blood vessels (36, 37). There is an increasing interest in the combination of anti-angiogenic agents with traditional chemotherapeutics and several clinical trials pursued that approach (2, 38). We sought to explore the use of miRNAs for cancer treatment due to their ability to regulate angiogenesis and focus on their potential and utilization as adjuvant therapies with chemotherapeutics because of their anti-angiogenic properties. Although there is a substantial body of literature focusing on miRNAs and angiogenesis, limited work exists on their combination with chemotherapeutics predominately due to their anti-angiogenic properties. Here, we present miRNAs that are frequently studied due to their angiogenesis-inhibiting capacity and have been combined with traditional chemotherapeutics, even when the utilization of these miRNAs was not because of their anti-angiogenic properties.



Current Anti-Angiogenic Therapies

Not long after its discovery, VEGF was characterized as a principal vascular regulator (39, 40). VEGF haploinsufficiency led to embryonic lethality due to impaired angiogenesis and blood vessel formation (41, 42). The striking impact on angiogenesis, vascular morphology, and functions upon VEGF inhibition or deficiency, along with its overexpression in most solid tumors, including lung, breast, liver, and ovarian cancers, brought it to the frontline of anti-angiogenic targets, where it remains till today. The first FDA-approved anti-angiogenic drug was bevacizumab, a monoclonal antibody against VEGF (43, 44). Bevacizumab, combined with chemotherapy, improved overall survival in colorectal cancer (45) and soon provided encouraging results when tested in ovarian, cervical, non-small cell lung cancers, and mesothelioma. Today, bevacizumab is FDA-approved for colorectal cancer, non-small cell lung cancer, renal cell carcinoma, cervical, fallopian tube cancer, peritoneal cancer, and glioblastoma, whereas it failed to provide clinical benefit in the majority of the other cancer types, including breast cancer, for which the FDA approval lasted for a short period (2). Apart from bevacizumab, other antibody-based anti-angiogenic inhibitors are ramucirumab and aflibercept, which target VEGF receptor 2 (VEGFR2) or VEGF-A, VEGF-B and placental growth factor (PlGF), respectively. The rest of the angiogenesis inhibitors include small molecule or tyrosine kinase inhibitors that target one or more signaling pathways. Some of these tyrosine kinase inhibitors, such as sunitinib and regorafenib, inhibit a wide range of molecular targets and downstream mediators. The current, clinically administered anti-angiogenic inhibitors, their molecular targets, and the approved cancer types are presented below (2, 46–54):

	Bevacizumab, targeting VEGF-A, for glioblastoma, colorectal, cervical, fallopian tube, peritoneal, non-small cell lung cancers and renal cell carcinoma.

	Ramucirumab, targeting VEGFR2, for gastric, gastroesophageal junction, non-small cell lung and colorectal cancers.

	Aflibercept, targeting VEGF-A,-B and PlGF, for colorectal cancer.

	Axitinib, targeting VEGFR1-3, for renal cell carcinoma.

	Cabozantinib, targeting VEGFR1-3, receptor tyrosine kinase (KIT), tropomyosin receptor kinase B (TRKB), anexelekto receptor tyrosine kinase (AXL), Rearranged during transfection (RET), tyrosine kinase MET, Fms-like tyrosine kinase-3 (FLT-3), TEK receptor tyrosine kinase (TIE2), for hepatocellular and renal cell carcinomas, and Medullary thyroid cancer.

	Everolimus, targeting mammalian target of rapamycin (mTOR), for breast, pancreatic, gastrointestinal, and lung cancers, Renal cell and subependymal giant cell carcinomas.

	Lenalidomide, targeting Ikaros family zinc finger protein 1,3 (IKZF1,3), E3 ubiquitin ligase, for follicular, mantle cell and marginal zone lymphomas, and multiple myeloma.

	Lenvatinib, targeting VEGFR1-3, for endometrial, hepatocellular and renal cell carcinomas and Thyroid cancer.

	Pazopanib, targeting VEGFR1-3, PDGF receptor-α/β (PDGFR-α/β), fibroblast growth factor receptor 1,2 (FGFR1,2), c-KIT, for renal cell and soft tissue carcinomas.

	Sorafenib, targeting VEGFR1-3, PDGFR-β, FLT-3, c-KIT, RAF kinases, for hepatocellular and renal cell carcinomas and thyroid cancer.

	Sunitinib, targeting VEGFR1-3, PDGFR-α/β, KIT, FLT-3, colony-stimulating factor receptor Type 1 (CSF-1R), RET, for gastrointestinal stromal and pancreatic cancers and renal cell carcinoma.

	Regorafenib, targeting VEGFR1-3, KIT, PDGFR-α/β, FGFR1,2, TIE2, discoidin domain receptor tyrosine kinase 2 (DDR2), tropomyosin receptor kinase A (TRKA), Eph2A, RAF-1, BRAF, BRAFV600E, SAPK2, PTK5, Abelson tyrosine kinase 1 (ABL), for gastrointestinal stromal and colorectal cancers and hepatocellular carcinoma.

	Thalidomide, targeting tumor necrosis factor-α (TNF-α), for multiple myeloma.

	Vandetanib, targeting VEGFR, epidermal growth factor receptor (EGFR), RET, for medullary thyroid cancer.





Limitations and Side Effects of Anti-Angiogenic Therapies

As seen above, most anti-angiogenic drugs are targeting VEGF or VEGFR, either solely or in combination with other growth factor receptors or downstream kinases. Their administration provides encouraging clinical benefit; however, their application is not without side effects. The two most critical side effects of anti-angiogenic therapy are the induction of tumor aggressiveness along with metastatic potential and the tumor angiogenesis relapse due to the development of resistance mechanisms. The induction of tumor aggressiveness and metastatic potential upon anti-angiogenic therapy is still under debate, as it has been reported in preclinical models, but not always verified in other studies, demonstrating the variability of this phenomenon (55–57).

