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Constitutive activity of the immune surveillance system detects and kills cancerous cells, although many cancers have developed strategies to avoid detection and to resist their destruction. Cancer immunotherapy entails the manipulation of components of the endogenous immune system as targeted approaches to control and destroy cancer cells. Since one of the major limitations for the antitumor activity of immune cells is the immunosuppressive tumor microenvironment (TME), boosting the immune system to overcome the inhibition provided by the TME is a critical component of oncotherapeutics. In this article, we discuss the main effects of the TME on the metabolism and function of immune cells, and review emerging strategies to potentiate immune cell metabolism to promote antitumor effects either as monotherapeutics or in combination with conventional chemotherapy to optimize cancer management.
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Introduction

Cancer is a highly heterogeneous disease that constitutes a major worldwide health problem. Cancer cell presents the following main hallmarks: self-sufficiency in growth signals, insensitivity to anti-growth signals, evading apoptosis, limitless replicative potential, sustained angiogenesis, reprogramming of energy metabolism, evading immune destruction and tissue invasion and metastasis (1). An additional and important characteristic of cancer cells is that they recruit a repertoire of healthy cells that contribute to tumorigenesis, such as fibroblasts (the predominant cell type), pericytes, endothelial cells, mesenchymal stem cells, macrophages and lymphocytes (2). This review deals with two of those important hallmarks: reprogramming of energy metabolism and evasion of immune destruction.

Quiescent cells in the human body typically display a catabolic metabolism that mainly relies on oxidative phosphorylation, utilizing glucose, fatty acids or amino acids as substrates. In contrast, proliferating cells, such as rapidly dividing immune cells, switch to an anabolic metabolism, rely on glycolysis for energy generation and utilize large amounts of glucose and glutamine as building blocks for lipids, nucleic acids and amino acids for proliferation. Immunometabolism is an emerging concept that studies metabolic changes that occur in immune cells to support their functions. These changes are critical for the appropriate immune response, as they control downstream transcriptional and posttranscriptional events, and their dysregulation may compromise growth, proliferation and effector functions. As a general overview, in an inflammatory context immune cells will upregulate aerobic glycolysis (such is the case in B cells, effector Th1 and Th17 T cells, M1 macrophages, dendritic cells and Natural Killer cells), while a metabolism relying more on the oxidative phosphorylation usually supports an anti-inflammatory phenotype (as is the case in M2 macrophages and regulatory T (Treg) cells).

Cancer cells also undergo changes in metabolism that are required to support their bioenergetic needs and biosynthesis requirements for fast growth and invasiveness, and in fact, metabolic reprogramming is now considered one of the hallmarks of the cancer cell (3). Metabolic changes in pro-inflammatory immune and cancer cells mirror each other, which leads to competition for nutrients and oxygen in the tumor microenvironment (TME). In addition, cancer cells and other cells embedded in the tumor secrete metabolites and inhibitory cytokines that interfere with the targeting of immune cells to eliminate tumor cells. These characteristics represent the way tumoral cells have evolved to create a favorable environment for their growth and development while evading and suppressing the immune response. The aim of immunotherapy is to modulate the host immune system to attack cancer cells with tools such as immune checkpoint blockade, T cell therapy or cancer vaccines, and it has been shown to be effective (4). The alteration of metabolic pathways involved in cancer-induced immune failure seem to be a suitable target to enhance existing immunotherapies.



Overview of Cellular Metabolism and Cancer Cell Metabolism

Cells utilize a number of substrates, including glucose, fatty acids and amino acids (such as glutamine), to obtain energy in the form of adenosine triphosphate (ATP), precursors for biosynthesis and redox equivalents. A key pathway is glycolysis, which consists on the catabolism of glucose to generate pyruvate and 2 molecules of ATP. Pyruvate can in turn be transformed into lactate (anaerobic glycolysis) or preferentially (under normoxic conditions) transferred to the mitochondria where it is transformed into acetyl coenzyme A (acetyl-CoA), which is then metabolized by the tricarboxylic acid (TCA) cycle to produce ATP, CO2 and reduced nicotinamide adenine dinucleotide (NADH). NADH is oxidized by the electron transport chain (ETC) of the inner mitochondrial membrane, which transfers its electrons sequentially via redox reactions to several respiratory complexes (I, III and IV), and finally to O2 as final acceptor. Electron transport is an exergonic process and is coupled to the pumping of protons (H+) by those complexes to the intermembrane space, generating an electrochemical gradient that is used by the ATP synthase to generate ATP, a process called oxidative phosphorylation (OxPhos). Cells can also burn fatty acids in the mitochondria in a process called fatty acid β-oxidation (FAO). This process yields large amounts of acetyl-CoA and redox equivalents that can be oxidized by the ETC.

The main metabolic differences between normal cells and cancer cells are described in Figure 1. Cancer cells display a metabolic switch that supports their rapid proliferation. In these cells, even in the presence of oxygen, pyruvate is not used by the TCA cycle, but instead converted to lactate by lactate dehydrogenase A (LDHA). This phenomenon is called Warburg effect or aerobic glycolysis (5). The excess lactate produced by the proliferating cancer cells is exported by monocarboxylate transporters (MCTs) and increases the acidity of the TME. Cancer cells also divert significant amounts of glycolytic intermediates into the pentose phosphate pathway (PPP) to generate NADPH (used for reductive anabolism and to reduce the disulfide form of glutathione, GSSG, to the sulfhydryl form, GSH, which is an antioxidant) and pentoses, including ribose-5-phosphate (for nucleic acid synthesis). Glutamine is also a major nutrient in cancer cells, which in fact display glutamine addiction, and is utilized as a source of nitrogen for biosynthetic pathways, including the synthesis of non-essential amino acids and nucleotides (by participating in nitrogen-donating reactions), and to replenish the TCA cycle (anaplerosis) which is used to synthesize large amounts of lipids from citrate (6). Glutamine is initially converted to glutamate by the enzyme Glutaminase, and then to alpha-ketoglutarate, by Glutamate Dehydrogenase (GDH), which fuels the TCA cycle. Cancer cells also display a lipogenic phenotype, showing increased de novo synthesis of fatty acids. Remarkably, the highly active metabolic activity of the tumor cell depletes nutrients and O2 in the TME and renders it hostile to immune cells.




Figure 1 | Metabolic differences between normal cells (A) and cancer cells (B). Normal/quiescent cells in aerobiosis metabolize glucose mainly to pyruvate, which is then oxidized in the mitochondria to CO2 using the TCA cycle and OxPhos for the generation of ATP. ATP synthesis takes places preferentially in the mitochondria. In anaerobiosis, pyruvate is metabolized to lactate instead. Cancer cells in aerobiosis or anaerobiosis convert most glucose to lactate (which is exported to the TME), while diverting some glycolytic intermediates to the PPP, which generates NADPH and pentoses for the synthesis of nucleic acids. ATP synthesis is largely cytosolic. Glutaminolysis generates glutamate, which is converted to α-ketoglutarate, a major substrate to refuel the TCA cycle. The TCA cycle intermediate citrate is exported to the cytosol, where it is converted to acetyl-CoA, used for the synthesis of lipids.



Cellular metabolism has been proved a key factor to regulate cellular responses. In the field of immune cells, immunometabolism has become a new target to control and modulate immune responses, with special relevance in the fields of immunotherapy and cancer.



Overview of Immunometabolism

Most resting immune cells are relatively metabolically inactive. The concept of immunometabolism illustrates the changes in metabolism and special needs that immune cells undergo to be able to fulfill their specific functions. Immunometabolism has been most extensively studied in the modulation of macrophage polarization and of CD4+ T cell activation. The metabolic changes that occur in macrophages, CD4+ T cells and Natural Killer (NK) cells after activation are schematized in Figure 2. The characterization of immunometabolism is being extended to other immune cells such as dendritic cells (7, 8), neutrophils, myeloid-derived suppressor cells (MDSC), innate lymphoid cells (ILC) (9), B cells (10) and plasma cells (11).




Figure 2 | Overview of metabolic changes in some immune cell types upon activation. Macrophages, CD4+ T cells and NK cells are shown. Resting or naïve cells typically display a low metabolic rate (low glycolysis, low OxPhos). M0 macrophages differentiate into M1 and M2 macrophages, naïve CD4+ T cells differentiate into Teffs or Tregs, and resting NK cells become activated. Each cell subtype displays different metabolic requirements and repertoire of cytokines to function.




Immunometabolism of Macrophages

Macrophages are a multifunctional type of leukocyte that plays a role in innate immunity, but also collaborate in the initiation of adaptive immunity, as they are antigen presenting cells (APCs) to helper T cells. They are terminally differentiated cells and perform functions related to tissue homeostasis, repair, phagocytosis and development.

There are distinct varieties of macrophages in several tissues, including Kupffer cells, alveolar macrophages, osteoclasts, peritoneal macrophages, microglia, and others. Macrophages either derive from circulating monocytes or are established in tissues before birth and then maintained during adult life independently of monocytes (12).

After activation using in vitro stimuli, macrophages can be broadly divided into two subgroups: M1, classically activated or proinflammatory macrophages, generated in vitro by incubation with bacterial-derived products such as lipopolysaccharide (LPS) that bind to Toll-like receptors (TLRs), and signals associated with infection such as interferon γ (IFN-γ); and M2, alternatively activated or reparative macrophages, generated in vitro by incubation with interleukin (IL)-4, IL-10 or IL-13. It is probable that macrophage polarity in vivo is much more complex and cells display a spectrum of functional phenotypes between M1 and M2 subtypes.

In solid tumors there is a population of macrophages called tumor-associated macrophages (TAMs) that typically resembles M2 macrophages and exert immunosuppressive and pro-tumorigenic functions (13), including stimulation of angiogenesis, which contributes to nutritional support of the tumor, and remodeling of the extracellular matrix. TAMs constitute the largest population of myeloid cells that infiltrate solid tumors.


M1 Macrophages

M1 macrophage secrete proinflammatory cytokines such as IL-1β, tumor necrosis factor (TNF-α), IL-6 or IL-12 that initiate the immune response, perform phagocytosis of microbes and generate reactive oxygen species (ROS), and metabolize arginine using inducible nitric oxide synthase (iNOS) to generate nitric oxide (NO).


Early Metabolic Changes in M1 Activation

During early activation of the M1 phenotype, the Toll-like receptor 4 (TLR4) agonist LPS induces a rapid induction in both glycolysis and mitochondrial oxygen consumption, as well as an increases in glucose uptake and the levels of TCA cycle metabolic intermediates (14). Metabolites typical of M1 macrophages such as lactate, itaconate or succinate do not reach high levels until after 24 hours. Glucose-derived pyruvate is taken up by the mitochondria and oxidized. Increased citrate is exported to the cytosol through the mitochondrial citrate carrier (CIC) and converted to acetyl-CoA by the ATP-citrate lyase enzyme (ACLY), which is then utilized not only for fatty acid and cholesterol synthesis, but also for acetylation reactions. Thus, LPS stimulates glucose-dependent histone acetylation and pro-inflammatory gene expression at early time points after M1 activation.



Late Changes in M1 Activation

The late metabolism of the M1 cell is mainly glycolytic, and they also display increased fatty acid synthesis and increased flux though the PPP, involved in the synthesis of NADPH which is in turn required for fatty acid synthesis, ROS generation (by NADPH oxidase), and NO synthesis. The TCA cycle becomes incomplete, as two breaks occur (15), which leads to the accumulation of specific metabolites: the first break is caused by a decrease in the expression of isocitrate dehydrogenase (IDH), and leads to citrate accumulation, which is required for lipids, prostaglandins and itaconate synthesis. Itaconic acid is formed from cis-aconitate by the inducible Immune-Responsive Gene 1 (IRG1), and is an anti-microbial compound. Because of the first brake in the cycle, alpha-ketoglutarate in M1 macrophages is derived from glutamine rather than from glucose. The second break occurs at succinate dehydrogenase, with accumulation of succinate, required for hypoxia-inducible factor 1 alpha (HIF-1α) stabilization, a key transcription factor for pro-inflammatory genes such as IL-1β (16). Because of the second break in the cycle, malate in M1 cells is thus generated via the arginosuccinate shunt. The increased generation of ATP by glycolysis in the cytosol of M1 cells decreases significantly the requirement for mitochondrial OxPhos to supply ATP to the cell. As a consequence, M1 cells do not synthesize significant amounts of ATP in the mitochondria, and perform instead reverse electron transport (RET), which is the flow of electrons from ubiquinol back to respiratory complex I for the generation of ROS in the mitochondrial matrix (17, 18). These electrons typically come from succinate oxidation by respiratory complex II, succinate dehydrogenase.

Other late metabolic changes in M1 cells include: increased expression of acetyl-CoA carboxylase (ACC), which leads to increased levels of malonyl-Coenzyme A in the cytosol and increased protein malonylation (19). One of the substrates of this modification is the glycolytic enzyme glyceraldehyde 3-phosphate dehydrogenase (GAPDH), which converts glyceraldehyde 3-phosphate into 1,3-bisphosphoglycerate. GAPDH binds to the 3’ UTR region of the mRNA of TNF-α and blocks its translation. After its malonylation, GAPDH detaches from the mRNA and allows the synthesis of TNF-α protein. M1 differentiation also leads to an increase in succinylation of proteins (16), possibly because of elevated succinate levels, although its consequences have not been explored in detail.

M1 polarization is irreversible (20), as subsequent incubation of M1 cells with IL-4 or IL-10 does not turn the cells into M2. The main reason for this is that the mitochondrial respiratory chain is permanently damaged by NO after M1 differentiation, and accordingly, inducible NO synthase (iNOS) inhibition allows M1 cells to repolarize to M2.



Regulation of Cytokine Production by Glycolysis

In macrophages and monocytes glucose availability controls the expression of proinflammatory cytokines by several mechanisms. The first involves regulation of mRNA translation: in situations of low glycolysis the glycolytic enzyme GAPDH binds, as explained above, to the TNF-α mRNAs and blocks its translation (21). However, during active glycolysis GAPDH detaches from the mRNA which allows high production of the cytokine. A second mechanisms deal with the transcription of the mRNA for IL-1β. After activation of the macrophage, glycolysis drives an increase in the levels of succinate (derived from glutamine) (16), which in turn control the stability of HIF-1α. Under basal conditions, HIF-1α is hydroxylated by prolyl-hydroxylases (PDHs) and targeted for degradation by the proteasome. However, under limited oxygen or under high ROS levels, the activity of PHD is impaired and this leads to HIF-1α accumulation. The model that emerges from these studies is that glycolytic ATP drives M1 macrophage activation by providing an increase in mitochondrial membrane potential that is absolutely required for succinate oxidation-dependent RET to occur, leading to a large increase in mitochondrial ROS levels that facilitate HIF-1α accumulation, which binds directly to the promoter of the IL1B gene and favors expression of pro-inflammatory genes (17). This process reciprocally decreases anti-inflammatory cytokines, such as IL-10.




M2 Macrophages

Alternatively-activated macrophages do not secrete pro-inflammatory cytokines and are involved in tissue recovery, remodeling of the extracellular matrix or immunosupression. Another signature of these cells is highly N-glycosylated lectin and mannose receptors and thus there is an increase in the metabolism of nucleotide sugars such as uridine diphosphate N-acetylglucosamine (UDP-GlcNAc), UDP-glucose, and UDP-glucuronate (15). They are also characterized by utilization of arginine via Arginase 1 (Arg1), which catalyzes its conversion to L-ornithine, and by the secretion of TFG-β and IL-10.

In contrast to M1 cells, M2 cells use OxPhos (including FAO) to support ATP synthesis. Strikingly, high glycolysis is also required for M2 polarization, since its blockade blunts expression of M2 markers such as Arg1 or resistin-like molecule alpha (Retnla) (22, 23), which suggests that glycolysis probably provides pyruvate for the TCA cycle, and recent studies suggest that FAO is largely not essential for M2 polarization (23, 24). Knockdown of pyruvate dehydrogenase kinase 1 (PDK1), an enzyme that drives inhibitory phosphorylation on the pyruvate dehydrogenase complex, increases conversion of glucose-derived pyruvate to acetyl-CoA and enhances M2 differentiation while preventing M1 differentiation (23).

IL-4 addition to macrophages increased glucose uptake and oxygen consumption, and this depended on Akt and mTOR1, which regulate ACLY phosphorylation to control cytosolic/nuclear acetyl-CoA levels for acetylation of histones on some M2 genes (22). IL-4 also induces phosphorylation and activation of the transcription factor signal transducer and activator of transcription 6 (STAT6), which induces expression of protein peroxisome proliferator-activated receptor gamma (PPARγ) coactivator-1β (PGC-1β), which in turn stimulates mitochondrial biogenesis and OxPhos (25). PGC-1β also coactivates STAT6-responsive genes, such as Arg1. Interestingly, overexpression of PGC-1β strongly stimulates FAO and potentiates M2 differentiation without altering STAT6 phosphorylation, while it prevents M1 differentiation (25). Similarly to PGC-1β, PPARγ is required for M2 activation, mitochondrial biogenesis and stimulation of fatty acid metabolism as well (26).




Immunometabolism of T Cells

T cells are leukocytes involved in adaptive immunity. T cells are largely divided into two subtypes: T helper (Th) cells, also known as CD4+ cells, that participate in the activation of other immune cell types (B cells, cytotoxic cells and macrophages) by the release of cytokines; and T cytotoxic (Tc) cells, also known as CD8+ cells or cytotoxic T lymphocytes (CTLs), that kill cancer and virus-infected cells.


CD4+ T Cells

Naïve CD4+ T cells have a very low metabolic rate that depends mainly on OxPhos using pyruvate and FAO. Stimulated CD4+ T cells can differentiate into effector T cells (Teff), including T helper 1 (Th1), T helper 2 (Th2) and T helper 17 (Th17) subsets, which switch to an anabolic state that is orchestrated by mTOR, and inducible regulatory T cells (Treg), which do not depend on mTOR, but on 5’ adenosine monophosphate-activated protein kinase (AMPK). Th1 cells are involved in Type 1 or cell-mediated immunity, which includes neutrophils, natural killer cells, CD8+ cytotoxic T cells and classically activated macrophages (M1), and responds to intracellular pathogens, bacteria and viruses (27). Th2 cells are involved in Type 2 immunity, which includes eosinophils, mast cells, basophils and alternatively activated macrophages (M2), and typically regulates tissue repair and regeneration, but also responds to extracellular parasites and helminths (28). Th17 are involved in Type 3 immunity, which responds to extracellular bacteria and fungi, and are characterized by the capacity to release IL-17 (and IL-22). Other minor subsets of T helper cells include T helper 9 (Th9) cells, which secrete IL-9. Type 1 and 3 immunity largely mediate autoimmune diseases, with Th17 cells playing an important role in the pathogenesis of diseases such as psoriasis, rheumatoid arthritis or asthma (27), whereas type 2 immunity can cause allergic diseases. All 3 types of immune responses display substantial cross−regulation.


Effector T Cells

Upon in vitro activation of the T cell receptor (TCR) with anti-CD3 and -CD28 antibodies, there is a dramatic increase in glycolysis and OxPhos in order to support their proliferation and biosynthesis, and the oxygen consumption/glycolysis ratio greatly decreases. Fatty acid and pyruvate oxidation decrease compared to resting T cells, while the increase in OxPhos is likely fueled by glutamine oxidation in the TCA cycle (29). Interestingly, OxPhos, but not glycolysis, is required during the initial activation of the cell that is accompanied by cell growth but not proliferation (29, 30). However, once the T cell has been activated for at least 48 hours, either glycolysis or OxPhos are enough to sustain survival or proliferation (30), while glycolysis remains essential for some effector functions (see below).

The increase in glycolysis is mainly driven by an increase in the glucose transporter GLUT1 and the glycolytic enzymes hexokinase 2 (HK2), pyruvate kinase M2 (PKM2) and LDHA (29), while the increase in OxPhos comes from a large activation of mitochondrial biogenesis, with increasing levels of mitochondrial DNA and mitochondrial proteins (31). Interestingly, while there is a gradual increase in GLUT1 along several days after activation, mitochondrial biogenesis largely occurs during the first 24 hours (31). There is a concomitant elevation in ROS levels, which is important as a second signal (32). Additionally, the expression of glutaminolysis-associated genes such as glutaminase 2 (GLS2) is upregulated, including transporters of glutamine and amino acids, and there is an increase in the flux though the PPP, involved in the biosynthesis of ribose-5-phosphate for nucleic acids and NADPH, required for lipid synthesis. This extensive metabolic remodeling requires mTOR and NO (31), and is accompanied by upregulation of transcription factors and signaling pathways, including the proto-oncogene Myc that regulates and supports the anabolic needs of proliferating T cells. Deletion of Myc prevents activation-induced increases in glycolysis and glutaminolysis in T cells (29). Th17 cells also utilize the transcription factor HIF-1α, which binds to the promoter of retinoid-related orphan receptor-γ (RORγt), a lineage-specific marker of Th17 cells (33).

The energy sensor 5’ adenosine monophosphate-activated protein kinase (AMPK), which is activated by an increased ratio of AMP to ATP, is required for metabolic adaptation and flexibility under conditions of limited nutrient availability. Indeed, energy depletion by reduced glucose concentration or nutrient limitation is sensed by AMPK, which is phosphorylated in threonine 172 of its alpha subunit, and drives the expression of genes involved in glutamine metabolism such as glutamine transporters or glutaminase (34), which fuel mitochondrial metabolism under these conditions. This leads to a decrease in glycolysis, while oxygen consumption and cellular ATP levels are largely maintained.



Regulation of Cytokine Production by Glycolysis

T cell activation leads to an increase in IFN-γ production by at least three mechanisms: the first mechanism is epigenetic and involves increased expression LDHA by Myc and HIF-1α, which promotes aerobic glycolysis and generation of ATP in the cytosol. As a result, in the presence of glucose, citrate is not required by the TCA for mitochondrial ATP generation and can rather be exported to the cytosol and converted to acetyl-CoA by ACLY, where it is used as a substrate by histone acetyltransferases for regulation of gene expression, including IFN-γ gene transcription (35). The second mechanism is similar to the regulation of TNF-α expression in macrophages and involves regulation of mRNA translation: in situations of low glycolysis the glycolytic enzyme GAPDH binds to the 3’ UTR regions of IL-2 and IFN-γ mRNAs and blocks their translation. On the other hand, during active glycolysis GAPDH detaches from mRNAs which allows high production of cytokines (30). AMPK seems to be involved in this translational mechanism of regulation as well: AMPK activators such as 5-aminoimidazole-4-carboxamide ribonucleotide (AICAR) decrease IFN-γ production (34), possibly by inhibition of mTOR. AMPKα-1 deficiency leads to increase production of IFN-γ, which becomes resistant to AICAR inhibition (34), and to increased translation of the IFN-γ mRNA. The third mechanism involves regulation of Ca2+ signaling by the glycolytic metabolite phosphoenolpyruvate (PEP), which accumulates in activated T cells, as they express the M2 isoform of pyruvate kinase (PKM2) (29, 36) which is preferentially a dimer and enzymatically less active in the conversion of PEP to pyruvate than the tetrameric PKM1 isoform. PEP accumulates in the presence of glucose and inhibits the sarco/endoplasmic reticulum Ca2+ (SERCA)-ATPase (a P-type ATPase whose function is to pump and sequester Ca2+ into the endoplasmic reticulum), thus increasing cytosolic Ca2+ transients after TCR signaling and activation of the nuclear factor of activated T cells (NFAT) transcription factor (37). Accordingly, glucose depletion in T cells prevents accumulation of PEP after TCR signaling, and active SERCA limits cytosolic Ca2+ transients, which leads to cytoplasmatic localization of NFAT and decreased expression of IFN-γ.



Regulatory T Cells

In contrast to effector cells, Tregs express low levels of GLUT1, utilize mainly FAO and depend on the expression of the transcription factor Forkhead box P3 (Foxp3). Tregs do not use mTOR or HIF-1α, but constitutively show high levels of phosphorylated AMPK, which positively regulates FAO and blocks mTORC1 activity.

Consistent with their dependence on FAO rather than glycolysis, the deletion of HIF-1α promotes rather than inhibits Treg differentiation, likely due to the ability of HIF-1α to bind to and degrade Foxp3. Rather, Tregs shows high levels of phosphorylated AMP-activated protein kinase (AMPK), which regulates FAO by phosphorylating and inhibiting acetyl-CoA carboxylase (ACC) thereby activating carnitine palmitoyl transferase 1a (CPT1a), the rate-limiting step in FAO (38).

Interestingly, glycolysis and mTORC1 are essential to support the migration of Tregs (38). Tumor-infiltrating Tregs, which may constitute up to 20–30% of the total CD4+ population of the tumor (39), are strongly associated with advanced cancer stage and poor prognosis.




CD8+ T Cells

Naïve CD8+ T cells have a similar metabolism to naïve CD4+ T cells. Stimulated CD8+ T cells differentiate into effector cells. The best characterized effector CD8+ T cell subpopulation are Tc1 cells, which are promoted by IL-12 and IFN-γ, secrete cytokines such as IFN-γ and TNF-α and have high cytolytic potential against cells infected with intracellular pathogens by releasing cytotoxic molecules, such as granzymes and perforin. In contrast, Tc2 cells secrete IL-4, IL-5 and IL-13, but not IFN-γ, and display reduced cytotoxic activity compared to Tc1 cells. Other subsets of effector CD8+ T cells include Tc9 and Tc17. Activation of CD8+ T, as in CD4+ T cells, also induces cell growth and proliferation, and a metabolic switch to aerobic glycolysis that depends on Glut1, mTOR and Myc.

During resolution of an immune response, surviving T cells convert to memory T cells. Interestingly, while effector CD8+ T cells are highly glycolytic, CD8+ T memory cells rely on OxPhos again. OxPhos and FAO are essential for these cells to respond upon re-exposure to the antigen and for longevity.




Immunometabolism of NK Cells

NK cells are cytotoxic lymphocytes involved in anti-tumor and anti-viral innate immunity. NK cells do not express polymorphic germline-encoded receptors, such as TCR or BCR, nor require prior sensitization (40), and the activation of their cytolytic functions is prompted by the engagement of receptors that recognize invariable ligands on the surface of a target cell (41, 42). The balance of the signal coming from activating and inhibitory receptors will dictate the activating or inhibitory fate of the NK cell response. If they get activated, NK cells will kill target cells by releasing lytic granules (which contain perforin and granzyme) or activating cell death receptors on their targets. NK cell activation response also induces secretion of cytokines, such as IFNγ or TNFα.

Resting NK cells have very low basal metabolic rates and utilize OxPhos primarily. While short times of cytokine stimulation or receptor signaling does not alter metabolic parameters significantly (43), overnight incubations with IL-2 or IL-15 induce an increase in OxPhos and especially glycolysis (44, 45). Activated NK cells metabolize pyruvate into acetyl-CoA and then engage the citrate–malate shuttle, which consists of the export of citrate (generated by condensation of acetyl-CoA and oxaloacetate by citrate synthase) into the cytosol via CIC in exchange for malate, its breakdown by Acly into acetyl-CoA and oxaloacetate, which is metabolized by malate dehydrogenase 1 (MDH1), consuming cytosolic NADH and yielding cytosolic malate that is exchanged for citrate though CIC, and then oxidized in the mitochondria to oxaloacetate by malate dehydrogenase 2 (MDH2) with the generation of NADH. Thus, this process bypasses the TCA cycle, and generates both mitochondrial NADH to support OxPhos and cytosolic acetyl-CoA to support acetylation reactions and fatty acid synthesis (46). NK cell activation is also associated with increased mitochondrial mass (46) and increased mitochondrial membrane potential (47). Interestingly, unlike in other types of lymphocytes, glutamine is not metabolized through glutaminolysis or the TCA cycle in activated NK cells (48).

There are different pathologies that can alter NK cells metabolism, including cancer (49), obesity (50) and viral infections (51). As many other immune cells, NK cell metabolism regulation depends on mTORC1 (52). Upon cytokine stimulation, mTORC1 activity increases and enhances glycolysis rate. mTORC1 inhibitors, such as rapamycin, results in inhibition of glycolysis but not OxPhos (52, 53). mTORC2 is closely related to mTORC1, and they share the kinase core subunit, but differ in some specific subunits (which makes mTORC2 insensitive to inhibition with rapamycin). mTORC2 inhibits mTORC1 activity, which results in an inhibition of NK cell functions (54).

Other regulators of NK cells metabolism are transcriptional factor cMyc, controlled by the availability of glutamine and other amino acids (55), and the sterol regulatory element binding protein (SREBP), driven by mTORC1 signaling, essential for glycolysis and OxPhos regulation (46).



Fibroblasts

Fibroblasts are not immune cells, but cells that have a role in synthesizing extracellular matrix proteins. They are however the predominant cell type in some tumors and contribute to tumorigenesis. Interestingly, transplantation of tumor cells together with cancer-associated fibroblast (CAFs) leads to more malignant cancers compared to tumor cells alone or with normal fibroblasts. From the immunometabolic perspective, oxygen depletion in the TME promotes, via epigenetic reprogramming, a metabolic switch in CAFs leading to a glycolytic metabolism that fuels biosynthetic pathways of cancer cells, including the PPP and nucleic acid metabolism (56, 57). Metabolites secreted by CAFs and taken up by tumors include lactate (58), glutamine (59, 60) and lipids (61), among others. CAFs also promote the recruitment of monocytes towards a tumor, their differentiation into macrophages, and their polarization to an M2 phenotype (62, 63). Interestingly, there is reciprocal crosstalk between CAFs and TAMs (64), as TAMs are able to activate normal fibroblasts into CAFs (62).




Tumor Microenvironment (TME) and Metabolic Reprograming of Immune Cells

The cancer metabolic phenotype generates a milieu that is hostile to proinflammatory immune cells. This TME exerts immunosuppressive effects in immune cells by several mechanisms, including competition for nutrients, and secretion of metabolites and cytokines (Figure 3). In addition, the TME may alter dysfunctional immune cells to make them transition into tumor-supporting cells. These effects on macrophages, T cells and NK cells are reviewed below.




Figure 3 | Characteristics of the TME. Tumor cells (and other cells in the tumor) deplete nutrient levels (glucose, glutamine, amino acids, O2, etc.) in the TME, increase the levels of some metabolites, such as lactic acid or L-kynurenine, and secrete cytokines (including TGF-β and IL-10), which inhibit the metabolism, effector function and proliferation in immune cell, and may cause apoptosis.




Metabolic Competition for Nutrients

Tumor cells are known to be highly glycolytic and solid tumors consume large amounts of glucose and other nutrients, which results in low extracellular levels of glucose, glutamine and other amino acids, including arginine and tryptophan (65), and this blunts antitumor responses through multiple mechanisms.

A mouse sarcoma model shows that tumor-mediated glucose depletion in the TME skews the differentiation of macrophages toward the M2 phenotype (66). Unlike M1 macrophages, M2 macrophages do not compete for glucose with the tumor cells, as they preferentially employ OxPhos.

Intratumoral CD4+ T cells in Braf/Pten melanoma-bearing mice express a glucose-deprivation transcriptional signature, suggesting that they experience glucose deprivation in vivo and that their glycolysis is indeed restricted (37). Although glucose depletion does not lead to defects in proliferation or survival in T cells, it leads to decreased synthesis of cytokines, suppresses activation and may limit antitumor responses. Inhibition of glycolysis also decreases the expression of perforin and granzymes, and blocks cytolytic activity in CD8+ cells (67). Indeed, it has been shown in a mouse sarcoma model that tumor-mediated glucose depletion in the TME inhibits mTOR activity and glycolysis in CD8+ T cells and dampens their ability to produce cytokines (66). Glutamine depletion leads to defects in T cell proliferation and synthesis of IL-2 and IFN-γ (68).

In NK cells, limited glucose directly reduces glycolysis and OxPhos, but will also affect the activity of regulators of the activation such as mTORC1 (44). Consequently, glucose depletion significantly impairs IFN-γ production (69), proliferation and cytotoxicity (51). NK cells express several glucose transporters (GLUT1, GLUT3 and GLUT4) and it has been shown that cytokine stimulation increases expression of GLUT1, needed to increase the uptake of glucose essential to fuel the augmented glycolysis rate that will support the activating functions of NK cells. Interestingly, glutaminolysis does not sustain OxPhos in activated NK cells, that rely on the citrate–malate shuttle instead of a full TCA cycle, but supports cMyc expression (48). Accordingly, glutamine depletion leads to a rapid loss of c-myc protein and loss of effector functions.


Hypoxia

Due to their high metabolic profile and sometimes poor vascularization, tumors also contain areas of hypoxia.

During hypoxia, NK cells upregulate HIF-1α, but lose their ability to upregulate the surface expression activating receptors in response to IL‐2 or IL‐15, including NKp46, NKp30, NKp44, and NKG2D, as well as their capacity to kill target cells (70). It has also been shown that hypoxia modifies the NK cell transcriptome and reduces release of some cytokines including IFN-γ and TNF-α in response to several stimuli or soluble cytokines, although it sustains the expression of chemokine receptors, including CCR7 and CXCR4 (71).

TAMs in oxygen-rich regions of the tumor, such as those close to blood vessels, display features of M1 macrophages, whereas TAMs in hypoxic regions of the tumor display M2-like features (72). Hypoxia stimulates the expression of HIF-1α in TAMs, which controls the levels of proteins involved in angiogenesis, such as vascular endothelial growth factor (VEGF), or metastasis, such as regulated in development and DNA damage response 1 (REDD1) (72, 73). Interestingly, REDD1 is an mTOR inhibitor, which decreases glycolysis in the hypoxic TAM, leading to more glucose available for endothelial cells and an excessive angiogenic response, which in turn leads to aberrant and dysfunctional blood vessel formation and increased metastasis. When REDD1 is depleted, an mTOR-mediated glycolytic enhancement in the TAM leads to glucose competition with blood vessels and their normalization (73).




Metabolites Secreted by Tumor Cells


Lactic Acid

Due to their glycolytic metabolism, tumor cells secrete large amounts of lactic acid that can reach up to 30–40 mM, which generates regions of high acidity in the TME. In fact, a negative correlation between tumor LDHA expression and patient survival has been found in melanoma (74). In CD8+ T cells lactic acid, but not its sodium salt, inhibits the expression of IFN-γ and IL-2, suppresses proliferation and cytotoxic activity, and may induced cell death (74, 75).

In NK cells, lactic acid also inhibits the expression of IFN-γ and induces apoptosis in a mitochondrial ROS-dependent fashion (74, 76, 77). Interestingly, lactate suppresses IFN-γ expression even at physiologic pH in NK cells (77).

Lactate also inhibits the release of proinflammatory cytokines in macrophages (78) and induces M2 macrophage polarization (79). Conditioned medium from lactate-treated macrophages stimulates angiogenesis, and proliferation and migration of cancer cells in vitro (79). Lactic acid induces expression of VEGF, Arg1 and other M2 genes in TAMs via HIF-1α stabilization, and this is critical for tumor growth, as Arg1-deficient macrophages impair tumor progression in vivo in a mouse model (80).



l-kynurenine

l-kynurenine, a tryptophan-derived catabolite resulting from the activity of indoleamine 2,3-dioxygenase (IDO), an enzyme that is often expressed in tumor cells or tumor-associated cells (TAMs, dendritic cells, etc.) (81, 82), interferes with NK cells by regulating the surface expression of activating receptors and thus their antitumor function (83). In additional studies, IDO is also shown to inhibit NK cell proliferation via l-kynurenine (84, 85).

l-kynurenine also inhibits proliferation of CD4+ and CD8+ T effector cells (86) and induces the generation of Tregs by interacting with the aryl hydrocarbon receptor (AHR) (87). Furthermore, a blockade of IDO leads to conversion of Tregs to Th17 cells (88), which highlights the role of IDO in the choice between immunosuppression and immune activation. Importantly, increased IDO expression correlates with poor prognosis in some cancers (89). IDO causes inhibition of effector T cells also by an additional mechanisms: it leads to tryptophan depletion in the TME, which activates the protein general control nonderepressible 2 (GCN2) in T cells, a stress-response kinase that is activated by elevations in uncharged tRNA. GCN2 function is to phosphorylate eukaryotic Initiation Factor 2 alpha (eIF2α) to activate the integrated stress response, which leads to a decrease in global protein synthesis and the induction of selected genes, which leads to CD8+ T cell anergy (90). Strikingly, in a mouse model of skin carcinogenesis, the absence of GCN2 does not phenocopy the absence of IDO, which promotes resistance against tumor development, suggesting the existence of additional pathways that operate downstream of IDO (91). This additional pathway is mTOR, which senses tryptophan depletion.




Cytokines Present in the TME


TGF-β

TGF-β inhibits cytokine-induced metabolic changes and effector functions in NK cells, including expression of CD71 (transferrin receptor), granzyme B, IFN-γ and the stimulatory receptor CD69, via mTORC1-dependent and independent pathways (92, 93). It has been suggested that upregulation of the gluconeogenic enzyme Fructose-1,6-bisphosphatase 1 (FBP1) in NK cells of lung cancer, which inhibits their glycolytic metabolism, is caused by high levels of TGF-β in the TME (94). TGF-β also supports the induction of Tregs in tumors (95).



IL-10

This cytokine is frequently upregulated in cancers and has been shown to directly affect the function of APCs by inhibiting the expression of major histocompatibility complex (MHC) class II and costimulatory molecules CD80/B7-1 and CD86/B7.2, which in turn induces immune suppression or tolerance (96). The role IL-10 in macrophage immunometabolism is well stablished. This cytokine opposes the switch to the M1 metabolic program in macrophages by inducing mitochondrial oxygen consumption and increasing mitochondrial integrity via mTOR, by decreasing mitochondrial ROS levels, by decreasing the cell surface expression of GLUT1 and thus by inhibiting glycolysis (97).

On the other hand, IL-10 downregulates the expression of Th1 cytokines (TNF-α, IFN-γ), inhibits CD4+ and CD8+ T cell proliferation and production of IFN-γ and IL-2 (98), and induces T-regulatory responses. IL-10 deficiency also impairs Treg function and enhances Th1 and Th17 immunity to inhibit tumor growth (99).

Finally, IL-10 suppresses production of IFN-γ by NK cells without altering cytotoxicity (100).





Targeting Immunometabolism for Immunotherapy

Immunotherapy involves the use of the immune system as therapy to treat cancer. Current therapies include blockade of immune checkpoint receptors (which maintain self-tolerance and prevent uncontrolled inflammation) and adoptive cell transfer. However, these techniques have their limitations, including T and NK cell exhaustion, possibly because of the effects of the TME. This section describes some immunotherapies in T cells, NK cells and macrophages and briefly describes some strategies used to modulate the metabolism of the tumor cell or the immune cell that can be combined with other therapies to boost the immune response to cancer.


Targeting T Cells

T cells have been successfully used for immunotherapy in a number of ways, including immune checkpoint blockade, which uses monoclonal antibodies to bind and inactivate inhibitory receptors such as cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) and programmed cell death-1 (PD-1) or its ligand programmed cell death ligand 1 (PD-L1) (101), or adoptive cell transfer, which involves the isolation of T cells, improving their anti-tumor capacity in vitro, expanding them in culture, and transferring them back to the patient (102). Adoptive cell transfer was improved by generation of T cells that express engineered TCRs that target a specific antigen and lately by the generation of chimeric antigen receptor (CAR) T cells, which express an artificial chimeric antigen-binding receptor that combines both antigen-binding and T-cell activating functions into a single molecule (103). Some strategies to indirectly or directly target the metabolism of T cells and improve immunotherapy are described here.

Pharmacological inhibition of the lactate transporters MCT1 and MCT4 using diclofenac restores T cell function, slows tumor growth and improves the efficacy of checkpoint inhibition therapies (104). Knockdown of LDHA in tumor cells using RNAi nanoparticles neutralized the pH of the TME, increased infiltration with CD8+ T and NK cells, decreased the number of Tregs, significantly inhibited the growth of tumors and potentiated checkpoint inhibition therapy (105).

Removal of extracellular kynurenine in the TME by administration of bacterial kynureninase linked to polyethylene glycol (for prolonged systemic retention) increases the frequency of effector CD8+ T cells in the tumor (but not in the periphery), reduces tumor growth, increases survival in a CD8+ cell-dependent manner and potentiates checkpoint inhibition therapy (106). In a mouse model of melanoma, the combination of the tryptophan analog 1-methyl-D-tryptophan plus an antitumor vaccine caused conversion of Tregs to the Th17, with marked enhancement of CD8+ T cell activation and antitumor efficacy (88). It is interesting to remark that the IDO inhibitor 1-methyl-tryptophan exists in two stereoisomers, and it has been shown that the L isomer (1-methyl-L-tryptophan) is the more potent inhibitor of IDO activity. Remarkably, the D isomer (Indoximod), although it does not bind to, or biochemically inhibit IDO, nor prevents the production of kynurenine, is much more effective in reversing the suppression of T cells and has stronger therapeutic effects (107). This probably happens via direct restoration of mTOR activity, which is suppressed due to tryptophan deprivation (91, 108). Several small-molecule IDO inhibitors, including Indoximod, Navoximod, Epacadostat or BMS-986205, are currently being used in several clinical trials (108)

JHU083, a pro-drug of 6-diazo-5-oxo-L-norleucine (DON), a glutamine antagonist which inhibits glutaminase and other glutamine-requiring enzymes, impairs tumor cell metabolism, which in turn increases the availability of nutrients and oxygen in the TME. Remarkably, in the presence of JHU083, tumor infiltrating CD8+ T cells display increased glycolysis and mitochondrial oxygen consumption and regain their effector functions and proliferation. This is probably because of the plasticity of T cells, which in the absence of glutamine metabolism undergo a metabolic reprogram and are able to replenish the TCA using glucose anaplerosis via pyruvate carboxylase and acetate metabolism, while tumor cells do not possess that plasticity (109).

Overexpression of phosphoenolpyruvate carboxykinase 1 (PCK1), which converts oxaloacetate into PEP and CO2, increases PEP levels in T cells even in glucose depleted conditions and consequently restores cytosolic Ca2+ transients, nuclear localization of NFAT and IFN-γ expression (37). Furthermore, after adoptive transfer of PCK1-overexpressing CD4+ or CD8+ T cells into a melanoma-bearing mice, there was a decrease in tumor growth which prolonged survival of the mice (37).



Targeting NK Cells

NK cells are also being used for immune checkpoint blockade therapies: blocking of NKG2A, an inhibitory receptor, by the use of antibodies improves NK-mediated cytotoxicity and this is currently being used in ongoing clinical trials (110). Adoptive cell transfer with NK cells is also a promising therapy: NK cells may be treated with IL-15, other cytokines or drugs prior to their transfer back to the patient (111). Antibody blockade of PD-1 or CTLA-4 in combination with IL-15 has also been used (112) Some strategies to target the metabolism of NK cells and improve immunotherapy are described here.

Adoptive transfer of NK cells treated with MB05032, an FBP1 inhibitor that restores NK cell glycolysis and effector functions, slows tumor growth in a lung cancer model in mouse (94).

In mice, systemic pH buffering of the tissue milieu by supplementing drinking water with sodium bicarbonate normalizes IFN-γ expression but not cytotoxic capacity in NK cells, and delays tumor growth (77).

Blockade of glutaminase should not affect NK cells effector functions, since they do not metabolize glutamine to glutamate, but use it for the import of other amino acids in order to sustain mTOR function and cMyc expression (48). Since MYC in NK cells is degraded by glycogen synthase kinase 3 (GSK3), inhibitors of this enzyme should also activate effector functions in these cells. Indeed, increased antitumor activity in NK cells has been shown after ex vivo pharmacologic inhibition of GSK with CHIR99021 or other compounds followed by adoptive transfer (113, 114), although it appears that GSK3 inhibition leads to activation of the NF-αB pathway and increased expression of TNF-α, and only to a modest increase in IFN-γ, and whether the metabolism of the NK cells or MYC levels were altered was not explored in those studies.