One of the limiting factors of anti-angiogenic therapy in cancer is that since cancer cells are not eradicated, as they do not consist the target of anti-angiogenic therapy, anti-angiogenic drugs have to be administered over long periods. The ephemeral outcome of anti-angiogenic therapy and the need for prolonged treatment eventually lead to the development of resistance upon anti-angiogenic inhibition. Resistance can be driven by the tumor cells, the stroma, immune cells, or endothelial progenitors, is mediated by the upregulation of alternative pro-angiogenic mediators, and presents cancer type- and patient-specific variability (8, 58).

Systemic anti-angiogenic drug administration, both in the case of antibody-specific VEGF inhibition and a wide range of tyrosine kinase inhibitors, can lead to organ- or tissue-specific side effects (59). A meta-analysis of five randomized clinical trials of metastatic colorectal, breast, and non-small cell lung cancers highlighted the risk of a thromboembolic event as another side effect of bevacizumab treatment in combination with chemotherapy (60). Cardiomyopathy and congestive heart failure have also been reported as side effects of anti-angiogenic inhibitors (61). Although the exact mechanism for cardiomyopathy and congestive heart failure upon VEGF signaling blockade has not yet been fully delineated, the current notion is that existing conditions depleting the vascular reserve, such as hypertension and coronary artery disease, may be considered risk factors for cardiotoxicity with VEGF signaling inhibitors, while reduced nitric oxide production, mitochondrial dysfunction and pericyte population depletion have been attributed as potential mechanisms (62, 63). It has been further preclinically demonstrated that abrogation of the physiological VEGF activity can result in increased systemic (and coronary) vascular resistance and decreased cardiac output per se, which is the typical reason for cardiomyopathy development. Moreover, the roles of chemotherapy or radiation therapy as concomitant factors in VEGF blockade-induced cardiotoxicity have been further reported (63, 64).

Two well-known side effects of anti-angiogenic therapy that go hand in hand are the increased rate of hemorrhage and the inhibited wound healing process, both of which are determining factors for the timing of surgical procedures (65). Pulmonary hemorrhage with fatal outcome has been reported for non-small cell lung cancer patients with different anti-angiogenesis inhibitors, such as bevacizumab, ramucirumab, sunitinib, axitinib, and motesanib. A small percentage of gastrointestinal tumor patients developed bleeding at the tumor sites, while central nervous bleeding has also been reported (61, 65). Impaired wound healing is a common issue. Angiogenesis is a pivotal part of the wound healing process, mediated by VEGF and other growth factors, thus is expected that VEGF inhibition hampers the inflammatory and granulation wound healing phases, pivotal for the wound healing process. As an alternative, milder anti-angiogenic treatments have been proposed to overcome this issue (66).To avoid wound healing deficiency of the surgical area anti-angiogenic treatment has to be terminated for at least four weeks before the surgical procedure so that the body will “wash out” the drug’s effects (61, 65).

The above demonstrate the impact and role of angiogenic factors in physiological vascular functions, the interdependence of the primary tumor and the tumor microenvironment, the need for highly targeted, vascular-specific anti-angiogenic approaches, and the consideration of anti-angiogenic therapies specifically targeting aberrant angiogenesis, without affecting regular angiogenic functions.



MiRNA Therapeutics and Their Adjuvant Potential Against Angiogenesis

As research on miRNAs rapidly proliferates, miRNAs’ contribution in tumor suppression via anti-angiogenic function presented multifaceted therapeutic potentials for these molecules. miRNAs have primarily been studied for their activity as single molecules against cancer (17, 35, 67). With numerous miRNAs being able to regulate cell functions and pathways, the number of potential mechanisms of action of miRNAs in angiogenesis correlates to the potential pathways associated with angiogenesis. Nonetheless, similarly to traditional anti-angiogenic approaches, studies on miRNAs and angiogenesis have primarily focused in known, more traditional angiogenic pathways. Thus, miRNAs studies focus on angiogenic factor receptors or signaling molecules in ECs to inhibit tumor angiogenesis (68), among them more prominently being VEGF, VEGFR and PDGFR (69–71). As numerous dysregulated miRNAs have been identified in tumor samples, here, we will present a few of the miRNAs with explicit action on angiogenesis and their identified molecular targets.

miR-34a, a master tumor suppressor, is one of the best-studied miRNAs, and, hence, its activity on tumor cells and cells of the tumor microenvironment has been thoroughly evaluated. Several studies have reported on miR-34a’s ability to inhibit tumor angiogenesis. This activity takes place via multiple approaches, including the inhibition of the Silent Information Regulator 1 (Sirt1) expression, increase of the expression of acetylated Forkhead Box O1 (FoxO1) transcription factor, Notch1 targeting, and the p53 protein in endothelial progenitor cells and human cancer cells (72–75). miR-34a downregulation in EC induced BCL-2-overexpression and inhibition of apoptosis, while miR-34a upregulation suppresses tumor angiogenesis, EC proliferation, migration, and tube formation (76, 77). miR-34a has also extensively been studied in combination with several chemotherapeutics, such as cisplatin (78, 79), doxorubicin (80), sorafenib (81), and paclitaxel (82), among others. Despite the well-studied anti-angiogenic properties of the miRNA, we did not find research on its combination with a chemotherapeutic agent based solely due to its anti-angiogenic properties, rather than miR-34a’s activity on the tumor cells.

Similarly, the miR-29 family, miR-29a, miR-29b, and miR-29c, are downregulated in various cancers, such as endometrial carcinoma, hepatocellular carcinoma, gastric cancer, and breast cancer (83–86). miR-29b overexpression inhibits angiogenesis and tumorigenesis in vivo and weakens tube formation, cell proliferation, and migration in vitro (83). miR-29b prevented tumor angiogenesis by targeting AKT3 and inhibited Akt3-mediated VEGF and C-myc activations (86). In a gastric cancer mouse model, miR-29a/c prevented tumor growth, tube formation, and suppressed angiogenesis by suppressing VEGF-A expression (87). Similar to miR-34a, members of the miR-29 family have been attributed with tumor-suppressive properties and evaluated with several chemotherapeutic agents, such as cisplatin (88), and paclitaxel (89), among others. Of interest, miR-29a has been reported to contribute to doxorubicin resistance in breast cancer cells (90) and inhibit doxorubicin resistance in colon cancer cells (91). Li et al. (92) reported that cisplatin treatment induces upregulation of miR-29b, which suppressed invasion and angiogenesis of the cancer cells in vitro and inhibited tumor growth and neovascularization in vivo. The authors demonstrated that ectopic expression of miR-29b via intravenous administration in a subcutaneous xenograft mouse model of cervical cancer (HeLa cells) inhibited tumor growth and VEGF expression, corresponding to a decrease in vessel formation, although the authors did not evaluate this activity with the co-administration with cisplatin.

miR-221 and miR-222 modulated the angiogenic behavior of human umbilical vein endothelial cells (HUVECs) through the regulation of c-Kit expression (93). As these miRNAs were among the most abundantly expressed miRNAs in ECs (94), Nicoli et al. reported that miR-221 is essential for angiogenesis, in the zebrafish model (95). In human venous or lymphatic endothelial cells, miR-221 has been shown to inhibit angiogenesis (93, 96–98). miR-221 has been identified as oncogenic in pancreatic cancer cells (99), glioblastoma (100), breast cancer (101), and lung cancer (102), among others. miR-221/222 have also been associated with increased chemoresistance to cisplatin in ovarian (103) and breast cancer cells (104). Similar results have been reported with Adriamycin (doxorubicin) (105, 106), 5-fluorouracil (107), and paclitaxel (108). Representatively, in vivo analysis of downregulation of miR-221/222 through local injection in a breast cancer mouse model enhanced the cisplatin’s tumor growth inhibition capacity, but no analysis on tumor vasculature took place (104). In fact, in the in vivo studies of the miRNA-drug combinations, angiogenesis was not evaluated. This complex behavior is a representative example of the multi-faceted activity of miRNAs, which can be cancer- or cell-type-specific, and their combination with drugs can extend outside of the tumor cells, to the tumor microenvironment.

The expression of the most potent angiogenesis modulators in different tumors in terms of downstream targets of miRNAs has been extensively studied. Multiple miRNAs have been found to target VEGF since it is the most potent trigger for angiogenesis. miR-20 (109), miR-29b (110), miR-93 (111, 112), miR-126 (113, 114) target the 3’-UTR region of VEGF-A mRNA. Following, we provide representative examples of miRNAs with anti-angiogenic properties that also demonstrated anti-tumoral activity. miR-27b (115, 116) and miR-128 (69) suppress tumor progression and angiogenesis by targeting VEGF-C. miR-125b suppressed EC tube formation by inhibiting E-cadherin (117). miR-192 targets EGR1 and HOXB9, leading to anti-tumor and anti-angiogenic activity in human ovarian epithelial tumors (118). miR-200 family inhibited angiogenesis through direct and indirect mechanisms by targeting interleukin-8 (IL8) and CXCL1 secreted by the tumor endothelial and cancer cells (119). Overexpression of miR-190 inhibited EMT and angiogenesis by inactivating AKT-ERK signaling (120). miR-206 inhibited HGF-induced epithelial-mesenchymal transition (EMT) and angiogenesis in lung cancer, by suppressing Met/PI3k/Akt/mTOR signaling (121). miR-135a promoted cell apoptosis and inhibited cell proliferation, migration, invasion, and tumor angiogenesis by targeting the IGF-1 gene through the IGF-1/PI3K/Akt signaling pathway in non-small cell lung cancer (NSCLC) (122). Finally, miR-143 and miR-506, alone and in combination have been reported to affect angiogenesis, by inhibiting tube formation in HUVEC cells, while causing apoptosis to lung cancer cells (123).

As the VEGF family and its downregulation have been implicated in drug resistance in tumor cells (124–126), it is reasonable to predict that miRNAs with the capacity to target members of the VEGF family will become part of a cell-sensitization goal for specific chemotherapeutics. Due to this reason alone, studies of miRNA-chemotherapeutic drugs combinatorial use for cancer treatment have the potential to proliferate in the future (Figure 1). One representative example would be miR-126, where Zhu et al., (127) demonstrated that miR-126 decreased the minimum inhibitory concentration of Adriamycin and Vincristine by targeting VEGF-A. In Table 1, we present a short list of studies with miRNAs with known anti-angiogenic activity in combination with chemotherapeutics.




Figure 1 | miRNA and anti-cancer drug combinations can potentially synergistically affect tumor growth through their respective activities and potential synergistic effects on the tumor cells and the tumor microenvironment. With miRNAs mediating cell proliferation, drug resistance or angiogenesis, exogenous upregulation or inhibition of miRNAs in combination with anti-proliferative, cytotoxic or anti-angiogenic drugs represents a rationally designed and promising research development.




Table 1 | Representative examples of combinatorial miRNA-chemotherapeutics treatments.