Targeting Macrophages

Therapies that deal with macrophages mainly consists of two approaches, those that deplete TAMs in an effort to prevent their tumor supporting functions (chemokine (C-C motif) ligand 2 (CCL2) or CC‐chemokine receptor 2 (CCR2) blockade, which prevents their recruitment into tumors, for example), and those that try to repolarize them towards an M1-like antitumor phenotype (115). Some strategies to target the metabolism of macrophages and improve immunotherapy are described here.

Pharmacologic or genetic blockade of glutamine synthetase, the enzyme that converts glutamate into glutamine, alters the metabolism of macrophages and skews their differentiation from the M2 phenotype to M1 in an HIF-1α-dependent fashion, which leads to decreased T cell suppression, decreased angiogenesis and prevention of metastasis in a Lewis lung carcinoma mouse model (116).

TAMs express high levels of the T cell checkpoint receptor PD1, and these PD1-containing TAMs are preferentially M2 macrophages (117). Strikingly, the frequency of M2 PD-1 containing TAMs increased with disease stage in human cancer patients. PD-1 expression in TAMs correlates negatively with phagocytic potency against tumor cells, and blockade of PD-1 or PD-L1 in vivo increases macrophage phagocytosis, reduces tumor growth and increases the survival of mice in mouse models of cancer in a macrophage-dependent fashion, as depletion of TAMs abrogates these effects (117). Remarkably, TAMs (and even mouse bone marrow-derived macrophages or human monocyte-derived macrophages) express PD-L1 as well (118). Blockade of PD-L1 with antibodies induces macrophage activation, release of proinflammatory cytokines and an activation of mTOR, suggesting that PD-L1 constitutively provides a negative signal to these macrophages (118). In addition, blockade of PD-L1 in macrophages alters the transcriptome to resemble that of M1 proinflammatory cells (118). In a mouse model of melanoma, in vivo treatment of RAG-/- mice (which lack functional T cells) with PD-L1 antibodies triggers TAM activation to a proinflammatory state and a significant slowing of tumor growth which is independent of T cells, the main target for immune checkpoint blockers (118).

Respiratory complex I inhibitor metformin (an anti-diabetic drug) inhibits M2 polarization of macrophages and blocks the migration-promoting and angiogenesis-promoting properties of conditioned media from M2 cells (119). Metformin also inhibits metastasis in a Lewis lung carcinoma model, and this effect is abolished when TAMs are depleted, which suggests that metformin indeed targets macrophages in this model (119).



Nutrient Restriction as Therapy

Because of a strong competition at the TME, it might be argued that dietary interventions that limit nutrient availability in an attempt to prevent the growth of cancer cells may also deprive immune cells of those very same nutrients, thus raising concerns about the possible detrimental effect of suppressing anti-cancer immunity. Despite this, fasting, long-term fasting, fasting-mimicking diets, and ketogenic diets are currently under investigation in trials for several cancer types. Fasting has been shown not only to be useful as therapy against cancer by several mechanisms, but also to increase tolerance to chemotherapy, with reduction of many side effects (120), as it protects normal cells, but not cancer cells, from high doses of chemotherapy by a mechanism that involves a reduction in the levels of circulating insulin-like growth factor-I (121, 122).

From the immunometabolic perspective, fasting suppresses the polarization of TAMs towards the M2 phenotype, possibly because of decreased presence of adenosine in the TME (123), a metabolite that directly restricts antitumor responses by activating the adenosine A2A receptor (A2AR) in T-cells (124). Low-protein diet also shifts the polarization of TAMs toward the inflammatory M1 phenotype and increases the response to immunotherapies (125). Nutrient restriction is also able to increase mitochondrial ROS, including superoxide levels, in several cancer cell types, which increases the efficacy of chemotherapy (126, 127). However, since fasting and caloric restriction are hard to implement in the clinical setting, especially in cancer patients that are struggling with cachexia or loss of appetite, the use of caloric restriction mimetics such as resveratrol or anti-hyperglycemic agents such as metformin, which might provide the same effect without the need to fast, is increasingly being used in the field (128). In fact, the caloric restriction mimetic hydroxycitrate improves antitumor immunity by depleting Tregs in the tumor, and enhances immunotherapy (129).




Other Factors That Influence Cancer Immunometabolism and Immunotherapy


Obesity

Obesity is a disease characterized by the excessive accumulation of fat tissue and lipids along the body. The accumulation of lipids occurs inside immune cells as well, reprograming their metabolism and affecting their function. Obesity is characterized by the activation of mTOR signaling because of nutrients excess. The contribution of obesity to cancer is two-fold: it drives a low-grade sistemic chronic inflammatory state but it also blocks cancer immune surveillance by metabolically reprogramming immune cells and affecting their function (130).

In NK cells, obesity downregulates the transcription of genes involved in NK-cell mediated cytotoxicity, resulting in an impairment of killing function and less production of IFN- γ. NK cells from obese individuals display an impaired ability to increase glycolysis and OXPHOS after stimulation with cytokines, and this effect depends on PPARα/δ (50). The number of circulating NK cells is reduced in obese people compared to control individuals and lipid treated NK cells fail to control tumor growth in vivo.

In the case of T cells, lipid accumulation supports Treg function, which relies on FAO to fuel OxPhos (131). On the other hand, the chronic inflammatory environment present in obesity suppresses Teff, which show an exhausted phenotype with impaired cytokine secretion (132, 133). Consistent with this, high fat diet in mice accelerates tumor growth, and the mechanism involves depletion of intratumoral T cells and an increase in MDSCs and TAMs (134). Interestingly, tumor cells and T cells adapt differently to lipid accumulation and undergo opposing metabolic changes: while tumor cells increase fatty acid utilization, CD8+ T cells do not (134). The increase in TAMs is consistent with lipid accumulation, since FAO is associated with the M2 suppressor phenotype (25, 135).

Regarding immunotherapy, and taking into account the multiple suppressor effects of obesity in the immune system, it could be assumed that obesity might contribute negatively to the efficacy of immunotherapies, but this is not always the case. In obese individuals there is an increased expression of PD-1, an inhibitory checkpoint molecule, likely due to increased levels of leptin, an hormone produced by adipose tissue. High expression of PD-1 has been generally linked to T-cell exhaustion, but it also means that therapies targeting PD-1 might have more efficacy (136, 137). When PD-1 is upregulated in T cells, the interaction with its ligand PD-L1 (on tumor cells) will inhibit the anti-tumor T-cell activity. Anti PD-1-PD-1L therapy will block this interaction and allow T cells to better fulfill their tumor killing function. Some studies show and association between obesity and immune checkpoint blockade immunotherapy, being this therapy more successful in patients with higher expression of PD-L1 (138).



Sex-Related Differences

There are fundamental metabolic aspects that are different between males and females. For instance, sex differences are apparent in adipose tissue distribution and, as discussed previously, fat tissue and lipids may influence immune cells and metabolism. Also, there are sex differences in immune responses: males are more prone to developing certain infections and cancer types whereas females experience higher risk to developing autoimmune diseases (139). Factors that could potentially contribute to these differences are steroid hormones, sex chromosomes (overall the genes that escape to X-chromosome inactivation), mitochondrial function and environmental factors (139).

As adult females display stronger innate and adaptive immune responses than males, they present increased susceptibility to inflammatory and autoimmune diseases, but lower risk for cancer. Interestingly, neutrophils in females display an activated neutrophil profile characterized by an upregulation of the pathway for type I interferons, enhanced proinflammatory responses, and distinct bioenergetics, which are driven by the sex hormone estradiol (140). We have not covered neutrophils in this review, but there is growing evidence that suggests an important role of this leukocytes, especially tumor-associated neutrophils (TANs), in cancer progression (141). There is currently a debate and conflicting results on whether there are differences in the efficacy of immunotherapy between men and women (142), and this is probably because of sampling bias in clinical trials.



Aging

Age is a risk factor a number of pathologies. It is associated with metabolic disease, autoimmunity, higher risk of infections, and cancer. There are plenty of metabolic changes associated with aging: a decline in mitochondrial activity (143), decreases in NAD levels (144) and low grade chronic inflammation (145).

Aging is a strong risk factor for cancer. In fact, subcutaneously injected tumors grow faster in old mice compared to young mice (146). It is known that Treg cells accumulate in spleens and lymph nodes of old mice, and depletion of those cells induces a strong cytotoxic response and protects old mice against some tumors (147). M2 macrophages are also increased in tissues of old mice, and these macrophages appear to be hypersensitive to tumor-derived stimuli, as they secrete higher amounts of immunosuppressive cytokines, including IL-4 and TGF-β (148). Interestingly, several immunotherapies are less effective in aged animals, while others such as immune checkpoint blockade remain useful (149). Older human adults are under-represented in clinical trials in general, although they seem to benefit similarly to younger patients from checkpoint blockade (150).




Concluding Remarks

Immunotherapy is becoming increasingly successful for many cancers, especially against hematological malignancies. However, immunotherapy still fails for a substantial numbers of patients, especially in those with solid tumors, and one of the reasons for that failure is that the TME limits the killing capacity of these cells and makes the patients refractory to such therapy. Strategies to bypass the inhibitory effect of the TME in proinflammatory cells are currently being developed. They are key for the success of immunotherapies, and the study of immunometabolism is thus a critical field for cancer research. Targeting immunometabolism during immunotherapy is proving to be challenging, as tumor cells and inflammatory immune cells utilize similar metabolic pathways, and thus targeting a given pathway, such as tumor glucose metabolism to reverse the Warburg phenotype by use of glycolysis inhibitors, may concurrently disrupt the tumor lytic effect of immune cells. Subtle differences between the cancer cell and the immune cell and or TME and/or immune cell targeted metabolic modulation strategies should be investigated as alternate strategies to enhance the cancer disease spectrum for immunotherapy.
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TP53, a gene with high-frequency mutations, plays an important role in breast cancer (BC) development through metabolic regulation, but the relationship between TP53 mutation and metabolism in BC remains to be explored. Our study included 1,066 BC samples from The Cancer Genome Atlas (TCGA) database, 415 BC cases from the Gene Expression Omnibus (GEO) database, and two immunotherapy cohorts. We identified 92 metabolic genes associated with TP53 mutations by differential expression analysis between TP53 mutant and wild-type groups. Univariate Cox analysis was performed to evaluate the prognostic effects of 24 TP53 mutation-related metabolic genes. By unsupervised clustering and other bioinformatics methods, the survival differences and immunometabolism characteristics of the distinct clusters were illustrated. In a training set from TCGA cohort, we employed the least absolute shrinkage and selection operator (LASSO) regression method to construct a metabolic gene prognostic model associated with TP53 mutations, and the GEO cohort served as an external validation set. Based on bioinformatics, the connections between risk score and survival prognosis, tumor microenvironment (TME), immunotherapy response, metabolic activity, clinical characteristics, and gene characteristics were further analyzed. It is imperative to note that our model is a powerful and robust prognosis factor in comparison to other traditional clinical features and also has high accuracy and clinical usefulness validated by receiver operating characteristic (ROC) and decision curve analysis (DCA). Our findings deepen our understanding of the immune and metabolic characteristics underlying the TP53 mutant metabolic gene profile in BC, laying a foundation for the exploration of potential therapies targeting metabolic pathways. In addition, our model has promising predictive value in the prognosis of BC.
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Introduction

Breast cancer (BC) is the most common cancer that threatens women’s health around the world (1). Thanks to the spread of early diagnosis based on advanced medical technology and comprehensive and precise treatment, the survival of early BC patients has greatly improved (2, 3). However, a certain number of BC patients relapse following therapy or develop metastatic cancer within a short period, with unsatisfactory treatment efficacy and only a 30% 5-year survival rate, which has become a clinical challenge nowadays (4). Several lines of evidence have shown that BC progression is associated with changes in cellular metabolism, and a high level of metabolic heterogeneity within breast tumors is one of the main causes of these changes (5–8). Over the past decades, burgeoning studies have focused on the metabolic heterogeneity of BC, due to its tumor-promoting function and important impact on prognosis and therapeutic response, and attempted to overcome it to develop novel approaches, including genomic profiling, the development of biomarkers, and targeted metabolic therapies (9, 10). Nevertheless, there are few types of research on the detailed elaboration of the association between metabolic phenotypes and BC prognosis.

TP53 (P53) gene, widely regarded as a tumor suppressor gene, is the most frequently mutated gene in cancer (11). Protein p53 encoded by human gene TP53 has diverse biological functions, primarily acting as a transcription factor to initiate gene transcription and participate in cell cycle arrest, metabolism, DNA repair, cell senescence, apoptosis, and ferroptosis (12, 13). The majority of TP53 mutations in human cancer are missense mutations in its DNA-binding domain that generate mutant p53 protein, thus affecting its transcriptional ability and abnormal downstream signaling pathway (14). Numerous studies have revealed that mutant p53 can lose their tumor-suppressive function and obtain dominant−negative activities that are independent of wild−type p53, which may confer them oncogenic functions to participate in cancer development (15, 16). Although the clinical relevance of TP53 mutation status in BC has been recently debated, it is also worth noting that TP53 mutations are linked with worse survival in BC, supported by credible results from several large samples of clinical data (17–19). Therefore, more efforts to further discover the roles of TP53 in BC progression are warranted.

As observed in multiple studies, mutant p53 may exert its oncogenic functions primarily by regulating cancer metabolism (20, 21). Thus, we speculate that the prognosis of BC patients with TP53 mutations may be related to cancer metabolism regulation mediated by mutant p53. In our research, a comprehensive analysis of TP53 gene status in BC was conducted to reveal the relationship between TP53 mutations and metabolic phenotypes. Furthermore, a TP53-related metabolic gene profile containing 24 metabolic genes was identified and characterized by a high degree of metabolic and immune microenvironmental heterogeneity according to differential gene expression analysis in patients with TP53 mutations and TP53 wild type. Importantly, we developed a prognostic risk score model based on TP53-associated metabolic gene profiles that could contribute to risk stratification in BC patients and guidance of clinical decision making. The validation of The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) data proves the excellent predictive value of this model for BC prognosis.



Materials and methods


Sources of breast cancer datasets and preprocessing

The RNA sequencing data (HTSeq-Counts) and copy number variation (CNV) data of BC were retrieved from TCGA website (https://portal.gdc.cancer.gov/) and the University of California, Santa Cruz (UCSC) Xena website, respectively. In addition, Breast Invasive Carcinoma TCGA PanCancer data of 1,084 samples containing somatic mutation data, especially TP53 gene condition, and the matched clinical information were downloaded from cBio Cancer Genomics Portal (http://cbioportal.org/), which collected a large number of comprehensive multidimensional cancer genome databases (22, 23). Patients without survival data were removed from further analysis. To facilitate comparability among samples, HTSeq-Counts data were normalized to transcripts per kilobase million (TPM) values and transformed to log2TPM for the following analysis (24).

For microarray data from the GEO database (https://www.ncbi.nlm.nih.gov/geo/), we downloaded GSE20685 (n = 327) and GSE20711 (n = 90) datasets with the matrix files of the gene expression profile and full clinical information based on the same platform GPL570 and developed a GEO cohort of 415 BC cases. Gene expression data of the GEO cohort were log2-transformed. Batch effects from non-biological technical biases were corrected by using the “ComBat” algorithm of the “SVA” package.

To validate the ability of our model to predict response to anti-PD-1/L1 therapy, we adopted two immunotherapeutic cohorts after a series of searches: IMvigor210 cohort (advanced urothelial cancer treated with atezolizumab) (25) and GSE78220 (metastatic melanoma with the intervention of pembrolizumab (26). The count data of IMvigor210 and microarray data of GSE78220 were converted to log2TPM and log2-transformed as described above, respectively.

Generally, the average expression value of genes was used in the present study if gene duplication was detected. Data used in this study are publicly available from TCGA and GEO databases.



Gene set variation analysis

We performed gene set variation analysis (GSVA) enrichment analysis among different groups or patterns to reveal metabolic heterogeneity in BC by the “GSVA” R packages, as visualized in the heatmap (27). The file of “c2.cp.kegg.v7.4.symbols” was obtained from the MSigDB database for GSVA. We screened for statistically significant pathways between different clusters depending on the adjusted p < 0.05.



Estimation of tumor microenvironment cell infiltration

To describe meaningful variations among distinct groups or clusters in tumor microenvironment (TME) cell infiltration, a single-sample gene set enrichment analysis (ssGSEA) algorithm was employed to quantify the relative abundance of 28 subpopulations of tumor-infiltrating lymphocytes (TILs) in the BC TME for differential analysis. The natural killer T cells, activated CD8+ T cells, activated CD4+ T cells, activated dendritic cells, macrophages, and other representative human immune cell subtypes are included in this study (28, 29).



Differentially expressed genes associated with TP53 condition

We classified 1,003 BC patients with gene expression data and TP53 mutation information from TCGA cohort into TP53 wild-type (n = 659) and TP53 mutant (n = 344) groups. The “edgeR” package was conducted on the real count data of BC samples to identify differentially expressed genes (DEGs) between the two groups in BC (|logFC|>1 and adjusted p < 0.05). The results were visualized in volcano plots and heatmap.



Metabolic gene source and functional analysis

With the use of the Kyoto Encyclopedia of Genes and Genomes (KEGG) metabolic pathway-related gene sets on the KEGG website (https://www.kegg.jp/), a total of 3,067 metabolic genes were extracted from 86 KEGG metabolic pathways and collected (Supplementary Table 1) (30). The intersection of the DEGs and metabolic genes were selected as metabolism-related genes (MRGs) associated with the TP53 condition for subsequent analysis. By using the “clusterProfiler” R package, the analysis of KEGG pathways was utilized to explore the significant pathways associated with TP53-related MRGs, highlighting the biological implications of the prognostic model (31). The notable pathways were shown in the bar plot using “ggplot2” R packages.



Consensus clustering

Consensus clustering was performed to identify distinct TP53-related metabolic patterns based on the expression of 24 TP53-associated MRGs by the k-means method. Notably, the optimal cluster number of clusters depended on the consensus clustering algorithm by applying the “ConsensuClusterPlus” package. We carried out 1,000 repetitions to further verify the robustness of our classification (32).



Gene set enrichment analysis

Based on the gene set database of “c2.cp.kegg.v7.5.1.symbols,” GSEA version 4.2.2 (33) was used to discover different underlying mechanisms of enrichment in the high- and low-risk groups, with a particular focus on MRG sets. In terms of key parameter setting, “high risk versus low risk” was assigned the phenotypic label, and the number of random sample permutations was set at 1,000.



Development of the risk score model based on TP53-related metabolism-related genes

We selected a total of 1,039 BC cases with gene expression data and survival information from TCGA database as the training cohort and 415 BC patients from the GEO cohort as the testing cohort. Before subsequent analysis, the gene expression data of two cohorts were corrected by the “scale” method. In the training cohort, we performed the prognostic analysis for TP53-related MRGs with an application of the univariate Cox regression model. Those TP53-related MRGs with p-values <0.05 were regarded as significant in statistics and then enrolled into the least absolute shrinkage and selection operator (LASSO) regression analysis for the foundation of the prognostic risk score model.

	

where n, Ki, and Xi represent the number of included genes, the coefficient index, and the gene expression, respectively. With median risk score as a cutoff point, the patients in the training cohort were stratified into low- and high-risk subgroups. We attempted to evaluate the predictive accuracy of the model via time receiver operating characteristic (ROC) analysis.



Statistical analysis

All statistical tests and drawings were conducted using R statistical software (version 4.1.2). Two-group comparisons were carried out using Student’s t-test and Wilcoxon’s test, and the Kruskal–Wallis tests for comparisons of three or more groups. The overall survival (OS) differences among diverse groups were analyzed by the Kaplan–Meier method, and the statistical significance of differences was identified using the log-rank test. Univariate Cox regression analysis was performed to assess the prognostic value of genes and visualized with forest plots by “Survival” R packages. The measure of the correlation between 24 metabolic genes was implemented using “psych” R packages. The waterfall plots for the mutation landscape of patients with or without TP53 mutations in TCGA cohort were generated via the function of the “maftools” R package. Univariate and multivariate Cox regression analyses were executed to assess whether the risk score in combination with clinical characteristics had independent prognostic power. A p < 0.05 was considered statistically significant.




Results


Functional changes associated with TP53 mutations in breast cancer

In TCGA cohort, TP53 mutation frequency was up to 35%, among which missense mutations accounted for the largest proportion, as shown in Figure 1A. Analysis of p53 protein mutation sites displayed the most mutation sites in the DNA-binding domain that initiated their principal functions, indicating that the functional changes of mutant p53 were affected by DNA-binding ability (Figure 1B). In our research, no remarkable variable in OS for BC patients was observed between the TP53 mutated and unmutated groups (log-rank p > 0.05, Supplementary Figure 1). To identify differences in the biological pathway activities of the two groups, we employed GSVA to determine that BC cases with TP53 mutation exhibit enrichment of energy metabolism (galactose metabolism, and pentose phosphate pathway), amino acid metabolism (methionine and cysteine), and immunologic function (natural killer cell-mediated cytotoxicity), as compared to those without TP53 mutation (Figure 1D, Supplementary Table 2). In addition, we found a high degree of immune cell infiltration in the TP53 mutation group by ssGSEA (Figure 1C). In brief, our results confirmed that TP53 mutations led to changes in metabolic and immune characteristics in BC, which may be biological hallmarks of malignancy.




Figure 1 | The overall characteristics of TP53 mutations in breast cancer. (A) Frequency and types of TP53 gene alterations in TCGA Breast Invasive Carcinoma samples from cBioPortal. (B) The distribution of amino acids in TP53 protein in TCGA Breast Invasive Carcinoma samples from cBioPortal. (C) The abundance of each TME infiltrating cell between TP53 mutant and wild-type groups (ns, no significance; *p < 0.05; ***p < 0.001). (D) Heatmap for GSVA enrichment analysis showing the activation states of biological pathways between TP53 mutant and wild-type groups. TCGA, The Cancer Genome Atlas; TME, tumor microenvironment; GSVA, gene set variation analysis.





The identification of metabolism-related differentially expressed genes based on TP53 status

DEG analysis was performed between the TP53 mutant group and TP53 wild-type group using the “edgeR” package among a total of 1,003 samples with complete data on gene expression and TP53 status, and we finally identified 1,271 DEGs related to the TP53 condition (false discovery rate (FDR) < 0.05 and |log2 FC| > 1.0, Figures 2A, B). To further analyze the relationship between TP53 mutations and metabolism in BC, 3,067 MRGs assigned to metabolic pathways were obtained from the official website of the KEGG database, and then 92 TP53-related DEGs relevant to metabolic regulation were ultimately ascertained (Figure 2C). Among them, 47 genes were upregulated (FDR < 0.05 and log2 FC > 1.0), and 45 genes were downregulated (FDR < 0.05 and log2 FC < 1.0). In addition, KEGG pathway analysis revealed that 92 metabolism-related DEGs (MRDEGs) were mainly involved in 20 metabolic pathways, including amino acid metabolism (tryptophan, tyrosine, cysteine, methionine, glutathione, glutamate, serine, threonine, and arginine metabolism), glucose metabolism (glycolysis, gluconeogenesis, galactose, fructose, and mannose metabolism), and tricarboxylic acid (TCA) cycle and followed by oxidative phosphorylation, lipid metabolism (biosynthesis of unsaturated fatty acids), and drug metabolism (Figure 2D, Supplementary Table 3). Similar to those of other studies, these results demonstrated the pivotal role of TP53 status in metabolic regulation for BC patients.




Figure 2 | Identification of TP53 mutation-related metabolic gene profile. (A) Heatmap of the DEGs between TP53 mutant and wild-type groups in breast cancer cases. (B) A volcano plot exhibiting the identified DEGs including upregulated (red) and downregulated (green) genes. (C) Venn diagram summarizes the TP53-related metabolic genes intersected by 3,067 MRGs and 1,271 DEGs. (D) KEGG analysis of 92 metabolic genes related to TP53 showing the main significantly enriched pathways. (E) Overall survival in univariate Cox regression of TP53-related metabolic genes. DEGs, differentially expressed genes; MRGs, metabolism-related genes; KEGG, Kyoto Encyclopedia of Genes and Genomes.





The features of metabolic genes profile with TP53 mutations

First, we used univariate Cox analysis to estimate the survival prognostic value of 92 MRDEGs, and eventually, 24 prognostic genes were determined and regarded as the metabolic genes profile with TP53 mutation (Figure 2E). The network diagram depicts the intricate but close correlations and their prognostic significance for BC patients among 24 prognostic genes (Figure 3A). Of them, we found 5 prognostic risk factors, as follows: CA9, CHAC1, FUT3, MTHFD1L, and PLCH1. As shown in the heatmap (Figure 3B), these 5 risk genes were highly expressed in the mutant TP53 group, and survival analysis indicated that BC cases with elevated expression of these genes were more likely to have a poor survival outcome (Figure 3C). Furthermore, Gene Ontology (GO) and KEGG enrichment analyses of the metabolic genes profile were conducted to discover enriched biological processes and activities. We found that they were mainly involved in the regulation of various substances’ metabolism that promoted tumor growth, including amino acids, lipids, and nucleic acids (Figure 3D, Supplementary Table 4).




Figure 3 | The features of TP53 mutation-related metabolic gene profile. (A) A network of the interactions among the 24 metabolic genes associated with TP53 mutations. (B) Heatmap of TP53 mutation-related metabolic gene expression profile between TP53 mutant and wild-type groups. Seven upregulated genes including CA9, PLCH1, FUT3, CHAC1, CD38, MTHFD1L, and PLA2G2D in the TP53 mutant group. (C) Kaplan–Meier survival analysis of breast cancer patients with high and low gene expression of 5 prognostic risk genes (CA9, CHAC1, FUT3, MTHFD1L, and PLCH1). (D) GO enrichment analysis of TP53 mutation-related metabolic gene profile in cellular component terms, biological process terms, and molecular function terms. (E, F) Lollipop charts depict the CNV frequency of TP53 mutation-related metabolic gene profiles in TP53 mutant (E) and wild-type groups (F). (G, H) The waterfall plot of tumor somatic mutation in TP53 mutant (G) and wild-type groups (H). GO, Gene Ontology; CNV, copy number variation.



We further studied the genomic alterations of 24 key metabolic genes associated with TP53 mutations, thereby deepening our understanding of the metabolic gene profile based on TP53 status. Combined with the copy number information of 1,002 samples and corresponding TP53 status information, 343 patients in the TP53 mutant group and 659 patients in the TP53 wild-type group were used to analyze copy number gain and loss frequencies, respectively. The findings showed that the TP53 mutant group tended to have higher copy number gain or loss frequencies than the TP53 wild-type group (Figures 3E, F). Next, we also explore 24 metabolic genes mutation between two groups, with detailed TP53 mutation data. As displayed in Figures 3G, H, the mutation rate of the 24 genes did not differ apparently between the two groups, as well as the overall mutation rate.



The heterogeneity of TP53 mutation-related metabolic gene profile

To investigate the metabolic heterogeneity of 92 MRDEGs in BC, 24 prognostic genes were under intensive study. The unsupervised clustering method was utilized to classify patients with qualitatively different metabolic regulation patterns based on the expression of 24 prognostic genes. Considering the principle of high intragroup correlation and low intergroup correlation, we finally determined that the optimal cluster number was three (Figures 4A, B). We termed these clusters as Clusters A–C: 363 cases in Cluster A, 448 cases in Cluster B, and 228 cases in Cluster C. Furthermore, the Kaplan–Meier survival analysis exhibited striking differences in OS among the three clusters, notably showing a conspicuous survival disadvantage in Cluster A compared with the other two clusters (log-rank p = 0.002, Figure 4C). To explore the distinctions in biological processes of the three clusters, we subsequently performed a GSVA enrichment analysis. Obviously, from the perspective of metabolic regulation, Cluster A was mainly enriched in tyrosine metabolism and fatty acid metabolism pathways, Cluster B was closely related to nitrogen metabolism and selenoamino acid metabolism pathways, and Cluster C was intimately associated with pathways that regulate the metabolism of cysteine, methionine, and galactose (Figures 4E, F, Supplementary Table 5). Meanwhile, we sought to further distinguish the three clusters in TME cell infiltration via the ssGSEA method. It was worth noting that multiple subpopulations of TILs, presented in Figure 4D, were significantly different among the three clusters, revealing immune heterogeneity of TP53 mutation-associated metabolic gene profile in BC patients. Taken together, the discovery of metabolic and immune heterogeneity among the three clusters enabled us to speculate that there may be a complicated pattern of immune metabolic cross-talk regulation in BCs with TP53 mutations.




Figure 4 | Heterogeneity of TP53 mutation-related metabolic gene profile. (A) Consensus clustering matrix of 1,039 TCGA samples for k = 2, k = 3, and k = 4. (B) Relative change in area under CDF curve according to various k values. (C) Kaplan–Meier survival analysis of three clusters in TCGA samples. (D) The abundance of each TME infiltrating cell among three clusters (ns, no significance; **p < 0.01; ***p < 0.001). (E, F) Heatmap for GSVA enrichment analysis showing the activation states of biological pathways between Clusters A and B (E) and between Clusters A and C (F). TCGA, The Cancer Genome Atlas; CDF, cumulative distribution function; TME, tumor microenvironment; GSVA, gene set variation analysis.





Construction of a prognostic risk score model based on metabolic genes (The cancer genome atlas)

To better quantify the metabolic features and prognosis of each individual, the expression data of 24 metabolic genes associated with TP53 mutations that had been proved above the significance in differentiating BC patients were used to establish a scoring model. Under the application of the LASSO regression model that effectively avoids overfitting conditions, 9 of 24 metabolic genes were retained for the construction of risk scoring formulas with a minimum of λ (Figures 5A, B). The specific risk scoring formula is defined as a linear combination of included gene variables weighted by their respective Cox regression coefficients (Table 1). Next, we attempted to further probe the clinical implication of this scoring model. In the training cohort, 1,039 samples from TCGA database, with risk scores calculated using the risk scoring formula, were then divided into high- and low-risk groups according to the median score. The risk scatter plot described that BC patients with high-risk scores also have a high risk of death (Supplementary Figure 2A). We can see from Figure 5D that BC cases at low risk showed a remarkable survival advantage as compared with the high-risk group (log-rank p < 0.001). Furthermore, principal component analysis (PCA) results showed a high degree of differentiation between the high- and low-risk groups (Figure 5C). To verify the predictive power of this model, a time-dependent ROC analysis was performed to chart the corresponding ROC curves, and the area under the curve (AUC) was 0.822 for 3-year survival, 0.742 for 5-year survival, and 0.676 for 8-year survival (Figure 5F), exhibiting a good predictive accuracy. These findings pointed out that the risk score was expected to be a promising predictor for the prognosis of BC patients.




Figure 5 | Construction of a prognostic risk model associated with TP53 mutations. (A, B) LASSO regression analysis of the 24 metabolic genes associated with TP53 mutations. (C) PCA of breast cancer patients with high- and low-risk scores in TCGA. (D, E) Kaplan–Meier survival analysis of high- and low-risk groups in TCGA (D) and GEO cohorts (E). (F, G) ROC curves indicating the sensitivity and specificity of predicting 3-, 5-, and 8-year survival with the TP53 mutation-related signature in TCGA (F) and GEO cohorts (G). LASSO, least absolute shrinkage and selection operator; PCA, principal component analysis; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus; ROC, receiver operating characteristic.




Table 1 | Gene variables and their respective coefficients in the risk scoring formula.





Validation of the prognostic risk score model

To certify the universal applicability of the scoring model, a testing cohort consisting of 415 BC samples from GSE20685 and GSE20711 in the GEO database has been analyzed. First of all, GEO gene expression data were integrated after removing the batch effect and finally standardized by the “scale” method. A total of 415 BC patients were separated into high-risk (n = 95) and low-risk (n = 320) groups with the same cutoff from the training set (Supplementary Figure 2B). As depicted in the Kaplan–Meier curve, a prominent difference in OS did exist between the two groups, and cases at high risk had a worse clinical outcome than those with low-risk scores (Figure 5E). Furthermore, ROC curve analysis confirmed the high predictive ability of our model, and the AUC values for 3, 5, and 8 years were 0.589, 0.644, and 0.682, respectively (Figure 5G).



Metabolic characteristics of the high- and low-risk groups

To map metabolic alterations between the high- and low-risk groups, we employed a GSEA on 1,039 BC samples from both groups. In the high-risk group, we observed that 17 gene sets representing functions or pathways were significantly upregulated in the KEGG signatures (p < 0.05), among which the main metabolic pathways included glucose metabolism (galactose metabolism, fructose/mannose metabolism, glycolysis/gluconeogenesis, and starch/sucrose metabolism) as well as redox pathways (the pentose phosphate pathway and cysteine/methionine metabolism) (Figure 6A, Supplementary Table 6). Remarkably, some pathways have been proven to be associated with tumor development and poor prognosis (34–36). In contrast, in the low-risk group, 34 KEGG gene sets were significantly enriched (p < 0.05), with lipid metabolism as the dominant metabolic pathway, typically comprising arachidonic acid metabolism, glycerophospholipid metabolism, alpha-linolenic acid/linoleic acid metabolism, and JAK_STAT signaling pathway (Figure 6A). It may reflect that activation of lipid metabolism-related pathways plays a dominant role in tumorigenesis and progression in BC patients with low-risk scores. Finally, there is a bold idea that BC patients in the high-risk group may benefit from therapy targeting glucose MRGs, such as HK3 (37) and PFKP (38). Meanwhile, the novel therapy targeting genes associated with lipid metabolisms, such as HMGCR (39) and FASN (40), may be effective in those at low risk. Before that, further research is indispensable.




Figure 6 | Immune and metabolic differences between high- and low-risk groups. (A) GSEA shows a significant enrichment of biological processes in BC patients with low-risk scores compared to those with high-risk scores. (B) The abundance of each TME infiltrating cell between high- and low-risk groups (ns, no significance; *p < 0.05; **p < 0.01; ***p < 0.001). (C) PD-L1, CTLA4, HAVCR2, and TIGIT gene expression differences between high- and low-risk groups. (D) Kaplan–Meier survival analysis of high-risk and low-risk groups in immune cohort IMvigor210. (E) The proportion of anti-PD-L1 response in the high- and low-risk groups of the immune cohort IMvigor210. GSEA, gene set enrichment analysis; BC, breast cancer; TME, tumor microenvironment.





The immune landscape of the high- and low-risk groups

To describe the immune characteristics between low- and high-risk groups, we first calculated the immune infiltrate scores of 28 subpopulations of TILs across TCGA BC samples using the ssGSEA method, and then we performed a differential analysis. Compared with patients in the high-risk group, multiple subpopulations of TILs, such as CD8+ T cells, macrophages, mast cells, natural killer cells, and Type 1 T helper cells (Th1 cells), exhibited enrichment in those with low-risk scores (Figure 6B). It was revealed that the low-risk group had an abundance of immune cell infiltration, speculating that patients with low-risk scores may possess more antitumor immunity, such as that mediated by CD8+ T cell. Moreover, we further sought to investigate the correlation between risk scores and important immune checkpoint molecules in TCGA cohorts. As illustrated in Figure 6C, the expression of a series of potentially targetable immune checkpoints (PD-L1, CTLA4, HAVCR2, and TIGIT) all tended to be higher in the low-risk group than the high-risk group, implying that low-risk patients may easily benefit from immunotherapy and achieve an improved survival.

To advance this research, we made a meaningful comparison between risk score and 6 immune subtypes (C1–C6) identified by previous researchers based on 30 tumor types (41) (Supplementary Table 7). The features of the TME varied substantially across 6 immune subtypes, where C1 was characterized by an increased expression of angiogenic genes, abundant Th2 cell infiltrates, and an elevated proliferation rate, while C2 showed the highest M1/M2 macrophage polarization, a strong CD8 signal, and the greatest T-cell receptor (TCR) diversity. Next, particular immune features of the two groups were then further analyzed (Figures 7B–D). We observed that Th1 cells and leukocyte fractions were enriched in cases within the low-risk group, which had a high proportion of immune subtype C2, making a major involvement in cell-mediated immunity possible (Figures 7A, B). In contrast, patients with high-risk scores, consisting mostly of immune subtype C1, showed a high proliferation rate, intratumoral heterogeneity (ITH), and aneuploidy score, which may account for the poor prognosis of cases with high-risk scores.




Figure 7 | Immune characteristics of the high- and low-risk groups in TCGA cohort. (A) The proportion of distinct immune subtypes in the high- and low-risk groups. (B) Key characteristics of high- and low-risk groups. (C) DNA damage measures of high- and low-risk groups, including non-silent mutation rate, copy number burden scores (number of segments and fraction of genome alterations), and homologous recombination deficiency. (D) Values of key immune characteristics between high- and low-risk groups. TCGA, The Cancer Genome Atlas.





The risk score model in the role of anti-PD-1/L1 immunotherapy

We attempted to verify the value of the risk score model to predict the efficacy of anti-PD-1/L1 immunotherapy in other independent cancer cohorts (IMvigor210, GSE78220). The median risk score was selected as the cutoff value to stratify cases into low- and high-risk groups in both cohorts. It was shown that patients with low-risk scores are correlated to a satisfactory prognosis in the IMvigor210 cohort, which was consistent with the previous results (Figure 6D). In both cohorts, additional consequences indicated that most cases in the high-risk group displayed discouraging responses to immunotherapy, whereas the low-risk patients showed the opposite (Figure 6E, Supplementary Figure 3B). Although the exploration and analysis of the relationship between risk score and clinical efficacy did not show a marked difference, they still displayed a trend of poor responses in high-risk cases (Supplementary Figures 3C, E). Intriguingly, in comparison with the high-risk group, the elevated expression of the PD-L1 gene as a pivotal target for immunotherapy was observed in the low-risk group, possibly contributing to favorable responses to anti-PD-1/L1 therapy (Supplementary Figures 3D, F).



Independence evaluation of risk score model

A total of 934 BC samples with detailed clinical features were obtained from TCGA and summarized in Table 2. A univariate Cox regression model was performed to seek the prognostic connection between OS time for BC cases and several special characteristics, including age, clinical stage, T classification, N classification, molecular subtype, TP53 condition, and risk score. Among them, only 4 significant factors with a p-value <0.001 were closely related to OS and subsequently incorporated into the multivariate Cox analysis (Figures 8A, B). Collectively, the result in Figures 8C–E underlined the stronger role of risk score based on our model as an independent prognostic factor for BC patients.


Table 2 | Baseline characteristics of breast cancer cases in TCGA cohort.






Figure 8 | Independence evaluation of the prognostic risk model. Univariate (A) and multivariate (B) analyses of traditional clinical features and the prognostic risk model. (C) ROC curves indicating the sensitivity and specificity of predicting 3-year survival with traditional clinical features and the prognostic risk model in TCGA cohort. (D) Decision curves for traditional clinical features and the prognostic risk model to predict 3-year survival probability. (E) Alluvial diagram showing the changes of TP53 condition, molecular clusters, risk group, and survival status. (F) Kaplan–Meier survival analysis of high- and low-risk groups in the <65 years, Luminal B, N1–3, stage III–IV, TP53 mutant, and wild-type subgroups. ROC, receiver operating characteristic; TCGA, The Cancer Genome Atlas.



To further evaluate the predictive sensitivity of the risk score in distinct stratified subgroups, the differences in OS between the high- and low-risk subgroups were compared by using the Kaplan–Meier survival analysis in TCGA cohort. In most subgroups, it was well demonstrated that BC cases with high-risk scores were linked to worse prognosis, especially in the <65 years, Luminal A, Luminal B, T3–4, N1–3, stage III–IV, and TP53 wild-type subgroups (Figure 8F).

The following analyses were also presented for the correlation between risk scores and various clinicopathological features (Supplementary Figure 4). As a result, patients in the TP53 mutant subgroup were indicative of a higher risk score in comparison to those without mutated TP53, which reflected poorer survival outcomes as well. In terms of molecular subtype, patients with basal-like subtype and her2-enriched subtype were close related to high-risk scores. Moreover, we found that several known risk factors, such as larger tumor size, lymph node metastasis, and advanced clinical stage, were accompanied by superior risk scores.




Discussion

Considering the high heterogeneity of BC, clinicians are confronted with great challenges in the improvement of the survival rate for BC patients who exhibit poor responses to treatment (11, 42). With the advances in medicine, multiple novel approaches have emerged as indispensable tools in patient classification, disease status monitoring, and personalized treatment regimens, including molecular biomarkers, prognosis, and diagnostic gene signatures (43, 44). Therefore, it is necessary to explore the promising genetic signatures to better predict the prognosis of BC patients and assist in making individualized treatment options.

Currently, many researchers have proved that the status of TP53 gene is closely related to the prognosis of BC (45, 46), but it could not improve the prognostic accuracy in the absence of comprehensive bioinformatics and clinicopathological factors analysis. In this study, we are the first to identify a metabolic gene profile associated with TP53 mutations using a large cohort of TCGA BC patients and, further, reveal its underlying immunological and metabolic heterogeneity. Furthermore, a powerful TP53 mutation-related prognostic model was figured out via the LASSO regression methods and validated in two GEO datasets. Meanwhile, through various bioinformatics methods, we summarized that patients with different risk scores varied in the immune microenvironment, metabolic activities, and responses to immunotherapy, providing a guide for targeted metabolic therapy of BC. This is also a prognostic model that goes beyond traditional clinical features and a single gene to accurately identify those patients with poor survival and better guide clinical therapy.

Mutant TP53 has attracted much attention in tumorigenesis and development since its first description in 1989 (47). Clinically, patients with mutant TP53 have been associated with a discouraging prognosis in various cancers, but the results remain controversial (48). In a study of 859 BC patients, the researchers determined that patients with mutant TP53 had worse BC-specific and all-cause mortality than those with wild-type TP53, which is consistent with other studies (17–19). In our study, we finally illustrated no statistically significant difference in survival between the TP53 mutant and wild-type groups from TCGA cohort of 1,003 BC patients. Currently, many researchers have proved that the status of TP53 gene is closely related to the prognosis of BC (45, 46), but it could not improve prognostic accuracy in the absence of comprehensive bioinformatics and clinicopathological factors analysis. In this study, we are the first to identify a metabolic gene profile associated with TP53 mutations using a large cohort of TCGA BC patients and, further, reveal its underlying immunological and metabolic heterogeneity. Furthermore, a powerful TP53 mutation-related prognostic model was figured out via the LASSO regression methods and validated in two GEO datasets. Meanwhile, through various bioinformatics methods, we summarized that patients with different risk scores varied in the immune microenvironment, metabolic activities, and responses to immunotherapy, providing a guide for targeted metabolic therapy of BC. This is also a prognostic model that goes beyond traditional clinical features and a single gene to accurately identify those patients with poor survival and better guide clinical therapy. In this regard, it may be caused by differences in clinical characteristics or treatment options that affect prognostic determinations. Of note, a large study of the METABRIC dataset (n = 1,979) elucidated the clear relationship between TP53 mutation status and survival in different therapy regimens. Consequently, in patients treated with hormone replacement therapy (HRT) only, those without TP53 mutation had a survival advantage. Conversely, the TP53 mutant patients obtained a superior rate of pathologic complete response (pCR) when chemotherapy was only administrated (45, 49, 50). In brief, the profound impact of TP53 on the prognosis of BC is indisputable.

Accumulating evidence suggests that TP53 gene is essential for cancer initiation and progression by reprogramming cancer cell metabolism in addition to p53-mediated classical regulatory mechanisms (51). In our research, we identified 92 metabolic genes related to TP53 mutation, and results of KEGG analysis showed that mutated TP53 principally participated in glycolysis/gluconeogenesis, tryptophan metabolism, glutathione metabolism, glycosphingolipid biosynthesis, and purine metabolism, which may promote tumor progression via meeting increased demands for energy, biomass, and nutrients. Some mechanistic research revealing detailed mutant p53-mediated metabolic regulatory pathways has been reported. A study in 2013 demonstrated that mutated p53 protein assisted GLUT1 transport to the plasma membrane and enhanced glycolysis and tumorigenesis via a RhoA/ROCK/GLUT1 signaling pathway (52). Additionally, it has been revealed that mutated p53 tended to bind with the AMP-activated protein kinase (AMPK) α subunit and then restrained its activation, resulting in increased lipid production and tumor growth in the head and neck cancer cells (53). Although there are more and more in-depth mechanistic studies mentioned above, which provide a theoretical basis for targeted metabolic therapy, metabolic flexibility that enables cancer cells to adapt to the microenvironmental perturbations and metabolic heterogeneity are regarded as critical barriers to targeting cancer metabolic profiles (54, 55). Our subsequent research results referring to TP53 mutation-related metabolic gene profiles showed that enrichment of metabolic pathways varied in three clusters, which embodied metabolic heterogeneity. Cluster A was enriched in fatty acid metabolism and tyrosine metabolism, but it had the worst prognosis among the three clusters. This can be explained by some standpoints in several studies that aberrantly activated fatty acid metabolism, including synthesis, lengthening, and desaturation can facilitate tumor proliferation (56, 57). However, our findings indicated that Cluster A was expected to benefit from targeted therapy of fatty acid metabolism.

Using TCGA cohort data as a training set, we constructed a prognostic risk scoring model based on 9 metabolic genes associated with TP53 to quantitatively score the risk of an individual BC patient, so as to improve individualized cancer treatment and monitoring. GEO data of 415 BC cases were used as a validation set, which well verified the good accuracy of our model. We then used the median risk score to classify patients into the high- and low-risk groups. It has been revealed that various metabolic mechanisms have an intricate relationship with the behavior of immune cells and antitumor immune response and are involved in the process of tumor genesis and development (58). Therefore, we sought to uncover the distinct immunological landscape and heterogeneity of metabolic profiles between the high- and low-risk groups. First, our results showed that compared with the high-risk prognosis group, higher abundance of most immune cells, whether immunosuppressive cells (such as Tregs, tumor-associated macrophages (TAMs), and myeloid-derived suppressor cells (MDSCs)) or immune effector cells, was observed in the low-risk prognosis group, highlighting the existence of a complex internal immune microenvironment. Further studies indicated that IFN-γ signaling was dominant in the low-risk group, with high M1/M2 macrophage polarization and strong CD8 signaling. Meanwhile, CD8+ T cell was accepted as a crucial determinant of favorable clinical prognosis in patients with BC (59). Of interest, our study found that cases in the low-risk prognosis group had elevated expression of PD-L1, CTLA4, HAVCR2, and TIGIT and were more sensitive to anti-PD1 treatment than those with high-risk scores. Taken together, these results suggest that good outcomes in the low-risk group may be associated with immune effector cell-dominated antitumor immunity and those patients may benefit from immunotherapy. For metabolic activities, significant enrichment of lipid-related metabolism was found in the low-risk group, with compelling evidence from other literature showing abnormally activated lipid metabolism in BC. Previous studies have demonstrated that JAK/STAT signaling pathway is closely related to BC stem cells and chemotherapy resistance, mainly by inhibiting fatty acid β-oxidation (FAO) (60). Moreover, arachidonic acid is an important component of phospholipids in cell membranes, and its metabolism is critical for the migration of BC cells induced by oleic acid (61). At present, metabolic-targeting therapy strategies have been put into practice, with many drugs targeting metabolic enzymes in clinical trials, so our results provide a precise direction on lipid metabolism for BC. It is interesting to note that other literature has reported that activated T cells can upregulate lipid synthesis and cholesterol uptake to reprogram lipid metabolism (61, 62). Thus, we hypothesized that the complicated pattern of immunometabolic intermodulation played an irreplaceable role in BC survival.

According to the Cox proportional hazards model, univariate and multivariate analyses were utilized to identify clinical stage and risk sore as independent prognostic factors for BC survivors. This result also indicates that the excellent prognostic ability of our risk scoring model for BC is comparable to the clinical stage and even better than age and molecular subtypes. In terms of predicting the 3-year survival of BC patients, ROC curve results intuitively suggested that our model had higher accuracy than traditional clinical features. Subsequently, we performed decision curve analysis (DCA) to show the superior clinical utility of the risk model, which was supported by our discovery that our model can be widely applied to different clinical subgroups.

Certainly, there are some shortcomings that arise in the present study. First, the data of our study cohort are all obtained from public databases, which may be incapable of representing the entire population of BC patients due to large heterogeneity. Another limitation is that our study could not thoroughly explore the relationship between the TP53 condition and different treatment options for BC survivors because of incomplete data on treatment regimens. Finally, our nomogram and risk scoring system are limited by the retrospective nature of data collection, so it is necessary to develop further prospective studies to validate our findings.

In conclusion, we identified 24 metabolic genes associated with TP53 mutations and defined them as metabolic gene profiles, which are conducive to a deeper understanding of metabolic pathway changes caused by TP53 mutations and provide therapeutic targets for targeted metabolic pathways for BC patients with TP3 mutations. Second, five risk metabolism genes (CA9, CHAC1, FUT3, MTHFD1L, and PLCH1) were found to confer potential for targeted therapy. In addition, the risk score model based on TP53-related metabolic genes was constructed and verified for the first time, providing a new prediction method for the prognosis of BC and contributing to the clinical decision making and dynamic monitoring of individuals.
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The tumor microenvironment (TME) has become a major research focus in recent years. The TME differs from the normal extracellular environment in parameters such as nutrient supply, pH value, oxygen content, and metabolite abundance. Such changes may promote the initiation, growth, invasion, and metastasis of tumor cells, in addition to causing the malfunction of tumor-infiltrating immunocytes. As the neoplasm develops and nutrients become scarce, tumor cells transform their metabolic patterns by reprogramming glucose, lipid, and amino acid metabolism in response to various environmental stressors. Research on carcinoma metabolism reprogramming suggests that like tumor cells, immunocytes also switch their metabolic pathways, named “immunometabolism”, a phenomenon that has drawn increasing attention in the academic community. In this review, we focus on the recent progress in the study of lipid metabolism reprogramming in immunocytes within the TME and highlight the potential target molecules, pathways, and genes implicated. In addition, we discuss hypoxia, one of the vital altered components of the TME that partially contribute to the initiation of abnormal lipid metabolism in immune cells. Finally, we present the current immunotherapies that orchestrate a potent antitumor immune response by mediating the lipid metabolism of immunocytes, highlight the lipid metabolism reprogramming capacity of various immunocytes in the TME, and propose promising new strategies for use in cancer therapy.
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1 Introduction

Worldwide, an estimated 19.3 million new cancer cases (18.1 million excluding non-melanoma skin cancer) and almost 10.0 million cancer deaths (9.9 million excluding non-melanoma skin cancer) occurred in 2020. The global cancer burden is expected to be 28.4 million cases in 2040, a 47% rise from 2020, with a larger increase in transitioning (64% to 95%) versus transitioned (32% to 56%) countries due to demographic changes, although this may be further exacerbated by increasing risk factors associated with globalization and a growing economy (1). Hence, finding a valid and highly effective therapeutic method for cancer is the primary task for the contemporary medical community.

The tumor microenvironment (TME) has gained recent attention in the field of cancer research, as a complex localized tissue state that comprises various cellular and non-cellular components and soluble molecules (2). Although various diverging neoplasms have been described, the TME is generally characterized by hypoxia, low nutrient levels, and a low pH (3); such changes have been shown to play significant roles in carcinogenesis and tumor progression. Mounting evidence has shown that the TME is correlated with tumor initiation, progression, invasion, metastasis, tumor recurrence, and immune evasion (4). The uncontrolled proliferation of tumor cells depletes blood nutrient and oxygen stores. Such resources are required by the surrounding cells for their normal activity. Additionally, tumor cells also secrete specific effector mediators that construct suitable conditions for their survival.

Immunocytes are pivotal regulators of tumor activity; thus, their normal function directly affects cancer prognosis. The maintenance of normal metabolism is of utmost importance to immunocytes, as their activation, differentiation, and function are dependent on a constant energy supply and metabolic transformation (5). However, due to changes in the availability of fuel and other resources within the TME, immunocytes undergo metabolic pattern alterations that have a profound influence on their immune function. Mounting evidence suggests that immunocytes within the TME exist in an altered metabolic state to survive in such a tough environment (6–8).

Lipids play critical roles in cell function. In addition to being used as an alternative fuel source and resolving energy shortages for cells residing in the TME, lipids also participate in the synthesis of biological membranes, provide substrates for biomass production, and activate complex signaling pathways related to the normal cellular activity (9). Therefore, it is inevitable that cellular function becomes impaired due to aberrant lipid metabolisms, such as the change in cytoplasmic lipid content, fatty acid (FA) oxidation (FAO) and FA synthesis (FAS) levels, and patterns of cholesterol, phospholipid, and lipid droplet (LD) metabolism. The altered lipid metabolism of immunocytes within the TME has raised concerns among the scientific community. Furthermore, a recent study has reported that lipid metabolic alterations in immune cells were commonly associated with the TME and immune dysfunction (6).

The purpose of this review is to provide an overview of recent research progress in the study of lipid metabolism reprogramming of immunocytes within the TME. Specifically, we discuss topics such as the potential markers that may predict the prognosis of patients with cancers and the influence of hypoxia, an oncogenic factor, contributing to the phenomenon of lipid metabolism transition in immunocytes within the TME. The field of cancer immunotherapy has experienced a period of rapid development, with encouraging clinical results and prolonged patient survival, compared with conventional treatment approaches (10). Encouragingly, some forms of immunotherapy have successfully enhanced the antitumor potency of immune cells by regulating their lipid metabolism. These findings support our viewpoint that modulating lipid metabolism in immunocytes is crucial for tumor eradication. Herein, we provide prospective therapeutic strategies by aiming at changes in immunocyte lipid metabolism, which occur as a result of the TME.



2 Lipid metabolism reprogramming of various immunocytes in the tumor microenvironment and the associated targets and pathways

The TME is a flexible tissue state comprising a heterogeneous cell population and non-cellular components. TME-associated cell types include precancerous and cancerous cells; more specifically, stromal cells such as epithelial cells, fibroblasts, endothelial cells, and hematopoietically derived immune cells (11). The TME is enriched for the following types of immunocytes: macrophages, T lymphocytes, dendritic cells (DCs), natural killer (NK) cells, myeloid-derived suppressor cells (MDSCs), and neutrophils, among others. Due to the harsh conditions within the TME, these immunocytes are forced to transform their normal metabolic states (regardless of whether they reside within or are recruited to the tumor tissue) to adapt and survive, a process called metabolic reprogramming. Metabolic reprogramming is known to occur in cancer cells and has been suggested as a major sign of cancer progression. In contrast, the metabolic reprogramming of immune cells in the TME has only been recently observed. In the past decade, immunometabolism has progressively become a vibrant area of immunology because of its importance in immunotherapy (12). Nonetheless, we are still some distance from understanding the underlying mechanisms of metabolic changes affecting immunocytes residing in the TME.

In general, lipid metabolism involves three major steps: 1) FAS and FAO, 2) steroid metabolism, and 3) compound lipid metabolism. Ever-increasing evidence has shown that the lipid metabolism of tumor-infiltrating immune cells is associated with an immunosuppressive TME and tumor progression (13). We therefore dedicate the following sections of the review to describing the latest research on the signaling axes, proteins, and genes that are associated with lipid metabolism alterations in each type of tumor-infiltrating immunocyte within the TME. Furthermore, we also summarize potential therapeutic targets that are worthy to be considered in this context (Figure 1).




Figure 1 | Pathways associated with reprogrammed lipid metabolism of infiltrating immunocytes in the TME. TME, tumor microenvironment.




2.1 Macrophages in the tumor microenvironment

Macrophages carry out multiple critical innate immunity functions. They are essential in immune defense, the inflammatory response, tissue remodeling, and homeostasis. Each of these processes is orchestrated by different macrophage subsets, which display remarkable heterogeneity (14). Macrophages have considerable plasticity and can adopt different activation states in response to changes in their tissue microenvironment (15, 16). They differentiate into distinct phenotypes following stimulation with various factors. These phenotypes exhibit different characteristics and biological functions, thus exerting different regulatory functions for physiological and pathological activities in the body, a phenomenon known as the “polarizing effect” (16). Typically, polarized macrophages could be divided into the classically activated M1 and the alternatively activated M2 phenotypes (17). M1 macrophages are predominantly responsible for antigen presentation, pro-inflammatory, scavenger, and antitumor effects, while M2 macrophages have the biological capacity to inhibit inflammation, promote tissue remodeling, and prevent parasitic infection. In addition, the M2 subtype is implicated in angiogenesis, immune regulation, and tumor progression (18).

Tumor-associated macrophages (TAMs) exhibit significant immunosuppressive effects and belong predominantly to the M2 phenotype of macrophages. M2 executes the pro-tumoral function by promoting tumor growth, immune evasion, angiogenesis, invasion, and metastasis (19, 20). The peroxisome proliferator-activated receptor (PPAR) pathway is a well-known signaling pathway involved in FA metabolism (21). Wu et al. reported that the receptor-interacting protein kinase 3 (RIPK3), a central factor in necroptosis, was downregulated in hepatocellular carcinoma (HCC)-associated macrophages. This increased the accumulation and polarization of M2 TAMs by significantly inhibiting caspase1-mediated cleavage of PPAR and facilitating FA metabolism (e.g., via FAO), ultimately leading to accelerated HCC growth (22). Zhang et al. utilized an in vitro model to mimic the TAM–HCC interaction in the TME. They found that M2 monocyte-derived macrophages (MDMs) promoted HCC cell migration in an FAO-dependent manner by enhancing interleukin (IL)-1β secretion (23). Sterol regulatory element-binding proteins (SREBPs), a family of membrane-bound transcription factors located in the endoplasmic reticulum (ER), play a central role in regulating lipid metabolism. Liu et al. reported that regulatory T cells (Tregs) suppressed the secretion of interferon (IFN)-γ by CD8+ T cells, which would otherwise block the activation of SREBP1-mediated FAS in M2 TAMs. Moreover, SREBP1 inhibition augmented the efficacy of immune checkpoint blockade, suggesting that the combination of targeting Tregs and the lipid metabolism of M2 TAMs could improve the efficacy of cancer immunotherapy (24). Another study revealed that the activity of the mammalian target of rapamycin (mTOR) pathway was elevated in TAMs. Enhanced mTORC1 signaling caused an increase in lipid synthesis within these TAMs (25); the underlying mechanisms, however, require further exploration.

In addition, several studies have shown that the cellular accumulation of lipids was crucial for regulating the function of TAMs. TAMs stimulated and isolated from different mouse tumor models exhibited a reduction in monoacylglycerol lipase (MGLL) expression. Meanwhile, macrophages derived from a transgenic mouse model exhibiting MGLL overexpression were shown to accumulate lipids, and such macrophages preferentially polarized into the M1 phenotype in response to cancer-specific stimuli. Conversely, downregulated MGLL contributed to the functional suppression of CD8+ T cells associated with tumor progression. Thereby, the TAM phenotype required a reduction in MGLL expression to stabilize and display immunosuppressive and pro-tumoral functions. Hence, targeting MGLL could be exploited for the treatment of cancer (26). Of note, another study showed that the enrichment of long-chain (LC) omega-3 (ω-3) FAs inhibited the polarization and secretory function of M2 macrophages in a murine prostate tumor model (27, 28). We may therefore hypothesize that the uptake of diverse FA types could give rise to distinct forms of downstream metabolic activity, each exerting different effects on the tumor immune response of macrophages. Moreover, the enzyme-instructed self-assembly of phosphotyrosine-cholesterol was shown to re-educate pro-tumor macrophages into an antitumor phenotype. This phenotype change was achieved by inducing reactive oxygen species (ROS) production and disrupting macrophage-associated filaments, thus inhibiting ovarian cancer progression (29). These findings collectively imply that the underlying mechanism of cholesterol remodeling shapes macrophage effector functions.



2.2 T cells in the tumor microenvironment

T cells are predominantly categorized into CD4+ and CD8+ T-cell subsets; both have crucial functions in the eradication of tumors and pathogens (30). However, the TME has been shown to suppress T-cell function and even remodel their metabolism, resulting in the dysfunction of immune surveillance and the immune evasion of tumor cells (31). CD8+ T cells are the most important T-cell subset in the adaptive immune response against tumors. Compared to normal tissues, tumors contain a lower density of CD8+ T cells and a reduced CD8+ T cell to Treg ratio; these phenomena are associated with poor cancer prognosis (32). CD4+ T cells predominantly differentiate into T helper (Th)1 and Th2 cell subtypes. Th1 cells improve the killing activity of CD8+ “killer” T cells as well as macrophages, while Th2 cells promote the activation and differentiation of B cells. Thus, the role of CD4+ T cells is to influence other immunocytes and their effector functions to prevent infection and tumor growth (11). Aside from the classic T-cell subtypes, other rare T cells also contribute to human immune system homeostasis, including natural killer T cells (NKTs), Tregs, Th9, Th17, Th22, and T follicular helper (Tfh) cells. We will now in turn discuss the lipid metabolism reprogramming capacity of some of these cells within the TME.


2.2.1 CD8+ T cells in the tumor microenvironment

CD8+ T cells are considered the most important executors of antitumor immunity. Lipids are the essential materials for cell bioactivity, and their depletion in CD8+ T cells inhibits cell proliferation and signal transduction. However, this does not mean that excessive lipid production would lead to better cell function. Unraveling the role of lipids in CD8+ T cells may be beneficial to furthering our understanding of T-cell function.

Raised FA concentrations in the TME have been shown to activate PPAR-α signaling, which had an essential role in facilitating lipid metabolism and preserving the effector functions of CD8+ T cells (33). Nanomedicine, which involves the encapsulation of anti-cancer chemicals and biological tumor necrosis factors (TNFs) in nanoparticles, represents a new form of tumor therapy (34). Kim et al. generated a fenofibrate-encapsulating nanoparticle (F/ANs), the surface of which was modified with an anti-CD3e f(ab′)2 fragment, thus yielding aCD3/F/ANs. PPAR-α and downstream FA metabolism-related genes were overexpressed in aCD3/F/AN-treated T cells. These overexpressed genes resulted in the increased proliferation, killing potency, and infiltration of CD8+ T cells in a glucose-deficient environment mimicking the TME (35). This finding, as a new modality of immune metabolic therapy, highlights the potential of nanotechnology to modulate the reprogramming of lipid metabolism and the value of targeting the PPAR pathway in CD8+ T cells. In addition, Chowdhury et al. proved that potentiated FAO levels could also enhance the antitumor activity of CD8+ T cells in conjunction with anti-programmed cell death protein 1 (PD-1) antibody treatment (36).

However, there is evidence to suggest that lipid accumulation in CD8+ T cells contributes to their immune dysfunction. Cluster of differentiation 36 (CD36), also named FA translocase (FAT), is an integral transmembrane glycoprotein expressed in various tissues, which is involved in the high-affinity uptake of long-chain FAs (LCFAs). Increasing evidence has shown that the abnormal expression of CD36 in immunocytes may be involved in tumor-associated processes, such as tumor angiogenesis and tumor immune evasion (33). CD36 mediates the uptake of FAs by CD8+ tumor-infiltrating T cells and is also implicated in lipid peroxidation and ferroptosis. In the TME, these phenomena are induced by cholesterol and have been shown to decrease cytotoxic cytokine production by CD8+ T cells with their overall antitumor capacity impairment (37). Xu et al. found the emergence of lipoproteins accumulation in CD8+ tumor-infiltrating lymphocytes (TILs) within the TME. This was also associated with the increased expression of CD36. In accordance with previous findings, the authors proved that CD36 expression was also correlated with progressive T-cell dysfunction. Mechanistically, CD36 promoted the uptake of oxidized low-density lipoprotein (OxLDL) into T cells and concurrently induced lipid peroxidation and activation of the p38 kinase. Consequently, the inhibition of p38 and resolution of lipid peroxidation restored CD8+ TIL functionality. Thus, the OxLDL/CD36/p38 axis promoted intratumoral CD8+ T-cell dysfunction in the context of melanoma/colorectal carcinoma (38) and may also serve as a therapeutic target in other tumors.

Senescent T cells exhibit active glucose metabolism but have an imbalance in their lipid metabolism. Tumor cells and Tregs have been shown to drive the expression of group IVA phospholipase A2 (IVA-PLA2). Such increment was responsible for the altered lipid metabolism and the induction of senescence observed in CD8+ T cells. Inhibition of IVA-PLA2 reprogrammed the lipid metabolism of effector CD8+ T cells, prevented CD8+ T cell senescence in vitro, and enhanced antitumor immunity and immunotherapy efficacy (in mouse models of melanoma and breast cancer in vivo) (39).

In addition, some studies reported that the fluctuation in cholesterol levels had a key role in regulating the immune function of CD8+ T cells. Ma et al. found that when cholesterol accumulated in the cytoplasm of CD8+ T cells, it induced the overexpression of inhibitory checkpoints [PD-1, TIM-3, and lymphocyte activation gene 3 (LAG-3)] in an ER-stress-X-box binding protein 1 (XBP1)-dependent manner, leading to the functional depletion of CD8+ T cells. In contrast, lowering cholesterol levels or ER stress could enhance the antitumor function of CD8+ T cells (40). Tc9 cells (IL-9-producing CD8+ T cells) exhibit stronger antitumor potency compared to conventional CD8+ T cells. These cells were shown low levels of PPAR-α/retinoid X receptor (RXR)α, accompanied by a lower expression of the cholesterol synthesis enzymes (HMGCR and SQLE), and a higher expression of the cholesterol efflux enzymes (ABCA and ABCG1). Moreover, the addition of cholesterol-derived oxysterols inhibited IL-9 expression, induced the apoptosis of Tc9 cells, and resulted in their impaired antitumor activity (41). Nevertheless, Yang et al. pointed out that raising cholesterol levels by blocking cholesterol esterification with ACAT1/2 inhibitors facilitated the migration of T-cell receptor (TCR) microclusters to the immunological synapse center (42). The outcome was an increase in the number and activity of anti-melanoma CD8+ T cells, as demonstrated both in vitro and in vivo. These findings highlight the conflicting roles of cholesterol in the regulation of immunocyte function, the intricacies of which require further investigation.



2.2.2 Tregs in the tumor microenvironment

Tregs contribute to immune homeostasis and are essential for orchestrating immune tolerance and the prevention of autoimmune diseases. However, Tregs tend to suppress the antitumor immune response as well as the proliferation of other antitumor immunocytes, such as CD8+ T cells and NK cells. Tregs also exert a pro-tumor effect by secreting anti-inflammatory factors like IL-10 and tumor growth factor (TGF)-β, while inhibiting the production of pro-inflammatory cytokines by other immune cells. Thus, Tregs act as negative immune regulators of the antitumor response and promote tumor immune escape and TME maintenance (43).

Xu et al. reported that the Treg-specific ablation of the glutathione peroxidase 4 (GPX4) enzyme repressed melanoma growth and concomitantly promoted antitumor immunity. The mechanism involved in the excessive accumulation of lipid peroxides and ferroptosis in Tregs upon TCR/CD28 co-stimulation (44). FAS mediated by FA synthase (FASN) contributes to the functional maturation of Tregs, with FAO supplying a key energy source for Tregs infiltrating the TME; these features could partly explain why Tregs normally perform their immunosuppressive role in such a glucose-deficient microenvironment (45, 46). CD36 also plays a critical role in Tregs. Wang et al. demonstrated how CD36 depletion decreased the uptake of lipids by Tregs leading to tumor growth deceleration in a melanoma model (33). The authors also observed synergistic effects between the anti-CD36 and anti-PD-1 antitumor therapy. This study indicates that CD36 blockade may represent a powerful enhancer of current immunotherapies by targeting the lipid metabolism of Tregs. Furthermore, another study reported that HCC-associated Tregs expressed PD-1, which promoted the FAO of endogenous lipids by increasing carnitine palmitoyltransferase 1A (CPT1A) protein expression and inducing lipolysis; however, the detailed mechanism has not yet been delineated (47).

Fatty acid-binding proteins (FABPs) are a family of lipid chaperones required for lipid uptake and intracellular lipid trafficking. One of the FABP family members, FABP5, promotes FA absorption from the microenvironment, and FA transportation to specific cellular compartments has been shown to be highly expressed in Tregs. Field et al. showed that in Tregs, the genetic or pharmacologic inhibition of FABP5 function caused mitochondrial changes that were underscored by decreased oxidative phosphorylation (OXPHOS). Consequently, lipid metabolism was impaired, leading to the loss of cristae structure. Interestingly, although FABP5 inhibition in Tregs triggered mitochondrial (mt)DNA release and consequent cGAS-STING-dependent type-I IFN signaling, these changes induced the production of IL-10 by Tregs and promoted their suppressive activity in a murine lymphoma model (48). However, whether long-term mitochondrial alterations mediated by the depletion of FABP5 could lead to increased Treg death remains unknown.

Lim et al. demonstrated that the activity of SREBPs was upregulated in tumor-infiltrating Tregs (49). Inhibiting lipid synthesis and metabolic signaling by targeting SREBPs in the Tregs effectively activated the antitumor immune response without eliciting autoimmune toxicity in the context of melanoma. In addition, SREBP-cleavage-activating protein (SCAP), a downstream target responsible for regulating SREBP activity in Tregs, was identified. The authors demonstrated that the inhibition of the SREBP–SCAP axis attenuated tumor growth and boosted immunotherapy in combination with PD-1 targeting. Moreover, they further showed that Tregs present in the TME exhibited upregulated PD-1 gene expression dependent on SREBP activity and mevalonate metabolism signaling (which led to protein geranylgeranylation), thus identifying a new target for cancer therapy. Similarly, Pacella et al. confirmed that the activation of SREBP promoted lipid synthesis and in turn supported the local proliferation of OX40+ Tregs in the TME in a mouse colon carcinoma model and samples from patients with liver cancer (46). OX40, also known as TNF receptor superfamily member 4 (TNFRSF4) and CD134, shapes the lipid composition of Tregs and promotes the proliferation of OX40+ Tregs in the TME by inducing FAS and glycolysis.

Regulatory-associated protein of mammalian target of rapamycin (Raptor)/mTORC1 signaling is essential for the suppressive activity of Tregs by promoting cholesterol biosynthesis and lipid metabolism. During the activation of this pathway, mevalonate signaling (which is downstream of the mTOR pathway) is particularly important for the proliferation of Tregs and the upregulation of the suppressive molecules cytotoxic T lymphocyte antigen-4 (CTLA-4) and ICOS to establish Treg functional competency (50). In addition, after selectively deleting ABCG1 in the Tregs of LDL receptor-deficient mice, Cheng et al. observed a 30% increase in Tregs exhibiting intracellular cholesterol accumulation and downregulation of the mTOR pathway, which was responsible for the differentiation of naive CD4+ T cells into Tregs. The increased number of Tregs resulted in reduced antitumor T-cell activation and increased IL-10 production, indicating that ABCG1 regulated T-cell differentiation into Tregs (51).



2.2.3 Other T-cell subtypes in the tumor microenvironment

Th2 cells, a subset of CD4+ T cells, are significantly involved in the clearance of extracellular parasites as well as asthma and other allergic reactions. Th2 cells have been reported to possess a double-edged effect (52, 53) that depends on the specific kind and stage of the tumor. Moreover, it is conventionally assumed that Th2 cells exhibit tumor-promoting function (53). Of note, PPAR-γ controls the expression of genes associated with lipid metabolism, and it is of tremendous importance for the activation and immune function execution of Th2 cells (52), whereas there is little evidence to prove that this molecule could be influenced by Th2 cells within the TME.

Studies implied the vital role of lipid in the functional maturation of Th17 cells (54). Th17 cells not only are correlated with autoimmune diseases but also play paramount roles against pathogens as well as tumor cells (55). In terms of Th17 cells, they have been proved to fluctuate their number in distinct tumor types. However, its precise mechanism, for instance, how to affect cancers, has not been cleared yet, and it is even contradictory to their immune role referring to a recent concept (55, 56). CD5L (CD5 antigen-like protein) is a member of the scavenger receptor cysteine-rich superfamily involved in lipid metabolism. It exerts the function of inhibiting FASN and is indicated as a regulator for the pathogenicity related to Th17 cells. Such alterations by FASN inhibition may promote RORγt (a transcriptional factor) to bind to the anti-inflammatory genes (IL10) whereas preventing it from binding to the IL17a and IL23r loci (pro-inflammatory genes) in Th17 cells. These changes would eventually cause the pathogenicity of Th17 in the autoimmunity context (57). Nonetheless, the study involved in Th17 lipid metabolic alterations within the TME is in shortage; the exact roles of Th17 in specific tumor types and if the rewiring of lipid metabolism would remodel its immune response are still limited.

Th1 assists cytotoxic cells like NK cells, CTLs, and antigen-presenting cells (APCs) through direct touch or indirect signaling activation. Such effort devotes to elevated immune elimination of pathogens and destructive antitumor immune responses of these antitumor cells (58). Sphingolipids, including two central bioactive lipids, ceramide and sphingosine-1-phosphate (S1P), perform opposing roles in sustaining the survival of tumor cells. Accordingly, some studies implied ceramide acted as an antitumor role, whereas S1P behaved in a pro-tumor manner (59–61). Acid sphingomyelinase (ASM) is a lipid hydrolase enzyme converting sphingophospholipids to ceramides in lysosomes, and Bai et al. reported that elevated ASM bioactivity and ceramide production promoted naive CD4+ T cells differentiating into Th1. Moreover, ASM activity also contributed to the expansion of Th17 cells (62).

NKTs, a cluster of CD1d-restricted T cells participating in adaptive and innate immune together, are characterized by recognizing lipid antigens. Lipid metabolism acts as a significant regulator of the cytotoxicity of NKT cells. FAO is of vital importance in maintaining the biofunction of tumor-infiltrating invariant (i)NKTs. Stimulated human (i)NKTs cells utilize fatty acids as the substrates for oxidation more than stimulated conventional T cells, such as CD4+ and CD8+ T cells. In addition, (i)NKTs display a higher level of FAO and high expression of adenosine monophosphate-activated protein kinase (AMPK) pathway genes (63). Given the complex content in various TMEs, (i)NKTs could also be affected to exert their inherent antitumor function by the blockade of lipid metabolism. However, more evidence would be required to confirm this hypothesis. There is little research focusing on lipid metabolism reprogramming of helper T cells in the TME; perhaps it is noteworthy for us to pay attention to their immune metabolism pattern transition.




2.3 Dendritic cells in the tumor microenvironment

DCs are predominantly classified into three categories according to their expression of cell surface molecules and transcription factors: 1) conventional (c)DCs, which can be further subdivided into two subtypes, cDC1 and cDC2; 2) plasmacytoid (p)DCs; and 3) monocyte-derived (mo)DCs. DCs undertake the role of capturing antigens derived from pathogens or tumor cells. They then present the specific antigens to T cells for the activation of the adaptive immune response. Thus, DCs provide the crucial link between innate and adaptive immunity. In addition, DCs release cytokines to help immune effector cells to exert their antitumor effects.

A high lipid content promotes the accumulation of phospholipids and triacylglycerols but not cholesterol and cholesteryl esters in DCs. Intriguingly, these lipid-rich DCs exhibit higher levels of integrins, co-stimulatory molecules, glycoproteins, pro-inflammatory cytokines, and chemokines than DCs with a low lipid content (64, 65).

FAS is crucial for the maturation of DCs as well as their ability to express costimulatory molecules, undergo toll-like receptor (TLR)-mediated activation, and induce T-cell responses. However, the precise roles of FAS and FAO in regulating DC function await to be defined (66, 67). The activation of DCs depends on TLR signaling through which DCs potentiate their glycolysis to produce high levels of pyruvate. As the fuel of mitochondrial respiration, pyruvate is sequentially transformed into acetyl coenzyme A (acetyl-CoA), which is required for FAS and the normal immune function of DCs (66). Li et al. proposed that the uptake of HCC-derived alpha-fetoprotein (AFP) accounted for the reduced expression of CD1 on moDCs (68); this finding was consistent with the results of Santos and colleagues. Santos et al. found that during the early stages of DC maturation, HCC cells could secrete AFP to inhibit FAS and the mitochondrial metabolism of DCs (69). Mechanistically, AFP was shown to downregulate the expression of SREBP-1 and PPAR-γ co-activator-1α (PGC1-α) in DCs in vitro. Both SREBP-1 and PGC1-α functioned as regulatory molecules for FAS and mitochondrial metabolism, which were required by DCs for the execution of the antitumor response. These outcomes imply that the curtailed immune function of DCs could be partially attributed to FAS inhibition, thus providing new insights into DC-mediated cancer immunotherapy approaches.

Although the aforementioned research has highlighted the positive effect of high lipid concentrations and altered FA metabolism on DC function, these parameters have also been assigned contradictory roles in the reprogramming of DCs within the TME. These controversial conclusions remind us of the complex signaling networks implicated in the lipid metabolism of DCs. In addition, other potential factors such as the influence of tumor types, DC phenotypes, lipid species, and the interaction between DCs and the soluble components of the TME should also be considered.

Gao et al. reported how blocking FA uptake or impairing lipid synthesis in DCs within a radiation-induced thymic lymphoma model rescued the immunosuppressive state of the TME by improving the T cell-stimulating capacity of DCs (70). Accordingly, Jiang et al. showed that the degree of FASN expression in tumor-infiltrating DCs in ovarian cancer was associated with the advanced clinical phenotype (71). Consecutive activation of FASN in DCs increased lipid assembly, causing abnormal lipid synthesis and lipid accumulation within the cell. This abnormal state may be responsible for the defective ability of DCs to present antigens and activate the antitumor T cell-mediated immune response within the TME. Macrophage scavenger receptor 1 (MSR1) is expressed in DCs and is deemed to be a positive regulator of the immune response by modulating antigen cross-presentation. However, a study has shown that DCs in the TME (of murine colon carcinoma, melanoma, and lymphoma tumor models) increased their expression of MSR1. This gave rise to superfluous lipid uptake and lipid accumulation in these cells (72). The consequences were a reduction in the expression of costimulatory molecules on the DC surface, and in the DC-mediated cytokine production, which ultimately lowered activated T-cell activation. In addition, Yin et al. reported that inactive DCs in the TME were characterized by abnormal lipid accumulation in the cytoplasm (73). They found that tumor cells (murine breast cancer 4T1, cervical carcinoma TC-1, colon carcinoma MC38-OT I, and MC38 and melanoma B16/F10 cell lines) secreted tumor-derived exosomes (TDEs), which arose the PPAR-α-mediated reaction in DCs; in the meantime, PPAR-α also undertook the role of transporting TDEs into DCs. Since PPAR-α signaling acted as the mediator of lipid metabolism, Yin and colleagues in turn demonstrated that PPAR-α contributed to the excessive biogenesis of LDs and concomitantly enhanced FAO in DCs, culminating in DC dysfunction. Conversely, the genetic depletion or pharmacologic inhibition of PPAR-α effectively reversed the TDE-induced immune dysfunction of DC and enhanced the efficacy of immunotherapy. This work uncovered the role of TDE-mediated immune modulation and lipid metabolism in the reprogramming of DCs. Furthermore, it revealed PPAR-α as a stress-induced target, suggesting a novel mechanism by which tumor cells modulated immune cells. Zhao et al. demonstrated that the Wnt5a/β-catenin/PPAR-γ axis was abnormally activated in the context of melanoma (74). This axis was shown to induce FAO in DCs by upregulating the expression of CPT1A, an FA transporter. This in turn increased the levels of the protoporphyrin IX prosthetic group of iIDO (a tryptophan catabolic enzyme) and reduced the expression of IL-6 and IL-12, which normally promote the expansion of Tregs. Furthermore, inhibiting the Wnt5a/β-catenin/PPAR-γ axis not only decreased melanoma progression but also improved the efficacy of anti-PD-1 therapy.

Recently, the identification of certain lipid types (including modified species of lipids) has raised increasing concern due to their ability to cause DC dysfunction. In a study by Ramakrishnan et al., the accumulation of oxidized neutral lipids (e.g., triglycerides, cholesterol esters, and FAs) within DCs, triggered by tumor-derived factors (i.e., originating from the supernatant of EL-4 lymphoma, MC38 colon carcinoma, and CT-26 colon carcinoma cell lineages), was shown to retard the cross-presentation of exogenous antigens. Consequently, the expression of peptide (p)MHC class I complexes on DCs was reduced. Contrary to this phenomenon, the accumulation of non-oxidized lipids did not affect the cross-presentation ability of DCs (75).

There is growing evidence that prostaglandin (PG), the metabolite of arachidonic acid, plays a non-negligible role in the modulation of DC function. Gilardini Montani et al. predicted an increase in the mortality of pancreatic cancer patients following valproic acid (VPA) treatment, due to extensive ER stress and dysregulated choline metabolism in DCs (76). Intriguingly, their investigation of the detailed mechanism found elevated concentrations of prostaglandin E2 (PGE2) (released by VPA-treated cancer cells) in the cellular supernatant. DCs cultured in this supernatant consequently exhibited a lower allostimulatory capacity and an increased ability to release IL-10 and IL-8. These findings suggest that the secretion of PGE2 by the tumor transferred the stress of VPA treatment from the tumor cells to DCs. In agreement with this finding, Amberger et al. designed two new PGE1-containing protocols (Pici-PGE1, Kit M) to generate DC/leukemia-derived DC (DCleu) in vitro from leukemic peripheral blood mononuclear cells (PBMCs) or directly from leukemic whole blood (WB) (77). The results showed that PGE1-containing Kit M generated significantly higher amounts of mature DCs from not only leukemic but also healthy PBMCs. Furthermore, it was possible to directly produce DCs from leukemic and healthy WB without triggering their extensive proliferation. Also, compared to the PGE2-containing Kit K, Kit M exhibited higher DC numbers and increased anti-leukemic activity, demonstrating that different subtypes of PG may exert distinct effects on the antitumor process. Additionally, E6, one of the most important oncoproteins associated with human papillomavirus (HPV), was shown to regulate PGE2 synthesis and was associated with the overproduction of PGE2 in HPV-16-positive cervical lesions leading to the inhibition of DC migration (78).

LDs, also named lipid bodies (LBs) are an important cellular organelle involved in the regulation of cellular lipid metabolism by balancing lipid storage and degradation to maintain normal cellular activity. Several lines of evidence suggest that LD metabolic disorders participate in the dysfunction of the DC-mediated immune response. The autocrine secretion of TGF-β2 in the TME by mesothelioma has been shown to account for the abnormal LD accumulation in DCs (79). This suppressed the proliferative and migratory capacities of DCs, preventing their localization to the lymph node to induce CD8+ T-cell activation. Tumor-associated DCs (TADCs) with defective antigen cross-presentation ability have been observed in the TME. This defect was partly due to their inability to transport peptide-MHC class I (pMHCI) complexes to the cell surface. Remarkably, DCs in individuals with cancers have been shown to accumulate LBs containing oxidatively truncated (ox-tr) lipids (80). These specific ox-tr-LBs were found covalently bound to the chaperone heat shock protein 70 (Hsp70), thus preventing the translocation of pMHCI to the cell surface. This important research revealed that the species of lipids incorporated into the LBs could determine the role of LBs in the regulation of DC function.

Apart from LDs, lipoprotein metabolism also impacts DC function. Immature moDCs were shown to display notably increased NADPH-oxidase-driven H2O2-production and LDL uptake (81). These features contributed to the immunosuppressive function of immature moDCs, whereas blocking LDL uptake restored their maturation capacity and attenuated their immunosuppressive properties. Hence, regulating the uptake of LDL may be a potential strategy for modulating the immune function of DCs. However, further research is required to support this hypothesis.



2.4 Myeloid-derived suppressor cells in the tumor microenvironment

MDSCs are a differentiated type of myeloid cells that can be divided into three major subpopulations in humans: monocytic (M)-MDSCs (CD14+CD15−HLA-DRlo/− cells), polymorphonuclear (PMN)-MDSCs (CD11b+CD14−CD15+CD66b+ low-density cells), and early-MDSCs (Lin−CD11b+CD34+CD33+CD117+HLA-DRlo/− cells) (82). MDSCs have been found in association with various human cancer tissues, where they can act as an independent prognostic factor for the overall survival rate (83). MDSCs usually play an immunosuppressive role in the anti-cancer immune response and support tumor progression and metastasis (84). Therefore, there is an essential need for understanding MDSC function in cancer pathogenesis, with the aim of designing appropriate therapeutic targets or disease markers. Here, we summarize recent research relating to abnormal lipid metabolism in MDSCs.

Cancer-associated MDSCs typically switch their main source of energy from glycolysis to FAO. This metabolic reprogramming is more readily observed in tumor-infiltrating MDSCs, and features increased CD36-mediated FA uptake and higher expression of key enzymes (e.g., CPT1a, medium-chain acyl-CoA dehydrogenase (ACADM), peroxisome proliferator-activated receptor gamma co-activator 1-β (PGC1-β), and 3-hydroxyacyl-CoA dehydrogenase (HADHA)). As a result, the rate of FAO is upregulated, leading to the increased production of immunosuppressive mediators, such as arginase 1 (ARG1) and the cytokines (granulocyte colony-stimulating factor (G-CSF), granulocyte-macrophage colony-stimulating factor (GM-CSF), IL-1β, IL-6, and IL-10) required for the proliferation of MDSCs (85).

In addition to the production of cytokines by MDSCs themselves, the paracrine production of cancer cell-derived G-CSF and GM-CSF also act on the STAT3/5 pathway of tumor-infiltrating MDSCs within the TME. As the downstream target, CD36 was shown to be sequentially upregulated and enhance the uptake of exogenous FAs, thus contributing to the immunosuppressive function of MDSCs (86). Consistently, FATP2 was reported to be exclusively upregulated in the PMN-MDSCs of mice and humans. Meanwhile, the overexpression of FATP2 was proven to be associated with GM-CSF/STAT5 pathway activation. In addition, the absorption of arachidonic acid and the synthesis of its metabolite, PGE2, were implied as being the key players in the FATP2-associated immunosuppressive activity of MDSCs. Conversely, the deletion of FATP2 abolished the suppressive function of MDSCs and even blocked tumor progression in mouse models (EL4 lymphoma, Lewis lung carcinoma, and CT26 colon carcinoma, as well as in a genetically engineered model of pancreatic cancer), when used in combination with immune checkpoint inhibitors (87).

Of note, two soluble mediators, IFN-γ and TNF-α, which are thought to exert pro-inflammatory and antitumor effects, were shown to contribute to the induction of COX2. COX2, as a key enzyme required for PGE2 synthesis, is responsible for the hyperactivation of MDSCs within the TME of patients with ovarian cancer (88). However, this phenomenon was not deemed to implicate either of these factors alone. These findings highlight the overarching role of cytokines in the switching of lipid metabolism, meaning that an approach that targets specific cytokines and their downstream effector molecules could represent a promising therapeutic strategy.

Prior research has implied the potential link between certain cytokines and PGE2 in MDSCs, while other studies underscored the important immune regulatory function of PGE2 via another MDSC-relevant axis. The PGE2-forming enzymes, microsomal PGE2 synthase 1 (mPGES1) and COX2, were shown to be highly expressed within Ly-6C+ MDSCs in the murine bladder tumor model (89). In contrast, inhibiting the COX2, mPGES1/PGE2 pathway lowered the expression of PD-L1 in these cells and resulted in an elevated number of activated CD8+ T cells. The expression of the β2-adrenergic receptor (β2-AR) on MDSCs is positively correlated with breast cancer progression. This phenomenon reveals its role as a pro-tumor factor, which enhances the immunosuppressive activity of MDSCs by reprogramming their metabolism (e.g., by increasing FAO). Interestingly, the increase in CPT1A expression supports the FAO-mediated immunosuppressive effect of MDSCs, consistent with the elevated expression of β2-AR. Moreover, β2-AR signaling is also responsible for increasing the release of the immunosuppressive mediator PGE2 (90). These findings propose an antitumor therapeutic strategy that would rely on lowering the production of PGE2 and its associated upstream and downstream molecules to alleviate the immunosuppressive action of MDSCs.