Illustratively, Wang et al. (155) studied the combination of miR-30a-5p with gefitinib to overcome drug resistance via regulation of the insulin-like growth factor receptor-1 (IGF1R) and hepatocyte growth factor receptor signaling pathways in NSCLC both in vitro and in vivo. Liang et al. (156) formulated exosomes to simultaneously deliver the anticancer drug 5-FU and a miR-21 inhibitor oligonucleotide (miR-21i) to 5-FU-resistant colon cancer cells. This approach reversed drug resistance and significantly enhanced the drug’s cytotoxicity in 5-FU-resistant colon cancer cells, compared to the single treatment with either miR-21i or 5-FU in an in vivo mouse model. Similarly. miR-375-3p, which has been reported to suppress tumorigenesis and reverse chemoresistance in colon cancer, along with 5-FU co-delivered in lipid-coated calcium carbonate nanoparticles were used to study the role of miR-375-3p in 5-FU-resistance in colorectal cancer (157, 158).



Discussion

It is evident that miRNAs can have a significant impact on angiogenesis and cancer treatment. As our knowledge on miRNA activity expands, the highly complex interaction between miRNA and angiogenesis due to autocrine or paracrine interactions will dictate the future potential of the miRNAs as therapeutic tools. One major hurdle of anti-cancer therapies, including the anti-angiogenic therapies described above, is the off-target effects due to non-specific tissue- or cell-targeting. This hurdle is further exacerbated with the miRNAs, as the tumor type and the multifaceted activity of the miRNAs can have synergistic or antagonistic therapeutic outcomes through the tumor microenvironment. Thus, the in vivo evaluation of the miRNAs needs to expand outside the tumor cell growth and incorporate aspects, such as angiogenesis. Another parameter to be taken into account for miRNA-based therapies is the promiscuous binding of high miRNA dose, causing multiple off-target effects. This significant hurdle of miRNA-based treatments can be resolved by miRNA cooperativity and lower miRNA doses, while it is noteworthy that the final outcome of the targets of the cooperating genes strongly depends on the cellular environment (159).

miRNA delivery has been challenging by itself, due to the nucleic acids’ rapid elimination from the circulation, the abundance of nucleases in vivo, and the need for a carrier for the large hydrophilic nucleic acid constructs to enter the cells (23, 24). The added complexity of the required cell type drug delivery specificity presents an additional challenge, which needs to be potentially overcome in the presence of an already impaired tumor vascular system (26). Several novel delivery carriers have been developed and studied for the delivery of miRNAs. These include micelles, polymeric nanocarriers, lipid-based carriers, viruses, inorganic carriers, and systems with long-circulating properties and/or active targeting to receptors over-expressed in cancer cells (23). Although the goal of a single organ and single-cell type targeting maybe be understandably impractical, these methodologies have provided significant benefits for minimizing off-target effects, increasing accumulation in the tumor, and preferentially increasing drug/nucleic acid concentration in specific cell types. Nonetheless, off-target effects will persist, even due to cell-to-cell communication.

This perspective has a significant impact when studying miRNA-drug combinations. Although in vitro analysis is fundamental to evaluate the synergistic/antagonistic behavior of a miRNA and a drug, the effect of the co-delivery of the miRNA-drug combination in vivo should take into consideration the anti-angiogenic properties of the miRNAs. Of course, this easily expands to other aspects of the tumor microenvironment, such as macrophages, though immunosuppressed animal models will present challenges for such evaluation.

Though we recognize that there might be published research on miRNA-drug combination focusing on angiogenesis we overlooked, it is apparent from our analysis that currently the anti-angiogenic aspect of miRNAs co-delivered with drugs is not the primary focus, or is not studied in detail or at all, even for miRNAs with known anti-angiogenic properties. Simply stated, the question arises on how much of the enhanced anti-tumoral activity of miRNA-drug combinations can be attributed to the alteration of tumor cell behavior, angiogenesis, or both. Finally, another important aspect is the toxicity potential from the miRNAs. We described above the side effects attributed to the clinically used anti-angiogenic therapies, which have a clinical history with well-defined side effects. In contrast, miRNAs have not achieved clinical translation to the same extent, and, thus, similar or other side effects may not yet have become apparent. Nonetheless, the utilization of dysregulated miRNAs, their property of being natural cell products, and the development of novel nanocarriers provide significant advantages to overcome side-effects, commonly present in traditional anti-angiogenic therapies (160). In conclusion, miRNAs are fundamentally important targets and tools for cancer therapy. They have significant potential, based alone on their multifaceted activities on the tumor cells and tumor vascular microenvironment. Identification of miRNAs with combined anti-angiogenic and anti-tumoral effects can provide significant advantages in cancer treatment, alone or in combination with clinically used chemotherapeutics.
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Summary points

Current Research Status:

*At present, the research of HAPS is mostly limited to the curative effect of
macroscopic solid tumors. However, the results are not satisfactory.
*Evidence showed that hypoxic tumor cells could only survive for 2-3 days in
vivo, suggesting that in vivo hypoxic cells are destined to enter necrosis in vivo
and that hypoxia-targeting therapy of macroscopic tumors should be revisited.
Suggestions For Future Investigations:

*Our experimental evidence showed that micro-metastases (< 1 mm in diameter)
and tumor cells in ascites and pleural effusion were severely hypoxic and in low
proliferation state.