One study accentuated the difference between the PMN-MDSCs of patients with cancer and healthy individuals by showing that tumor-associated PMN-MDSCs expressed lectin-type oxidized LDL receptor 1 (LOX-1), whereas their normal equivalents did not (91). Accordingly, another finding demonstrated that LOX-1+ PMN-MDSCs had a higher level of dichlorodihydrofluorescein diacetate (DCFDA), ARG1, and inducible nitric oxide synthase (iNOS). These LOX-1+ PMN-MDSCs possessed the capacity to inhibit the proliferation of CD3+ T cells in an ARG1/iNOS-dependent manner. Such suppression of CD3+ T-cell expansion in turn signaled a worse prognosis in patients with glioblastoma multiforme (GBM) (92). These results suggest that LOX-1 could also be a prospective antitumor therapeutic target and that the lipoprotein metabolism of MDSCs may contribute to immunosuppression within the TME.

The above studies have shown that lipid metabolism acted as a negative modulator in the TME, leading to the abnormal activation of MDSC. However, PPAR-γ signaling, which also affects the lipid metabolic activity of MDSCs, was demonstrated to support the regular function of lysosomal acid lipase (LAL) in the dampening transendothelial migration (TEM), suppressing the overactivation of the mTOR pathway and preventing ROS overproduction of MDSCs (93). Since these MDSC-associated properties could promote tumor progression, this study provides a mechanistic basis for targeting MDSCs to reduce the risk of cancer initiation, growth, and metastasis.



2.5 Natural killer cells in the tumor microenvironment

NK cells, working as an indispensable component of the human innate immune, possess direct killing property and participate in anti-tumor and anti-virus infection. NK cells exert their immune function by releasing cytotoxic granules, mediating the antibody-dependent cell-mediated cytotoxicity (ADCC) effect, and priming death receptor signal of targeted cells to sustain immune homeostasis (94). The research about NK cell lipid metabolism alteration has been referred to below.

In the setting of the postoperative period after colorectal cancer resection, granulocytic MDSCs expanding after surgery induced the expression of scavenger receptors (SR) such as MSR1, CD36, and CD68 in NK cells. The changes resulted in intracellular lipid accumulation with diminished NK cell ability to release granzyme B and perforin, eventually contributing to NK cell dysfunction and colorectal cancer relapse (95). Regarding the finding of Bonavita et al., tumor-derived PGE2 selectively acted on EP2 and EP4 expressed on NK cells to reshape immunosuppressive TME and consequently promoted tumor (colorectal carcinoma and melanoma) immune evasion (96).




3 Hypoxia in the tumor microenvironment induces lipid metabolism reprogramming in immunocytes

Under normal physiological conditions, oxygen is taken up by mitochondria to participate in OXPHOS, which provides ATP for typical cellular functions. The extensive depredation of tumor cells and their unlimited growth cause the release of non-cellular components into the TME. These include cytotoxic metabolites. The metabolites ROS (97), lactic acid, and tumor-derived negative regulatory molecules collectively impair the effector function of immunocytes. Although cells possess the flexibility to adapt to an altered milieu, they inevitably sacrifice some bioactivities to guarantee survival. Hypoxia is one of the stressors within the TME that has a significant effect on tumor outcome (98). Hence, broadening our understanding of how hypoxia affects the function of immunocytes is necessary. Here, we have assembled findings related to the switch in lipid metabolism that occurs in immune cells as a result of hypoxia. In addition, we also discuss the molecular targets and pathways that could be utilized to alleviate immune cell dysfunction, which is a result of the hypoxia-driven reprogramming of lipid metabolism (Figure 2).




Figure 2 | Hypoxia alters the lipid metabolism patterns of immunocytes in the TME. TME, tumor microenvironment.



Hypoxia represents an obstacle for the immune system in the fight against tumors (99). Among the molecules that contribute to the hypoxia-mediated state of immune inhibition, hypoxia-inducible factor (HIF), ROS (elevated production in anoxic conditions), and lactic acid (lactate) (which mostly contributes to an acidic environment) are predominantly responsible for the induction of immune cell dysfunction (100).

The hypoxic TME has been shown to reduce the expansion of CD8+ T cells, in addition to impairing the maturation and activity of DCs and NK cells; in contrast, Tregs and MDSCs remain highly active in the same context (101, 102). HIF is a transcription factor activated by a low-oxygen microenvironment and is composed of two subunits: HIF-α (which occurs in the form of three isoforms: HIF-1α, HIF-2α, and HIF-3α) and HIF-β (103). HIF is reported to promote lipid peroxidation and ER stress and recruit Tregs, M2 macrophages, and MDSCs to construct an immunosuppressive TME (6). However, a recent finding by Velica et al. proposed that it was HIF-2α, not HIF-1α, that triggered the increased cytotoxic differentiation and cytolytic function of CD8+ T cells against tumor targets (104). This suggests that distinct subtypes of HIF perform divergent roles in response to immunocyte stressors.

The differentiation of naïve T cells into effector T cells (Teffs) by TCR/CD28 co-stimulation requires PI3K/Akt/mTOR signaling. HIF-1α locates downstream of this pathway, and once HIF-1α is activated, it consequentially triggers aerobic glycolysis and amino acid metabolism in Teffs while suppressing FAO (105). As a result, HIF-1α is often upregulated under such circumstances, and Teffs ultimately exhibit immune dysfunction. These phenomena may suggest that strong FAO suppression makes a potential contribution to Teff dysfunction in the TME.

It appears that the adaptation of Tregs to the TME depends not only on their glycolysis but also on FAO (98). mTORC1 signaling impairment was shown to compromise de novo lipid synthesis in CD3+ T cells. Such altered lipid metabolism was associated with the PI3K/mTOR/HIF-α axis, which in turn affected CD3+ T-cell adaptation to hypoxic conditions and their execution of immune regulation in situ (106). Earlier, we also reviewed that Raptor/mTORC1 signaling in Tregs could promote cholesterol biosynthesis and support the immunosuppressive function and the activation of Tregs. These observations indicate that mTOR signaling plays a previously underestimated role in T cells (and possibly in other immune cells) by bridging HIF and lipid metabolism. In addition, Miska et al. unveiled that HIF-1α-directed glucose away from mitochondria; thus, Tregs consequently depended on FAs for their energy in the hypoxic tumor tissue. Conversely, inhibiting lipid oxidation enhanced the overall survival of glioma-bearing mice; however, the direct link between HIF-1α and lipid oxidation remained unclear (107). PGE2 is upregulated in the TME (thyroid cancer background), and a high concentration of PGE2 was shown to result in the NF-κB pathway-mediated suppression of NK cells (108). Another study by Ni et al. clarified that the inhibition of HIF-1α enhanced the IL-18-driven activation of the NF-κB pathway. This activated axis in turn elevated the expression of activation markers and effector molecules in tumor-infiltrating NK cells, thus promoting tumor suppression (109). These results reveal the potential link between PGE2, HIF-1α, and NF-κB signaling in NK cells; however, further supporting research is required.

There are dramatic differences in the metabolism of M1 and M2 macrophages. M1 macrophages mainly derive their energy from glycolysis and the existing blockade of the tricarboxylic acid (TCA) cycle, which results in the intracellular accumulation of itaconate and succinate. Succinate overproduction leads to HIF-1α stabilization and, in turn, activates the transcription of glycolytic genes. Such genes are responsible for maintaining the glycolytic metabolism of M1 macrophages. On the contrary, M2 cells are more dependent on OXPHOS for their energy. Moreover, their TCA cycle is intact and provides the substrates with complexes of the electron transport chain (110). The effect of hypoxia on macrophages is also vague. A study has reported the positive effect of hypoxia on macrophages, which sustained their inflammatory responses and migratory capacity (111). In contrast to this report, hypoxia has also been shown to impair macrophage pro-inflammatory activity by eliciting energy metabolism disorder (EMD), which particularly affected glucose metabolism (112, 113). These results have predominantly occurred in the M1 subtype. The possible explanation for these disparate conclusions may be related to the duration of low-oxygen conditions and the preferable differentiation of macrophages from M1 to M2 within the TME (114). The effect of hypoxia on M2 macrophages is well studied and is deemed as a driver of M2-mediated pro-tumor activity (101). Regrettably, although numerous studies have established the mechanism for how hypoxia affects the glucose metabolism of macrophages in the TME, which ultimately results in macrophage dysfunction, the investigations of lipid metabolism alteration remain limited.

Hypoxia was proven to aggravate tumor progression with aberrant PPAR signaling activation. In the setting of glioma, PPAR signaling hyperactivation was shown to immunosuppress by promoting Treg expansion (115). Since PPAR largely regulates cellular lipid metabolism, aiming at an undetected target stressed by hypoxia through this signaling to mediate Treg lipid metabolism and in turn support the immunosuppression function of Tregs may be a prospective research orientation. Liu et al.> proposed the excessive production of IDO1 in DCs within a hypoxic milieu (116). This finding appears to be similar to the result we previously cited (74) and may be the clue to explaining the underlying correlation between hypoxia and the Wnt5a/β-catenin/PPAR-γ signaling pathway, which may mediate the reprogramming of lipid metabolism in DCs within the hypoxic TME.

Lactate is the main metabolite of glycolysis. Hypoxia has been shown to greatly increase lactate levels, causing the acidification of the TME. Such an acidic milieu consequently facilitates tumor progression and suppresses antitumor immunity through T-cell inhibition and PD-L1 upregulation (117). SLC5A12, a lactate transporter, mediates lactate uptake by CD4+ T cells and induces the reshaping of their effector phenotype resulting in increased IL-17 production via the nuclear PKM2/STAT3 pathway. Of note, SLC5A12-mediated lactate uptake into CD4+ T cells also promotes FAS. Such abnormal lactate content eventually leads to the onset of chronic inflammatory disorders by CD4+ T cells (118); however, its relationship with the TME demands more research. mTOR signaling is inhibited by AMPK activation and regarded as an effective activator of HIF-1α signaling as well as lactate production. In addition, AMPK was also shown to restrict FAO. Interestingly, the extent of both lactate production and FAO levels is increased in MDSCs within the TME, which is beneficial for their activity. These findings suggest that activators of AMPK signaling could represent promising MDSC-targeting therapeutic candidates (119). Moreover, the acidic milieu of mesothelioma was shown to trigger DC dysfunction and alter the T cell-mediated immune response through a TGF-β2-dependent mechanism (79). In this context, DC anergy was tightly associated with intracellular LD accumulation and the metabolic rewiring of DCs. Moreover, the aggregation of lactic acid in the TME reduced PPAR-γ expression levels, thus diminishing lipid synthesis and IFN-γ production in invariant (i)NKT cells (120). Conversely, utilizing a PPAR-γ agonist successfully reversed these phenomena and strengthened the antitumor activity of (i)NKT cells in the context of melanoma. Since there are few studies about lactate-induced abnormal lipid metabolism in different immunocyte types within the TME, more effort would be required to progress this field of research.

ROS is easily produced under hypoxic anoxic conditions. A report by Adeshakin et al. proposed the link between ROS and lipid metabolism (121). FATP2 expression in the MDSCs was shown to increase when these cells were present within the TME (thyroid cancer). Meanwhile, the blockade of FATP2 expression in MDSCs by lipofermata lowered their intracellular lipid content, reduced ROS concentration, blocked their immunosuppressive function, and consequently inhibited tumor growth.



4 Current immunotherapies and reagents targeting the lipid metabolism of immunocytes

In recent years, immunotherapy has shown an excellent performance in the treatment of various types of cancer. Generally speaking, current efforts in cancer immunotherapy fall into three main approaches (122): 1) the blockade of immune checkpoints such as anti-PD-1/PD-L1 and anti-CTLA-4 to restore or potentiate the antitumor effect of immune cells (123); 2) adoptive cellular therapy, including the use of TIL therapy (124), engineered T-cell therapy (e.g., chimeric antigen receptor [CAR] T-cell therapy and TCR therapy (125)), CAR-NK cell therapy (126), and CAR-macrophage therapy (127); and 3) therapeutic cancer vaccines (128). Although immunotherapy represents a remarkable breakthrough in the treatment of cancer, it still has limited success in certain types of tumors. Tumor resistance, non-responsiveness, and recurrence following immunotherapy could in part explain why existing immunotherapeutic methods are not as effective against cancers as anticipated. Hence, novel therapeutic targets are urgently needed to complement existing forms of immunotherapy. Since the study of immune cell metabolism has received increasing attention, certain biomarkers have also been established as new checkpoints associated with metabolic activity in specific immunocytes. Targeting these markers either alone or in combination with other forms of immunotherapy could contribute to the dysregulated immune situation reversing. Here, we describe the molecular targets that participate in immunocyte lipid metabolism and introduce the drugs that could be used to modulate these targets in favor of the antitumor immune response (Table 1).


Table 1 | Current tumor-suppressor reagents that regulate immune cell function by modulating their lipid metabolism.



In lung carcinoma and colon adenocarcinoma, etomoxir was shown to target CPT1A to inhibit FAO of MDSCs and reversed its tumor-promoting effects by abrogating the infiltration of MDSCs into the tumor (85). In addition, Su et al. demonstrated that high CTP1A expression modulated TAMs to form a pro-tumor subset (129). PD-1/PD-L1 is ubiquitously expressed on immunocytes. Although the detailed mechanism regarding how PD-1/PD-L1 affects immunocyte immune function has been well studied, new research has uncovered that the drugs targeting PD-1/PD-L1 (e.g., nivolumab, pembrolizumab, and atezolizumab) simultaneously dampen their FAO levels; this effect partially enhanced the response of immune cells (e.g., CD8+ T cells) that were generally inhibited in the TME (47, 130). Of note, in the setting of HCC, the expression levels of PD-1 in HCC patients were reported to be markedly higher than in healthy donors. This phenomenon implies that targeting PD-1 to alleviate the suppression of antitumor immune function in immunocytes (within the hepatic TME) could potentially be achieved by regulating their lipid metabolic patterns (138). Moreover, ipilimumab targets CTLA-4 to positively regulate the antitumor immune response and was also reported to interfere with the FAO process in T cells (131). The CD36 inhibitor and the anti-CD36 antibody are proposed as novel therapeutic molecules used to enhance intratumoral CD8+ T-cell effector function (37) and ablate the immunosuppressive function of intratumoral Tregs (33); related research, however, is still in the preclinical stage. In addition, C75, as a FASN inhibitor, was shown to reduce IL-1β, TNF-α, IL-6, and IL--10 levels in macrophages; further results are anticipated (132).

Gualdoni et al. found that AICAR, an AMP analog, modulated the ratio of Tregs/Th17 cells by regulating FAO in CD4+ T cells (133). Mechanistically, AICAR directly activated AMPK and specifically induced Treg expansion while impairing the generation of Th17 cells. This phenomenon was associated with an increase in FAO in CD4+ T cells. LXR (liver-X nuclear receptor) is a member of the nuclear hormone receptor family. As a transcription factor, LXR has the capacity to drive the transcriptional activation of APOE and other genes involved in cholesterol, FA, and glucose metabolism to limit MDSC expansion. Additionally, the activation of the LXR/APOE axis was shown to elicit robust antitumor responses in various tumor models and human tumor cell lineages. RGX-104, an agonist of LXR, was proven to suppress the survival and immunosuppressive function of MDSCs; this research was in the Phase I a/b stage (134).

Atorvastatin, one of the classic cholesterol-lowering drugs, was shown to downregulate the expression of co-inhibitory receptors in T cells accompanied by the prolonged secretion of IL-2, as observed in chronic infections such as HIV, hepatitis C virus (HCV), and cancer. However, atorvastatin treatment actually compromised T-cell proliferation and reduced their capacity to secrete TNF-α; related mechanisms were also involved in the inhibition of Ras-activated MAPK, PI3K-Akt, and subsequent mTOR signaling pathways (135).

The regulation of arachidonic acid metabolism in the TME is also thought to have a positive effect on tumor eradication. Pandey et al. found that the augmented secretion of PGE2 by tumor cells inhibited DC function (136). They utilized the COX-2 inhibitor, NS-398, to reduce PG synthesis and consequently elevated the antitumor potency of DCs by enhancing their immune activity. The mechanism may involve an increased content of the classical DC-lineage-specific transcription factor Zbtb46, as well as a decrease in extracellular signal-regulated kinase (ERK)/the cyclic AMP response-element binding protein (CREB) signaling, which promoted IL-10 synthesis.

Of note, a study showing that the elevated intracellular LB content of CD11b+ DCs, which was induced by saponin-based adjuvants (used for animal and human cancer vaccines), could improve DC-mediated cross-presentation and T-cell activation in vitro and in vivo (137).



5 Discussion

Since the notion of the TME was proposed, multiple studies have uncovered the role of the TME in tumor initiation, progression, metastasis, and its response to treatment. TME components include tumor-infiltrating immune cells (recruited in response to tumor antigens), chemokines, and other soluble factors, all of which are strongly associated with cancer prognosis. In recent years, immunometabolism has gained increasing attraction for its implication in the regulation of immune cell function (139). Furthermore, evidence of immunometabolism reprogramming has been uncovered in various types of tumors. The studies we have listed in this review collectively reveal the true value of targeting the TME-induced lipid metabolism reprogramming of immunocytes. Hence, in this section, we summarize the lipid metabolism-associated challenges awaiting to be addressed in each type of immunocytes within the TME by future research.

TAMs tend to differentiate into a pro-tumorigenic, immunosuppressive phenotype, which is associated with an M2 signature within the TME. Because of the TME stressor, the altered lipid metabolism of TAMs preferentially favors macrophage polarization into M2 rather than the M1 subset, sequentially contributing to tumor evasion and progression. Nevertheless, some TME-residing macrophages retain their antitumor functions in the TME. Thus, promoting the M1 macrophage immune response while suppressing the activity or expansion of the M2 macrophages could represent a plausible therapeutic strategy.

In humans, CD8+ T cells perform the primary antitumor role, and their function is universally suppressed within the TME. To date, a consensus on how the reprogramming of lipid metabolism impacts CD8+ T-cell functions has not been reached. As for Tregs, prior research has demonstrated that the lipid metabolism reprogramming of these cells could also be targeted to improve the immunogenicity of tumors. However, the exact mechanism behind how altered lipid metabolism modulates Treg function within the TME of each tumor type remains uncertain. Moreover, the prevalence of altered lipid metabolism in rare T-cell subsets is also unclear. Thereby, more research is needed to clarify the processes involved in the lipid metabolic rewiring of T cells within the TME.

Research on DC dysfunction associated with the immune evasion of tumor cells has raised concerns, especially as the mechanisms implicated remain elusive. DC metabolism controls the development, polarization, and maturation processes within these cells and provides energy to maintain their function. However, the immune activity of DCs is generally inhibited in the TME, while many relevant metabolic pathways are also strongly altered. Thus, it is rational for us to assume the existence of the unknown mutual interaction between the inhibition of immune function and lipid metabolism alteration. Hence, the discovery of novel therapeutic targets associated with lipid metabolic changes in DCs would be of great value. Encouragingly, prior research has already demonstrated the potential benefits of targeting the metabolic switch of tumor-associated DCs. Based on the research progress that we have summarized, we envision that the development of tailored DC-associated therapies for the treatment of patients with specific tumors could one day become a reality.

MDSCs represent one of the major immunosuppressive immunocytes that reside within the TME (140). The quest to eliminate the immunosuppressive function of MDSCs is a promising field of tumor therapy. In-depth research of MDSCs has revealed prospective insights into the metabolic alterations (including changes in lipid metabolism) affecting these cells; these findings could therefore unveil novel ways of eliminating the immunosuppressive function of MDSCs. Studies have shown that the direct inhibition of MDSCs interacted with immune checkpoints on antitumor immunocytes or immediately restricted the secretion of immunosuppressive mediators (such as IL-10, TGF-β, and PGE2), which may be a thinkable method to mitigate such immunosuppressive milieu contributed by MDSCs. However, research is largely limited to a small subset of specific tumors; thus, more attention needs to be devoted to this area of study.

Regrettably, at present, there is insufficient research on the lipid metabolism reprogramming of NK cells within the TME. Adoptive NK cell transfer therapy, one of the most used NK cell-related immunotherapies, still suffers from limitations such as the challenge of producing sufficient NK cell numbers to efficiently recognize and target the tumor or the slow migration of adoptively transferred NK cells toward the tumor site. Thus, investing in the study of the lipid metabolic reprogramming of NK cells in the TME may improve therapeutic NK regimens in cancer.

The TCA cycle is the major method for ATP production in eukaryotes. A low-oxygen milieu orchestrated by the TME would inevitably affect glucose metabolism and, in turn, FAO and FAS. Moreover, the drop in ATP levels would shift metabolism in favor of the consumption of cholesterol and other lipid species. Since lipids maintain multifarious activities that are necessary for cell survival, the alteration of lipid metabolism in immunocytes would inevitably lead to immune dysfunction and tumor evasion in the TME. Of note, the unknown effect of the shift in lipid metabolism in a low-oxygen environment may be easily masked and underestimated, due to our major focus on glucose metabolism. Hence, the investigation of how hypoxia impacts the lipid metabolism of immunocytes within the TME is worth considering for the development of novel antitumor therapies.

Immunotherapy represents a major breakthrough in the improvement of the overall survival (OS)/relapse-free survival (RFS) of patients with cancers in recent years. However, its limitations, arising from tumor heterogeneity, drug resistance, and non-responsiveness, in addition to the risk of autoimmune disease induction, still need to be overcome. Encouragingly, from the research summarized in this review, we would hypothesize that immunotherapy and drugs regulating immune cells’ lipid metabolism could represent complementary approaches to rescue the antitumor function of antitumor immunocytes or inhibit the immunosuppressive function of pro-tumor immune cells in the TME. However, there are still some challenges for relevant research at the present stage. Firstly, prior research only focused on one specific tumor type; thus, the universality of such drugs needs more exploration since distinct tumors vary in their intra-tumoral compositions. In addition, few studies examined abnormal lipid metabolism within immunocytes in various TMEs from a comprehensive perspective. Thus, considerable effort will be required to establish solid evidence in this field and apply this therapeutic method to distinct tumor categories. Secondly, current cancer treatment regimens only focus on one type of immunocyte. Hence, it is often not possible to determine whether the function of non-targeted immune cells would be affected when employing immunomodulating drugs. These problems need to be taken into consideration to minimize the unknown side effects of novel drugs and optimize therapeutic strategies for cancer patients.

Collectively, our review unveils a largely unexplored and tangible approach to the treatment of patients with cancer. By concentrating on the studies of lipid metabolism reprogramming in immunocytes within the TME, we unveil part of the mechanisms that contribute to this metabolic alteration. Ultimately, we hope that this review will prove beneficial for the development of novel effective antitumor therapies in the near future.
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Ovarian cancer is the most lethal gynecologic tumor, with the highest mortality rate. Numerous studies have been conducted on the treatment of ovarian cancer in the hopes of improving therapeutic outcomes. Immune cells have been revealed to play a dual function in the development of ovarian cancer, acting as both tumor promoters and tumor suppressors. Increasingly, the tumor immune microenvironment (TIME) has been proposed and confirmed to play a unique role in tumor development and treatment by altering immunosuppressive and cytotoxic responses in the vicinity of tumor cells through metabolic reprogramming. Furthermore, studies of immunometabolism have provided new insights into the understanding of the TIME. Targeting or activating metabolic processes of the TIME has the potential to be an antitumor therapy modality. In this review, we summarize the composition of the TIME of ovarian cancer and its metabolic reprogramming, its relationship with drug resistance in ovarian cancer, and recent research advances in immunotherapy.
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1 Introduction

Ovarian cancer (OC) is the most lethal gynecological neoplasm due to its high mortality (1–3). Due to inadequate early detection methods and few early symptoms, ovarian cancer is the most challenging disease to identify in the female reproductive system (4). The majority of patients are frequently identified at an advanced stage, while therapeutic interventions are relatively limited. Only approximately 16% of patients are diagnosed at an early stage (FIGO I stage) and have a greater possibility of long-term survival (5, 6). The treatment of OC varies depending on its stage and classification (7). OC has an epithelial origin in more than 90% of cases, and high-grade serous ovarian cancer (HGSOC) makes up 70% of these cases (1, 8). According to the National Comprehensive Cancer Network (NCCN) Guidelines, debulking surgery combined with platinum-based chemotherapy is currently the first line of treatment for OC (7). The mortality of OC has decreased globally over the past decade as a result of lifestyle modifications and technological advancements in treatment (9). However, research has shown that early screening does not appear to reduce mortality from OC (10). More frustratingly, regardless of the type of treatment used, approximately 80% of cases of advanced ovarian cancer eventually recur and result in the progression of the disease and death (11). Given these findings, it is imperative to develop novel and reliable therapies and prevent recurrence.

Immune cells are a cluster of different cells that have differentiated from bone marrow hematopoietic stem cells (12). In tumors, immune cells have a dual role, either killing or promoting them (13). Immune cells can even become accomplices of tumor cells in the event of immune escape (14). In this regard, Stephen Paget put forth the well-known “seed and soil” hypothesis, according to which the environment in which a tumor develops determines how that tumor expresses its phenotype (15). The tumor immune microenvironment (TIME) refers to the immune infiltrative microenvironment, which consists of a large number of immune cells clustered within and around the tumor (16). With the advent of high-throughput and single-cell sequencing, research on the TIME has been fueled.

Immunotherapy is the next generation of treatment that is rapidly developing after traditional treatments such as surgery, radiotherapy, and chemotherapy (17). It functions by activating the immune defenses of the human body to eliminate tumor cells (17). A seemingly endless stream of cancer immunotherapies derived from tumor immunity have been developed, including immune checkpoint inhibitors (ICIs), adoptive cellular immunotherapy, tumor vaccines and others (17–19). Among these, ICIs have made significant progress and demonstrated excellent antitumor activity in gynecological cancer (20). However, not all patients with OC are candidates for immunotherapy, and only a small percentage of them will benefit (21, 22). Due to its cool tumor nature, OC has few infiltrating lymphocytes and responds poorly to immunotherapy (22, 23). Indubitably, OC is an immunogenic disease, and its immunogenicity is solely dependent on approximately 13% of CD8+ tumor-infiltrating T cells with a high affinity for antigens (24). Most likely, the underlying cause of drug resistance and treatment failure is metabolic reprogramming (25). Metabolic reprogramming, a hallmark of cancer, is the reprogramming of specific metabolic pathways inside and outside the cell to meet the demands of rapid proliferation by affecting gene expression, cellular state, and the tumor microenvironment (26). It may be crucial to investigate metabolic reprogramming of the TIME to increase therapeutic effectiveness and improve drug resistance in OC. This review focuses on the TIME in OC with an emphasis on its metabolic reprogramming and concludes with immunotherapy related to TIME metabolic reprogramming, with the goal of providing a new vision for immunotherapy in OC.



2 Overview of TIME metabolism in ovarian cancer

Tumors have a complicated metabolic pattern that is a highly adaptable response to hypoxia and nutritional deficiency (25). They have the ability to select the optimal metabolic phenotype based on the microenvironment. The metabolic overview of the ovarian cancer TIME is a network of substance exchange incorporating biochemical reactions. The metabolism of both tumor cells and immune cells is briefly discussed next.


2.1 Metabolism of ovarian cancer cells

Ovarian cancer cells have a heterogeneous metabolism, which means they are able to modify their metabolic patterns in response to their microenvironment (Figure 1A). The metabolic characteristics of ovarian cancer cells can be described as prominent glucose metabolism and lipid metabolism (Figure 1B).




Figure 1 | Overview of ovarian cancer cell metabolism. (A) Interaction of different metabolic pathways within ovarian cancer cells. There are connections between different metabolisms through metabolites. (B) The heterogeneity of ovarian cancer metabolism is characterized by abnormal glucose and lipid metabolism. During the development of ovarian cancer, different metabolic phenotypes are gradually acquired, such as enhanced OXPHOS, PPP and FAO. ATP, Adenosine triphosphate; FAO, Fatty acid oxidation; OXPHOS, Oxidative phosphorylation; PPP, Pentose phosphate pathway; TCA, Tricarboxylic acid.



The selection of aerobic glycolysis and oxidative phosphorylation as energy sources is a marked manifestation of the heterogeneity of ovarian cancer (27). Through aerobic glycolysis, often known as the Warburg effect, ovarian cancer cells primarily consume glucose to obtain energy (28). Ovarian cancer tumor cells use a substantial quantity of glucose during this process, which is finally generated and expelled as lactic acid, resulting in a localized hypoxic, hypoglycemic, and acidic microenvironment (29). The local low-glucose environment contributes to the expansion of chemical resistance to paclitaxel in ovarian cancer cells, creating a vicious cycle (30). Mitochondrial oxidative phosphorylation (OXPHOS) and the pentose phosphate pathway (PPP) were upregulated in ovarian cancer cells with metastatic capacity (31, 32). Glutamate is used by ovarian cancer cells in mitochondrial OXPHOS to produce adenosine triphosphate (ATP) and other biomolecules necessary for aggressive expansion and migration (33). Platinum-based chemotherapy increases mitochondrial OXPHOS activity of ovarian cancer cells but contributes to cancer stem cell enrichment (34).

Another characteristic of ovarian cancer cells is abnormal active lipid metabolism, which is intimately associated with tumor progression and metastasis (35). The preferential metastasis of ovarian cancer to lipid-rich tissues such as the omentum suggests that adipocyte-derived fatty acids are a significant source of energy for the rapid spreading and metastasis of ovarian cancer cells (36, 37).



2.2 Metabolism of immune cells in ovarian cancer

TIME has tissue heterogeneity, which means that the type and function of immune cells entering the microenvironment in various cancer types differs substantially. There is a certain gap between the resting and activated states of immune cells in ovarian cancer, as well as between different stages of tumor development. Tumor-infiltrating immune cells are an essential component of the TIME and can be classified as pro-tumor cells (tumor-associated macrophages and myeloid-derived suppressor cells) and antitumor cells (such as effector T cells and natural killer cells). The proportion and distribution of immune cells are crucial for the development and spread of tumors. Table 1 provides a summary of immune cell metabolic propensity in the ovarian cancer TIME.


Table 1 | Main metabolic tendencies of immune cells in ovarian cancer.




2.2.1 Natural killer (NK) cells

Natural killer (NK) cells can be cytotoxic as well as immunomodulatory (38, 39). The primary mechanism by which NK cells attack ovarian cancer cells is antibody-dependent cellular cytotoxicity (52). The activation of NK cells depends on aerobic glycolysis (53, 54).



2.2.2 Tumor-associated macrophages (TAMs)

Tumor-associated macrophages (TAMs) are significantly infiltrated in ovarian cancer, and the extent of their polarization is tightly tied to the local microenvironment (55). Under different conditions, TAMs can polarize into two types: M1-TAMs (proinflammatory/antitumor) and M2-TAMs (anti-inflammatory/protumor) (56). The expression of both M1 and M2 markers was elevated in ovarian cancer according to genome-wide expression profiling of TAMs (57). From this, it may be inferred that the monocyte phenotype of ovarian cancer is mixed polarization. The aggressiveness of ovarian cancer is directly related to the degree of infiltration of M2-TAMs. In ovarian cancer, a high M2/M1 ratio indicates a poor prognosis (58). Typically, M1-TAMs rely on aerobic glycolysis, whereas M2-TAMs are more dependent on OXPHOS (40, 41).



2.2.3 T cells

T cells can be classified into a number of subtypes based on their varied roles, and these subtypes also differ in their corresponding metabolic patterns. When naive T cells differentiate into effector T cells (Teffs) in tumors, they switch from relying mostly on OXPHOS for energy to relying primarily on glycolysis (42). Memory T cells (Tmems) show high OXPHOS levels (42, 43). In particular, regulatory T lymphocytes (Tregs) have an immunosuppressive function in tumors, where their recruitment contributes to the immune escape of ovarian cancer (59). Tregs have higher levels of glucose uptake and glycolysis because their genes associated with glucose metabolism are substantially expressed (46). A high glycolytic level of CD4+ Tregs was likewise found in coculture with SKOV3 ovarian cancer cells (46). In addition, Tregs can also rely on OXPHOS produced by fatty acid oxidation (FAO) to provide energy (60).



2.2.4 Dendritic cells (DCs)

Dendritic cells are antigen-presenting cells that act as a bridge between innate and cellular immunity. Resting immature DCs primarily utilize mitochondrial β-oxidation of lipids and OXPHOS for energy (44). Glycolytic reprogramming takes place when DCs are activated (44). Early glycolytic reprogramming is supported by glycogen metabolism in DCs (45). The TIME inhibits the function of DCs in malignancies. In the ID8 ovarian cancer mouse model, tumor cells led to overexpression of suppressor of cytokine signaling 3 (SOCS3) in DCs and lowered the activity of the corresponding pyruvate kinase (a crucial enzyme for glycolysis), which inhibited the function of DCs (61).



2.2.5 Myeloid-derived suppressor cells (MDSCs)

A group of immature heterogeneous cells from the bone marrow known as myeloid-derived suppressor cells (MDSCs) have immunosuppressive properties (62). It has been proven that enhanced lipid uptake and FAO by MDSCs activate immunosuppressive mechanisms (48). OXPHOS (fueled by glutamine) and tricarboxylic acid (TCA) cycling were elevated in MDSCs, which were demonstrated to have a high-energy metabolic profile in the ID8 ovarian cancer mouse model (49). Additionally, arginine metabolism is of great importance in MDSCs. MDSCs can regulate T cell function by removing essential metabolites such as arginine from the microenvironment (50). MDSCs were found to be dependent on arginase-1 (ARG1) to exert their T cell immunosuppressive phenotype (51).

The metabolism of immune cells in ovarian cancer is heterogeneous. Immune-activated cells are more dependent on anaerobic glycolysis, whereas immunosuppressive cells tend to use multiple metabolic pathways, including OXPHOS, to meet their energy needs. Modulation and intervention of immune cell metabolic patterns can aid in breaking the immunosuppressive TIME of ovarian cancer.




2.3 Overall metabolism of ovarian cancer patients

Compared to healthy individuals, patients with OC have a generally altered metabolism. The analysis of serum metabolomic data from epithelial ovarian cancer (EOC) revealed considerable heterogeneity in the metabolism of distinct subtypes of ovarian cancer (63). This demonstrates the metabolic heterogeneity of various subtypes in ovarian cancer. For instance, Hishinuma, E., et al. found an increase in tryptophan and its metabolite kynurenine by a wide-target metabolomic analysis of plasma from patients with epithelial ovarian cancer, and a larger ratio in its proportion was associated with a worse prognosis (57). The metabolism of ovarian clear cell carcinoma (OCCC), on the other hand, shows increased expression of glycolysis and oxidative stress genes, as well as improved mitochondrial OXPHOS and glycolysis (64). Additionally, the oncogene ARID1A has loss-of-function mutations in more than 50% of OCCC patients, which leads to decreased glutaminase (GLS) inhibition (65). This consequently contributes to a particular metabolic need for glutamine in OCCC.

Furthermore, metabolism differs between stages of ovarian cancer. Altered metabolism occurs even in the early stages of ovarian cancer. High-accuracy metabolomics detection of early-stage ovarian cancer indicated increased manufacture of fatty acids and cholesterol, as well as increased expression of enzymes that block FAO (66).




3 Metabolic reprogramming of the TIME in ovarian cancer based on various factors

How the metabolic reprogramming of the TIME in ovarian cancer occurs is one of the hot topics of research, and multiple factors are now known to influence it. Tumor-derived cytokines, chemokines, and even the metabolic microenvironment (pH, oxygen levels, and nutrition) can have an impact on the metabolism and function of immune cells (29). Metabolic reprogramming is used to carry out the procedure. Here, we will summarize the metabolic reprogramming of the TIME in ovarian cancer in terms of different common metabolic pathways. Finally, the effect of metabolic signaling pathways on TIME reprogramming is added.


3.1 Glucose metabolism

Lactate is a necessary byproduct of glycolysis, and tumor cells in the TIME are extremely dependent on glycolytic capacity, excreting large amounts of lactate, resulting in a localized low glucose, low oxygen, and acidic environment. Kumagai, S., et al. found that in a highly glycolytic tumor microenvironment, Tregs actively take up lactate through monocarboxylate cotransporter 1 (MCT1) and enhance the expression of programmed death receptor 1 (PD-1) by promoting NFAT1 entry into the nucleus (67). However, PD-1 expression was reduced in Teffs (67). As a result, PD-1 treatment was doomed to fail. Furthermore, increased lactate in ovarian cancer promotes the production of VEGF, a potent inducer of angiogenesis in tumors (68). The ensuing cellular invasion is a critical element in the proliferation and metastasis of ovarian cancer. In conjunction with GM-CSF and M-CSF, tumor-derived lactic acidosis in ovarian cancer was discovered to drive macrophage differentiation into a preinflammatory tumor phenotype (VEGFhigh CXCL8+ IL1β+) (69). Furthermore, sphingosine kinase-1 in A2780 ovarian cancer cells is involved in the induction of aerobic glycolysis (70). This was demonstrated by an increase in lactate levels and expression of the MCT1, as well as a decrease in TCA cycle intermediate accumulation and the production of carbon dioxide (70). A recent study by I. Elia et al. found that tumor-derived lactate could redirect glucose metabolism in CD8+ T cells. Specifically, it induced a shift in pyruvate carboxylase activity to pyruvate dehydrogenase (a key enzyme of gluconeogenesis) catalytic reaction, leading to a reduction in the back-supplementation pathway of the TCA cycle, thereby suppressing tumor immunity (71).

Several enzymes involved in glucose metabolism have been implicated in the development of the malignant phenotype of ovarian cancer. Pyruvate kinase is the glycolysis rate-limiting enzyme that catalyzes the conversion of phosphoenolpyruvate and ADP to pyruvate and ATP (72). M-type pyruvate kinase is supportive of anabolic metabolism in cancers, with PKM1 and PKM2 isoforms. Normally proliferating cells are dominated by the high-activity tetrameric form of PKM2, while the low-activity dimeric form is primarily seen in cancer cells (72). TBC1D8 binds to PKM2 via its Rab-GAP TBC domain in invasive ovarian cancer cells, preventing PKM2 tetramerization (73). This leads to a decrease in pyruvate kinase activity, promotes aerobic glycolysis and nuclear translocation of PKM2, and induces activation of glucose metabolism and cell cycle-related genes (73). In contrast, SOCS3, which has been shown to be increased in DCs by tumor-derived substances, interacts with PKM2, resulting in decreased ATP generation under hypoxic conditions and a profound effect on the function of DCs (61). Follicle-stimulating hormone (FSH) was found to upregulate the expression of PKM2 and glycolysis in SKOV3 and OVCAR3 ovarian cancer cells in an in vitro assay (74).

Glyceraldehyde-3-phosphate dehydrogenase (GAPDH), a glycolytic enzyme, controls IFN-γ production in Teffs by binding to AU-rich elements within the 3’ UTR of IFN-γ mRNA (75). As a result, the ability of activated Teffs to produce IFN-γ is severely hampered when they are prohibited from participating in glycolysis even under suitable conditions (75).

In mitochondria, pyruvate is decarboxylated by pyruvate dehydrogenase kinase 1 (PDK1) to generate acetyl coenzyme A (76). It is heavily expressed in ovarian cancer and serves as a crucial hub between glycolysis and the TCA cycle (77). Inhibition of PDK1 could reverse the Warburg effect by switching cytoplasmic glucose metabolism to mitochondrial OXPHOS (78, 79). In ovarian cancer cells, abnormal elevation of PDK1 can upregulate programmed death ligand-1 (PD-L1) expression and induce increased apoptosis of CD8+ T cells, ultimately impairing T cell immune function (80). Pyruvate dehydrogenase kinase 2 (PDK2) is favorably connected with the prognosis of OCCC, and increased PDK2 expression decreases apoptosis, resulting in cisplatin resistance in OCCC (81). By increasing the production of reactive oxygen species although mitochondrial metabolism, PDK2 inhibition can synergistically boost sensitivity to cisplatin (81). Another classical metabolic reprogramming occurs in the TCA cycle of macrophages. Macrophages are transferred from the TCA cycle and transform cis-aconitate to itaconic acid by the activity of aconitic acid decarboxylase 1 in the TIME of ovarian cancer (82). Itaconic acid, a metabolite with anti-inflammatory activity, can exert an inhibitory effect on glycolysis (83). A brief schematic of the reprogramming of glycolytic metabolism in ovarian cancer TIME is shown in Figure 2.




Figure 2 | Reprogramming of glycolytic metabolism in the TIME of ovarian cancer. In the TIME of ovarian cancer, the reprogramming of glycolytic metabolism occurs in cells such as ovarian cancer cells, T cells, macrophages and DCs, resulting in a suppressive immune microenvironment that facilitates tumorigenesis and progression. ATP, Adenosine triphosphate; CXCL, C-X-C motif chemokine ligand; DC, Dendritic cell; FSH, Follicle-stimulating hormone; GAPDH, Glyceraldehyde-3-phosphate dehydrogenase; GLUT, Glucose transporter; IL, Interleukin; INF-γ, interferon-γ; MCT, Monocarboxylate cotransporter; NFAT, Nuclear factor of activated T cells; OAA, Oxalacetate; PDH, pyruvate dehydrogenase; PDK1, Pyruvate dehydrogenase kinase 1; PD-1, Programmed death receptor 1; PKM2, Pyruvate kinase M2; SOCS3, Cytokine signaling 3; TBC1D8, TBC1 domain family member 8; TCA, Tricarboxylic acid; Teff, effector T cell; Treg, Regulatory T cell; VEGF, Vascular endothelial growth factor.





3.2 Lipid metabolism

Reprogramming of ovarian cancer cells toward lipid metabolism is the initiating step for metastasis to the peritoneal cavity (84). Ovarian cancer cells can take up exogenous fatty acids (FAs) to promote dissemination in the peritoneal cavity. CD36 (FA receptor) is upregulated in metastatic human ovarian tumors (85). It was shown that ovarian cancer cells that were cocultured with primary human omental adipocytes underwent lipid metabolic reprogramming in the plasma membrane and expressed high levels of CD36 (85). Lipidomic analysis demonstrated that the high levels of polyunsaturated fatty acids, particularly linoleic acid, in ovarian cancer contributed to the tumor-promoting activity of TAMs as an efficient PPARβ/δ agonist (86).

Lysophosphatidic acid (LPA) is an important intermediate in glycerophospholipid metabolism. Through the transcriptional activation of VEGF, stimulation of Fas translocation, and other mechanisms, LPA in ovarian cancer ascites can promote tumor invasion, metastasis, and immune evasion (87, 88). TAMs were found to be a significant source of LPA in ovarian cancer by metabolomics (89). In T lymphoma cells, LPA was found to mediate apoptosis and glucose metabolism, supporting tumor cell survival (90). The corresponding metabolic regulation has yet to be demonstrated in ovarian cancer.

Prostaglandin E-2 (PGE2) is a hormone-like lipid metabolite generated by arachidonic acid via cyclooxygenase catalysis (91). Ovarian cancer can enhance proliferation and invasion through the PGE2/nuclear factor-kappa B signaling pathway (92). At the same time, tumor-derived PGE2 controls the production of CXCL12 and CXCR4, thereby inducing the migration of MDSCs to ascites (93, 94). In contrast, MDSC-derived PGE2 not only increases the stem cell-like properties of EOC but also increases PD-L1 expression in tumor cells (95).



3.3 Amino acid metabolism

The metabolism of amino acids has also been dramatically altered in ovarian cancer TIME to accommodate rapid growth. Figure 3 illustrates how amino acid metabolites connect various cells. This entire process entails reprogramming glutamine, arginine, tryptophan, aspartate, and one-carbon metabolism. The details are discussed as follows.




Figure 3 | Reprogramming of amino acid metabolism in the TIME of ovarian cancer. Amino acid metabolism of ovarian cancer cells and immune cells in TIME is complementarily enhanced by metabolic reprogramming, which is responsible for mediating tumor progression and immune escape. Different cells are interconnected by amino acid metabolites. This involves the reprogramming of glutamine, arginine, tryptophan, aspartate, and one-carbon metabolism. Asn, Asparagine; ARG-1, Arginase-1; DC, Dendritic cell; Glu, Glutamate; Gln, Glutamine; GS, Glutamine synthetase; IDO, Indoleamine 2,3-dioxygenase; iNOS/NOS2, Nitric oxide synthase-2; ROS, Reactive oxygen species; TCA, Tricarboxylic acid; TDO2, tryptophan 2,3-dioxygenase; Teff, effector T cell; Treg, Regulatory T cell; MTHFD2, Methylenetetrahydrofolate dehydrogenase 2; NAA, N-acetylaspartate; NAMD receptor, N-methyl-D-aspartate receptor; NK, Natural killer; NO, nitric oxide; UDP, Uridine Diphosphate; UTP, Uridine Triphosphate.




3.3.1 Glutamine

Glutamine is a significant nutrient source for the development of tumor cells (96). Its metabolism is significantly associated with the aggressiveness of OC, where glutamine synthetase (GS) is silenced in ovarian cancer cells in favor of extracellular glutamine addiction (96, 97). In highly invasive ovarian cancer, macrophages were found to be driven toward the M2-like subtype by glutamine metabolism (98). N-acetylaspartate (NAA) is secreted by ovarian cancer cells as an antagonist to suppress NMDA receptors on macrophages, causing macrophages to assume an M2-like phenotype with increased GS expression (98). Malignant ascites in ovarian cancer patients have reduced glucose uptake, decreased mitochondrial activity and downregulated glutamine carrier abundance in T cells (99, 100). This leads to poor T cell mitochondrial function and evasion of immunity under low glucose conditions.



3.3.2 Arginine

Arginase converts L-arginine to L-ornithine and urea, which is known as the urea cycle. In the early stages of ovarian cancer, arginine metabolism is essential for the activation of T cells and control of immunological responses. In animal experiments, it was discovered that ovarian cancer cells express and release extracellular vesicles (EVs) containing ARG-1, which are taken up by DCs and prevent the proliferation of T cells (101). In contrast, ARG-1 released from activated neutrophils or dead cells induced apoptosis of cancer cells via the endoplasmic reticulum stress pathway (102). High amounts of arginine-1 boosted arginine metabolism in Tim-4+ TAMs (refilled from circulating monocytes), which in turn improved mitochondrial phagocytic activity in TAMs and ultimately inhibited T cell function (103). So do MDSCs. Strong arginine-1 expression and the production of ROS by MDSCs in human and mouse peritoneal ovarian cancers contribute to the immunosuppression of T cells (51). Arginine deficiency not only causes T cell malfunction but also decreases NK cell survival and cytotoxicity. In vitro experiments demonstrated that low L-Arg concentrations reduced the expression of activating receptors, NKp46 and NKp30, as well as the development of the NK zeta chain and the generation of IFN-gamma in NK-92 cell lines (104).

The production of nitric oxide (NO) by nitric oxide synthase is another catabolic mode of arginine. By raising NADPH and glutathione levels, NO lowers ROS levels and promotes glutamine and TCA cycling in ovarian cancer cells (105). Th17 cell growth is aided by physiological NO concentrations produced by MDSCs from ovarian cancer patients (106). Nitric oxide synthase 1 (NOS1) modulates S-nitrosylation at Cys351 of PFKM, which contributes to the reprogramming of glucose metabolism in ovarian cancer cells (107). Nitric oxide synthase-2 (NOS2/iNOS) expressed by endogenous T cells and NO generated by T cells are required for de novo Th17 differentiation from naive precursors and for induction of the Th17 phenotype in memory cells (106).



3.3.3 Tryptophan

Tryptophan is an essential amino acid that can be catabolized or used to make tissue proteins. Patients with ovarian cancer showed accelerated tryptophan breakdown (108). There is evidence that in ovarian cancer, the enzyme indoleamine 2,3-dioxygenase (IDO) catalyzes the breakdown of tryptophan through the kynurenine pathway, resulting in immunosuppressive compounds that accelerate the growth of tumor cells and reduce antitumor immunity (109, 110). Specifically, it reduces tryptophan availability in immune cells, resulting in immunological escape by inhibiting the recruitment of NK cells and the infiltration of T cells (110, 111). Tregs can enhance IDO expression in ovarian cancer cells and synergize with hypoxia to extend the aggressiveness of OC (112). Meanwhile, tryptophan 2,3-dioxygenase (TDO2), the rate-limiting enzyme of the kynurenine pathway, was found to be upregulated in ovarian cancer tissues, which promotes tumor cell proliferation, migration and invasion (113).



3.3.4 Aspartic acid and asparagine

Asparagine (Asn) is a metabolic byproduct that is released into the extracellular compartment by tumor cells in large amounts. A metabolomics-based study of EOC serum metabolites found that Asn may be an important factor influencing the pathogenesis of ovarian cancer (114). However, specific mechanisms have yet to be explored. The presence of Asn in the microenvironment dramatically enhances the activation, proliferation and tumor killing ability of CD8+ T cells both in vivo and in vitro (115).



3.3.5 One-carbon metabolism

Large quantities of pyrimidines, thymidines, S-adenosylmethionine, and glutathione are necessary for rapid tumor proliferation for the synthesis of nucleotides. One-carbon (1C) metabolism backs up these substances required by tumors (116, 117). By affecting T cell functions, the folate-coupled metabolic enzyme methylenetetrahydrofolate dehydrogenase 2 (MTHFD2) serves as a crucial metabolic checkpoint in the 1C metabolic pathway (118). As a nicotinamide adenine dinucleotide (NAD+)-dependent enzyme with a considerable level of expression in ovarian cancer tissues, MTHFD2 positively correlates with both malignancy and prognosis (119). The synthesis of uridine-related metabolites, including UTP/UDP, is enhanced in the TIME by MTHFD2-mediated high levels of folate metabolism (120). It consequently stimulates PD-L1 transcription for the purpose of immune evasion (120). Furthermore, in IC metabolism, the methionine cycle is a major methyl donor, which is required for protein and nucleic acid methylation. Research has revealed the important role of methionine metabolism in T cell proliferation and differentiation (121). Cysteine is another significant metabolite in IC metabolism. It was discovered that ovarian cancer enhances tolerance to hypoxia through cysteine-mediated reprogramming of sulfur and carbon metabolism (122).




3.4 Metabolic signaling pathways in TIME reprogramming

The signaling pathways are linked to the shift of the metabolic landscape in ovarian cancer. Cancer cells exhibit persistent proliferative signals, and metabolic reprogramming facilitates this behavior.

The PI3K/Akt signaling pathway stimulates gluconeogenesis and lipid metabolism and activates tumor metabolism (123, 124). Salt-inducible kinase 2 (SIK2) overexpression in ovarian cancer cells activates the PI3K/AKT/HIF-1α pathway, upregulates HIF-1α expression, directly upregulates the transcription of major glycolytic genes and promotes glycolysis (123). SIK2 can promote mitochondrial fission and inhibit mitochondrial oxidative phosphorylation through phosphorylation of Drp1 at the Ser616 site (123). Moreover, SIK2 activates the PI3K/Akt signaling pathway and upregulates sterol regulatory element binding protein 1c (SREBP1c) and sterol regulatory element binding protein 2 (SREBP2), thus promoting the transcription of lipase FASN and cholesterol synthase HMGCR (124). This process improved the synthesis of cholesterol and FAs in ovarian cancer cells (124). In addition, ovarian cancer cells are capable of producing several forms of laminins (125). The Akt and MEK signaling pathways are activated in DCs cultivated with laminins in vitro, and a shift in the metabolic state of DCs induces the development of their reprogramming from bone marrow precursors to a suppressive phenotype (125).

The metabolic reprogramming of tumors is strongly correlated with the PI3K/Akt/mTOR pathway, which regulates cell growth and metabolism. The protein kinase mTOR is a serine/threonine enzyme that is a component of the mTORC1 and mTORC2 signaling complexes. In ovarian cancer, mTORC1 regulates glucose metabolism during CD8+ Treg differentiation by modulating HIF1α expression (126). Research has revealed that inhibiting GLScan synergize with the therapeutic effect of mTOR inhibitors on ovarian cancer (127).

Additionally, an aberrant MAPK signaling pathway is inextricably tied to metabolic reprogramming in ovarian cancer. It was found that TGF-β1 secreted by ovarian cancer cells could induce CD8+ Tregs through the p38 MAPK signaling pathway (128). In ovarian cancer, the widespread degradation of HIF-1 is encouraged by the silencing of TRPM7, which possesses ion channel and kinase activity. This promotes AMPK activation and changes glycolysis into oxidative phosphorylation (129).

As previously discussed, the Wingless (Wnt)/β-catenin pathway is hypothesized to be a driver of altered glycolysis, glutaminolysis, and lipogenesis (130). In ovarian cancer, hexokinase 2 increases CyclinD1/c-myc through the Wnt/β-catenin pathway, which in turn enhances oncogenesis and proliferation (131). In addition, macrophages that support ovarian cancer metastasis are linked to β-catenin expression (132). Inhibition of the Wnt/β-catenin pathway decelerates ovarian cancer progression and regulates the TIME by increasing cytotoxic T cell infiltration and decreasing MDSC infiltration (133).




4 Immunotherapeutic strategies targeting TIME metabolic reprogramming in ovarian cancer

Not only does metabolic adaptation of tumors take place throughout the course of OC, but it also happens during the course of therapy, which results in drug resistance (134–137). Metabolic reprogramming of the TIME in ovarian cancer leads to chemoresistance. M2-TAMs have a higher glucose uptake and utilization capacity, which stimulate the O-GlcNAcylation of lysosomal Cathepsin B (138). And it has been demonstrated that M2-TAMs could promote cancer metastasis and chemoresistance by increasing the activity of the hexosamine biosynthesis pathway (138). High levels of G6PD and glutathione-producing oxidoreductase are favorably associated with cisplatin resistance in OC (135). Moreover, paclitaxel resistance in ovarian cancer is associated with choline metabolism reprogramming. The expression of glycerophosphocholine phosphodiesterase 1 and glycerophosphodiester phosphodiesterase 1 in EOC was discovered to be elevated using proton magnetic resonance spectroscopy, and total choline was found to be elevated (136). Owing to the cunning metabolic adaptations of OC, monotherapy is frequently ineffective. For instance, when exposed to IDO1 inhibitors, ovarian cancer cells develop a metabolic adaptation that switches tryptophan catabolism to the 5-hydroxytryptamine pathway (137). NAD+ is increased as a result, which reduces T cell function and proliferation (137). The extracellular vesicles secreted by ovarian cancer can confer carboplatin resistance to tumor cells through hypoxia-induced metabolic dysregulation (mainly glycolysis and FAO) (139). Based on the metabolic adaptations described above in ovarian cancer, it is essential to take action to inhibit metabolic reprogramming during the treatment.

Immunotherapy allows the restoration of the T cell antitumor immune response through targeted metabolic reprogramming. Previously, we outlined the pertinent medications that target the metabolism of ovarian cancer as well as their clinical trials (29). Since there is an overlap of agents for the immunosuppressive microenvironment in ovarian cancer, we focused on immunotherapeutic strategies related to metabolic reprogramming targeting the TIME. Table 2 summarizes the immunotherapy therapies and medicines listed herein for TIME in ovarian cancer.


Table 2 | Immunotherapy targeting the metabolism of immune cells in ovarian cancer.




4.1 Supplementation or deprivation of metabolism

Certain antitumor effects can be achieved by directly supplementing metabolites. For example, L-asparaginase is a potential therapeutic enzyme. When cocultured with OVCAR-8 ovarian cancer cells, asparagine is rapidly depleted both inside and outside the cells, converting it to aspartic acid and assisting in tumor death (140). However, supplementation with amino acids in vitro shows no discernible benefit against malignancies. However, a potential involvement in disease recurrence and metastasis cannot be excluded. In vivo experiments on ovarian cancer-bearing mice showed that intraperitoneal injection of glutamine could enhance immune function and synergistically enhance paclitaxel’s antitumor effects (141).

On the other hand, metabolic deprivation is a form of starvation therapy for the treatment of ovarian cancer. The use of the specific glycolysis inhibitor 2-deoxyglucose triggers caspase-dependent apoptosis, reduces lactate production, and blocks the expression of resistance-associated proteins under low glucose conditions (30). AMPK activators can imitate the cytotoxicity induced by glucose starvation (142). Through arginine deprivation, human recombinant arginase I [HuArgI (Co)-PEG5000] can trigger autophagy and influence the motility and adhesion of ovarian cancer cells (143). Yu, J., et al. also discovered that simultaneous dual deprivation of lactate and glucose improved the antitumor effect (152). Furthermore, dietary changes might be beneficial in cancer prevention and treatment. A low-fat, high-fiber diet can help in the prevention and treatment of ovarian cancer (153, 154).

However, this adjustment of metabolic endpoint levels is extremely restricted, and most investigations have revealed no meaningful contribution to anticancer therapy in OC. It only works in a few ovarian cancer subtypes. For example, galactose intake may play a role in the development of borderline ovarian cancer in women who carry the galactose-1-phosphate uridyl transferase N314D polymorphism (155). Due to its accessibility and convenience, even though its therapeutic effect is modest, it is worthwhile to continue researching.

Adoptive cell transfer therapy (ACT) is a popular field of immunotherapy research. ACT is the collection of the patient’s own immune cells, followed by identification and in vitro cultivation to increase their quantity or improve their capacity for targeted killing (156). It can be helpful to improve the immune escape of ovarian cancer, especially for patients with recurrent ovarian cancer. An adoptive cell therapy of autologous T cells induced by a humanized anti-adiotypic antibody 6B11 minibody plus DCs and cytokines demonstrated preliminary safety and potential clinical efficacy in a phase I clinical trial of platinum-resistant recurrent or refractory ovarian cancer (144). A phase II study of allogeneic NK cell therapy for recurrent ovarian cancer showed suboptimal efficacy, and Treg cells were revealed to represent a treatment barrier (157). Allogeneic NK cell infusion in the most recent phase 1 clinical trial is still recruiting participants (158). In ovarian cancer TIME, the self-generated nanosystem known as KT-NE (KIRA6 loaded α-Tocopherol nanoemulsion) dramatically reduced lipid buildup in DCs and restored their immunological activity (159). In tumor-bearing mice, adoptive transfer of KT-NE-treated ID8-DCs increased host progression-free survival (159). Furthermore, PD-1 immunotherapy and KT-NE had synergistic effects (159). Additional clinical studies are needed to explore the therapeutic effects of ACT in ovarian cancer.



4.2 Immune checkpoint inhibitors

Checkpoint receptors on the surface of T cells, such as PD-1 and cytotoxic T lymphocyte-associated antigen 4 (CTLA-4), can suppress energy and metabolic changes in T cells and mediate immunosuppression when activated by the corresponding ligands (160). Immune checkpoint blockade (ICB) therapy enhances the tumor infiltration and effector functions of T cells by reprogramming metabolism. Classical PD-1, PD-L1, and CTLA-4 inhibitors have made great progress in the treatment of ovarian cancer. Immune checkpoints show a positive modulatory effect on metabolism (160, 161). PD-1 and CTLA-4 inhibitors can modulate the amount and activity of ARG-1, which prevents MDSCs from suppressing the immune system in ovarian cancer (161).

The IDO and kynurenine pathways are emerging metabolic checkpoints that promote T cell proliferation by preventing the synthesis of kynurenine (162). The aryl hydrocarbon receptor (AHR) antagonist CH223191 significantly decreased AHR-induced PD-1 expression in T cells (145).

However, the efficacy of ICB in the treatment of ovarian cancer is not obvious (163). In patients with advanced malignancies, combinations of PD-L1 inhibitors and IDO inhibitors have demonstrated acceptable safety and resistance (146). But there is no proof to back up the benefits of the combination. The metabolic reprogramming of the TIME is probably an important cause for the weak efficacy of ICB. The combination of drugs targeting metabolic reprogramming and ICIs is expected to improve the efficacy of ICB. Based on the glutamine dependence of ovarian cancer, the GLS inhibitor 968 increased the infiltration of CD3+ T cells and enhanced the apoptosis-inducing ability of cancer cells by CD8+ T cells. Combination with PD-L1 blockade enhanced the immune response to ovarian cancer (147).

The in-depth exploration of metabolic reprogramming has allowed for the continuous refinement of immunotherapy in ovarian cancer. For example, ICB induces not only IDO1 but also interleukin-4-induced-1 (IL4I1). The failure of clinical studies of ICB combined with IDO1 inhibition may be due to the presence of IL4I1 (164). The discovery of new metabolic immune checkpoints opens up a new path for cancer therapy.



4.3 Others

By targeting intracellular metabolic reprogramming, the metabolic state of T cells was induced to change, resulting in a more effective ovarian cancer treatment. Specific metabolism-related cell surface receptors can be identified as targets for selective delivery therapies based on the metabolic reprogramming properties of ovarian cancer. Folate receptor (FR) β in one-carbon metabolism can also be used as a regulatory target. It is expressed on activated macrophages in patients with EOC, and its blockade can inhibit nucleotide production, leading to significant immunotherapeutic effects (165, 166).

As more is known about tumor immunity, cancer vaccines have received increasing attention. Various cancer vaccines targeting immune cells have demonstrated a promising therapeutic landscape in ovarian cancer. In a phase II clinical trial, an autologous DC-based vaccination (DCVAC) significantly increased progression-free survival, and peripheral blood analysis revealed that DCVAC increases anti-cancer immunity in ovarian cancer patients with cool tumor nature (148, 149). A single-arm open-label phase I clinical trial indicates the safety of a Th17-induced FR-loaded autologous DC vaccination in inducing antigen-specific immunity and prolonging remission in ovarian cancer patients (150). Oncolytic virotherapy is an emerging immunotherapy. Oncolytic viruses invade tumor cells through cell surface molecules, infect and kill tumor cells, activate the immune response, and thus exert their tumor-killing effect (167). Lysozyme virus has high selectivity to tumor cells and high immune response intensity, thus maximizing the effect of immunotherapy. Gene set enrichment analysis showed that SV. IL12 in combination with anti-OX40 increased intracellular glycolysis and OXPHOS in T cells at the genetic level (151). Hulin-Curtis, S. L., et al. designed a phage peptide that binds to FRα on SKOV3 cell lines based on the selective high expression of FRα on ovarian cancer cells (168). It binds specifically to FRα, however, due to defective intracellular transport, it cannot yet be effectively targeted through FRα (168).

The above researches show promising therapeutic effects of tumor vaccines and oncolytic virotherapy for the treatment of ovarian cancer. However, because the relevant technology and exploration are not yet very mature, most of the current development is still only at the preclinical stage. More immunotherapy targeting TIME need to be developed in the future.




5 Perspectives and prospects

New insights suggest that tumors are not only a genetic disease but also highly associated with a suppressive immune microenvironment (16). Cellular metabolism is the key link between the extracellular environment and intracellular processes. Therefore, it is essential to explore the immunity and metabolism of ovarian cancer. By exploring the immunosuppressive microenvironment of ovarian cancer, we decipher what significant role environmental factors, especially immune cells, play in tumorigenesis, development, treatment and prognosis. Single-cell sequencing and integrated bioinformatics analysis have led to a greater understanding of ovarian cancer. J. Sun et al. described the immunogenomic landscape of HGSOC and identified immunological subtypes appropriate for immunotherapy (169). The application of immunogenomics, immunogenomics and molecular typing in ovarian cancer will contribute to subsequent targeted therapies. By deeply researching different immune subtypes, the application of precision therapy in ovarian cancer can be further expanded.

Ovarian cancer patients inevitably develop resistance to drugs, leading to treatment failure, which is the leading cause of death. Metabolic reprogramming of tumors occurs not only in tumorigenesis, progression, and metastasis, but different therapeutic measures also reshape tumor metabolism. It has been proven that surgery could increase the immune suppression of first-line ovarian cancer treatment (21). Metabolic reprogramming is extremely complex. In addition to the discussion in this review, epigenetics also plays an indelible role in the process of metabolic reprogramming (170). For example, ubiquitination and deubiquitination could alter cancer metabolism as one of the types of posttranslational modifications (171). Ovarian cancer restricts methyltransferase EZH2 expression in T cells by limiting aerobic glycolysis, thereby impairing T-cell-mediated antitumor immunity (172). Epigenetic regulation, in turn, can also affect cellular metabolism by modifying kinase activity. To illustrate, the DNA demethylating agent 5-aza-2-deoxycytidine reduces chemoresistance in cisplatin-resistant A2780cis cells and restores GS expression (173). Therefore, integrating the mechanism of interaction between metabolic reprogramming and epigenetics is also an important direction for future metabolic research in ovarian cancer, which could provide a theoretical foundation for treatment.

However, the metabolic phenotype of cancer is not invariant. Treatment resistance and metastases also cause metabolic reprogramming. It is feasible to increase the sensitivity of immunotherapy and chemotherapy as a new complement to the treatment of malignancies by targeting this feature. It is extremely promising to create medications to postpone the progression of tumors and to improve the sensitivity of cancer treatment based on the relevant theories. Therefore, it is crucial to continue researching metabolic reprogramming to enhance tumor immunotherapy.
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After virus exposure, early bystander naïve CD8 T cell activation relies on NAD+ salvage metabolism
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CD8 T cells play a central role in antiviral immunity. Type I interferons are among the earliest responders after virus exposure and can cause extensive reprogramming and antigen-independent bystander activation of CD8 T cells. Although bystander activation of pre-existing memory CD8 T cells is known to play an important role in host defense and immunopathology, its impact on naïve CD8 T cells remains underappreciated. Here we report that exposure to reovirus, both in vitro or in vivo, promotes bystander activation of naïve CD8 T cells within 24 hours and that this distinct subtype of CD8 T cell displays an innate, antiviral, type I interferon sensitized signature. The induction of bystander naïve CD8 T cells is STAT1 dependent and regulated through nicotinamide phosphoribosyl transferase (NAMPT)-mediated enzymatic actions within NAD+ salvage metabolic biosynthesis. These findings identify a novel aspect of CD8 T cell activation following virus infection with implications for human health and physiology.
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Introduction

CD8 T cells are an important arm of cellular immunity to viruses and are responsible for identifying and eliminating virus-infected cells during the adaptive phase of the immune response. Following virus exposure, T cells can be activated by T cell receptor (TCR)-dependent and -independent mechanisms. Upon TCR engagement, T cells rapidly lose their naive phenotype, become CD44hi, and are known as differentiated T cells (1). In TCR- independent activation, known as bystander activation, cytokines play an important role in the activation of effector functions in pre-existing memory T cells. Specifically, the cytokines IL-15 and IL-18 can drive antigen independent IFN-γ secretion or cytolytic activity via NKG2D in non-specific, pre-existing memory T cells (2, 3). Naïve CD8 T cells can also undergo bystander activation because of their presence in an inflammatory milieu. Some studies have demonstrated that bystander activation during chronic virus exposure can drive naïve CD8 T cells with memory-like phenotype (4) or cause them to differentiate into memory-like T cells upon late priming (5). Interestingly, infections and inflammation driven by the cohousing of laboratory mice with pet store mice can activate naïve CD8 T cells in a bystander manner and impact their homeostasis and function (6). Type I interferons are rapidly produced early in infection in response to viral exposure. Some viruses, such as SARS-CoV2, drive severe disease by dysregulating and delaying host type I interferon production (7, 8). Exposure of naïve CD8 T cells to type I interferons drives rapid acquisition of effector function upon antigenic stimulation (9, 10). The complex interplay between naïve CD8 T cells and type I interferons during bystander activation early on following virus exposure remains poorly understood.

Recent advances in immunometabolism firmly suggest that T cell function is closely linked with metabolism (11, 12). Virus exposure as well as type I interferons have been reported to cause metabolic restructuring in immune cells (13, 14). While most studies in the area of T cell immunometabolism have focussed on effector and memory T cell subsets (15, 16), very little is known about the metabolic reprogramming that occurs within naïve CD8 T cells, especially immediately following virus exposure. While the majority of studies on T cell metabolism thus far have captured the roles of the key metabolic pathways glycolysis and oxidative phosphorylation, further investigation of other metabolic pathways and metabolites including NAD+ is needed. NAD+ is a substrate and redox cofactor for several important metabolic pathways and is required for the function of T cells (17). Intracellular NAD+ is an essential cofactor for glycolysis and glycolytic flux is well known to mediate effector vs memory function in T cells (18). Also, the activity of NAD+-dependent deacetylase SIRT1 has been shown to promote the formation of memory T cells (19). Further, extracellular NAD+ promotes immune response through receptor-mediated downregulation of regulatory T cell populations (20). Similarly, tumor cyclic ADP ribose hydrolase CD38-mediated breakdown of extracellular NAD+ promotes T cell exhaustion in tumor microenvironments (21).Therapeutic modulation of NAD+ levels has been implemented to control T cell function in conditions like graft versus host disease (GVHD) (22) and experimental allergic encephalomyelitis (EAE) (23, 24). However, the implications for NAD+ metabolism in the context of antiviral CD8 T cell immunity remain relatively unknown.

In the present study, using a combination of flow cytometry, quantitative proteomics, metabolomics, and pharmacological inhibition approaches within in vivo and in vitro settings, we report an NAD+ salvage-dependent, type I interferon-driven induction of bystander naïve CD8 T cells (CD8 bTN) within 24 hours of viral exposure. Given the importance of bystander activation and the early determinants of antiviral adaptive immunity, this study highlights underappreciated consequences of type I interferon-mediated metabolic reprogramming of naïve CD8 T cells immediately after exposure to viruses.



Results


Reovirus exposure drives early induction of CD8 bTN cells in vivo

To understand the earliest phenotypic changes in CD8 T cells upon virus exposure, we exposed C57BL/6 mice to reovirus, a naturally occurring prototypic dsRNA virus that causes acute infection and drives immune response (25, 26), via intraperitoneal (i.p.) injection and studied CD8 T cell subsets via flow cytometry in the spleen. We first gated on live cells followed by sequential gating on single cells, lymphocytes and CD3+CD8+ T cells to identify 4 subsets of CD8 T cells- naïve, central memory, effector memory, and CD44lowCD62Llow- using CD44 and CD62L as shown in the representative dot plots (Figure 1A). The Ly6 family of proteins including Ly6C and Ly6A/E (Sca-1) are important early indicators of bystander activation (6, 27). We observed that Ly6C was upregulated in CD44lowCD62L+ naïve CD8 T cells within 24 hours of virus exposure (Figures 1B, C). Sca-1 was observed to be uniquely upregulated on virus exposed naïve CD8 T cells and not in T cells from non-treated spleens and was hence, used as a marker to identify bystander naïve CD8 T cells (CD8 bTN) henceforth. Expression of these markers was also observed on the parent CD8 T cell population (Figures S1A, B) and it was noted that upregulation in Sca-1 after exposure to virus was not unique to TN cells (Figure S1C). Since, CD8 T cells still maintained a naive (CD44lowCD62L+) phenotype, it was unlikely that the increase in Sca-1 and Ly6C expression is due to TCR triggering, however, to confirm this we measured the expression of CD69, CD25, KLRG1, and CD49d (Figures 1D, S1C), markers known to be upregulated upon activation via TCR (6). Naïve CD8 T cells failed to upregulate any of these markers within 24 hours after virus exposure confirming that they were indeed activated in a bystander manner (Figure 1D).




Figure 1 | Reovirus induces early bystander activated naïve CD8 T cells in vivo (A) Representative dot plots demonstrating the gating strategy for the identification of CD8 T cell subsets- TN, TCM, TEM and CD44lowCD62Llow (n=3 mice per non-treated group). (B) UMAP showing CD8 TN cells in non-treated (NT) and reovirus treated (Reo 1 d.p.i.) C57BL/6 splenocytes. (C) UMAP depicting bystander activation markers in CD8 TN cells. (D) UMAP representing TCR activation markers in CD8 TN cells. (n=9 mice; NT-3 mice, Reo 1 d.p.i.-6 mice in all UMAP plots). (E) Bar graphs for the induction of CD8 bTN cells upon treatment of splenocytes from C57BL/6 mice with varying MOIs of reovirus (n=3 independent experiments). (F) Bar graphs for % of CD8+IFN-γ+ T cells in OT-1 splenocytes (n=3 independent experiments). Two-way ANOVA with 95% confidence interval was used for statistical analysis in bar graphs. Significance has been indicated only for CD8 bTN cell populations induced within 24 hours in comparison with untreated control population levels. Not significant (ns) = p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; **** p <0.0001.



Next, we evaluated the presence of CD8 bTN cells over time in different tissues after exposure to reovirus. In the spleen, we found that a significant percentage of CD8 bTN cells were maintained at day 7 after virus exposure- by which timepoint an effector CD8 T cell response was developed (Figure S2A). In the mesenteric lymph nodes, CD8 bTN cells were not only maintained but formed the majority population even on day 7 (Figure S2B) while in the peritoneal flush extracted from the site of exposure, CD8 bTN cells were also observed albeit at lower percentages (Figure S2C). This data demonstrated that CD8 bTN cells were differentially maintained at different sites following virus exposure suggesting that their role and persistence may be context dependent after virus exposure. Since reovirus is a dsRNA virus, we also investigated whether the induction of CD8 bTN cells was dependent on TLR3, a dsRNA sensor in the cytoplasm (28). We discovered that CD8 bTN cell induction was independent of TLR3 (Figure S2D). The induction of CD8 bTN cells was also found to be independent of mouse background as a robust CD8 bTN induction was also seen in BALB/c mice after reovirus exposure (Figure S2E).

To study CD8 bTN cells ex vivo, we exposed mouse splenocytes to varying MoIs of reovirus and observed that they were induced in a dose dependent manner (Figure 1E). Upon exposure of OT-1 splenocytes to reovirus for 18h followed by priming with ova peptide for 6h, we observed an increase in the percentage of IFN-γ+ CD8 T cells (Figure 1F) suggesting that bystander activation of naïve CD8 T cells led to enhanced functional capabilities. Together, these data show that the exposure to virus prompts the induction of functionally distinct CD8 bTN cells.



CD8 bTN cells have an innate anti-viral proteomic signature

In light of phenotypic and functional changes noted above, we next asked whether CD8 bTN cells held a distinct proteomic landscape. For this, a proteomic snapshot of these cells in comparison with other T cell subsets was generated using tandem mass tag (TMT)- labelled multiplexed mass spectrometry. FACS-isolated pure populations of CD8 TN cells, CD8 bTN cells (Day 1), CD8 bTN cells (Day 7) and TEM cells (Day 7) from the spleen were digested, labelled with TMT, and processed for mass spectrometry-based proteome profiling as depicted in the workflow schematic (Figure 2A). A heatmap representing 4718 proteins that were identified by the proteomic analysis shows these proteins grouped into various clusters by K-means clustering across the tested T cell subtypes (Figure S3A). The top 2 hits in each of the clusters have been listed in Table S1. When comparing CD8 bTN cells on Day 1 and Day 7, we discovered that CD8 bTN cells on Day 7 had increased granzyme K expression (Figure 2B) although no changes were seen in levels of granzyme A or B (Figure S3B). Further, when compared with the other dominant population on Day 7 i.e., TEM cells- CD8 bTN cells had increased expression of memory markers TCF7 and FOXO1 (Figure 2C). Using flow cytometry, we also noted that CD8 bTN cells on day 7 were mostly positive for CD127 expression as compared to TEM cells that include distinct CD127+ and CD127- populations (Figure 2D) that are known to comprise memory precursors and short-lived effectors, respectively (29–31). Taken together, this data suggests that CD8 bTN cells bear distinct proteome changes accompanying alerted functional capabilities.




Figure 2 | Quantitative in vivo proteomic analysis of CD8 bTN cells. (A) Schematic for the workflow of quantitative in vivo proteomics with T cells isolated from spleens of C57BL/6 mice (n=5 mice pooled for isolation of each cell type in an independent experiment). (B) Bar graph for protein expression from quantitative proteomics of granzyme K expression in CD8 bTN cells (1 d.p.i. and 7 d.p.i.). (C) Bar graphs for protein expression from quantitative proteomics of memory markers TCF7 and FOXO1 expression in TEM cells (7 d.p.i.) and CD8 bTN cells (7 d.p.i.). (D) Histogram overlay for memory marker CD127 in TEM cells (7 d.p.i.) and CD8 bTN cells (7 d.p.i.). Representative histogram shown from spleen of one mouse (n=3 mice) (E) Volcano plot compares all identified proteins across CD8 TN and CD8 bTN cells (1 d.p.i.). (F) Cluster 3 of GO TERM analysis of proteomics depicting differentially regulated pathways in CD8 bTN cells compared to TN cells. (G) Heatmap for the relative levels of interferon-stimulated proteins and interferon signalling proteins identified in TN and CD8 bTN cells (1 d.p.i.). Corresponding bar graphs show the levels of several type I interferon-associated proteins in TN and CD8 bTN cells. Two-tailed Student’s t-test with 95% confidence interval was used for statistical analysis. Not significant (ns) = p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001.



To get an insight into the molecular signature of these early induced CD8 bTN cells and understand how they differed from TN cells within 24 hours of virus exposure, we next focussed our analysis on the proteomic data from these two groups of cells, identifying proteins that were significantly changed (at least 2-fold) between them (Figure 2E). From among the K-means clusters described earlier, cluster 3 represents proteins that are upregulated in CD8 bTN cells when compared to TN cells. Gene Ontology (GO) term analysis for proteins in this cluster revealed differential expression of proteins related to defense responses to virus, innate immune response, type I interferon, and purine biosynthesis (Figure 2F). As mentioned previously, the induction of CD8 bTN cells after reovirus exposure was observed to be independent of TLR3 signalling (Figure S1B), however, among the proteins related to defense response to virus and innate immune response, RIG-I related proteins were upregulated in CD8 bTN cells (Figure S3C). Along with TLR3, RIG-I is also involved in dsRNA recognition and regulation of immune responses (32). One of the major pathways associated with viral defense, however, identified in CD8 bTN cells via proteomics was the type I interferon pathway (Figure 2E). Levels of interferon-driven proteins including the IFIT family, ZBP1, BST2, ADR, IFI35 and EIF2AK2 were upregulated in CD8 bTN cells (Figure 2G). These data demonstrated a clear signature of type I interferon sensitization, a characteristic event driven during virus recognition, in CD8 bTN cells.



Antiviral type I interferons induce CD8 bTN cells in a STAT1-dependent manner

In order to further investigate the role of type I interferons in the induction of CD8 bTN cells, we first confirmed that an increased level of type I interferon was observed in the spleen of mice exposed to reovirus (Figure S3D). Hence, we next asked if type I interferons might be able to directly drive the induction of CD8 bTN cells without reovirus. To test this, we treated ex vivo isolated C57BL/6 splenocytes with exogeneous IFN-α1 and IFN-β1. Both treatments induced a robust, dose-dependent induction of CD8 bTN cells (Figures 3A, B respectively). We further tested whether type I interferon signalling had a role to play in the induction of CD8 bTN cells. Using quantitative PCR, we noted that the levels of Ifnar1 and Ifnar2 remained unchanged in splenocytes on day 1 after treatment of mice with reovirus (Figure S3E). We proceeded to block the IFNAR1 receptor with a blocking antibody during treatment of splenocytes with reovirus ex vivo. This led to the abolishment of CD8 bTN cell induction (Figure 3C). Within the type I interferon signalling pathway, the ISGF3 (STAT1-STAT2-IRF9) complex forms an important regulator of type I interferon signalling in cells (33). Although signalling proteins in other type I interferon signalling pathways remained unchanged (Figure 2G, lower half of heatmap), IRF9 of the ISGF3 complex was significantly upregulated in CD8 bTN cells (Figure 3D). In the proteomics data, all STAT proteins, except STAT2, were identified and STAT1 levels were found to be increased, albeit not to statistically significant levels (Figure S3F). Nonetheless, given the importance of STATs in the response to type I interferons and the upregulation of IRF9 of the ISGF3 complex in the proteomics data, we decided to test the induction of CD8 bTN cells in STAT1 KO mice. Reovirus failed to induce CD8 bTN cells in splenocytes isolated from STAT1 KO mice (Figure 3E). Similar results were also observed with type I interferons wherein no induction of CD8 bTN cells was observed with IFN-α1 and IFN-β1 (Figure 3F). In addition, it should be noted that our model of STAT1 KO mice also had a SLAM knock-in. SLAM or CD150 is a receptor for measles virus and this model was previously designed for the study of measles infection (34). To confirm that the lack of induction of CD8 bTN cells in the STAT1 KO mice was not a result of SLAM knock-in, we tested splenocytes from SLAM knock-in only control mice and found robustly induced CD8 bTN cells following treatment with reovirus and IFN-β1 (Figure S3G). Altogether, these data conclusively demonstrate a role for type I interferon signalling in the induction of CD8 bTN cells and provide evidence that this induction occurs in a STAT1-dependent manner.




Figure 3 | Induction of CD8 bTN cells occurs in a STAT1-dependent manner. Bar graphs showing induction of CD8 bTN cells upon ex vivo treatment of splenocytes from C57BL/6 mice with (A) varying concentrations of IFN-α1 from 10 U/mL- 200 U/mL (n=3 independent experiments), (B) varying concentrations of IFN-β1 from 10 U/mL- 200 U/mL (n=3 independent experiments) and (C) reovirus (MOI = 10) + IFNAR1 antibody (10µg/mL, n=3 independent experiments; Significance shown as indicated in figure) or isotype control. (D) IRF9 protein intensity (Two-tailed Student’s t-test). (E, F) Bar graphs for induction of CD8 bTN cells upon ex vivo treatment of splenocytes from STAT1 KO mice with reovirus MoI = 10 (n=3 independent experiments) (E) and, IFN-α1 and IFNβ1 (200 units (U)/ml each) (n=2 independent experiements) (F). Two-way ANOVA with Tukey’s multiple comparisons test and 95% confidence interval was used for statistical analysis unless otherwise indicated. Significance has been indicated for CD8 bTN cells in treatment conditions versus non-treated conditions unless otherwise indicated. Not significant (ns) = p > 0.05; **p < 0.01; **** p <0.0001.





Induction of CD8 bTN cells with different viruses depends on their interferon activating capacity

To assess whether different viruses were equally capable of inducting bystander activation of naïve CD8 T cells, we investigated the induction of CD8 bTN cells upon ex vivo exposure to a number of different viruses. We observed that two different strains of herpes simplex virus- HSV- ICP0 (35) and 1716 (36)- robustly induced CD8 bTN cells at a low MoI of 0.1 (Figure 4A). Next, the Indiana strain of VSV (37) induced CD8 bTN cells at a higher MoI (Figure 4B). Further, we employed measles virus and discovered that the Edmonston vaccine strain of measles (38)- induced CD8 bTN cells at an MoI of 0.1 (Figure 4C) however, the IC323 strain of measles virus (39) failed to induce a significant CD8 bTN cell response (Figure 4D). Within the array of viruses employed, IC323 strain of measles is known for its inferior capacity to stimulate type I interferons (40, 41) Taken together, this data suggested that CD8 bTN cell induction occurred variably in different viruses and was a function of their interferon inducing capabilities.




Figure 4 | Induction of CD8 bTN cells ex vivo upon exposure to different viruses. Bar graphs showing the induction of CD8 bTN cells upon ex vivo exposure of C57BL/6 splenocytes to (A) two different strains of herpes simplex virus (ICP0 and 1716, n=3 independent experiments each) at MoI = 0.1, (B) vesicular stomatitis virus (Indiana strain, n=3 independent experiments) at MoI = 10, (C) interferon activating strain of measles (Edmonston, n=2 independent experiments) at MoI = 0.1 and (D) wild type strain of measles (IC323, n=2 independent experiments) at MoI = 0.1. Two-way ANOVA with Sidak’s multiple comparisons test and 95% confidence interval was used for statistical analysis in bar graphs. Significance has been indicated only for CD8 bTN cell populations induced within 24 hours in comparison with untreated control population levels. Not significant (ns) = p > 0.05; **p < 0.01; ***p < 0.001; **** p <0.0001.





NAMPT-mediated NAD+ biosynthesis through salvage pathway metabolism regulates CD8 bTN cell induction

Type I interferons have been shown to drive a rewiring of metabolism in a variety of cell types including hepatic cells (42) and innate immune cells (14). In our proteomics analysis, we discovered that proteins related to NAD+-dependent ADP-ribosyl transferase activity like PARP9 and PARP14 (Figure S4A), as well as many proteins from the OAS family with ATP binding activity were also upregulated (Figure S4B) in CD8 bTN cells when compared to TN cells. Consequently, we hypothesized that CD8 bTN cells might be metabolically reprogrammed as compared to CD8 TN cells after reovirus exposure. To test this hypothesis, we employed a semi-targeted approach to study the metabolism of CD8 TN and CD8 bTN cells. CD8 TN cells and CD8 bTN cells (Day 1) were isolated from the spleens of reovirus-injected C57BL/6 mice by flow cytometry and then processed for metabolome analysis (Figure 5A). A heatmap comparing the metabolomic signatures of CD8 TN and CD8 bTN cells clearly showed distinct metabolic rewiring of CD8 bTN cells as compared to CD8 TN cells (Figure 5B). A list of the top upregulated and downregulated metabolites (fold change greater than or equal to 2, p<0.05) in CD8 bTN cells as compared to TN cells is shown in Figure 5C. An enrichment analysis revealed a role for central energy metabolism (glycolysis and oxidative phosphorylation) in CD8 bTN cells (Figure 5D). As glycolysis and oxidative phosphorylation have been extensively studied in T cells (12, 43, 44) and both require NAD+, we focussed on NAD+ metabolism that has shown emergent applications within immune cell biology (21, 22, 45) and was discovered in our analysis (Figure 5E). In mammalian cells, the NAD+ salvage pathway is a major source for NAD+ synthesis (46) and consists of metabolites nicotinamide (NAM), nicotinamide ribotide or nicotinamide mononucleotide (NMN), and NAD+ (Figure 5F). Using metabolite standards, we conducted a targeted analysis of metabolites involved in the NAD+ salvage pathway and found higher relative levels of NAM, NMN, and lower levels of NAD+ (normalized to cell number) in CD8 bTN cells compared to CD8 TN cells (Figure 6A). Furthermore, our proteomics analysis revealed that Nicotinamide phosphoribosyltransferase (NAMPT), which is the rate limiting enzyme of the NAD+ salvage pathway, is increased in CD8 bTN cells (Figure 6B). Using qPCR, we found that transcript levels of Nampt were also increased in CD8 bTN cells as compared to TN cells (Figure 6B). Interestingly, the transcript levels of other enzymes associated with various NAD+ pathways (Figure S4C) including Nmnats (Figure S4D) that are part of the salvage pathway as well as other synthesis pathways, enzymes of the de novo pathway (Figure S4E), and the nicotinamide riboside/nicotinic acid riboside pathway (Figure S4F) remained unchanged, indicating a possibly preferential reliance of CD8 bTN cells on NAD+ synthesis via NAMPT.