*They were insensitivity to traditional radiotherapy and chemotherapy.
*Micro-metastases (< 1 mm in diameter) and tumor cells in ascites and pleural
effusion are more suitable therapeutic targets for HAPs.
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2008
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platform.
* Case Studies
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* Purpose: To allow
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* Case Studies

v’ Breast Cancer [1]
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IMPPACT

* Purpose: Image-
based multi-scale
physiological planning
for ablation cancer
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* Case Studies

v’ Liver Cancer [1]
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* Purpose: To enable
ICT enabled prediction
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the translation from
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2013
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open-end simulation
environment for
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cancer treatment.
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objective tools to
predict the aesthetic
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miRNA Drug Cancer References
miR-34a Doxorubicin Hepatocellular carcinoma (80)
Osteosarcoma (128)
Paclitaxel Cervical cancer (129)
Melanoma cancer (130)
Colorectal Cancer (131)
Docetaxel Breast cancer (132)
5- Fluorouracil Colorectal cancer (133, 134)
Let-7c-5p 5-Flurouracil Hepatocellular carcinoma (135)
Anti-miR-21 Sunitinib Glioblastoma (136)
Pancreatic ductal adenocarcinoma (137)
miR-145 Sunitinib Glioblastoma (138)
5-Fluorouracil Breast cancer (139)
miR-205 Gemcitabine Pancreatic cancer (140)
miR-129 5-Fluorouracil Colorectal cancer (141)
miR-497 5-Fluorouracil Colorectal cancer (142)
miR-34a and miR-27b Docetaxel Prostate cancer (143)
miR-29b Dihydroartemisinin Cholangiocarcinoma (144)
miR-221 Doxorubicin Glioma (145)
miR-192-5p Doxorubicin Breast cancer (146)
miR-378a Sorafenib Liver cancer (147)
miR-122, miR-338-3p Sorafenib Hepatocellular carcinoma (148)
miR-193a Taxol Colorectal cancer (149)
miR-143 Cisplatin Cervical cancer (150)
miR-29 Cisplatin Ovarian cancer (151)
miR-7 Doxorubicin and Temozolomide Glioma, Cervical carcinoma, Papillary thyroid (152)
miR-506-3p Cisplatin Ovarian cancer (153)
miR-135 and miR-138 5- Fluorouracil Colon cancer, pancreatic cancer, cervical cancer (154)

All miRNAs listed have tumor-inhibiting properties.
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Tumor ‘Combinatorial therapy Molecular target Phenotypic outcome Cellular/animal models References

Acute myeloid leukemia  C-82/PRI724 + sorafenib/ CBP/B-catenin + Tyrosine  Suppression of CSCs prolferation AML cells, LSC/progenitor cells (@6)
quizartinib Kinase FLT3 Prolonged survival Mice xenografted with either a FLT3-mutated
cell line or PDX cells
Acute myeloid leukemia  Cycloparmine + LPS/TFN-a/FNs ~ Smo Reduction of CSCs viabiity THP-1,U987 cels, AML patients cell lines and @1)
AML primary cells
Suppression of tumor growth xenograft mouse model
Acute myeloid leukemia  GANT-61 + cytarabine (Ara-c) Gt Reduction of GSCs viabiity AML cells (@2)
ATRA
Acute myeloid leukemia  Cobimetinib + venetociax MEK1/2 + Bol-2 Induction of apoptosis and inhibition of progenitor AML stem/progenitor cells (6)
clonogenic properties
Acute myeloid leukemia  Dasatinib + daunorubicin/ s Inhibition of cell proliferation and colony-forming cells,  AML stem/progenitor cells (“9)
cytarabine/doxorubicin induction of apoptosis

Inhibition of AML stem/progenitor cell prolferation and  AML mouse model
increase of mice survival

Chronic myeloid leukemia ~ BP-5-087 + imatinib STAT3 + BCR-ABL1 Decrease of survival and clonogenic properties ML stem and progenitor cells (57)

Chronic myeloid leukemia ~ CDDO-Me + ponatinib STAT3 + STATS + BCR-ABL1  Induction of apoptosis and reduction of clonogenic GML stem cells and progenitor cells (68)
properties

Chronic myeloid leukemia  CDDO-Me + SMA-ZnPP + STATS + heme-oxygenase-1  Inhibition of CML cell prolferation OML cells (59)

dasatinib/ponatinib +BCR-ABL1
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Breast cancer EW-7197 + pacitaxel TGF-p type | receptor  Inhibition of EMT and CSCs properties Breast CSCs ©2)
Inhibition of EMT and CSCs properties; reduction of metastasis; increase of  Xenograft mouse model
survival

Triple negative breast $B203580/LY2228820 + paciitaxel  p38 Inhibition of CSCs stemness factors expression, inhibition of CSCs expansion  Breast CSCs (94)

cancer Inhibition of tumor growth Xenograft animal models

Breast cancer Saracatinb + gemcitabine src Reduction of viabilties, survival, colony formation, sphere forming ability and  Gemcitabine-resistant breast ©)
migration of CSCs csCs

Breast cancer OMP-18R5/OMP-54F28 + plaxicitin - FZD/FZD8-Fc + tubuiin - Suppression of tumor growth Patient-derived xenograft (PDX) (96)

models

Breast cancer Dasatinib + etoposide src Decrease of GSCs population Breast CSCs ©9)

Breast cancer Dasatinib -+ venetoclax Src + Bek2 Induction of CSCs apoptosis, reduction of CSCs seff-renewal and Breast CSCs (100)
tumorsphere formation

Breast cancer GSTO1 siRNA/S2E + tamoxifen GSTO1 Decrease of cell viability, cell migration and mammospheres forming efficiency ~ Breast CSCs (102)

Breast cancer Doxorubicin + anti-Nodal antibody ~ Nodal Decrease of cell growth and viabilty, induction of apoptosis TNBC CSCs (103)
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Glioma.
Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma

Glioblastoma
Glioblastoma

Glioblastoma
Glioblastoma

Pediatric difuse intrinsic
pontine glioma

Combinatorial therapy

SANT-1 + Gugguisterone
Temozolormide + demethoxycurcurmin
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LY2109761 + radiation
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AZD2014 + radiation
GDC-0941 + ABT-263

PAF ShRNA + radiation
Ibrutinib + radiation

MRKOO3 +JQ1

Molecular target

Smo + Ras/NFKB
STAT3

Cell cycle

Progression factors + Notch
TGF-p type | receptor

MEK1/2 + PIBK/MTOR

mTORC1 and mTORC2
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BMX

Notch + MYCN

Phenotypic outcome

Reduction of CSCs viabilty

Inhibition of gioma stem celis proferation, GO/G1 cel cydle arrest and
apoptosis induction

©SCs death

Reduction of tumor growth
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Delay of tumor growth and increase of mice sunvival
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Inhibition of tumor growth, increase of mice survival

Decrease of CSCs survival

Increase of mice survival

Decrease of CSCs neurosphere formation abilty, induction of CSCs
apoptosis
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Decrease of GSCs proiferation, suppression of self-renewal and tumor
sphere formation, Induction of apoptosis

‘Suppression of tumor growth, increase of mice survival

‘Suppression of CSCs prolferation

Cellular/animal models

Glioma CSCs and non-stem cells
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GBM subcutaneous and GSCs orthotopic
xenograft tumor models

GBM CSCs

Xenograft animal models
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AML cell lines ICso at 24h(nM) IC5, at 48h(nM)

ABT-199 HHT ABT-199 HHT
MV4-11 12.54 + 2,69 10.15 + 1.82 9.07 £ 1.30 532+1.21
MOLM13 9.81+1.13 6.060 + 0.84 2.86 + 1.51 1.54 +0.89
OCL-AML2 126.2 +2.43 65.00 + 1.96 15.67 + 0.65 4.67 £0.79
OCL-AML3 34.1 +£0.49 23.94 + 0.53 3.87 + 0.69 4.85 +0.83

IC50: Half maximal inhibitory concentration.
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HHT

Fa
0.8352
0.553
0.582
0.642
0.703

Fa
0.121
0.210
0.256
0.374
0.442

Fa
0.135
0.188
0.207
0.413
0.541
0.641

Fa
0.039
0.033
0.075
0.522
0.688

24h

24h

24h

24h

cl
5.011
0.322
0.383
0.120
0.061

Cl
0.2705
0.1653
0.2125
01711
0.2184

Cl
0.097
0.061
0.083
0.011
0.005
0.003

cl
0.341
0.992
0.312
0.003
0.002

48h

Fa
0.446
0.528
0.660
0.573
0.694

Fa
0.110
0.197
0.312
0.485
0.687

Fa
0.089
0.121
0.189
0.488
0.566
0.766

Fa
0.054
0.064
0.168
0.648
0.838

48h

48h

48h

Cl
0.253
0.321
0.620
0.071
0.023

Cl
0.4823
0.2216
0.1411
0.0845
0.0467

Cl
0.584
0.441
0.205
0.009
0.008
0.001

Cl
0.489
0.753
0.318
0.028
0.014

Cl, Combination index.

Fa, Fractional inhibition.
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Patient Sex Age Cell count(1079) LDH(U/L) Karyo-type Molecular features
No. (yr) WBC HB PLT

1 F 44 28.1X10M9/L 66.0g/L 73.0X10M9/L 256/L 46, XY No

2 M 29 54.15 77.0 43.0 255 46, XY, t(11;19) No

3 M 27 20.50 69.0 63 691 48, t(8;21) AML-ETO

4 M 62 44.43 43.0 204 226 ND No

5 M 65 49.29 162 43.0 432 46, XY No
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Compound
p28
ALRN-6924

RG7112
R0O5045337
RG7388
RO5503781
SAR405838
MI-77301
CGMO097

MK-8242
SCH 900242
AMG232
DS-3032b

HDM201

Drug
Peptide
Peptide

Small
molecule
Small
molecule
Small
molecule
Small
molecule
Small
molecule
Small
molecule
Small
molecule
Small
molecule

Mechanism of action

Inhibition of COP1-mediated
p53 ubiquitination

Dual inhibition of MDM2 and
MDM4 interaction with p53
Binds MDM2 and prevents
MDM2/P53 interaction

Binds MDM2 and prevents
MDM2/P53 interaction
Mimics p53 key amino acids
involved in MDM2 binding
Mimics p53 key amino acids
involved in MDM2 binding
Inhibition of MDM2 interaction
with p53

Inhibition of MDM2 interaction
with p53

Inhibition of MDM2 interaction
with p53

Inhibition of MDM2 interaction
with p53

Clinical trial ID (Phase)
NCT00914914 (), NCT01975116 ()
NCT02264613 (,lla), NCT03725436 (I), NCT02909972 (,Ib), NCT03654716 ()
NCT01677780 (), NCT01164033(), NCTO1143740(), NCT01605526(), NCT00623870(1), NCT00559533(),
NCTO01635296(!
NCT02407080 (), NCT02828930 (I), NCT02633059 (Ill), NCT02545283 (lll), NCT02624986 (Ib, Il),
NCT01901172 (), NCT01773408 (), NCTO1462175 ()
NCT01636479 (), NCT01985191 ()
NCTO01760525 ()
NCT01463696 (), NCT01451437 ()
NCT02016729 (Ib), NCT03031730 (), NCT01723020 (I), NCT02110355 (Ib,lla)

NCT02579824 (), NCT02319369 (I), NCT01877382 ()