Figure 5 | Semi-targeted metabolome analysis of CD8 bTN cells. (A) Schematic for the workflow of metabolome analysis of T cells. (B) Whole cell metabolome heatmap. (C) List of significant top upregulated and downregulated metabolites in CD8 bTN cells. (D) Significant metabolite Enrichment analysis of significantly changed metabolites. (E) Volcano plot depiciting metabolites that are significantly changed in CD8 bTN cells versus CD8 TN cells. NAD+ salvage metabolites are highlighted in red. (F) NAD+ salvage pathway. NAM- Nicotinamide, NMN- Nicotinamide mononucleotide and NAD+- Nicotinamide adenosine dinucleotide.






Figure 6 | NAD+ salvage metabolism regulates induction of CD8 bTN cells. (A) Bar graphs depicting the relative peak heights of NAD+ salvage metabolites - NAM, NMN and NAD+ - using targeted metabolomics (n=4 mice per group). (B) Bar graphs for NAMPT levels- proteomics (n=5 mice pooled per condition) and quantitative PCR analysis (n = 3 independent experiments). (C–E) Bar graphs show the induction of CD8 bTN cells upon ex vivo treatment of splenocytes from C57BL/6 mice with reovirus (MoI = 10) (C) IFN-α1 (20 U/mL) (D), and IFN-β1 (20 U/mL) (E) in the presence of FK866 (5nM) and NMN (200µM) (n=3 independent experiments for each treatment, ethanol vehicle control for FK866). Two-tailed student t-test used for statistical analysis for (A, B) Two-way ANOVA with Tukey’s multiple comaprisons and 95% confidence interval was used for statistical analysis of (C–E) Not significant (ns) = p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; **** p <0.0001.



To further consolidate our understanding of the role of the NAD+ salvage pathway and NAMPT, we tested the effect of FK866, an inhibitor of NAMPT (47, 48), on the induction of CD8 bTN cells upon reovirus exposure. As shown in Figure 6C, splenocytes from C57BL/6 mice exposed to reovirus and treated with FK866 showed less induction of CD8 bTN cells compared to those with only reovirus exposure. The robust induction of CD8 bTN cells was rescued when nicotinamide mononucleotide (NMN), a metabolite downstream of the NAMPT enzymatic action, was supplemented in the media (Figure 6C). These results showed that FK866 can impair the virus-driven induction of CD8 bTN cells and further consolidated the role of NAMPT within this phenomenon. One possibility was that the reduced induction of CD8 bTN cells could have occurred via an indirect effect of FK866 treatment by reducing the production of proinflammatory mediators in splenocytes (23, 49). To elucidate whether FK866 could impair the induction of CD8 bTN cells in the presence of abundant type I interferons, we treated C57BL/6 splenocytes with exogeneous IFN-α1 or IFN-β1 along with FK866 and found impaired induction of CD8 bTN cells compared to splenocytes treated with only interferons (Figures 6D, E respectively). Once again, the impaired induction of CD8 bTN cells upon FK866 treatment was rescued by the supplementation of NMN in the media with both IFN-α1 (Figure 6D) and IFN-β1 (Figure 6E) treatments. In conclusion, these findings suggested that NAD+ production via NAMPT-mediated salvage pathway is required for the induction of CD8 bTN cells after reovirus or type I interferon exposure.




Discussion

As is being recognized in the context of the SARS-CoV2 pandemic, the understanding of early immunological events that occur after virus exposure is extremely important. It has become quite clear from various studies on COVID-19 that one the most important factors determining the clinical outcome of the disease is the early induction of type I interferons (7, 8). Early type I interferon responses are associated with mild COVID whereas delayed type I interferon responses leads to poor viral control, delayed and persistent activation of adaptive immunity, and severe COVID (50). In addition, early bystander activation of T cells has also been shown to be an important characteristic of mild disease compared to delayed bystander activation which has been associated with severe disease (51). Bystander activation is one of the earliest ways in which naïve CD8 T cells are activated occurring even before the cells have had an opportunity to be primed with antigen. Most studies focus on the biology of CD8 T cells after antigenic priming or on the bystander activation of pre-existing memory T cells. In this study, we have delineated the molecular mechanisms that govern the induction of early naïve bystander activated CD8 T cells. We demonstrated that CD8 bTN cells are induced and have an anti-viral, type I interferon signature within 24 hours of reovirus exposure, a timepoint that is not typically studied for CD8 T cells. Further, STAT-1 has been demonstrated to play an important role in the maintenance of quiescence in naïve CD8 T cells (52). We demonstrated that the induction of CD8 bTN cells was dependent on STAT-1, an important finding that can provide clues as to the mechanism of differential maintenance of these cells at different sites as observed in our study. We further demonstrated that the induction of CD8 bTN cells was also dependent on the interferon inducing capacity of viruses.

Like our study, another study has investigated bystander activation in naïve CD8 T cells after virus exposure, albeit at later timepoints, and employed Ly6C, another member of the Ly6 family of proteins like Sca-1, to identify these cells (6). The study demonstrated that bystander activated Ly6C+ TN cells had enhanced homing to lymph nodes, improved homeostatic properties and enhanced function. Taken together with this study, ourfindings further highlight the importance of studying early interferon production upon exposure to viruses and provide insight into another avenue through which CD8 T cells can be modulated early on by viruses.

Recent literature on COVID-19 pathobiology has generated an increased appreciation for the role of immunometabolic reprogramming that occurs during virus exposure (53). Viruses can alter the metabolism of cells directly during their replication or via the effects of type I interferons (54). For example, type I interferons induce important changes in the metabolism of plasmacytoid dendritic cells by acting on them in an autocrine manner and these changes allow for enhanced immune function (14). Type I interferons can also modulate T cells, especially CD8 TN cells, which are important during virus exposure. Although some studies have investigated the metabolism of TN cells (55), the impact of metabolism in the context of bystander activated CD8 TN cells remains unexplored. In our study we discovered that CD8 bTN cells, despite being phenotypically similar to prototypic TN cells, demonstrate a completely different metabolic signature. In this regard, our findings on the role of the NAD+ salvage pathway in CD8 bTN cell induction adds a crucial piece to the metabolic puzzle being investigated. Targeting NAD+ salvage metabolism by inhibiting its rate limiting enzyme NAMPT has been previously shown to reduce effector T cell function in the tumor microenvironment (18, 21). In GVHD the functionality of alloreactive T cells was inhibited by targeting NAMPT (22) and similarly, the depletion of NAD+ in T cells via FK866 treatment reduced demyelination in EAE (23, 24). Studies of metabolism, specifically the NAD+ metabolic circuitry in TN cells following activation in native settings by viral exposure, remain few. We have demonstrated a clear role for NAD+ salvage metabolism in the reprogramming of bystander activated CD8 TN cells during the acute phase of the immune response, further underscoring the importance of NAD+ salvage metabolism in early T cell biology.

Finally, the virus of choice in this study- reovirus- is an oncolytic virus being developed as a cancer immunotherapy agent for the treatment of various tumor types in clinics (56). Induction of type I interferons and bystander naïve CD8 T cells upon exposure to oncolytic viruses can have important consequences for cancer immunotherapy. The role of type I interferons in tumor immunology is widely appreciated (57, 58) and naïve-like T cells with functional capacities have been detected in tumors (59). Further, cancer metabolism can have a direct detrimental impact on TN cells (60). Understanding the impact of oncolytic viruses like reovirus on TN cells via bystander activation and consequent metabolic reprogramming represents an important emerging area of research. We believe that the research in this study provides new avenues for immunometabolism research in T cells, specifically CD8 TN cells, and potential therapeutic targets for the reprogramming of T cell immunity. Ultimately, an improved understanding of bystander activated TN cells and immunometabolism following virus exposure will inform fundamental concepts leading to better development of vaccines and treatments against viral infections and for the effective design and development of oncolytic virotherapies.



Material and methods


Viruses, cell lines, and reagents

Reovirus (serotype 3, Dearing strain) was cultured, amplified, and isolated using a previously established protocol (61, 62). L929 cells were cultured in minimum essential media (MEM) with (5% vol/vol Glutamax, 5% fetal bovine serum (FBS), 1X sodium pyruvate, 1X nonessential amino acids, and 1X Anti-Anti [Invitrogen, Carlsbad, CA]). Measles viruses (Edmonston and IC323 strains) were obtained from Dr. Christopher Richardson at the Canadian Centre for Vaccinology, Halifax, Nova Scotia. Herpes simplex viruses (ICP0 and 1716) and vesicular stomatitis virus (Indiana strain) was obtained from Dr. Tommy Alain at the University of Ottawa.



Animal studies

All animal work and in vivo experiments were conducted with prior approval from the Ethics Committee at Dalhousie University, Halifax, Nova Scotia. Wild type C57BL/6 and BALB/c mice were purchased from Charles River Laboratory (Montreal, Quebec, Canada). OT-1 transgenic and TLR3 KO mice were obtained from The Jackson Laboratory, United States. SLAM knock-in (KI) mice and SLAM KI, STAT1 KO mice for harvesting splenocytes and ex vivo virus treatment were obtained from Dr. Christopher Richardson. Intraperitoneal injections of reovirus (5 x 108 plaque-forming units/ml) were carried out and mice were sacrificed 1, 3 or 7 days post injection to harvest splenocytes for analysis of T cell populations. All animals used for experiments were between the ages of 6-10 weeks.



Flow cytometry analysis and immune cell sorting

Sample processing for flow cytometry was carried out by harvesting splenocytes in 5mL PBS-EDTA. The cells were filtered using a 40-micron filter and treated with RBC-lysing ammonium chloride (ACK) buffer. The cells were then incubated with CD16/32 Fc blocking antibody in FACS buffer (PBS + 1% EDTA + 1% FBS) for 25 minutes at 4°C, washed and stained with fluorophore labelled primary antibodies in BD Brilliant Stain buffer or FACS buffer for 25 minutes at 4°C. Stained cells were then washed and fixed with 4% paraformaldehyde for 15 minutes. For intracellular staining, fixation/permeabilization of the cells was carried out using the FoxP3/Transcription Factor Staining Buffer Set after staining with extracellular antibodies. Intracellular labelling with IFN-γ antibody in permeabilization buffer was done for 25 minutes at 4°C. The cells were finally washed and resuspended in FACS buffer. Sample data acquisition was done using the BD FACS Symphony A5 or the LSR Fortessa SORP flow cytometers. Data analysis was carried out using BD FACS Diva (BD Bioscience), FCS Express 7 (DeNovo Software, Los Angeles, CA) and FlowJo version 10 (BD biosciences, Ashland, OR). Dimensionality reduction performed on total CD8 T cells and CD8 T cell subsets using the UMAP (version 2.4) FlowJo plugin. Bar graphs were generated using GraphPad (GraphPad Software Inc., San Diego, CA). Anti-mouse BV785 CD45, BV650 CD62L, BV510 CD3, PerCP-Cy5.5 CD8, and APC-H7 CD4 antibodies were purchased from BD Biosciences. FITC CD44, PerCP CD44, BV711 CD44, BV650 CD62L, PE CD62L, PerCP CD8, PE-Cy7 CD3, PE CD3, APC IFN-γ, PE Sca-1, and AF647 Sca-1 were purchased from Biolegend. For cell sorting, splenocytes were harvested and stained via the same protocol described for flow cytometry. The paraformaldehyde fixation step was eliminated, and cells were sorted live using FACSAria III, BD Biosciences with a 95-98% purity. The gating strategy for sorting involved gating on lymphocytes (FSC-A vs SSC-A) followed by gating out the doublets. Singlets were then gated for CD3+CD8+ T cells. Following this, CD44 and CD62L expression was observed on CD8+ T cells and CD44lowCD62L+ were further sub-gated as Sca-1+ or Sca-1- to identify and collect bTN and TN cells respectively. In some cases (for proteomic analysis), TEM cells (CD44hiCD62L+) were also identified and collected.



Ex vivo treatment of splenocytes

C57BL/6 mice and others, depending on the experiment, were sacrificed and splenocytes were harvested and prepared using initial steps described for flow cytometry processing. After treatment with ACK buffer for RBC lysis, 3 x 106 cells were plated in 12-well plates for 24 hours and treated with varying MoIs of reovirus, different strains of measles or herpes simplex viruses or vesicular stomatitis virus. For OT-1 mice experiments, splenocytes were isolated as described above and plated in 96-well plates at a concentration of 1-2 x 106 cells/well. These cells were then stimulated with ovalbumin peptide (SIINFEKL) at the 18-hour timepoint for 6 hours. Other ex vivo treatments included treatment of splenocytes with varying concentrations of IFN-α1 and IFN-β1. Combination treatments were also carried out such as treatment of splenocytes with reovirus/IFN-β1 and anti-IFNAR1 antibody or isotype control or treatment of splenocytes with reovirus/IFN-α1/IFN-β1 in the presence of FK866 and NMN. For intracellular staining, brefeldin A (2µg/mL) was added to the cells at the 18-hour timepoint for 6 hours. After 24 hours, cells were collected, washed and processed for analysis via flow cytometry. Anti-IFNAR1 antibody (catalog no. 127324), isotype control (catalog no. 400198), IFN-α1 (catalog no. 752802) and IFN-β1 (catalog no. 581302) were purchased from Biolegend. FK866 (product no. F8557) and NMN (product no. N3501) and brefeldin A (catalog no. B7651) were purchased from Sigma. Ovalbumin peptide (257-264) was purchased from Genscript (catalog no. RP10611).



Quantitative in vivo proteomics

Animals were injected with reovirus as described above, and T cell subsets were collected either from the naive spleen or spleens on 1 and 7 days post infection (d.p.i.) via the cell sorting process described above. Each sample was prepared by pooling spleens of 5 animals for isolation. Isolated cells were washed with PBS, pelleted, and lysed in 6 M guanidine-HCl, 50 mM HEPES, pH 8.5, containing Roche complete mini protease inhibitor mixture (1 tablet per 10 mL) (Roche, Madison, WI). Lysis was performed via sonication and cleared by centrifugation. Cysteine residues were reduced using 5 mM dithiothreitol and then alkylated with 14 mM iodoacetamide. Aliquots containing 50 μg of protein were diluted to 1.5 M guanidine-HCl, 50 mM HEPES (pH 8.5) and digested with trypsin (Promega, Madison, WI). Digested peptides were desalted using 60 mg solid-phase C18-extraction cartridges (Waters, Milford, MA), lyophilized, and labelled using TMT 10-plex reagents as described previously (63). Samples were then mixed equally, desalted using solid-phase C18 extraction cartridges (Waters, Milford, MA), and lyophilized. TMT10-labelled samples were fractionated using high-pH reversed phase chromatography performed with an Onyx monolithic 100 × 4.6 mm C18 column (Phenomenex, Torrance, CA). The flow rate was 800 μL/min, and a gradient of 5−40% acetonitrile (10 mM ammonium formate, pH 8) was applied over 60 min using an Agilent 1100 pump (Agilent) from which 12 fractions were collected. Fractions were desalted using homemade Stage Tips, lyophilized, and analyzed with an Orbitrap Fusion mass spectrometer (64) using the SPS-MS3 method (McAlister et al., 2014). Protein identification was performed using a database search against a mouse proteome database (downloaded from UniProtKB in September 2014) concatenated to a mammalian orthoreovirus 3 (Dearing strain) database (downloaded from UniProtKB in September 2014). All false discovery rate (FDR) filtering and protein quantitation was performed as previously described (63). A protein was required to have a minimum total signal-to-noise ratio of 100 in all TMT reporter channels, and the maximum number of missing channels was equal to 8. Data for heat maps and individual protein profiles are represented by relative TMT intensity, which is based on the summed signal-to-noise. The data set was subsequently analyzed via K-means clustering with Euclidean distance using MultiExperiment Viewer (MeV) followed by DAVID Bioinformatics Resources (https://david.ncifcrf.gov/) to conduct GO-term analysis for biological processes, molecular functions and cellular compartments on specific clusters. Our total data set was utilized as the background for the data analysis searches. Volcano plot was generated using R statistical analysis package and bar graphs were generated using GraphPad



Ex vivo T cell metabolomics

For metabolomic analysis, each sample was prepared by pooling spleens of 3-5 mice. Live T cell populations were sorted, washed with PBS-EDTA, and resuspended in 100 µl 80% ice cold methanol. 20 µl of methanol extracted cells were combined with 180 µl of HPLC buffer A [95% (vol/vol) water, 5% (vol/vol) acetonitrile, 20 mM ammonium hydroxide, 20 mM ammonium acetate (pH = 9.0)]. The sample was split in triplicates and run using a triple quadrupole mass spectrometer 5500 QTRAP and metabolite levels were analyzed. Based on known Q1 (precursor ion) and Q3 (fragment ion) transitions, the metabolite name, the dwell time and the appropriate collision energies (CEs) for both positive and negative ion modes were identified. Using this protocol, a selected reaction monitoring transition list of 289 (approximately 10–14 scans per metabolite peak) metabolites can be accurately identified. MultiQuant v2.0 software was used to integrate the peak areas from the Q3 TIC values across the chromatographic elution. Each metabolite from every sample was manually confirmed; typically, a single dominant peak will be present for most detectable compounds. Peak heights normalized to the sum of peak heights per sample were used to determine relative metabolite concentrations between samples. For computational analysis, the metabolomics database was analyzed using R, to identify metabolites with significant fold changes and p values. Metabolite rank was obtained by comparing significantly changing metabolites in the order of decreasing fold change (CD8 bTN/CD8 TN). NAM, NMN, and NAD+ were further analyzed using a targeted analysis on a QExactive Orbitrap Mass Spectrometer. Here, a targeted selective ion monitoring (tSIM) method was employed with a resolution of 140,000. Metabolic features identified by tSIM were confirmed using Maven software and peak heights were exported to excel. Peak heights were again normalized using cell number and relative peak heights calculated. Graphs were generated GraphPad Prism.



Enrichment analysis

All detectable metabolites were organized into specific and general metabolic pathways based on Kyoto Encyclopedia of Genes and Genomes (KEGG) metabolic pathways. To determine pathways that were enriched in CD8 bTN cells, an overrepresentation analysis was completed. Briefly, metabolites that were increased or decreased by 2-fold and t test probability less than or equal to 0.05 were selected, and compared with the original list of metabolites, and then we calculated percent of metabolites changed. We used this percentage to calculate the expected number of metabolites that would change if the metabolites were randomly distributed throughout the various metabolic pathways. We then calculated fold enrichment by dividing metabolites changed by 2-fold by the number of metabolites expected to have changed if random. Probability was calculated by the hypergeometric test.



Quantitative real-time PCR

T cells were sorted from splenocytes using flow cytometry and used for RNA extraction and qPCR. 3-5 animals were pooled for isolation of every sample, and this was repeated 2-3 times. RNA extractions were conducted using standard TRIzol methodology following manufacturer’s instructions (Qiagen). Extracted RNA was quantified, diluted to a total of 2 μg, and synthesized into cDNA using Superscript II (Invitrogen, Burlington, ON). SsoAdvanced Universal SYBR Green Supermix (Biorad catalog no. 1708882) was used for qPCR and run on the BioRad CFX96 mice for amplification and quantification. Gene-specific primers for murine Ifna2, Ifnr1, Ifnr2, Nampt, Kynu, Kyat1, Qprt, Nmrk1, Nmnat1, Nmnat2, Nmnat3, Gapdh and Hprt were purchased from Invitrogen (Table S2). The data from the qPCR were collected and analyzed using Livak and Schmittgen’s 2-ΔΔCT method (65). The fold change was calculated by first normalizing the quantification cycle (Cq) of the indicated gene against Gapdh or Hprt followed by a comparison against the respective controls and bar graphs were generated using GraphPad.



Statistical analysis

Depending on the indicated experiment, two-way ANOVA with Sidak/Tukey’s post-test or a two-tailed Student’s t-test with 95% confidence interval were used for statistical analysis, and p values of <0.05 were considered significant. Asterisks were used to signify p values as follows: not significant (ns) = p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; **** p <0.0001.
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   Introduction

Although multiple targeted treatments have appeared, hepatocellular carcinoma (HCC) is still one of the most common causes of cancer-related deaths. The immunosuppressive tumor microenvironment (TME) is a critical factor in the oncogenesis and progression of HCC. The emerging scRNA-seq makes it possible to explore the TME at a high resolution. This study was designed to reveal the immune-metabolic crosstalk between immune cells in HCC and provide novel strategies to regulate immunosuppressive TME.


 Method

In this study, we performed scRNA-seq on paired tumor and peri-tumor tissues of HCC. The composition and differentiation trajectory of the immune populations in TME were portrayed. Cellphone DB was utilized to calculate interactions between the identified clusters. Besides, flow cytometry, RT-PCR and seahorse experiments were implemented to explore potential metabolic and epigenetic mechanisms of the inter-cellular interaction.


 Result

A total of 19 immune cell clusters were identified and 7 were found closely related to HCC prognosis. Besides, differentiation trajectories of T cells were also presented. Moreover, a new population, CD3+C1q+ tumor-associated macrophages (TAM) were identified and found significantly interacted with CD8+ CCL4+T cells. Compared to the peri-tumor tissue, their interaction was attenuated in tumor. Additionally, the dynamic presence of this newly found cluster was also verified in the peripheral blood of patients with sepsis. Furthermore, we found that CD3+C1q+TAM affected T cell immunity through C1q signaling-induced metabolic and epigenetic reprogramming, thereby potentially affecting tumor prognosis.


 Conclusion

Our study revealed the interaction between CD3+C1q+TAM and CD8+ CCL4+T cells and may provide implications for tackling the immunosuppressive TME in HCC.




 Keywords: immunometabolism, C1q, tumor-associated macrophage, T cell, HCC 

  1. Introduction.

With a high mortality rate, liver cancer is the second leading cause of cancer-related deaths under the age of 80 worldwide (1, 2). Hepatocellular carcinoma (HCC) accounts for 70% to 85% of primary liver cancers (3). HCC is an inflammation-driven disease. Surgery, radiofrequency ablation (RFA), transcatheter arterial chemoembolization, and targeted therapies are the most common treatments (4). The tumor microenvironment (TME) of HCC is strongly immunosuppressive; thus, it is extremely important to illustrate the immune characteristics of TME and develop new immunotherapies for HCC.

Immune cell infiltration is a well-known significant regulator of HCC progression (5). The density of tumor-infiltrating CD8+T cells was proved to be an effective prognostic indicator in HCC or many solid tumors (6, 7). It can be affected by multiple regulatory procedures in HCC TME, including the secretion of transforming growth factor β (TGF-β) and interleukin 10 (IL-10), the recruitment of regulatory T cells (Tregs) and myeloid-derived suppressor cells (MDSCs), high levels of programmed cell death 1 (PD-1), programmed death ligand-1 (PD-L1) and so on (4, 5, 8, 9). All the factors cause a rather low response rate of HCC to immunotherapy (10). Therefore it is critical to illustrate the complex network of cell-to-cell interactions within the TME. However, the traditional immunological technology has certain limitations. For example, the chasm between in vitro and in vivo systems, low throuhput, and limited information on immunohistochemistry, et al.

ScRNA-seq is an emerging and powerful tool for investigating the cellular components even rare populations and their interactions in TME (11, 12). It also helps to illustrate connections between TME and clinical outcomes in cancers (13–15). Recently several studies have portrayed the landscape of HCC at single-cell level (16–20). For example, heterogeneity of exhausted T cells (Tex) has been reported (16, 17). The study aims to deepen our understanding of cell-cell interactions and molecular pathways in TME based on scRNA-seq data of paired HCC tissues, and discover new cell subsets which cannot be achieved by traditional methods (21, 22).

We revealed TILs differentiation trajectories and identified certain populations associated with HCC prognosis. The scRNA-seq found that macrophage populations were much more complex than the M1/M2 dichotomy. Although macrophages and T cells are generally considered to belong to different cell lineages, recently a novel macrophage sub-population expressing CD3 molecule was reported in infectious, inflammatory diseases (23). However, the specific role of CD3+ tumor-associated macrophages (TAM) is poorly understood. In the study, we found that a new population of CD3+C1q+TAM regulated the anti-tumor immunity of the tumor-infiltrated CD8+CCL4+T cells through the C1q signaling pathway and subsequent metabolic and epigenetic remodeling, thereby potentially affecting tumor prognosis. Our study supported that the versatile molecular C1q expressed in TAM has functions beyond the complement cascade. The data reveals the interaction between C1q and the metabolism of CD8+T cells and provides implications for regulating immunosuppressive TME.


 2. Methods.

 2.1. Human specimens.

Paired carcinomatous and para-carcinomatous tissues were from patients with HCC. No chemotherapy or radiation therapy was performed on patients before tumor resection. Peri-tumor tissue was 3cm away from the edge of the conjugated tumor tissue. Samples were then obtained for the subsequent CD3+cell sorting, single-cell RNA sequencing analysis, or in vitro testing implement.

Peripheral blood was collected from sepsis patients on the 1st, 3rd, 7th and14th day for flow cytometry. We obtained approval from the ethics committee of Zhongshan Hospital, Fudan University, and written informed consent from all HCC patients.


 2.2. Sample preparation.

We immersed specimens of fresh tumor and adjacent normal tissue in RPMI‐1640 (Gibco) containing 10% FBS, shredded, ground the blocks and then passed the suspension through 40 μm cell strainers. Next, the single cell suspension was centrifuged (1500 rpm, for 10 min) and the supernatant was removed. The bottom cell pellets were resuspended in erythrocyte lysis buffer (Solarbio), kept on ice for 5 min and then washed twice with 1 × PBS.


 2.3. Cell isolation and scRNA-Seq.

Single-cell suspension was stained with fluorescent-labeled anti- CD3 (0.5%, Biolegend, Cat No.300308, Clone HIT3a) anti-CD45RO (0.5%, Biolegend, Cat No.304210, Clone UCHL1) for 30 min at 4°C. Subsequently, cells were rinsed and resuspended for FACS sorting. CD3+CD45RO+ T cells were isolated through FACS sorting (BD FACS Aria II).

For scRNA-Seq, the sorted cells were counted with a hemocytometer and diluted to 700–1200 cells/μl with targeted cell viability (>70%). Single cells were separated on a Chromium controller (10×Genomics) as the manufacturer’s instructions. 20 cDNA libraries were prepared using Single-Cell 3′ Reagent Kits V2 (10xGenomics, Pleasanton, California) after single cell purification on a Chromium controller (10×Genomics) following the manufacturer’s instructions. Library sequencing was conducted via Illumina sequencer following stringent quality control by fragment analysis (AATI) and the output data was processed through the Cell Ranger pipeline (version 2.1.1, 10×Genomics) default. Cells expressing less than 200 genes or with an improperly high fraction (> 5%) of mitochondrial genes were removed. The raw data was normalized on a log scale, facilitating the following clustering and principal component analysis. CytoTRACE (https://cytotrace.stanford.edu) helped to predict cell differentiation fate based on single-cell RNA-sequencing data Cell development trajectory was performed through ScVelo, an extensible RNA velocity analysis toolkit.


 2.4. CD8.+ T cells culture

Spleens of wild-type mice were extracted, ground, and filtered to single-cell suspension. CD8+ T cells were purified through negatively magnetic sorting (Biolegend, Cat. 480008), activated with anti-CD3 (eBioscience, Cat.16-0031-85) and anti-CD28 (eBioscience, Cat.16-0281-85) for 3 days, and then cultured with 100 U/ml IL-2 (Peprotech, Cat.200-02-50) or 10 μg/ml IL-15 (R&D, Cat.247-ILB-005) for another 3 days while adding 10 ug/mL or 25ug/mL C1q (Sigma, Cat.C1740-1MG).


 2.5. FACS analysis.

For flowing staining, viable cells identified through Fixable Viability Stain 510(BD). And cells were stained with CD3 (BioLegend, clone: HIT3a), CD8 (BioLegend, clone: SK1), CD45 (BioLegend, clone: HI30), CD68 (BioLegend, clone: Y1/82A), CD11B (BioLegend, clone: ICRF44), CD80 (BioLegend, clone: 2D10), CD206 (BioLegend, clone: 15-2), CD163 (BioLegend, clone: RM3/1), C1QA (abcam, clone: EPR2980Y), C1QC (abcam, clone: EPR2984Y), PD-1 (BioLegend, clone: RMP1-30), PD-L1 (BioLegend, clone: 10F.9G2), BCL2 (BioLegend, clone: 100), Ki67 ((BioLegend, clone: 11F6), GZMA (Biolegend, clone: CB9),GZMB (Biolegend, clone: QA16A02), IFNγ (Biolegend, clone: XMG1.2), TNFα (Biolegend, clone: MP6-XT22), LDHA (biocompare), Acetyl-Histone H3 (Lys27) Antibody (Cell Signaling), Acetyl-Histone H3 (Lys9) (C5B11) Antibody (Cell Signaling). Intracellular markers were stained before cell re-stimulation by PMA/ionomycin (Biolegend, Cat. 423303). Flow cytometry was performed on BD FACS Aria III flow cytometer and the data was analyzed by FlowJo6 software.


 2.6. Metabolic gene-expression analysis by RT-PCR.

Relative expression levels of selected genes were quantified by qRT-PCR. cDNA was synthesized via PrimeScript RT Master Mix (TAKARA, Cat. RR036A). TB Green Premix Ex Taq II (TAKARA, Cat. RR820A) was used for qRT-PCR analysis on the Roche LightCycler 480 System with primer sets in  Supplementary Table 1 . Expression data of all candidate genes were normalized to the housekeeping gene 36b4. 


 2.7. Metabolic assay.

XF-96 extracellular flux analyzer (Seahorse Bioscience) was used for the mitochondrial fitness test, Oxygen consumption rate (OCR) was measured at basal (1.5 × 10^5 cells/well), and after treatment with oligomycin (1 μM), protonophore carbonyl cyanide p-trifluoromethoxyphenylhydrazone (FCCP,1.5 μM), etomoxide (200 μM) in some cases, and rotenone (100 nM) plus antimycin A (1 μM) sequentially. The lactate assay kit (Life Technologies) was used to measure the lactate content in cells and cell cultures.


 2.8. Statistical analysis.

Post-acquisition analysis was carried out on FlowJo Software (v10.5.30) and representative plots were exhibited. Statistical analysis and corresponding quantitative plots were conducted using GraphPad Prism 8 software. Significance levels were assessed by Student t-test or ANOVA test, where appropriate.


 2.9. Data availability.

Relevant data in this study are available within the article and supplementary files. Additional information is available upon reasonable request from the corresponding author



 3. Results.

 3.1. Cell populations identification in HCC samples.

To identify the cellular diversity in HCC patients, we implemented ScRNA-Seq using the 10x Genomics single-cell 3′ V2 chemistry. We generated a single-cell suspension of 6 samples from the paired tumor (T) and peri-tumor tissue (P) and enriched CD3+T cells by magnetic bead sorting. Barcoded sequencing reads went to the corresponding cells and transcriptome, then individual mRNA molecules were counted through unique molecular identifiers (UMIs). After quality control, we acquired single-cell transcriptomes of 24267 cells. Multiple single-cell analysis was carried out via R package Seurat (version 3.0; https://satijalab.org/seurat/) and high-quality transcriptome and visualization cells were presented over uniform manifold approximation and projection (UMAP) ( Figure 1A ). A total of 19 immune cell clusters were identified, including CD8+T cells (5 clusters) and CD4+T cells (4 clusters), NKT cells (2 clusters), gamma delta T cells, CD3+monocytes and some clusters undergoing proliferating or differentiating process, et al. ( Figure 1A ;  Table 1 ). In addition to the typical ones, including naïve T cells (TN), central memory T cells (TCM), effector memory T cells (TEM), recently activated effector memory or effector T cells (TEMRA/TEFF, designated TEMRA hereafter), gamma delta T cells, tumor-Treg cells, and exhausted T (Tex) cells, we also identified two virus-responsive cell clusters, with the CD3-IFI6 and CD3-IGHA1 clusters expressing some markers of type I interferon-stimulated genes.

 

Figure 1 | Single CD3+ cell transcriptome analysis (A) UMAP visualization of T cells clusters based on 24267 single-cell transcriptomes of 6 samples (paired tumor and peri-tumor tissue of HCC), showing the formation of 19 cell clusters. (B) Histogram visualization shows the tissue distribution of 19 clusters. The percentage of cell number of each cluster was compared between tumor and peri-tumor. The means of the 2 groups were tested for significant differences based on the t-test. ns, no significance; *P<0.05 **P<0.01; ***P<0.001; ****P<0.0001. (C) Dot plot showed the expression of representative genes for each cluster. (D) Pie charts showed the proportion of different clusters. (E) Developmental trajectories of CD4+T clusters in UAMP space by scvelo (right) and CytoTRACE (left). Values per phenotype using boxplots in CD4+ clusters. Scores from 0 to 1 represent progressively lower differentiation potential. (F) Developmental trajectories of CD8+T clusters in UAMP space by scvelo (right) and CytoTRACE(left). Summarize the median and distribution of CytoTRACE values per phenotype using boxplots in CD8+T clusters. Scores from 0 to 1 represent progressively lower differentiation potential. 



 Table 1 | The presentative genes of each cluster. 



We found that 11 clusters were differentially distributed in P and T. Statistical analysis was performed on the number of cells in each cluster ( Figure 1B ). Except for the C8, other CD8+ T cell clusters (C0, C6, C11, C13) had a remarkable reduction in tumor tissue than adjacent tissue. Among the CD4+ T cell clusters, C5(Treg) was significantly accumulated in the tumors, centering in establishing and maintaining an immunosuppressive environment. We then listed representative genes for each cluster in  Figure 1C . Each cluster exhibited a distinct distribution and characteristics. From C0 to C9, the top 10 clusters of most CD3+cells infiltrated in HCC samples are mainly composed of CD4 and CD8 T cells ( Figure 1D ). Other cell types, C3(NK) C7(NKT), and C12 (Gamma delta T) are notably reduced in tumors; on the contrary, the proportion of C14: CD3-STMN1 (proliferating cells), C17: CD3-IFI6 (type I interferon signaling pathway activated T cells) increased significantly in the tumor.


 3.2. Time differentiation trajectory map of different cluster cells.

Next, we explored a hypothetical differentiation trajectory with multiple intermediate states and gene expression gradients by using scVelo and CytoTRACE. The scVelo and CytoTRACE analysis respectively reflect the direction and potential of cell differentiation.

Firstly, we obtained the developmental trajectory of CD4+ and CD8+ T cells on UAMP space via scVelo. As listed in  Table 1 , we identified 4 clusters of CD4+T cells. It was found that C1 showed progress trends toward 3 other clusters ( Figure 1E ). Using CytoTRACE to predict the differentiation potential of 4 clusters, in order from high to low is C1> C4> C2> C5(from purple to red,  Figure 1E ;  Supplementary Figure 1A ), which is consistent with the results of scVelo. The results showed that C1 (GPR183hiIL7RhiCD4+T cells) was speculated to be a group of cells with “stem cell-like” multiple differentiation potential. The memory CD4 T C2 with up-regulated expression of SELL, CCR7, and LEF1, may differentiate into effector CD4 (C4) or regulatory T cells (C5). C4 has TEMRAs. C4 and C5 developed into two individual branches without further differentiation potentials. The top 10 genes related to stemness (red) or differentiation (blue) were listed in  Supplementary Figure 1B  by calculating the correlation with CytoTRACE. It is not surprising that multiple genes coding ribosome proteins were related to CD4+T cell differentiation ( Supplementary Figure 1B , blue part). Ribosome biogenesis is critical for T-cell activation because of its rate-limiting role in cell growth and proliferation (24). More interestingly, several immune checkpoint genes (TIGIT, CTLA4) were linked to stemness character ( Supplementary Figure 1B , red part), reflecting a paradox that dysfunctional TILs in situ may be capable of stem cell-like behavior (25).

By analyzing the differentiation trajectory of CD8+T cells using the same strategy, scVelo depicted that the differentiation direction started from C11 to other clusters ( Figure 1F ). CytoTRACE predicted that the differentiation potential of the clusters varied from high to low by C8> C0> C11> C13> C6 ( Figure 1F , purple to red). Track analysis showed the same trends ( Supplementary Figure 1C ). Different from the results of CD4+T cells, multiple genes coding ribosome proteins were linked to cell differentiation and stemness of CD8+T cells ( Supplementary Figure 1D , blue part, and red part respectively), pinpointing the importance of metabolism in CD8+T cells. Besides, other genes including long non-coding RNA were found associated with CD8+T cell differentiation ( Supplementary Figure 1D , blue part), suggesting diverse factors are required for the process.


 3.3. Survival analysis of each cluster for liver cancer patients.

Based on the TCGA data of 368 liver cancer patients, the survival analysis results obtained 7229 genes related to liver cancer prognosis. In each cluster, we counted the number of survival-related genes. It was found that C14 had the most survival-related genes, followed by C16, and C18, while there were no survival-related genes in C9, C10, and C11. To further understand the role of different cell subsets in prognosis, we performed a K-means cluster analysis on TCGA data based on the survival-related characteristic genes of liver cancer for each cluster. We divided liver cancer patients into two groups and calculated the survival curve to judge the role of this cluster in predicting the prognosis of patients ( Figure 2 ).

 

Figure 2 | Survival analysis of clusters (A–G). Kaplan–Meier survival analysis curves compare the high and low expression of characteristic genes in each cluster based on the TCGA HCC cohort. . 



According to survival analysis results, survival curves of 7 clusters (C1, C3, C12, C13, C14, C16, and C18) could be significantly separated. Patients highly expressing C3, C12, and C14-featured genes presented a lower survival probability than those with moderate levels, indicating that the prognosis of patients with liver cancer enriched with this type of cells in vivo is relatively poor (the upper panel , Figures 2A–C ). On the contrary, those with high expression ofC1, C13, C16, and C18-featured genes showed improved survival probability, suggesting that these clusters may point to better prognosis in liver cancer patients (the lower panel,  Figures 2D–G ). Interestingly, cell cycle genes STMN1 and TUBA1B were found increasingly expressed on C14. As switch molecules of the cell cycle from G1 to S phase, they were known for their crucial rules in eukaryotic cell proliferation (26). As shown in  Figure 1B , the proportion of C14 increased by 3 times in HCC tumors. Although the destiny of these proliferating cells remains unknown, survival analysis suggests that it is detrimental to the prognosis of cancer patients ( Figure 2C ).


 3.4. The interaction between clusters.

It is essential to comprehend the interactions between clusters. Inter-cellular interactions by various molecules, such as receptors, ligands, structural proteins, secreted proteins, hormones, cytokines, neurotransmitters, etc, mediate cell communication and cell activities. Cellphone DB provides comprehensive recourses of curated receptors, ligands, and interactions(https://pypi.org/project/CellPhoneDB/).

In the study, we utilized scRNA-Seq data and Cellphone DB (version 3.1.0) to calculate the interaction scores between clusters, visualized the receptor-ligands interaction quantity, and analyzed the regulatory relationship. The output results are counted and presented in  Figures 3A, B .  Figures 3A ,  B  respectively showed the interaction of clusters within peri-tumor and tumor tissue. We found that in HCC, the network with the most notable changes involved clusters C5, C16, and C4. In para-cancerous tissue, C6 and C16 had stronger interactions ( Figure 3A ). However, C16 not only lost self-regulation but also had a weaker connection with C6 in the tumor. In contrast, tumor-infiltrated C6 and C14 gained enhanced interactions ( Figure 3B ). Overall, the changed connections between clusters of TME suggested the potential immune suppressive mechanisms which need further investigation.

 

Figure 3 | The interaction of CD3+C1q+TAM and CD8+CCL4+T cells a-b. Interaction between clusters of HCC para-cancer (A) and tumor tissues (B). The arrow represents the interaction from this cluster to that cluster. The thickness of the line indicates the value of the interaction pair. The size of the point refers to the interaction of the cluster as an end. The color of the point refers to the interaction of the cluster as a start. (C) Flow cytometric gating of C1q-T (CD11B+ and CD68+) staining on CD45+CD3+ cells of HCC. Right panel shows the proportion of CD11B+ CD68+ in total CD45+CD3+ cells. (D, E). The proportion of M1 (CD86+CD80+) (D), M2 (CD163+CD206+) (E) in total C1Q-TAM (CD11B+ and CD68+) were compared at P and T. (F–K). The expression level of C1QA and C1QC of C1Q-TAM cells (F, G), M1 (H, I) and M2 (J, K) were detected by cell flow cytometry. ns, no significance; *P<0.05; **P<0.01; ***P<0.001. 



A meaningful receptor-ligand interaction leads to a physiological response. We identified 141 pairs of ligand-receptor interactions enriched in tumor samples. And the top five were KLRB1_CLEC2D, CD74_MIF, MIF_TNFRSF14, CD8 receptor_LCK, and CD2_CD58. There were 156 pairs in the samples of adjacent tissues, and the top five with the highest frequency were CD74_MIF, CD55_ADGRE5, MIF_TNFRSF14, SELL_SELPLG, CCL4L2_VSIR. The role of these ligand-receptor interactions in shaping TME still needs further investigation.

Next, we defined C16 as CD3+C1q+TAM. The presentative marker genes for C16 included the genes encoding the C1q protein family (C1QB, C1QA, C1QC, and CD68) ( Figure 1C ). The C6 was CD8+CCL4+T cells identified as effector T cells. Therefore, we speculate that C16 possibly regulates C6 function through the complement signaling pathway. The cluster C16 (CD3+C1q+TAM) found in our study has not been reported before. To further evaluate the existence of C16, we stain CD3+ CD45+ CD68+ CD11B+ cells for single-cell suspension of paired tumor and peri-tumor tissue ( Figure 3C ). Using flow cytometry, we detected the presence of CD3+C1q+TAM in HCC and found the proportion of this population was significantly lower in tumors ( Figure 3C ). The observation is consistent with the shift revealed by scRNA-Seq analysis ( Figures 3A, B ). Furthermore, we labeled M1-LIKE(CD86+CD80+) and M2-LIKE(CD206+CD163+) to explore its entity ( Supplementary Figure 2 ). The staining suggested that the population CD3+C1q+TAM was a mixture of M1 or M2-LIKE cells. There are more M1-LIKE cells in tumor-adjacent tissues ( Figure 3D ). In contrast, a remarkably increased number of M2-LIKE cells was observed in tumor tissues ( Figure 3E ). Since the C1q signaling pathway was significantly expressed in C16 ( Figure 1C ). C1QC expression was elevated in tumors, especially in M2 cells, and C1QA did not change significantly ( Figure 3F–K ).

To further verify the existence of this population, we collected peripheral blood from patients with sepsis to measure the proportion of CD3+C1q+macrophage in infection by flow cytometry. We found that the CD3+C1q+macrophage ratio increased in the early stage of sepsis (day 1) and decreased after day 3 ( Figures 4A, B ). Furthermore, we labeled M1-LIKE (CD80+) and M2-LIKE (CD163+) and the data indicated that M2-LIKE cells were significantly higher than M1-LIKE cells in the peripheral blood of sepsis patients ( Figures 4C–F ). At the same time, we also detected the C1q signaling pathway and found that the expression of C1QC was elevated in the peripheral blood of patients with sepsis, while C1QA had no significant change ( Figures 4G–J ). These results are consistent with the HCC results, so we believe that CD3+C1q+TAM plays a pro-inflammatory and anti-tumor role in the initial stage of infection and tumors.

 

Figure 4 | The existence of CD3+C1q+macrophage in peripheral blood of sepsis patients (A) The histogram shows the proportion of CD11B+CD68+ in the total CD45+CD3+ cells in the peripheral blood of healthy controls and sepsis patients. (B) Flow cytometry gating of C1Q-M (CD11B+ and CD68+) staining on CD45+CD3+ cells in healthy controls and sepsis. c-f. The histogram shows the proportion of CD163-CD80+ (C), CD80+ (D), CD163+CD80- (E), CD163+ (F) cells in total C1Q-M (CD11B+ and CD68+) by flow staining. (G–J) The expression levels (G, I) and ratios (H, J) of C1QA and C1QC in C1Q-TAM cells (F–G), M1 (H–I) and M2 (J–K) were detected by flow cytometry. ns, no significance; *P<0.05; **P<0.01. 