NCT02343172 (Ib,li), NCT02143635 (), NCT02780128 (), NCT02601378 (), NCT03940352 (),
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Data from ClinicalTrials.gov. National Library of Medicine: http://www.clinicaltrials.gov
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Ref Tumor type Combined therapy

(Cell lines/tumor

Radioherapy Chemotherapy Anti-angiogenic ~ Molecular  Immunoherapy Other
models) agents targeted therapy
agents

Lietal. 2010) Hepatoma (H22) - - - - - -
Huetal.(2010) Multiple myeloma - - - - - -

(6T33 MM mode)
Sun et al. 11 xenograft models - - - - - -
2012)
Meng et al. Chinese hamster ovary - - - - - -
2012) cell, H460, H116
Liuetal. (2012) 11 human xenograft - Docetaxel, cisplatin, - - - -

models pemetrexed, irinotecan,

doxorubicin, gemcitabine,
temozolomide

Portwood etal.  Acute myeloid leukemia - - - - - -
(2013) (HEL, HL60)
Saggarand  Breast cancer (MCF-7)/ - Docetaxel Doxorubicin - - - -
Tannock prostate caner (PC-3)
(2014)
Takakusagi Squamous cel - Pyruvate - - - -
etal (2014)  carcinoma (SCCVIl/

Adenocarcinoma (HT29)
Baley etal.  PDAC (MiaPaCa-2, - Hydralazine - - - -
(2014) 5U.86.86)
Wojtkowiak ~ PDAC (Hs766t, - Pyruvate - - - =
etal (2015)  MiaPaCa-2, SU.86.86)
Liapis et al. Osteosarcoma - Docetaxel - - - -
(2015)
Saggarand  Breast cancer (MCF-7)/ docetaxel, doxorubicin - - - -
Tannock prostate caner (PC-3)
(2015)
Sun et al. Renal cell carcinoma - Everolimus/Temsirolimus (mTOR - - - -
(2015a) (786-0, Gaki-1) inhibitor)
Yoon et al. Sarcoma RT - DC101(VEGF-A
(2015) inhibitor)
Peeters etal.  NSCLC and RT - - - - -
(2015) rhabdomyosarcoma
Sun et al. PDAC (Hs766t, MIA - ‘gemcitabine,nab-pacitaxel - - - -
(2015b) PaCa-2, PANC-1, and

BxPC-3)
Liapis et al. Osteolytic breast cancer - Paclitaxel - - - -
(2016) (MDA- B- 31- XSA)
Sun et al. NSCLG (H460) - Docetaxel Sunitinib - - -
(2016)
Benitoetal.  Leukemia (KBM-5, - - - Sorafenib - -
(2016) KG-1, OCI-AML3,

MOLM-13, REH,

Nalm-6)
Lohseetal.  Pancreatic cancer (PDX IR - - - - -
(2016) model)
Zhangetal.  Neuroblastoma/ - Topotecan - - - -
(2016a) rhabdomyosarcoma
Yoon et al. Undifferentiated - Low dose doxorubicin (HIF-1a DC101(VEGF-A - - -
(2016) pleomorphic sarcoma inhibitor) inhibitor)

(KP mice mode)
Lindsay et al.  EGFR-mutant NSCLG - - - Erlotinio - -
(2016)
Stokes etal.  Giioma (C6 glioblastoma/ - - - - - -
(2016) 9 L glosarcoma)
Ham et al Breast cancer - Doxorubicin - - - -
(2016) (MDA-mb-157)
Duranetal.  Hepatocellular - - - - - GTACE
(2017) carcinoma (VX2) (doxorubici)
Nytko etal.  Lung adenocarcinoma  Fractionated - - - - -
(2017) (A549/HNSCC R

(UT-s0c-14)
Voissiere etal.  Chondrosarcoma - - - - - -
(2017) (HEMC-SS)
Liapis et al. Osteosarcoma = Dulanermin/drozitumab - G - =
2017) (BTK-143, K-0S)
Haij et al. Pancreatic cancer RT - - - - -
(2017) (ASPC1)
Liuetal. (2017) Melanoma (WM35, - - Sunitinib - - -

WM793, 1205LU)
Takakusagi Squamous cel IR - - - - -
etal. (2018)  carcinoma (SCCVIl/

Adenocarcinoma (HT29)
Huang etal.  NPC (CNE-2, HONE-1, - Cisplatin (DDP) - - - -
2018) HNE-1)
Haynes et al.  Colorectal cancer (PDX ~ RT 5-Fu - - - -
(2018) modl)
Conway et al.  PDAG (KPG primary - AZD2014 - - - -
(2018) PDAG cells)
Jamieson etal.  HNSCC (SCC-4, SCC-7, - - - - CTLA4 -
(2018) $CC-9, FaDu, UT-SCC blockade

and PDX mode)
Kumar etal.  Neuroblastoma - - Sunitinib - - -
(2018) (SK-N-BE (2))
Hong et al. Golon carcinoma - - - - - -
2018) (HCT116)
Jayaprakash ~ Prostate cancer - - - - aCTLA-4/apd-1 -
etal (2018)  (TRAMP-C2)
Hong et al. NSCLG (H460) - - - - - -
2019)
Harms etal.  HNSCC (PDX mode) - - - - - -
(2019)

Spiegelberg Esophageal carcinomas ~ RT - - - — —
et al. (2019) (OE19/0E21)
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Ref

Weiss et al. (2011a)
Ganjoo et al. (2011)
Weiss et al. (2011b)
Chawla et al. (2014)
Borad et al. (2015)
Van Cutsem et . (2016)
Badar et al. (2016)
Riedel et al. (2017)
Conroy et al. (2017)
Tap et al. (2017)
Brenner et al. (2018)
Jamieson et al. (2018)
Laubach et al. (2019)

Tumor type

Solid tumors

Soft tissue sarcoma
Melanoma

Soft tissue sarcoma
Pancreatic cancer
Pancreatic cancer
Leukemia

Advanced solid tumors
Ovarian serous carcinoma
Soft-tissue sarcoma
Glioblastoma

HNSCC

Multiple myeloma

Cl

Phase 1
Phase 1
Phase 1
Phase 2
Phase 2
Phase 3
Phase 1
Phase 1
Case report
Phase 3
Phase 1
Phase 2
Phase 1/2

ical trial

Number of patients

57
16
1
91
214
660
49
30
2
640
28
5
59

Combined therapy

Doxorubicin (chemotherapy)
Doxorubicin (chemotherapy)
Gemoitabine (chemotherapy)
Gemcitabine (chemotherapy)

Pazopanib (anti-angiogenic agents)

Doxorubicin (chemotherapy)
Bevacizumab (anti-angiogenic agents)

Bortezomib (chemotherapy)
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Gene

PIK3CA

PTEN

STK11
AKT1
AKT2
TSC2
MTOR
NF1
ARID1A

Reported indications

D.E545 K (8), p.H1047 R (3), p.E542 K (3), p.M1043 (1), p.E1034G (1), p.E726 K (1), p.N345 K(1), p.C420 R (1), p.Y1021C
(1). CNV_ < 6 (3), ¢."25T > C (1), p.Y343C (1), pE110K (1), p.RE93H (1)

p.D24 N (1), p.D92G (1), c.4932 A > G (1), pR130" (1), p.V166 A (1), pR159'S (1), p.RA7G (1), p.D326G (1), p.Y68C (1),
CNV_1 (3). ¢.6354G > A (1)

CNV_1 (3), p.F3s4 L (1)

PEITK(2)

CV_3 (1)

pF1510del (2), p.F1510del (1), p.R1743Q (1). p.S174L (1)

p.M23271 (1), p.R1709H (1)

P.R1250Q (1), p.S340 F (1), pQ1520* (1)

p.P1326_Q1327insQ (1), p.P1618 L (1), CNV_1 (1)
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Response
CR/PR
sD

PD

Response Rates (%)

ORR
DCR

Survival (months)
mPFS*

mos*

Survival Rates (%)
12-month PFS
12-month OS
24-month OS

CR, Complete Response; PR, Partial Response, SD, Stable Disease; PD, Progressive Disease; ORR, Objective Response Rate; DCR, Disease Control Rate;

mTOR_C

10
8
2

50.0
90.0

52 (3.6-6.6)
72 27-11.7)

40.0
55.0
40.0

mTOR_CT

1
6
2

57.9
89.5

49 (38-6.0)
94(46-142)

85.0
700
35.0

mTOR_T

~

70.0
100.0

4.9 (2.0-10.0)
121 (6.7-17.5)

65.0
750
20.0

Survival: OS, Overall Survival: mPFS, median PFS, mOS: median OS. *values within parentheses indicate 95% Confidence Interval,

Overall

28
17
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571
91.8

49(36-62)
9.4 (6.6-12.2)
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Parameter mTOR_C mTOR_CT mTOR_T Overall

Gender 14+6=20 9+10=19 0+10=10 23+ 26 = 49
Male + female = total

Age (years) 45 (27-71) 54 (8-68) 50 (36-61) 49 (8-71)
Median (range)

Cancer type

Bile duct 3
Breast 3
Colorectum
Endometrium
Esophagus
Head and neck
Kidney

Liver

Lung
Melanoma
Ovary
Pancreas

Hair folicle
Prostate
Sarcoma
Testes

Yolk sac tumor - 1 -
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Gene SNP Variant Location Genetic
name consequence
P53 SNP-R72P rs1042522  chr17:7676154 Missense
variant
MDM2 SNP309 rs2279744  chr12:68808800 Intron variant
MDM2 SNP285 rs117039649 chr12:68808776 Intron variant
MDM2 SNP55 rs2870820  chr12:68808546 Intron variant

MDM4 SNP34091 rs4245739  chr1:204549714 3’ UTR

MDM4  SNPrs2290854  rs2290854  chr1:204546897 Intron variant

MDM4  SNPrs4252707  rs4252707  chr1:204539019 Intron variant

Cytogenetic  Alleles Minor
region allele
17p13.1 G>AG> G
C/G>T
12q15 T>G G
12q15 G>C C
12q15 C>T T
1g32.1 C>A/C>G/ C
C>T

1g32.1 ASC/ASG A

1g32.1 G>A A

MAF (minor allele
frequency)®

G =0.4571 (1,000G)

G = 0.3666 (1,000G)

C =0.0134 (1 000G)
T=0.2322
C =0.2141 (1,000G)

A =0.4607
(1,000G)
A=0.2196

SNP-linked cancer*

Hepatocellular
carcinoma (HCC),
squamous cell
carcinoma (Kangri
cancer)

Diffuse large B cell
lymphoma, soft tissue
sarcoma, ER+ invasive
ductal adenocarcinoma
(IDC), colorectal
cancer, pancreatic
ductal adenocarcinoma
(PDAC), skin squamous
cell carcinoma

Colon cancer

ER" breast cancer,
prostate cancer,
ovarian cancers
BRCA-1-associated
breast cancer
Glioma

SMAF (minor allefe frequency) from 1,000 Genomes from 26 different populations divided into five super populations: African, Ad Mixed American, East Asian, European, South Asian;

*Tumor histotypes in which the SNP is associated with increased cancer risk.
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