 3.5. Effects of C1q on T cell metabolism.

Since energy metabolism is essential for T cell differentiation and function, we next explored how C1q modulates T cell metabolism. We tested the expression panel of metabolic genes and found most were upregulated in C1q-treated Teff cells, including HK1, TPI1, GPD2, GPM2, ENO3, PDK1, and LDHA ( Supplementary Figure 3 ). In Tmem cells, only the expression of ALDOA and LDHA were increased after C1q treatment ( Supplementary Figure 3 ). For both Teff and Tmem, the MFI of Carnitine palmitoyl transferase 1A(CPT1α) and Lactate dehydrogenase A(LDHA) increased significantly after C1q treatment ( Figures 5A, B ). CPT1α and LDHA respectively center in the process of fatty acid oxidation and glycolysis. Besides, the expression of transcription factor HIF1α, an important oxygen sensor and metabolic modulator, also increased after C1q treatment ( Figure 5C ). The data suggested that C1q treatment can increase T cell metabolism, which was confirmed by the seahorse experiment ( Figures 5D, E ). Consistent with metabolic changes aforesaid, the lactate content was found increased in Teff and Tmem internally and culture medium of Teff after C1q treatment ( Figures 5F, G ). Increased glycolysis and higher lactate production further confirmed the effects of C1q treatment on T cell metabolism. Taken together, the results suggested that Teff was considerably responsive to C1q on metabolic regulation.

 

Figure 5 | Effects of C1Q on T cell differentiation and function (A) The expression of LDHA in Teff and Tmem cells with and without C1q. (B) The expression of CPT1α in Teff and Tmem cells with and without C1q. (C) The mRNA expression of HIF1a in Teff and Tmem cells with and without C1q. (D, E). Oxygen consumption rate (OCR) spectra of Teff and Tmem cells with and without C1q using Seahorse XF96 analyzer. (F) The lactate levels in Teff and Tmem cells with and without C1q. (G) The lactate levels in Teff and Tmem cells culture medium. (H) The expression of H3K27ac in Teff and Tmem cells with and without C1q. (I) The expression of H3K9ac in Teff and Tmem cells with and without C1q. ns, no significance; *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001. 



Some metabolites have been proved to involve in epigenetic regulation as substrates, donors, cofactors, or antagonists of chromatin- and DNA-modifying enzymes, indicating cross-talk between cell metabolism and differentiation (27). Previous studies have found that LDHA could regulate cell differentiation through the epigenetic axis (28). We next focused on whether the alternation of epigenetic profiling occurred in CD8+ T cells after C1q treatment. Since lactate is generated in the cytoplasm which gives rise to acetyl-CoA and increases the level of histone acetylation, H3K27 and H3K9 acetylation levels were also elevated in both Teff and Tmem after C1q treatment ( Figures 5H, I ), which is consistent with our observation of increased lactate concentration in treated cells ( Figures 5F, G ).


 3.6. C1q regulates T cell differentiation and function.

Then we turned to the impact of C1q from C16 on T cell activation and proliferation. Naïve CD8+T cells were isolated from wild type mice, then stimulated by anti-CD3 and anti-CD28 antibodies, along with C1q to simulate the effect of CD3+C1q+TAM on T cells function. We found that C1q treatment promoted Teff and Tmem differentiation ( Figures 6A, B ) through T cell responses analysis by flow cytometry. Then we assessed the effects of C1q on the production of IFN-γ, tumor necrosis factor–α (TNF-α), Perforin (PRF), Granzyme A (GZMA) and Granzyme B (GZMB) in Teff and Tmem cells. For both Teff and Tmem, after C1q treatment, cells had increased expression of Ki67 and Bcl2, possibly highlighting a link between C1q and T cell proliferation and survival capacity although the effector function was only significantly enhanced in Teff ( Figures 6C, D ). The treatment did not affect PD1 or PDL1 expression of T cells, thereby excluding that C1q might induce T cell exhaustion ( Supplementary Figure 4 ).

 

Figure 6 | Effects of C1q on T cell differentiation and function (A) Flow cytometric gating of CD44 and CD62L in CD8+Teff (left) cells and quantification (right) on Teff cells with and without C1q. (B) Flow cytometric gating of CD44 and CD62L in CD8+Tmem (left) cells and quantification (right) on Tmem cells with and without C1q. (C) The expression of IFNγ, GZMA, PRF, GZMB, TNFα, BCL2, and KI67 in Teff cells with and without C1q. (D) The expression of IFNγ, GZMA, PRF, GZMB, TNFα, BCL2 and KI67 in Tmem cells with and without C1q. ns, no significance; *P<0.05; **P<0.01; ***P<0.001. IFNγ, Interferon Gamma, GZMA, Granzyme A, GZMB, Granzyme B, PRF, Perforin, TNFα, Tumor Necrosis Factor Alpha, BCL2, BCL2 Apoptosis Regulator, KI67, Marker Of Proliferation Ki-67. 





 4. Discussion.

Understanding the tumor immune microenvironment of HCC is critical for developing individualized immunotherapy. The study performed cell clustering and annotated them based on scRNA-seq from paired HCC tumor or peri-tumor tissues. Combing the TCGA data, we established the correlation between each cluster and the prognosis of liver cancer patients ( Figure 2 ). Some clusters (C1, C13, C16, and C18) predicted better survival; in contrast, C3, C12, and C14 were linked to poor prognosis.

In view of the prognostic value of C16, it is conceivable that these cells play a crucial role in anti-tumor immunity. C16 is a new population simultaneously expressing CD3, C1Q, CD68, APOEFTL, SELENOP, FCER1G, and HLA-DRA ( Table 1 ). CD68 is a classic marker for macrophages. Complement component C1q is a marker of a particular subpopulation of tissue-resident macrophages and tumor-associated macrophages (TAM). It is hard to define this population as M1(pro-inflammation) or M2(anti-inflammation) based on their DEGs generated from scRNA-seq data. Then we verified its entity by staining well-known markers for M1 (CD80, CD86) and M2(CD206, CD163) signaling, and the results suggested it is a unique population of cells that possess both M1 and M2 features.

With high plasticity, the differentiation process of macrophages often produces heterogeneous results. Recently, a novel subset of macrophages called CD3+ macrophages was found accumulating in both infectious and non-infectious condition (23).They have been reported to originate from monocytic myeloid-derived suppressor cells (M-MDSCs) (29). Meanwhile, CD3+monocyte-derived macrophages can be further differentiated into TCRαβ+ and TCRαβ− sub-population. Adriana et al. found that Tumor necrosis factor (TNF) knockout caused lower frequency of CD3+ TCRαβ+ macrophage and higher mortality in Bacillus Calmette-Guérin (BCG) -infected mice (23). Consistently, the ϵ and ζ chains of CD3 were recently reported to express on RAW, a classical murine macrophage cell line, and present increased transcriptional levels after BCG infection (30). In this study, we identified CD3+C1q+macrophages, a new subset in both HCC tumors ( Figure 1 ) and peripheral blood of sepsis patients ( Figure 4 ). In sepsis samples, the population of CD3+C1q+macrophages had a sharp rise at Day1 after infection and subsequent decline when the infection subsided ( Figure 4A ). So, we believe that the tumor-infiltrated CD3+C1q+TAM mainly plays a pro-inflammatory and anti-tumor role in the initial stage of infection and tumors although the population is experiencing differential and heterogeneous characteristics. It also could explain why the increased CD3+C1q+TAM links to a better survival prognosis for liver cancer patients ( Figure 2E ).

We quantified the interaction information between clusters for visual analysis. The results showed that the cluster-cluster interactions differed in HCC tumors and para-cancerous tissue. To further understand the transcriptional heterogeneity of clusters, we discovered transcription factors related to the oncogenesis and development of HCC. For C6 and C16, the gene regulation network of specific high expression transcription factors was constructed. Some key transcription factors were found, such as KDM5B, UQCRB, and CREM in C6, at the same time DAB2 in C16(data not shown).

It has been reported that C1q+TAMs could modulate tumor-infiltrating CD8+T cells via multiple immunomodulatory ligands (31). However, in our study the new identified CD3+C1q+TAM hasn’t been reported before. Therefore, the explanation for the relationship between newly identified C16(CD3+C1q+TAM) and C6 (CD8+CCL4+T) cells also remains unknown. Based on multiple roles of C1q independent of complement activation (32), we explored how CD3+C1q+TAM affected the CD8+CCL4+T cells.

 In vitro experiment suggested that this population can promote specific T cell functions by some mechanisms independent of complement activation. In the study ( Figure 5 ), C1q treatment affected multiple metabolic genes expression and which was confirmed by a seahorse experiment. Besides, an abundant metabolite produced during glycolysis, lactate, was increased along with enhanced histone acetylation in both Teff and Tmem after C1q treatment ( Figures 5H, I ). In other studies, complement C1q binding protein (C1qbp) has been reported to promote differentiation of Teff via metabolic-epigenetic reprogramming (33). Besides, research showed that C1q could restrain responses to self-antigens in CD8+T cells by modulating mitochondrial metabolism (34). Altogether these data link C1q to CD8+T cell metabolism and activation and point the protective role of this newly identified population. Dynamic changes of histone acetylation lead to differential expression of effectors, facilitating rapid and robust responses in CD8+Tmem (35). The nature of incoming environmental factors and the diversion of inherent metabolic programs during T cell activation heavily impact the differentiation and function of effector T cell subpopulations. Thus, our findings depict how C1q influences the metabolism of CD8+T cells and highlights the importance of interaction between complement and immunometabolism in anti-tumor immunity.

With the development of gene detection technology, genomic network-based stratification (NBS)-guided treatments have made great progress clinically. Tumor mutations were proved to help identify subtypes in ovarian, uterine, endometrial and lung cancer and head and neck squamous cell carcinoma (HNSCC) (36–39). A metabolic network-driven approach facilitated to divide HCC into 3 subsets with distinct metabolic features and different prognosis (39). Besides, transcription regulators were also reported to label immunoreactive or silent subtypes in cancer (40). Genomic directed stratification made it possible to implement personalized medicine. Our data showed that C16 was significantly associated with patient outcomes. Together, our results identify C1q+CD3+TAM cells relate with cancer patients prognosis and highlight these cells, as well as C1q itself, as potential targets to address TME-associated immune dysfunction. One of the limitations of our study is the lackness of in vivo animal model to evaluate whether T cell function can regain after restoration of the attenuate crosstalk(C16-C6) within HCC TME. Besides, more researches await to be done to explore how to strengthen this connection pointedly in clinical practice.
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Introduction

Sodium thiosulfate (Na2S2O3), an H2S releasing agent, was shown to be organ-protective in experimental hemorrhage. Systemic inflammation activates immune cells, which in turn show cell type-specific metabolic plasticity with modifications of mitochondrial respiratory activity. Since H2S can dose-dependently stimulate or inhibit mitochondrial respiration, we investigated the effect of Na2S2O3 on immune cell metabolism in a blinded, randomized, controlled, long-term, porcine model of hemorrhage and resuscitation. For this purpose, we developed a Bayesian sampling-based model for 13C isotope metabolic flux analysis (MFA) utilizing 1,2-13C2-labeled glucose, 13C6-labeled glucose, and 13C5-labeled glutamine tracers.



Methods

After 3 h of hemorrhage, anesthetized and surgically instrumented swine underwent resuscitation up to a maximum of 68 h. At 2 h of shock, animals randomly received vehicle or Na2S2O3 (25 mg/kg/h for 2 h, thereafter 100 mg/kg/h until 24 h after shock). At three time points (prior to shock, 24 h post shock and 64 h post shock) peripheral blood mononuclear cells (PBMCs) and granulocytes were isolated from whole blood, and cells were investigated regarding mitochondrial oxygen consumption (high resolution respirometry), reactive oxygen species production (electron spin resonance) and fluxes within the metabolic network (stable isotope-based MFA).



Results

PBMCs showed significantly higher mitochondrial O2 uptake and lower   production in comparison to granulocytes. We found that in response to Na2S2O3 administration, PBMCs but not granulocytes had an increased mitochondrial oxygen consumption combined with a transient reduction of the citrate synthase flux and an increase of acetyl-CoA channeled into other compartments, e.g., for lipid biogenesis.



Conclusion

In a porcine model of hemorrhage and resuscitation, Na2S2O3 administration led to increased mitochondrial oxygen consumption combined with stimulation of lipid biogenesis in PBMCs. In contrast, granulocytes remained unaffected. Granulocytes, on the other hand, remained unaffected.   concentration in whole blood remained constant during shock and resuscitation, indicating a sufficient anti-oxidative capacity. Overall, our MFA model seems to be is a promising approach for investigating immunometabolism; especially when combined with complementary methods.
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1 Introduction

Treatment with hydrogen sulfide (H2S) resulted in controversial data in clinically relevant, long-term large animal models of hemorrhage and subsequent resuscitation, inasmuch as unchanged, attenuated and aggravated organ dysfunction were reported (1–5). These divergent findings were at least in part due the fact that depending on the dosing and timing, model and mode of administration, H2S exerted either anti- (6–10) or pro-inflammatory (11, 12) effects. Moreover, during hemorrhage and subsequent resuscitation, H2S caused variable effects on whole body energy expenditure (1, 3, 13–15), at least in part as a result of its concentration-dependent effects on mitochondrial respiration (16, 17). However, any H2S-related effect on energy metabolism may assume particular importance for the inflammatory response, since recent publications have reported on the involvement of H2S in dysregulation of the immune response by alterations in the immunometabolism, specifically suppression of glycolysis (18); while other sources reported on increased glycolysis and stimulation of lipid biosynthesis from glutamine by carboxylation of α-ketoglutarate (αKG) (19, 20).

Sodium thiosulfate (Na2S2O3) is a H2S-releasing agent (21, 22) that is recognized as an antidote in cyanide poisoning (23) as well as for its mitigation of cisplatin-induced side effects (24). Administration of Na2S2O3 exerted organ-protective effects in murine neuronal ischemia reperfusion injury (25, 26), LPS-induced lung injury, and polymicrobial sepsis (27). Beneficial effects of Na2S2O3 treatment were attributed to its anti-inflammatory, anti-oxidative and/or hypometabolic characteristics (26–28). In this context, the potential effects of Na2S2O3 on metabolism and mitochondrial respiration are poorly understood.

Furthermore, the cellular metabolic network has a crucial impact on inflammation and immune function: Systemic inflammation activates immune cells, which in turn show cell type-specific metabolic plasticity with modifications of mitochondrial respiratory activity. These metabolic changes were demonstrated to not only impact, but determine immune cell function (29–32). Many innate immune cells, like granulocytes, heavily rely on glycolysis and consume little oxygen. This is further enhanced upon activation, when these cells engage in glycolysis despite sufficient availability of oxygen, a phenomenon termed Warburg effect initially observed in cancer cells (32, 33). In addition to increasing the glycolytic rate, granulocytes also increase their activity through the pentose phosphate pathway (PPP), regenerating nicotinamide adenine dinucleotide phosphate (NADPH) in the process, an important cofactor for the NADPH oxidase. This enzymatic complex is a major source of the anti-microbial reactive oxygen species (ROS) superoxide ( ) and, therefore, hydrogen peroxide (H2O2), which play a crucial role in innate immune defense (33, 34). In contrast, resting lymphocytes show lower rates of glycolysis and primarily rely on oxidizing glucose-derived pyruvate in the tricarboxylic acid (TCA) cycle, while generating   radicals as a byproduct of oxidative phosphorylation (OXPHOS) (32, 35). After activation, higher ATP demand is met by an increase in the rate of glycolysis, while fatty acid oxidation is repressed to guarantee the supply of substrates for membrane synthesis (33, 36). These mechanisms of metabolic adaptation to inflammatory stress provide a complex and highly plastic network that is distinct for each cell type (37).

Tracing individual molecules through metabolic pathways is an ongoing challenge. We have developed a model for 13C-based metabolic flux analysis (MFA) that utilizes glucose and glutamine tracers to be able to investigate the effect a factor might have on immunometabolism. Incubating cells with stable, non-radioactive isotope-labeled nutrients yields 13C labeling patterns on important metabolites which can be detected by gas chromatography/mass spectrometry (GC/MS) (38–40).

Concerning MFA, one of the most frequent strategies is to analyze labeling patterns of metabolites and deduce relative pathway utilization (39, 41). When going further and transforming these labeling patterns into fluxes, it is paramount to assess precision and accuracy. Bayesian analysis is one of the most straight forward and reliable ways to analyze error propagation and receive accurately assessed error bounds of calculated fluxes (42). We therefore propose our sampling-based model as a suitable method for estimating fluxes within the metabolic network. A preliminary version of this model has already been applied to study the effects of glucocorticoids on macrophage metabolism (43) and, in a more rudimentary form, to investigate the effect of acute subdural hematoma-induced brain injury on peripheral blood mononuclear cell (PBMC) metabolism (44).

To the best of our knowledge, data is scarce for metabolic flux during hemorrhagic shock in general and especially for interventions potentially affecting metabolism and mitochondria, such as the administration of Na2S2O3 and/or H2S. Therefore, we applied our novel MFA method to isolated circulating immune cells and tested whether Na2S2O3 has an impact on the metabolism of innate immunity during experimental hemorrhage and subsequent resuscitation.



2 Materials and methods


2.1 Animal procedures

The reported data utilized material obtained during a recently published study investigating the effect of Na2S2O3 in a long-term porcine model of hemorrhage (5). Experiments were conducted according to the National Institutes of Health Guidelines on the Use of Laboratory Animals and the European Union ‘Directive 2010/63 EU on the protection of animals used for scientific purposes’ after approval by the University of Ulm Animal Care Committee and the Federal Authorities for Animal Research (Regierungspräsidium Tübingen, Germany, Reg.-Nr. 1341, date of approval 02.05.2017). A total of 17 adult Bretoncelles-Meishan-Willebrand (BMW) pigs of both sexes (7 castrated males, 10 females) with a median weight of 62 kg (interquartile range (IQR) 56;67) and a median age of 15 months (IQR 13;16) were included in this study. The STS group included 4/5 male-castrated/female pigs and the vehicle control group consisted of 3/5 male-castrated/female animals. The BMW strain is characterized by a decreased activity of the von Willebrand factor resulting in a coagulatory state similar to that of human blood (45, 46).



2.2 Anesthesia and surgery

Anesthesia and surgical instrumentation are described in detail in Messerer et al.; analyzing the impact of Na2S2O3 on organ damage within the same cohort (5). Briefly, animals were randomly assigned to a control (n = 8) or Na2S2O3-treatment group (n = 9), and the staff performing the experiment was blinded to the group assignment. Hemorrhagic shock was induced by passive removal of the blood with a titration of mean arterial blood pressure (MAP) to 40 ± 5 mmHg. After 3 h of hemorrhage, swine underwent resuscitation up to a maximum of 68 h, while noradrenaline was continuously administered intravenously to restore the MAP to pre-shock levels. At 2 h of shock, animals received either vehicle (NaCl 0.9%) or Na2S2O3 (25 mg/kg/h for 2 h, thereafter 100 mg/kg/h until 24 h after shock, Dr. Franz Köhler Chemie GmbH, Bensheim, Germany) according to their group assignment. The choice of dose and time of administration is explained in detail in Messerer et al. (47). Briefly, it was performed in accordance with previous studies as well as established concentrations for treatment of cyanide poisoning (23, 47, 48).



2.3 Cell isolation from whole blood

Blood was drawn after the induction of anesthesia and a subsequent stabilization period (T1) as well as 24 h (T2) and 64 h (T3) after shock induction (Figure 1). 14 lithium-heparin (LiHep) monovettes with a volume of 9 mL each (Sarstedt, Nümbrecht, Germany) were used to collect approximately 120 mL of arterial whole blood each time point. After 1:1 dilution with PBS (without CaCl2, MgCl2), the drawn blood was layered onto a two density gradient solutions (9 mL 1.119 and 8 mL 1.088 g/mL solution, Pancoll, PAN Biotech, Aidenbach, Germany). Centrifugation at 764 g without break at room temperature (RT) for 20 min resulted in a PBMC top layer and a bottom layer containing red blood cells (RBCs) and granulocytes. The cells were resuspended in water for short-time osmotic lysis to remove residual RBCs before stopping the reaction with 10 × PBS to avoid lysis of leukocytes. Osmotic lysis was applied to PBMCs only once, while three procedures were required for granulocytes due to the high fraction of RBCs in the bottom layer. After removal of all RBC contamination, cells were washed once with 1 × PBS and subsequently counted in a Neubauer counting chamber. On average, isolated cells could be used for experiments 2 – 3 h after blood withdrawal was firstly initiated.




Figure 1 | Experimental setup. In the red period, pigs were subjected to hemorrhagic shock. After 3 h of shock, animals underwent resuscitation up to a maximum of 68 h. In accordance with their group assignment, they received either Na2S2O3 (n = 9, 25 mg/kg/h for 2 h, thereafter 100 mg/kg/h until 24 h after shock) or vehicle (n = 8, NaCl 0.9%) during the blue-marked period. The Figure is adapted from (5).





2.4 High resolution respirometry

Mitochondrial respiration was measured by high-resolution respirometry using the Oroboros® Oxygraph-2K (Oroboros Instruments, Innsbruck, Austria). This device allows for simultaneous recording of the O2 concentration in two parallel chambers calibrated for 2 mL of mitochondrial respiration medium MiR05 (49). This medium contains 110 mM D-sucrose (Sigma Aldrich, St. Louis, MO, USA), 60 mM K-lactobionate (Sigma Aldrich, St. Louis, MO, USA), 0.5 mM ethylene glycol tetra acetic acid (Sigma Aldrich, St. Louis, MO, USA), 1 g/L bovine serum albumin free from essential fatty acids (Sigma Aldrich, St. Louis, MO, USA), 3 mM MgCl2 (Scharlau, Hamburg, Germany), 20 mM taurine (Sigma Aldrich, St. Louis, MO, USA), 10 mM KH2PO4 (Merck, Darmstadt, Germany), 20 mM HEPES (Sigma Aldrich, St. Louis, MO, USA), adjusted to pH 7.1 with KOH and equilibrated with 21% O2 at 37°C. Directly after cell isolation, 10 × 106 PBMCs/granulocytes suspended in MiR05 were filled into a chamber and stirred at 750 rpm. Sealing the chambers of the device according to the manufacturers protocol started the continuous recording of mitochondrial respiration. Quantification of the oxygen flux (JO2) was based on the rate of change in the O2 concentration in the chambers and normalized for the cell number. Once the chambers were sealed, specific analysis of mitochondrial respiratory function was achieved by sequential injections of substrates and inhibitors into the respiration medium. Firstly, routine respiration was recorded once a stable JO2-value was achieved after closing the chambers. Subsequently, 2.5 μM oligomycin was injected to block the ATP-synthase. This yielded the LEAK-state, which represents the respiratory activity required to maintain a stable membrane potential in absence of ATP-turnover. The titration of carbonyl cyanide p-(trifluoromethoxy)-phenylhydrazone (FCCP) in 1 µM steps allowed to achieve the maximum respiratory activity in the uncoupled state (ETS-state). The ETS state corresponds to state 3 as defined in Chance and Williams et al. (50) and is neither limited by substrate availability, cell energy demand, nucleotide availability or ATP synthase activity. Finally, 0.5 μM rotenone + 5 μM antimycin were added to block complex I and III respectively, yielding the residual (non-mitochondrial) oxygen consumption.



2.5 Quantification of reactive oxygen species

  concentration in whole blood was determined immediately after blood removal. 25 µL of whole blood were mixed with an aliquot of 25 µL freshly thawed CMH (1-Hydroxy-3-methoxycarbonyl-2,2,5,5-tetramethylpyrrolidine) spin probe solution. The CMH solution contained 400 µM CMH spin probe, 25 µM deferoxamine, and 5 µM diethyldithiocarbamate to chelate transition metal ions in Krebs-HEPES-Buffer (KHB) (Noxygen, Elzach, Germany). After mixing whole blood with CMH spin probe solution, it was transferred to a 50 µL glass capillary, sealed, and measured with an EMXnano electron spin resonance (ESR) spectrometer (Bruker, Billerica, MA, USA) after 5 min incubation at 37°C (Bio-III, Noxygen, Elzach, Germany). The device settings are detailed in the Supplements. Radical concentration was quantified by comparison with a series of CP° (3-Carboxy-2,2,5,5-tetramethyl-1-pyrrolidinyloxy) radical standards solved in KHB. As a blank sample, KHB added to the respective amount of CMH spin probe solution was measured and subtracted from the sample value.

For determination of radical production by immune cells, 25 µL of a cell suspension containing 2.5 × 106 cells/mL RPMI 1640 medium (Glucose 1.8 mg/mL, Glutamine 0.6 mg/mL, NaHCO3 100 µg/mL) were mixed with 25 µL of CMH spin probe solution. In contrast to whole blood, cell samples were measured over a 30 min interval to calculate the radical production rate. A sample of RPMI 1640 medium mixed 1:1 with CMH spin probe solution was used as a blank value for measuring cell suspensions and subtracted from sample values. Data were evaluated with the Xenon_nano software (version 1.3; Bruker BioSpin GmbH, Rheinstetten, Germany) and Microsoft Excel. Results regarding ROS determination by ESR were included in a dissertation by one of our co-authors (51). Additionally, the extracellular H2O2 concentration was determined in a suspension of 1 × 106 PBMCs/granulocytes in 100 µL PBS after 30 min at RT. A three-electrode setup that has been previously thoroughly described was used for this purpose (52). The determination of the H2O2 concentration was not performed for each animal due to limited availability of the measurement device.



2.6 Stable isotope incubation and detection of metabolites

For investigating nutrient utilization of cells, we incubated three times 5 × 106 freshly isolated cells in parallel in 1 mL RPMI containing one of the following tracers: 1,2-13C2-labeled glucose, 13C6-labeled glucose, and 13C5-labeled glutamine (Cambridge Isotope Laboratories, Andover, MA, USA). Concentrations are specified in the Table S3 in the Supplements. The pH of the medium was adjusted to 7.4 before experimentation through addition of 1M HCl or NaOH. After incubation at 37°C for 2 h, cells were spun down and 850 µL of the supernatant was transferred to a crimp neck glass vial. The vial was frozen upside down at −20°C for later GC/MS analysis of 13CO2 production and lactate released into the medium. The cell pellet was washed once with PBS and subsequently stored at −80°C after removal of all liquid. For MFA analysis, we required both the supernatant (13CO2 production; mass isotopomer distributions (MIDs) of secreted lactate) and the cell pellet (MIDs of the selected metabolites lactate, glutamate, and aspartate). Samples were stored for 1 – 2 months until analysis.

The cumulative cellular 13CO2 production was estimated by enrichment analysis from the spiked amount of CO2 released from NaHCO3 in the supernatant (Table S1). The frozen supernatant was thawed, and 25 µL 1 M HCl were injected through the septum into the liquid to drive out CO2 into the gaseous phase. For each vial, 10 replicates of 5 µL headspace gas each were injected into the GC/MS system (Agilent 6890 GC/5975B MSD, Agilent Technologies, Waldbronn, Germany) while analyzing the m/z of 44 and 45; corresponding to unlabeled and labeled CO2, respectively. The average ratio of 13CO2/12CO2 amounted to 0.56% with an average standard error of 2% of the nominal value.

After 13CO2 detection from the supernatant, we analyzed lactate secretion into the medium. Determination was performed by taking two aliquots of 100 µL supernatant and adding 500 µL acetonitrile. Samples were centrifuged at RT (13000 rpm for 5 min) and afterwards decanted into vials suited for derivatization. After drying in a Savant2010 SPD 2010 SpeedVac concentrator (Thermo Scientific, Waltham, MA, USA) (45°C, 14 mTorr) for about 50 min, derivatization was initiated with 100 µL acetonitrile and 25 µL N-(tert-butyldimethylsilyl)-N-methyltrifluoroacetamide (MTBSTFA). Samples were incubated at 80°C for 1 h with the lid closed and afterwards transferred into GC/MS vials. One of the initial 100 µL samples was incubated with 1 µg of internal standard (IS, corresponding to 20 µL of 50 µg/mL 13C3 sodiumlactate solution) for 10 min beforehand to serve for quantification. A variety of essential calibration samples were prepared in replicates: 0.1 µg/0.2 µg/0.5 µg/0.75 µg/1 µg of lactate with an additional 1 µg of IS each, 1 µg of IS only, blank RPMI, and RPMI with 1 µg of IS. Details of calibration and quantification are specified in the Supplements.

For metabolite extraction from the cell pellet, 100 µL cold H2O was added to the frozen pellets. The mixture was vortexed and sonicated for 10 min. Subsequently, 500 µl acetonitrile was added and the samples were centrifuged for 5 min at 13000 rpm. All samples were decanted into vials and dried for derivatization. Steps of derivatization follow those of lactate determined from medium. Standard mixes with 0.1 µg/0.2 µg/0.5 µg/0.75 µg/1 µg of analytes were prepared as control: the first with the respective amounts of lactate; the second with aspartate, glutamine, and glutamate.

For GC/MS detection, we used selected ion monitoring for optimal signal to noise ratios. Details of device settings and m/z of measured TBDMS derivatives are specified in the Supplements. Peak area integration was performed with our in-house program and MIDs were converted into carbon mass distributions (CMD) with a correction matrix approach (53, 54). MIDs were corrected for all isotopic interferences except for the natural 13C abundance, which is included in our CMDs.



2.7 Metabolic flux analysis

For MFA, we established a combined model for glycolysis, the PPP and TCA cycle, which has been previously described and utilized in Stifel et al. (43). It predicts 13C mass distributions on metabolites based on flow rates of the metabolic system by utilizing the EMU concept (40, 55–57) and was implemented in RStan [R interface to Stan, a tool for Bayesian analysis (58)]. Comparing predictions for 13C mass distributions with the corresponding GC/MS measurements (section 2.6) using sampling-based Bayesian statistics allowed for identifying suitable fluxes within the network. It further estimated how the precision in measurements affects the precision of estimated fluxes, including standard deviations and confidence intervals. Conveniently, unidentifiable fluxes can be recognized by wide confidence ranges.

Our PPP estimation is built on the same method as the one used by Lee, Katz, and Rognstad (59, 60) that is based on the assumption that PPP utilization can be represented as a shift in the label (‘carbon scrambling’) of the top carbon atoms of PPP metabolites. For this approach, usually only the m+1/m+2 ratio on lactate would be used as a proxy for triose labeling using a 1,2-13C2-labeled glucose input, but we expanded the method so that the complete CMD of the full metabolite as well as the CMD of the lactate fragment across carbon 2 and 3 were taken into account. The model firstly estimated relative fluxes from GC/MS measurements and subsequently utilized 13CO2 production and the secretion of lactate into the medium to transform these relative fluxes into absolute values. The parallel tracer setup of 1,2-13C2-labeled glucose, 13C6-labeled glucose, and 13C5-labeled glutamine enabled improved flux determination, as the estimated fluxes must apply to sets of measurements obtained from each tracer. The details of the metabolic model are available in the Supplements.



2.8 Statistical analysis

17 BMW pigs were included in this study. Animals were randomly assigned to a control vehicle (n = 8) or Na2S2O3-treatment group (n = 9). Data are presented as median with IQR and the number of animals that could be included in the corresponding analyses are indicated in the respective figure legends. Missing values at later time points indicate animals with premature experiment termination in accordance with a list of predetermined criteria (5). Statistical and graphical presentation was performed with GraphPad Prism 9, version 9.4.1 (GraphPad Software Inc., La Jolla, CA, USA). Experimental data was considered to be non-parametric due to small sample sizes. We conducted the comparison between groups with Mann-Whitney U tests, while the effect of time within one group was analyzed with the Kruskal-Wallis rank sum test and a post hoc Dunn’s multiple comparisons test. Figure 1 uses templates provided by www.biorender.com.




3 Results

In general, the administration of Na2S2O3 neither altered survival nor dramatically impacted cardiocirculatory parameters, biomarkers of organ damage, or inflammatory markers; as previously published in detail in Messerer et al. (5).


3.1 Na2S2O3 administration significantly increased mitochondrial oxygen consumption in PBMCs but not in granulocytes

To determine mitochondrial oxygen consumption, we evaluated routine respiration and ETS capacity; the former describing baseline respiration and the latter representing the maximum capacity of the mitochondria independent of factors like substrate availability, oxygen availability, ATP synthase activity and cell energy demand (50). Since the respective treatment was initiated at 2 h of shock, variances in groups caused by differential treatment should become apparent at the T2 (24 h after shock) or T3 (64 h after shock) time points, while baseline T1 was expected to be comparable (Figure 1). Both routine and ETS mitochondrial oxygen consumption increased over the course of the experiment for PBMCs and granulocytes (Figure 2). Generally, PBMCs demonstrated higher respiration than granulocytes. Interestingly, Na2S2O3-treated PBMCs showed a significantly higher oxygen consumption compared to the vehicle-treated cells at T2, which was not present in granulocytes. By T3, this intergroup difference disappeared.




Figure 2 | Mitochondrial oxygen consumption of PBMCs and granulocytes. JO2 was measured as baseline (routine) respiration and ETS with high resolution respirometry at indicated time points at the time points T1 (before shock), T2 (24 h post shock) and T3 (64 h post shock). Individual data of vehicle-treated animals are indicated as bright symbols; Na2S2O3-treated animals as dark ones. PBMCs are displayed as circles and granulocytes as triangles. Significant p values are presented in the graphs; Mann-Whitney U test for intergroup differences, Kruskal-Wallis rank sum test for time-related effects. Data are presented as median with IQR.





3.2 Whole blood radicals and immune cell ROS production did not significantly differ between groups

The capability to generate ROS was uncompromised, as determined by ESR spectroscopy, the gold standard for radical measurements. As depicted in Figure 3, differences in production of   of both cell types as well as   levels in whole blood were non-significant between both groups at all times of measurement. When it comes to Regarding cell type specific effects, granulocytes demonstrated higher superoxide production levels than PBMCs. PBMCs slightly increased   production over the course of the experiment, while granulocytes displayed significantly higher production levels at T2, which returned to baseline at the end of the experiment (Figure 3B). To further confirm the findings obtained by ESR, we determined H2O2 produced by PBMCs or granulocytes electrochemically and found it mirroring the ESR-measured pattern despite utilizing completely different means of detection and measuring different oxidative agents (Figure 3C). However, only few samples could be analyzed for their H2O2 concentration, making it difficult to obtain reliable statistical informative values.




Figure 3 | Radical production in PBMCs and granulocytes. ROS measured by ESR or electrochemical detection at the indicated time points at the time points T1 (before shock), T2 (24 h post shock) and T3 (64 h post shock). Vehicle-treated animals are indicated as bright symbols; Na2S2O3-treated animals as dark ones. PBMCs are displayed as circles and granulocytes as triangles. (A)   radical concentration in whole blood quantified by ESR. (B)   radical production in PBMCs and granulocytes quantified by ESR. (C) H2O2 concentration in PBMCs and granulocytes quantified by electrochemical detection after incubation at RT for 30 min. Significant p values are presented in the graphs; Mann-Whitney U test for intergroup differences, Kruskal-Wallis rank sum test for time-related effects. Data are presented as median with IQR.





3.3 Na2S2O3 administration led to a cell type-specific transient reduction of the flow mediated by the citrate synthase flux with an interlinked increase in mitochondrial oxygen consumption

We analyzed immune cell metabolism with a model formulated in RStan (visualized in Figure 4A). Our 13C-based MFA method managed to successfully reproduce textbook knowledge regarding cell type specific preferences in metabolism such as granulocytes displaying higher glycolytic rates while PBMCs rather utilized the TCA cycle (Figure 4B) (32, 61, 62). Moreover, PBMCs displayed much higher glutamate metabolism (F8) in comparison to granulocytes: about 40 – 50% (Median 0.44; IQR 0.39; 0.48) of the main TCA cycle flux F3 originated from glutamine via glutamate in PBMCs, while it only added up to 13% for granulocytes (IQR 0.11; 0.19).




Figure 4 | Metabolic fluxes of porcine immune cells calculated from 13C labeling patterns on metabolites. (A) Visualization of the model used for Bayesian sampling. Left: PPP model. Right: TCA cycle model. Glyc: glycolytic flux. Q: flux within the PPP. F: flux within the TCA cycle. (B) Glycolytic, PPP and TCA cycle fluxes of PBMCs and granulocytes. Animals were treated either with vehicle (n = 8, bright symbols) or Na2S2O3 (n = 9, dark symbols). αKG: α-ketoglutarate, OAA: oxaloacetate. Significant p values are indicated in the graphs; Mann-Whitney U test for intergroup differences, Kruskal-Wallis rank sum test for time-related effects. Data are presented as median with IQR.



Although the glutamate input also slightly increased with shock progression for granulocytes, it only reached 22% at its highest at T3. PPP utilization was similar for both cell subsets, however, granulocytes showed completely divergent PPP utilization at the last measurement time point. So far, we could not find correlations with other parameters that could explain the two extremes.

Generally, cell metabolism reacted similarly in response to the intensive care treatment, inasmuch almost all fluxes gradually increased from T1 to T3 (Figure 4B). These changes were significant for PMBCs, while granulocytes only demonstrated a slight trend. The only notable exception were TCA cycle fluxes, which remained mostly constant, and PBMCs from Na2S2O3-treated animals, where citrate synthesis significantly decreased at T2 (Figure 5A).




Figure 5 | The effect of Na2S2O3 on porcine PBMCs. Metabolic fluxes calculated from 13C labeling patterns on metabolites. PBMCs are displayed as circles and granulocytes as triangles. Animals were treated either with vehicle (n = 8, bright symbols) or Na2S2O3 (n = 9, dark symbols). (A) F4 trends in PBMCs in vehicle vs Na2S2O3-treated animals and correlations between the difference in F4 and the difference in routine respiration over time. (B) Acetyl-CoA loss of PBMCs and granulocytes. Correlation between the difference in F4 and the difference in Acetyl-CoA loss over time. Significant P values are indicated in the graphs; Mann-Whitney U test for intergroup differences, Kruskal-Wallis rank sum test for time-related effects. Data are presented as median with IQR. Correlations are presented with 95% confidence intervals.



When it comes to the effect of Na2S2O3 on immunometabolism, it seems like neither glycolytic nor PPP or TCA cycle fluxes of granulocytes were impacted by its administration (Figure 4B). While PBMCs also failed to show intergroup differences regarding glycolytic and PPP metabolism, there was a notable and significant difference in F4, the flux from oxaloacetate (OAA) over citrate to α-ketoglutarate, pertaining to the change over the course of the experiment (Figure 5A): Na2S2O3-treated PBMCs significantly decreased their F4 flux from T1 to T2, while this was not the case for vehicle-treated PBMCs. Intriguingly, this difference in F4 between measurement time points highly correlated with the intergroup differences observed in routine respiration (R2 = 0.8425, p < 0.0001). This negative linear regression was neither present in the control group nor in granulocytes. PBMCs from Na2S2O3-treated animals further displayed a significantly increased loss in acetyl-CoA, representing the amount of acetyl-CoA exiting the described subsystems of Figure 4A, compared to vehicle-treated ones at T2 (Figure 5B). As an indicator of potential reductive carboxylation, we compared the m+3 13C label on the complete aspartate fragment between vehicle and Na2S2O3-treated animals at T2. There was no difference between groups (Vehicle: 1.94%, Na2S2O3: 1.78%; p = 0.2925), implying that the higher amount of acetyl-CoA loss was not coupled to reductive carboxylation. The change in acetyl-CoA loss, like the change in mitochondrial oxygen consumption, correlated with the change in F4 (Figure 5B).




4 Discussion

We investigated the effect of Na2S2O3 on the metabolism of circulating immune cells in a porcine model of hemorrhage and resuscitation over a period of max 68 h. The main findings included that Na2S2O3 administration for a 24 h period i) did not impact granulocyte metabolism or ROS production, while ii) it increased the mitochondrial oxygen consumption of PBMCs at the end of the administration period. Furthermore, iii) in PBMCs there was a transient reduction of the citrate synthase flux, which significantly correlated with the increase in mitochondrial oxygen consumption and acetyl-CoA exiting the TCA cycle network, potentially to be utilized in lipid biogenesis.

Na2S2O3 administration had displayed organ-protective and anti-inflammatory effects in previous studies. Through inhibition of caspase 3, Na2S2O3 administration initiated anti-apoptotic effects by attenuation of cerebral ischemia (25, 63) and reduction of myocardial ischemia reperfusion injury in rats (26). The latter study also demonstrated mitochondrial preservation through Na2S2O3 by opening ATP-sensitive potassium channels (KATP) channels as well as preserving activity of various mitochondrial enzymes, proteins and functions involved in ROS homeostasis (26). The most prominent were NADH dehydrogenase, the major contributor to electron transport chain complex I activity and one of the main producer of the   radical, the malate aspartate shuttle which provides NADH for complex I, as well as peroxisome proliferator-activated receptor γ coactivator 1α (PGC-1α), which is an important anti-oxidant factor in ROS detoxification (26, 64).

As Na2S2O3 is an approved drug and is considered for potential intervention during shock, we investigated its impact on the immune response. When applying our novel MFA model, we reproduced known cell-specific preferences of metabolic pathways: The overall lower mitochondrial oxygen consumption (routine and ETS respiration) of granulocytes in comparison to PBMCs maps with their characteristic preference of glycolytic pathways which only require baseline TCA cycle activity and minimal glutamine uptake (32, 37). These findings were confirmed with MFA, where we found that the flux patterns follow this exact pattern. Interestingly, there was no significant difference in PPP utilization between granulocytes and PBMCs. However, it should be noted that due to us not detecting metabolites directly involved in the PPP, the margin of error for these fluxes is much higher as estimations are only based on 13C isotope patterns on lactate.

In terms of metabolic changes in response to shock and resuscitation, mitochondrial oxygen consumption significantly increased in both PBMCs and granulocytes, potentially due to immune activation and higher energy expenditure (32). Interestingly, whole blood ROS concentration reacted neither to Na2S2O3 administration, shock initiation, retransfusion, nor noradrenalin administration, which stands in contrast to literature observing an increase in oxidative activity; mainly due to ischemia reperfusion injury (65, 66). This might indicate that the anti-oxidative capacity of whole blood is too high to reflect small scale fluctuations in radical concentration and that the increase in radical concentration is mainly localized at the site of ischemic tissue.

In our experiments, Na2S2O3 administration impacted neither whole blood radical concentration nor immune cell superoxide production. Intriguingly, there was also no effect on glycolysis, thus posing a contrast to current findings of other groups (18, 19). These divergent findings might be due to us utilizing a porcine ex-vivo model, as Rahman et al. (18) worked with cystathionine-γ-lyase (CSE)–/– mice and Carballal et al. (19) in vitro. However, we did observe an effect pertaining to PBMC metabolism at the end of the administration period: Cells obtained from Na2S2O3-treated animals had increased oxygen consumption as well a transient reduction of the citrate synthase flux. This raises the question about the impact of Na2S2O3 on mitochondria. H2S, which can be released by Na2S2O3 especially under hypoxic conditions, characteristically demonstrates concentration-dependent effects (17). Originally, H2S was mainly known for its cytotoxic properties by inhibition of cytochrome c oxidase (complex IV) (67), resulting in suppressed mitochondrial electron transport. However, after being recognized as the third gasotransmitter, a variety of beneficial effects have been reported (16, 17). At low concentrations, H2S stimulates mitochondria by acting as an electron donor with an effect comparable to that of NADH or FADH2 (17, 68, 69). Consequently, H2S can contribute to energetic homeostasis under conditions of impaired oxygen supply and attenuate damage due to hypoxia. Our results of increased oxygen consumption seem to support this notion. However, it is important to keep in mind that an increased oxygen consumption does not equal increased mitochondrial activity but could simply indicate a change in ATP/O2 ratio, e.g., less ‘effective’ ATP generation. Furthermore, it has been reported that H2S is mainly metabolized in a process of mitochondrial detoxification (70).

The Na2S2O3-induced transient reduction in the citrate synthase flux observed over the course of the experiment in the citrate synthase flux observed in PBMCs correlated with the increase correlated with the increase in both the oxygen consumption and the acetyl-CoA exiting the TCA cycle network. These findings support the notion that Na2S2O3 administration might contribute to lipogenesis in some circulating immune cell subsets. H2S-stimulated lipid synthesis from glutamine is a well-documented effect in cell culture and algae, which is characterized by acetyl-CoA generation through citrate (19, 71). To investigate whether the acetyl-CoA lost for lipid biogenesis or similar mechanisms has a glucose or a glutamine origin, we compared the 13C5-glutamine tracer-induced m+3 label on aspartate, which Zhang et al. (72) and Alkan et al. (73) reported to be indicative of reductive glutamine catabolism. While our experiment produced a significantly higher label in PBMCs than in granulocytes, there was no difference between cells originating from vehicle and Na2S2O3-treated animals, which speaks against the putative increase in lipogenesis being an effect induced by reductive carboxylation and rather suggests a glucose origin.

Since we utilized Na2S2O3 as an intervention, the question arises whether Na2S2O3 itself or Na2S2O3-released H2S is the acting agent in the alteration of immunometabolism. As we focused on the effect on circulating immune cells and the blood pO2 was always maintained within normoxemic levels, it is likely that only minor amounts of H2S were released. Overall, however, the dose and route of administration of Na2S2O3 used in this study seemed to be appropriate for maintaining immune cell integrity, as the increase in mitochondrial oxygen consumption mirrored stimulating effects observed in other groups (16, 17, 19), and no further deleterious effect could be detected.


4.1 Limitations of the study

As we used density gradient centrifugation to isolate immune cells, it became increasingly difficult to obtain pure PBMC populations at later time points. Low density granulocytes are a population of granulocytes found in the PBMC layer of density gradients and tend to increase in number upon inflammation and, consequently, shock and resuscitation (74, 75). As they are metabolically not particularly well defined, this fraction within the PBMC population could potentially distort results at the later time points of blood withdrawal. Moreover, as PBMCs are not a metabolically uniform population, changes in one subpopulation might be masked by others. With our MFA routine, only conclusions about the whole population but not of their subsets can be drawn. Another factor to consider is potential immune cell activation during cell purification.



4.2 Conclusion

In summary, our novel MFA model is a suitable tool for detecting small scale metabolic alterations in immune cells. Further studies with more homogenic populations could elucidate which PBMC subset precisely is responsible for the treatment-induced metabolic effect.
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Background

Metabolic reprogramming is a well-known hallmark of cancer. Systematical identification of clinically relevant metabolic subtypes of Hepatocellular carcinoma (HCC) is critical to understand tumor heterogeneity and develop efficient treatment strategies.





Methods

We performed an integrative analysis of genomic, transcriptomic, and clinical data from an HCC patient cohort in The Cancer Genome Atlas (TCGA).





Results

Four metabolic subtypes were defined: mHCC1, mHHC2, mHCC3, and mHCC4. These subtypes had distinct differences in mutations profiles, activities of metabolic pathways, prognostic metabolism genes, and immune features. The mHCC1 was associated with poorest outcome and was characterized by extensive metabolic alterations, abundant immune infiltration, and increased expression of immunosuppressive checkpoints. The mHHC2 displayed lowest metabolic alteration level and was associated with most significant improvement in overall survival in response to high CD8+ T cell infiltration. The mHHC3 was a “cold-tumor” with low immune infiltration and few metabolic alterations. The mHCC4 presented a medium degree of metabolic alteration and high CTNNB1 mutation rate. Based on our HCC classification and in vitro study, we identified palmitoyl-protein thioesterase 1 (PPT1) was a specific prognostic gene and therapeutic target for mHCC1.





Conclusion

Our study highlighted mechanistic differences among metabolic subtypes and identified potential therapeutic targets for subtype-specific treatment strategies targeting unique metabolic vulnerabilities. The immune heterogeneities across metabolic subtypes may help further clarify the association between metabolism and immune environment and guide the development of novel strategies through targeting both unique metabolic vulnerabilities and immunosuppressive triggers.
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Introduction

Hepatocellular carcinoma (HCC) is the leading cause of cancer-related death in many parts of the world (1). In the past decade, considerable improvements have been made in prevention, surveillance, early detection, diagnosis, and treatment, but HCC remains one of the few cancers with a continued increase in both incidence and mortality (1, 2). The positive results of treatment with sorafenib, a small-molecule multi-kinase inhibitor, in the first-line systemic treatment of advanced HCC, triggered the evaluation of molecular targeted therapy in this disease (3). However, despite several new multi-kinase inhibitors showed survival benefits (4–6), there are still limited therapy options in patients with HCC, with HCC prognosis remaining poor (7, 8). Therefore, an improved understanding of HCC biology that will contribute to expansion of therapeutic arsenal for HCC is clearly and urgently needed.

Cellular metabolism reprogramming is a well-established hallmark of cancer that presents opportunities for cancer diagnosis and therapy (9). Tumors adjust their metabolism to provide sufficient energy and biosynthetic metabolites, which is necessary for malignant cellular proliferation (10, 11). Due to their pivotal cellular functions, recent efforts have sought to devise novel cancer treatments through targeting metabolism vulnerabilities. In addition to metabolism targeted therapy, tumor immunotherapy is raising with both approaches being promising tools to treat tumors (12); in particular, strategies targeting immune checkpoints have shown substantial efficacy in a variety of tumors (13, 14). In HCC, promising responses to immune checkpoint inhibitors PD-1/PD-L1 have been recently reported (15), but similarly to other solid tumors, the response rate was low. Therefore, strategies to improve the efficacy of immune checkpoint inhibitors and to direct individualized medication are urgently required (16, 17).

Since liver is a key organ for whole body energy homeostasis, pathological changes of liver, especially during carcinogenesis, often involve the reprogramming of normal metabolic processes (18). In this scenario, the HCC represents an optimal candidate as a malignancy for developing therapeutics targeting altered metabolism (19). However, HCC is a highly heterogeneous tumor (20). It has not been well established, whether this heterogeneity is caused by distinct metabolic pathways that can be used to stratify HCC into subgroups with clinical significance and biological characteristics (21). Classification of total metabolic characteristics could undoubtedly provide useful information on the metabolic pathways at the systems level of HCC (22). Besides, increasing evidences suggest that alterations in tumor metabolism can also contribute to the inhibition of antitumor response (23, 24). Immunosuppression in the tumor microenvironment is suggested to be based on the mutual metabolic requirements of immune cells and tumor cells (25, 26). Therefore, the investigation of metabolic heterogeneity as well as the association between the tumor metabolism and the tumor immune microenvironment could provide a better understanding of the complex molecular pathogenesis of HCC and lead to discoveries of new possible treatment targets and strategies.





Methods




Data resources and reprocessing

The normalized level 3 RNA-sequencing (RNA-seq) data and corresponding clinical information of HCC patients were collected from The Cancer Genome Atlas (TCGA) database portal. RNA-seq data (FPKM values) were transformed into transcripts per kilobase million (TPM) values, which are closer in format to those resulting from microarrays and more comparable between samples. Mutational data for all samples with RNA-seq data available was also downloaded. Furthermore, other HCC datasets were obtained from the GEO public database.





Consensus clustering for metabolic subtype

Genes belonging to the KEGG subset of canonical pathways were searched in the Molecular Signature Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb) (27), and genes involved in the metabolism pathways were collected. Genes displaying a median TPM < 1 across patients were considered extremely low expression and were removed from the consensus clustering analysis. Consensus clustering was performed on metabolic genes using ConsensusClusterPlus R package (parameters: 160 reps=50, pItem=0.8, pFeature=1). The optimum cluster number was determined by testing 2 to 10 clusters, and based on CDF and Δ(K). The collected pathways and their respective genes were subjected clustering analysis are listed in Supplementary Table S1.





Identification of maker genes of HCC subtypes

Hierarchical clustering is used to classify samples into different categories based on the sample’s gene expression matrix, and label different sample categories (28). Taking the expression value of the gene as an input feature and the classification of the sample as an output value, a random forest algorithm was used to construct a prediction model. We used the out-of-bag error rate as an index to evaluate the importance of the features and rank them, and take the first 100 and the first 50 features as the features for subsequent analysis. Scikit-learn was used as a tool for related calculations (29).





Differentially expressed mRNA analysis

Level-3 RNA-sequencing (RNA-seq) data containing 374 HCC samples and 50 normal controls was downloaded from The Cancer Genome Atlas (TCGA). The differentially expressed genes (DEGs) were identified using the Edge R package for R software. |Fold change| > 2 and adjusted P-values < 0.05 were set as the thresholds.





Gene set enrichment analysis

The Gene set enrichment analysis (GSEA) was performed to identify enrichment degree of gene set among tumors of a certain metabolic subtype and compared with other samles (27). Significance was considered for values of corrected P as recommended by the software (https://www.gsea-msigdb.org/gsea/downloads.jsp). Gene sets were downloaded from the MSigDB. The GSEA results were merged by using GSVA R package.





Estimation of metabolic pathways’ activity

Gene Set Variation Analysis (GSVA) is a pathway/gene set-based analysis approach that provides an overall pathway or gene-set activity score for each sample (30). We estimated the activities of metabolic pathways through GSVA. GSVA z-scores for KEGG metabolic gene-sets from the MSigDB and other gene-sets were calculated using the GSVA R package. We considered that the activity a given metabolic pathway was different between two groups if the median of GSVA values across one group differed significantly (Mann-Whitney q-value<0.1) and more than 0.2 from that measured across another group. Besides, we estimated T cell exhaustion scores for each HCC sample by using GSVA and a gene set including signature genes of exhausted CD8+ T cells (31).





Estimation of the abundance of immune cell populations

GSVA and the single sample Gene Set Enrichment Analysis (ssGSEA) are two most widely used methods that carry out sample level enrichment analysis. Both are unsupervised gene set enrichment methods that compute an enrichment score integrating the collective expression of a given gene set relative to the other genes in the sample. A previous study revealed a significant consistency of the two methods in evaluating immune populations across 28 cancer types (32). Besides, they also compared different signatures identifying immune cell populations reported in previous articles and constructed a new set of gene signatures with better discrimination than that shown in previous sets. According to their experience, we chose GSVA method because its advantage in reducing the noise of the data; the immune signatures were also retrieved from the same publication (32).





Analysis of PPT1 expression in different cell types in HCC at the single-cell level.

Tumor Immune Single Cell Hub (TISCH, http://tisch.comp-genomics.org), a single cell RNA sequencing (scRNA-seq) application platform that can systematically and comprehensively study the heterogeneity of tumor microenvironment (TME) (33), was used to explore the relationship between PPT1 and the TME on cell level.





Cell culture

The human HCC cell lines Huh-7 (JCRB0403) and JHH-7 (JCRB1031) were obtained from the Health Science Research Resources Bank (Osaka, Japan). Cells were grown in Dulbecco’s Modified Essential Media (DMEM, Hyclone) supplemented with 10% fetal bovine serum (FBS) and penicillin/streptomycin (Gibco, Grand Island, NY, USA) in a humidified incubator at 37°C in a 5% CO2 atmosphere.





Vector construction and lentivirus transfection

Human pyruvate kinase M2 (PKM2) cDNA was cloned into the pCDH-CMV-MCS-EF1-Neo vector and palmitoyl-protein thioesterase 1 (PPT1) was cloned into the pCDH-CMV-MCS-EF1-Puro vector by IGE (Guangzhou, China). After confirming the PKM2 and PPT1 sequence by sequencing, the plasmid was co-transfected into HEK293T cells (ATCC, RRID: CVCL_0063) with the lentivirus packaging plasmids psPAX2 and pMD2G to produce lentivirus particles. To knock down the PKM2 and PPT1 expression, the shRNA sequence of PKM2 was cloned into the pLKO.1-Neo lentiviral vector and the shRNA sequence of PPT1 was cloned into the pLKO.1-Puro lentiviral vector by IGE (Guangzhou, China). The oligonucleotide sequences of shRNAs are listed in Supplementary Table S5. Similarly, the lentiviral vector was transfected into HEK293T cells together with packaging vectors pMD2.G and psPAX2 to produce lentivirus particles. The media containing retroviruses were collected 72h after transfection, centrifuged to remove cell debris, and then filtered. The lentivirus particles were then used to transduce Huh-7 and JHH-7 cells. Control cells were transfected with a control empty vector.





Western blotting

Total protein was extracted by using RIPA lysis buffer containing a cocktail of protease and phosphatase inhibitors. Using the BCA Protein Assay Kit (CWBio, China, Cat#CW0014S), the concentration of the protein was determined. Following the previous process, 20 μg total proteins extracted from Huh-7 cells were separated electrophoretically in 10% SDS polyacrylamide gels. Separated proteins are transferred to polyvinylidene fluoride (PVDF) membranes. The membrane was then blocked with 5% BSA at room temperature for 1h before being incubated with the primary antibodies overnight at 4°C. Next day, the membranes were incubated for 1h at room temperature with secondary antibodies. Eventually, the immunoblotting was tested using the ECL Chemiluminescence Kit (Thermo Fisher Scientific, USA, Cat#32109). The antibodies are shown in Supplementary Table S4.





Cell viability assay

MTT assay was used to evaluate cell viability. Cells were seeded in 96-well plates (2 × 103/well) (in triplicate for each condition) and were cultured for different hours (34). The 20 µl MTT (Sigma, Saint Louis, USA) stock solution (5 mg/ml) was added to each well and incubated for 2h, the absorbance was measured at a wavelength of 570 nm.





Glycolysis stress tests (ECAR)

ECAR was estimated by using Seahorse assays with a Seahorse XFp Analyzer, 2.0 × 104 Huh-7 cells per well were plated onto 8-well plates and glycolysis stress test was performed following the manufacturer’s specifications (35, 36). The assay DMEM media was free of glucose and pyruvate. The concentration of drugs used for test were as following: glucose (10.0 µM), oligomycin A (1.0 µM), and 2-deoxy-D-glucose (2-DG, 100 µM).





Lactate production assay

5 x 105 HCC cells were incubated in phenol red-free medium at 37°C, 5% CO2 for 1h. The supernatant medium was collected. The lactate secreted by the cells was measured using the Lactate Colorimetric/Fluorometric Assay Kit according to the manufacturer’s protocol (BioVision, Inc.) (37).





Statistical tests

All quantitative data were conducted at least three independent experiments and expressed as the mean ± SD. For comparisons between two groups, statistical significance for normal distribution data was estimated by unpaired Student t-test, otherwise Mann-Whitney U test was applied. For comparisons of more than two groups, One-way ANOVA multiple comparison was used. Correlation coefficients were computed by Spearman and distance correlation analyses. The influence of a single factor on the survival was evaluated through the Cox proportional hazard model, Kaplan-Meier survival curves, or Log-rank test. All statistical analyses were conducted using R (https://www.r-project.org/) or SPSS software (version 17.0). Two-sided P values of less than 0.05 were considered statistically significant.






Results




Classification of metabolic subtypes in HCC

We obtained four robust subtypes of HCC in TCGA dataset (Supplementary Table S2). A heatmap based on one hundred genes obtained with machine learning was shown in Figure 1A. The robust classification revealed that HCC tumors displayed highly heterogeneous expression of genes that were directly involved in metabolism. The mHCC1 was defined as the largest group (144/371; 38.8%), followed by mHCC2 (138/371; 37.2%), mHCC4 (51/371; 13.7%), and mHCC3 (38/371; 10.2%). These subtypes are henceforth termed mHCC1 (cluster 1), mHCC2 (cluster 2), mHCC3 (cluster 3), and mHCC4 (cluster 4). We noted distinct patterns of gene mutations across the four different metabolic subtypes (Figures 1B, C). For example, mutations in TP53 were enriched in mHCC1, and 76% of MHCC4 tumors showed mutations in CTNNB1. In addition, co-occurrence analysis using the five most frequent mutations in HCC indicated different relationships among the five common mutations across four subtypes. A mutual exclusion between TP53 mutations and CTNNB1 mutations in mHCC1 tumors was observed, while co-occurrence between TTN mutations and mutations in CTNNB1 or ALB were found in mHCC2. These results indicated that there are multiple metabolic phenotypes in HCC driven by different oncogenic mutations. The mHCC1 was associated with the shortest survival while the prognosis of other three subtypes were similar (Figures 1D, E).




Figure 1 | The metabolic subtypes in HCC. (A) Unsupervised clustering of HCC samples for 371 HCC patients in the TCGA cohort. (B) Correlation between the distribution of highly variant mutated genes and metabolic subtypes. (C) Co-occurrence analysis of mutations in whole cohort and each subtype. (D) Kaplan-Meier curves with univariate analyses of overall survival in patients stratified by metabolic subgroup. (E) Kaplan-Meier curves with univariate analyses of overall survival in patients of cluster 1 versus those of other three clusters. Log-rank test P values are shown.







Landscape of functional annotations across four subtypes

To identify the underlying biological functional characteristics of each subtype, signature genes in each group were collected. KEGG analysis of the signature genes was conducted and the results were visualized in Figure 2. Among those signature genes dysregulated in each subtype/cluster, we identified that the mHCC1 had much larger proportion of genes enriched in metabolism-related pathways than that in other clusters; especially including “carbohydrate metabolism”, “lipid metabolism”, and “amino acid metabolism”, which were major reprogrammed metabolic pathways in malignant cells. In addition, we noted that most genes that were enriched in “signal transduction”, “signaling molecules and interaction”, and “cellular community” came from mHCC4, followed by mHCC2 and mHCC3, but barely from mHCC1. Besides, immune-related pathways were more likely to be enriched by genes from mHCC3 and mHCC4, such as “Immune system”, “Infectious disease: bacterial”, “Infectious disease: viral”, “Infectious disease: parasite”, and “Immune disease”.




Figure 2 | A circular plot showing the differentially expressed genes and their associated biological processes. The differentially expressed genes in each group were calculated separately, using 50 normal liver samples as control group.







Association of different subtypes with metabolic pathway profiles

We next supposed that subtypes produced through gene clustering had specific features in different metabolic pathways and employed a sample-level gene set enrichment method (GSVA) to compute the GSVA enrichment scores of the selected metabolic pathways. The differences in GSVA scores for each pathway between normal liver and four subtypes were calculated. As shown in Figure 3A, compared with other subtypes, mHCC1 displayed significantly dysregulated fold change in GSVA scores with reference to those in normal livers. It was well known that HCC cells are metabolically distinct from normal hepatocytes and express different metabolic enzymes (38, 39). Our next gene set enrichment analysis (GSEA) using a gene set involving metabolic genes of normal liver revealed a significant absence of normal metabolic genes in samples of mHCC1 and mHCC4, but no significant differences in mHCC2 and mHCC3 (Figure 3B). These results were consistent with the KEGG analysis visualized in Figure 2 and suggested different types of metabolism impairments among subtypes. Similarly, as shown in Figures 3C, D, there was a remarkable difference between GSVA scores for most metabolic pathways of the mHCC1 and other three clusters as well as normal liver samples; in contrast, GSVA scores of the most pathways in both mHCC2 and mHCC3 showed limited differences compared with normal liver samples, which is consistent with the GSEA results.




Figure 3 | Metabolic landscape across metabolic subgroups. (A) In samples of normal livers and each subtype, the GSVA values of 69 KEGG metabolic pathways were measured respectively. With the normal liver as the control group, fold changes of GSVA values in each subtype were obtained and shown in a box plot. Each dot represents the fold change in GSVA value of one metabolic pathway between a subtype and the control group. (B) Gene set enrichment analysis of a gene sets including metabolic genes in healthy liver, with all transcripts ranked by the log2 (Fold Change) between clusters and normal liver. (C) Heatmap depicting GSVA values of metabolic pathways across each subgroup. (D) Heatmap showing the results of KEGG clustering results based on differentially expressed genes in each subgroup. (E–G) The GSVA values of pathways involved in glucose metabolism (E), amino acid metabolism (F), and fatty acid metabolism (G) for samples in each subgroup were shown in box plots.  (ns: not significant, **: P < 0.01, ***: P < 0.001).



We next compared GSVA scores of major metabolism reactions that are critical to carcinogenesis, including carbohydrate metabolism (Figure 3E), amino acid metabolism (Figure 3F), and lipid metabolism (Figure 3G). Overall, compared with normal liver samples, tumors in mHCC1 were most significantly differentially enriched for almost all the selected pathways. The GSVA enrichment pattern in different pathways of carbohydrate metabolism was identical, mHCC1 had most significant differences in GSVA scores than in normal liver, followed by mHCC4, while mHCC2 and mHCC3 had similar scores compared with each other. In the respect of amino acid metabolism and lipid metabolism, mHCC2, mHCC3, and mHCC4 had similar enrichment in many pathways but mHCC1 still showed a significantly differential enrichment for all pathways. Specifically, mHCC4 displayed much more significant enrichment in “Pentose phosphate pathway” than other clusters and showed a similar enrichment in both “Alanine aspartate and glutamate pathway” and “Glycolipid metabolism pathway” compared with mHCC1. In addition to the characteristic metabolic pathways specifically present above, there are some amino acid metabolic pathways that are significantly reduced in mHCC1.





Analysis of differences in specific metabolic pathways across four subtypes

To complete the landscape of the metabolic pathways across the four subtypes, we further evaluated whether each subtype had unique metabolic pathways enriched. If a pathway was especially different (Mann-Whitney q-value<0.05 and difference between medians of GSVA was more than 0.2) in only one cluster, it was regarded as a characteristic metabolic pathway in corresponding subtype. As shown in Figures 4A–C, there were six characteristic pathways in total identified in mHCC1, mHCC3, and mHCC4. “Lysine Degradation” and “On-Carbon-Pool by Folate” were identified as characteristic metabolic pathways of mHCC1, “Oxidative Phosphorylation” and “O-Glycan Biosynthesis” in mHCC3, and two sub-pathways of “Glycosphingolipid Biosynthesis” in mHCC4, while none in mHCC2. In addition to the characteristic metabolic pathways specifically present above, there are some amino acid metabolic pathways that are significantly reduced in mHCC1.




Figure 4 | Identification of unique metabolic characteristics in each subtype. (A) Heatmap displaying the GSVA score of which pathway has exclusivity significant difference between a subtype and normal control group. Pathways that showed significant difference in only one group were marked with dotted box, and were shown in box plots of (B, C), respectively.  (ns: not significant, ***: P < 0.001).







Identification of survival signatures and its heterogeneity across metabolic subtypes

The above observations led us to question how these differences among metabolic subtypes relate to clinical outcome of the patients. Therefore, the prognostic value of metabolic genes in each subtype was investigated using log-rank test and univariate Cox regression model. The results of survival analysis are summarized in Supplementary Table S3. Remarkably, only a small portion of metabolic genes with prognostic significance were shared by multi-subtypes, and none was shared by all four subtypes (Figures 5A, B), suggesting distinct role of genes across subtypes even for the same metabolic pathway. Furthermore, survival analysis based on genes involved in the six characteristic metabolic pathways also revealed specific prognostic value of metabolic genes in their corresponding clusters (Figures 5C, D). These data suggested subtype-specific roles for these unique tumor metabolic pathways as mechanisms contributing to tumor progression and identified some genes of unique metabolic pathways as potential targetable metabolic vulnerabilities in subtype-specific manner.




Figure 5 | Heterogeneity in prognostic significance of metabolic genes stratified by the metabolic subtypes. (A) A venn diagram showing common and specific prognostic genes across four subtypes. (B) The hazard ratio values (HRs) of prognostic genes involved in glucose metabolism, amino acid metabolism, and fatty acid metabolism are depicted in heatmap. Only HRs of genes with significant prognostic significance are shown. (C) Dot plot depicting the prognostic genes involved in unique metabolic pathways described in Figure 4B. (D) Several genes were selected from (C), including KMT5A, GALNT14, and ST6GALNAC4. Survival curves showing the predictive role of these genes for over survival in each subtype.







Relevance of metabolic clusters in immune features

The immune response is associated with dramatic modifications in tissue metabolism, and emerging evidences suggested the tremendous impact of tumor metabolic reprogramming on the immune response (40). Therefore, we assessed the relationship between the metabolic subtypes and previously defined scores which indicating the abundance of various immune cell populations. The immune landscape revealed significant intra-cluster heterogeneity (Figure 6A). Consistent with an immune-cold phenotype, tumors in mHCC3 had the lowest rate of leukocytes infiltration. Contrary to the immune-cold mHCC3, tumors in mHCC1 had the highest cell infiltration fraction and it was mainly characterized by higher infiltration of lymphocytes. Interestingly, although tumors in mHCC1 displayed the highest infiltration of cytotoxic cells including CD8+ T cells, Tgd, and NK cells, mHCC1 was the subtype with both poorest prognosis and highest T cell exhaustion score (Figure 6B), suggesting that the tumor microenvironment of mHCC1 was immune-hot but highly immune-exhausted type. Most suppressive ligands and receptors for immune checkpoint showed the highest expression levels in mHCC1 (Figure 6C), which is consistent with an immune-suppressive phenotype. Emerging experimental data indicated that the presence of a pre-existing intra-tumoral T cell infiltration, checkpoint molecules (PD-1, PD-L1 expression) could favor a clinical response (41), therefore, we hypothesized that this subtype could benefit much from immune therapy only if the immunosuppressive situation was relieved.




Figure 6 | Immune characteristics of metabolic subtypes. (A) Box plots depicting the abundance of immune cell populations in each subgroup. (B) Violin plots showing the distribution of T cell exhaustion scores (Tex Score) in samples of each group. (C) Box plots depicting the expression of immune checkpoints across metabolic subtypes. (D) The prognostic significance of the abundance of each immune cell population in each subtype are summarized in a forest plot. (*P < 0.05, **P < 0.01, ***P < 0.001).



Different from the extreme low/high immune infiltration shown above for mHCC3 and mHCC1, mHCC2 demonstrated a more balanced and favorable immune profile. One major difference from mHCC1 is that the immune composition in mHCC2 was enriched with B cells, macrophages, mast cells, and neutrophils, suggesting an immune microenvironment tended to towards innate immunity and inflammation. The remaining mHCC4 were more diverse with intermediate levels of immune features. The mHCC4 had high infiltration levels of NKdim, Th, Tcm, and Tgd, but showed a low level of other lymphocytic cells, and extremely low levels of B cells, macrophages, mast cells, and neutrophils, which was opposite to mHCC2. Additionally, mHCC4 had the highest level of eosinophils. Together with the specificity of eosinophils infiltration as an index for good prognosis in mHCC4, the above findings supported the major anti-tumor role of eosinophils in the metabolic subtype mHCC4.

The prognostic role of immune cells shown by survival analysis between inter-and intra-cluster was in a high degree of heterogeneity (Figure 6D). For example, among the important cytotoxic T cells, such as CD8+ T cells, and Tgd cells, we found that increased rate of CD8+ T cell infiltration was associated with good prognosis in mHCC1, mHCC2, and mHCC3, but it was not linked with prognosis in mHCC4; in contrast, Tgd infiltration was associated with significantly poor prognosis in mHCC4, but showed no correlation with prognosis in other three clusters. Meanwhile, some immune cells had the opposite prognostic role in different clusters, such as that infiltration of Treg cells was a poor factor in the prognosis of mHCC4 but a good factor of prognosis in mHCC3. The prognostic heterogeneity of immune infiltration revealed different roles of immune cells in different HCC subtypes. Since the metabolic subtypes were produced based on metabolism genes that did not involve signature genes of immune cells, these results suggest a high heterogeneity in component and function of immune microenvironment across these four metabolic subtypes, and support a combination treatment strategy targeting metabolism and immune microenvironment, or the attempt to dig out new target of dual function that combined metabolism-regulation as well as immune-modulation.





Identification of palmitoyl-protein thioesterase 1, a metabolic gene, as a therapy target for T cell exhaustion with metabolic subgroup specific

Considering that mHCC1 had the poorest prognosis, we tried to identify new therapeutic targets for this subtype. The prognostic metabolic genes were identified, and their correlation with T cell exhaustion, the important feature of mHCC1, was investigated (Figure 7A). Of genes most closely related with T cell exhaustion, we identified palmitoyl-protein thioesterase 1 (PPT1), which was specifically upregulated in mHCC1 and was a specific prognosis factor for mHCC1 (Figures 7B, C). The positive correlation between PPT1 and Tex score (Figure 7D, R = 0.3495, P<0.0001) suggested that PPT1 might contribute to T cell exhaustion. To determine the relationship between PPT1 and glucose metabolism, we analyzed the data of Transcriptomics and metabolomics in the study of Chaisaingmongkol et al. (42). Data LIHC_GSE76297 was used to confirm the high expression of PPT1 in HCC tumor tissues. Through the analysis of glucose metabolism-related metabolites, the content of glucose, maltose and maltotriose decreased in the high expression group of PPT1, suggested that the level of glycolysis was exuberant in tissues with high expression of PPT1 (Figures 7E, F). Then, we analyzed the data LIHC_GSE166635 in GEO database using TISCH platform, and the results showed that the expression of PPT1 in malignant cell was strikingly higher than that in epithelial cells (Figures 7G, H). To verify the biological function and mechanism of PPT1, functional annotation analysis was performed on PPT1 in malignant cell. The KEGG pathways and GO biological processes enrichment suggested that PPT1 was closely related to tumor metabolism, immunity, tumor microenvironment and extracellular matrix (Figures 7I, J), which was consistent with the above results that PPT1 is related to tumor metabolism and immunosuppression (43, 44).




Figure 7 | Identification of PPT1 as a therapy target. (A) Heatmap showing the correlation between prognostic metabolic genes and Tex score. The top 10 most positively/negatively correlated genes are shown. (B) Survival curves showing the distinctive prognostic value of PPT1 in different metabolic subtypes. (C) Violin plots showing the expression of PPT1 in samples of different subtypes. (D) Scatter plot depicting the correlation between PPT1 gene expression and Tex score. (E) PPT1 expression in HCC and non-tumorous tissues was analyzed using data in the LIHC_GSE76297. (F) Box plots depicting the glycolytic related metabolites between low and high PPT1 expression subgroup. (G) Single-cell RNA sequencing revealed the cell types and distribution of HCC. (H) Violin plots showing the PPT1 expression between malignant and epithelial cells. (I, J) The KEGG pathways (I) and GO biological processes (J) enrichment analysis of PPT1 in malignant cells.  (ns: not significant, *: P < 0.05, **: P < 0.01, ***: P < 0.001).



In a very recent study, Rebecca et al. identified PPT1 is the molecular target of a novel chloroquine derivative, the DC661; they found that knockout of PPT1 in several cancer cell lines using CRISPR-Cas9 editing resulted in significant impairment of tumor growth similar to that observed with DC661 treatment, which supported the tumor driver role of PPT1 in cancer (45, 46). Therefore, a further question was raised whether PPT1 as a therapeutic target had subtype-specific property and immunomodulating function. In vitro study was carried out to verify the above questions. We enhanced the glycolysis activity through overexpression of PKM2 in Huh-7 and JHH-7 cells, cell lines with the intermediate glycolysis level. Downregulation of PPT1 significantly neutralized the proliferative advantage of PKM2 overexpression cells (Figures 8A–C). In addition, PKM2 overexpression markedly increased ECAR (Figure 8D), and we found downregulation of PPT1 in PKM2-overexpressed cells induced a larger drop in ECAR than it did in normal cells, and the same was observed for the lactate production ability (Figure 8E), which partly explained the positive correlation between PPT1 expression and Tex score. We next divided TCGA samples into two groups based on the expression of PKM2, HK2, or FBP1, respectively. Interestingly, the prognostic value of PPT1 expression was only significant in TCGA samples with higher expression of PKM2 (Figure 8F) or HK2 (Figure 8G), two enzymes promote glycolysis, or in TCGA samples with lower expression of FBP1 (Figure 8H), an enzyme inhibits glycolysis.




Figure 8 | Effect of PPT1 knockdown on human HCC cells. (A, B) Stable knockdown of PPT1, and overexpression of PKM2 in Huh-7 (A) and JHH-7 (B) cells by lentiviral vector transfection. The knockdown effect on protein levels were shown for normal control cells (NC), cells transfected with empty vector (Vector), PPT1 knockdown cells (sh-PPT1#1), PKM2 overexpression cells (PKM2), and combination of PKM2 overexpression and PPT1 knockdown (PKM2+ sh-PPT1#1). β-Actin was used as a loading control. (C) In vitro cell proliferation curves showing the effect of PKM2 overexpression, PPT1 knockdown, or in combination of PKM2 overexpression and PPT1 knockdown on huh-7 cells. (D) Seahorse metabolic analysis (ECAR) of normal control cells (NC), cells transfected with empty vector (Vector), PPT1 knockdown cells (sh-PPT1#1), PKM2 overexpression cells (PKM2), and combination of PKM2 overexpression and PPT1 knockdown (PKM2+ sh-PPT1#1). (E) Relative lactate production from hun-7 cells upon treatment as annotated. (F–H) Survival curves showing the predictive role of PPT1 for prognosis stratified by PKM2 expression (F), HK2 expression (G), or FBP1 expression (H). The error bars are expressed as the mean ± SD of three independent experiments.  (ns: not significant, *: P < 0.05, **: P < 0.01, ***: P < 0.001).







PPT1 promotes the proliferation, migration, and invasion of HCC in vitro and vivo.

Recently, it has been reported that PPT1 is essential for the function of lysosomes, which, as the center of cellular energy sensing and metabolic regulation, play a driving role in the malignant progression of tumor cells (45). In HCC, the increase of glycolysis level and the further enhancement of lysosome and autophagy activity lead to poor prognosis of patients (47). PKM2 is a key rate-limiting enzyme in glycolysis and an important factor in HCC metabolism (48). Therefore, we decided to find out whether PPT1 depends on PKM2 to promote tumor progression through autophagy. Chloroquine, a lysosomal autophagy inhibitor, was used to inhibit autophagy. In Colony formation assay (Figures 9A–D and Supplementary Figures S1A–D), Transwell assay (Figures 9E–H and Supplementary Figures S1E–H) and EdU assay (Figures 9I–L and Supplementary Figures S1I–L), compared with the stably knockdown PKM2 cells, PPT1 could significantly promote the proliferation, migration and invasion of HCC tumor cells in stable overexpression of PKM2 between Huh-7 and JHH-7 cells, interestingly, the proliferation, migration and invasion of tumor cells decreased strikingly after the treatment of chloroquine. Furthermore, Western blotting analysis showed that under the condition of high expression of PKM2, PPT1 could significantly affect the expression of autophagosome protein marker LC3B, while the accumulation of LC3B -II expression increased after chloroquine was added, suggesting that the lysosomal function might be impaired (Figures 9M, N). Collectively, PPT1 may be dependent on PKM2 to promote the progress of HCC through the autophagy.




Figure 9 | PPT1 promotes the proliferation, migration and invasion of HCC via lysosomes in vitro. (A–D) The colony formation was counted in stable overexpression of PKM2 between Huh-7 (A, B) and JHH-7 (C, D) cells. (E–H) Representative images and histogram analysis of Transwell migration and Matrigel invasion assays in stable overexpression of PKM2 between Huh-7 (E, F) and JHH-7 (G, H) cells. Scale bars: 100 μm. (I-L) Representative images and histogram analysis of EdU assays in stable overexpression of PKM2 between Huh-7 (I, J) and JHH-7 (K, L) cells. Scale bars: 100 μm. (M, N) Western blotting analysis of PPT1 and LC3B in stable overexpression of PKM2 between Huh-7 (M) and JHH-7 (N) cells. β-Actin was used as a loading control. The error bars are expressed as the mean ± SD of three independent experiments. (***: P < 0.001).



To further verify the role of PPT1, we constructed Mouse subcutaneous xenograft models. Compared with the control group, the injection of Huh-7 cells stably overexpressing PPT1 and PKM2 significantly promoted tumor growth, while after treatment with chloroquine, tumor growth was inhibited to some extent (Figures 10A–D). In addition, IHC staining showed that Ki-67 levels were notably increased in the tissues of mice treated with stable overexpression of PPT1 and PKM2, suggesting that tumor proliferation was obvious (Figures 10E, F). Taken together, PPT1 relies on PKM2 to promote the malignant progression of HCC by mediating autophagy.




Figure 10 | PPT1 promotes HCC tumorigenicity and progression in vivo. (A, B) Representative images of subcutaneous xenograft tumors in stable overexpression of PKM2 Huh-7 cells treated with Vector, Chloroquine, PPT1 lentivirus and PPT1 lentivirus + Chloroquine (n=5). (C, D) The tumor volume (C) and weight (D) were evaluated in each group. (E, F) Representative images (E) and histogram analysis (F) of IHC for Ki-67. Scale bars: 200× =50 μm; 400× =20 μm. The error bars are expressed as the mean ± SD of three independent experiments.  (*: P < 0.05, ***: P < 0.001).








Discussion

HCC is highly heterogeneous and thus difficult for treatment cancer (49). In this regard, continuous progress in the understanding of molecular tumor subtypes is needed to accelerate the development of personalized treatment for HCC patients. Our study established four HCC subtypes with distinct profiles based on the expression of metabolic genes. We found distinct differences in metabolic pathways, immune profiles, and in clinical survival between four major HCC subtypes. Moreover, the markedly immune heterogeneity among the metabolic subtypes provides more biological and clinical significance to our classifier and suggests subtype-specific therapeutic strategies targeting metabolic dependencies and immune regulators alone each or in combination.

Clear evidences supported that metabolic alterations are common for all tumor types (50). As a key organ for whole body energy homeostasis, the liver carries out many metabolic functions (51). Consequently, it is not surprising that metabolic reprogramming is critical during HCC carcinogenesis. Our study demonstrated that HCC was characterized by the absence of normal metabolic genes in noncancerous liver, which was more evident in individual subtypes. This result suggested that alterations in the expression of genes involved in metabolism of normal liver contributed to HCC metabolic heterogeneity. An enzyme or a metabolic pathway enriched in HCC and not in the corresponding normal liver tissue could be used to selectively target tumor cells. Therefore, the degree of normal metabolic genes loss seems an indicator for the success of therapies targeting metabolism.

Among all four subtypes, the first subtype (mHCC1) demonstrated the worst prognosis, significant downregulation of metabolic genes enriched in normal liver, and broad alternations in most metabolic pathways. HCC involves multiple metabolic abnormalities. In addition to unique metabolic features, alternations in glucose metabolism, lipid metabolism, and amino acid metabolism attracted much wider attention over the past few years (52–54). Most cancer cells reprogram cellular glucose metabolism to constitute a selective advantage for proliferation (55). Among them, HCC probably displays the most comprehensive reprogramming of glucose metabolism, which was essential for the maintaining of tumor growth and progression (56). Altered amino acid metabolism and lipid metabolism also characterize HCC compared with other liver diseases. GSVA analysis indicated that tumors of the first subtype had significant alternations in all pathways associated with glucose metabolism, and most pathways involved in lipid and amino metabolism in comparison with other tumors and normal liver tissues. This finding suggests that tumors in this subtype rely heavily on reprogramed metabolism, which is therefore an appropriate candidate for metabolism-target therapy.

One of the clinical-translational relevance of this subtype classification is that it suggested that different metabolic subtypes have different therapeutic and prognostic targets, since the prognostic significance of a particular metabolic gene could be different between each subtype. For example, PPT1, a gene that was detected as a special prognostic factor only for mHCC1, regulates the lysosomal acidity necessary for cellular catabolism. The catabolic function and nutrient sensing activity of the lysosome make it as a metabolic signaling center (57). Lysosome is a key central delivery port for substrates destined for breakdown and serve to recycle the constituent building blocks (58). The central position of the lysosome system in cancer have made it a promising target in anti-tumor therapy, especially for those alterations that are highly dependent on metabolism to fulfill their anabolic demands (46). A previous study has identified that KO PPT1 cells showed impaired lysosomal deacidification, decreased proliferation, and increased apoptosis both in vitro and in vivo (45). Consistent with the above assumption, we found PPT1 have special prognostic value in the first subtype, and knockdown of PPT1 significantly neutralized the PKM2 overexpression-induced growth advantage in HCC cells. Despite PPT1 being a promising target for HCC tumors with relatively abundant metabolism alternations, these findings supported that the therapy strategy in a metabolic subtype-specific manner might be more efficient than those trying to cover all patients. The subtype classification of this study provided clues for future research.

In healthy tissues, neighboring cells cooperate to build a harmonious metabolic environment, which is usually disrupted in cancer tissues (59). As a result of altered tumor metabolism, cells in tumor microenvironment suffer from lacking essential nutrients while atypical metabolites accumulate, along with impaired antitumor immunity (40, 60, 61). One example is the competition for glucose between T lymphocytes and tumor cells; T cells consume extracellular glucose to fulfill their activation, and suppression of glucose take up, such as knockout glucose transporters, inhibited proliferation of activated CD4+ T cells and generation of effector T cells (62). In turn, elevated lactate production in glycolytic cancer cells suppressed survival of effector T and NK cells and promoted immune escape (63). In this study, perhaps surprisingly, we found distinct immune infiltration profiles, as well as expression of immune checkpoints and T cell exhaustion levels in different metabolic subtypes. Additionally, the prognostic significance of infiltration level for the same immune cell was distinct in different subgroups. These findings revealed an intimate link between metabolic subtypes and immune heterogeneity; suggested personalized immunotherapy strategy according to the metabolic subtypes. For example, the mHCC1, despite its significantly altered metabolic pathways, was characterized by high immune infiltration, high T cell-exhausted signature, and high expression of suppressive immune checkpoints; all indicating the applicability of treatment strategy through combination of metabolism-targeted and immune-targeted therapies in this subtype. In contrast, mHCC2 was the only subtype which did not show significantly altered expression of normal metabolic genes in the GSEA analysis, suggesting that metabolism-targeted therapy is not a priority for patients with this subtype.

Tumors in mHCC4 had distinct mutations compared with other three groups. More than 76% of patients with this subtype harbored mutations in CTNNB1. A very recent report discovered that Wnt/CTNNB1 mutations could characterize the immune excluded class (cold tumors) and might represent the biomarkers predicting resistance to immune checkpoint inhibitors (64, 65). Consistent with this report, subtype 4 showed a low enrichment level for signatures of most immune cells. Only in subtype 4, CD8+ T cell infiltration had almost no correlation with the prognosis. Besides, many immunosuppressive checkpoints, including PD1, PD-L1, TIM-3, LAG3, and others, showed the lowest expression levels in this subtype. All these suggested innate resistance to checkpoint inhibitors. But fortunately, tumors of this subtype demonstrate highly altered metabolism which is second only to subtype 1. Therefore, effort to uncover new metabolism-related targets in this subtype might be helpful. Additionally, unlike the other three subtypes, increased infiltration of aDC, iDC, or Tgd were all associated with poor prognosis. The unique roles of these immune cells and their correlation with metabolism merits further study.

Another interesting finding in the present study was that some molecules might be good target to “kill two birds with one stone”. For example, PPT1 showed much more correlation with cell viability, glucose metabolism activity, lactate production, and T cell exhaustion in HCCs with enhanced metabolic alterations, which should be especially applicable for the mHCC1 tumors with obvious alterations in metabolism and enhanced proliferation. This also provided clues for the treatment strategy for other subtypes. The tumors in subtype 3 also seemed like “cold’ tumors”; they had aberrant decreased enrichment of immune signatures and showed a low level of metabolism alteration. However, the mHCC3 had its own unique characteristic: CTNNB1 mutations was rare in this subtype; it was the only subtype that benefited from enrichment in aDC; moreover, CD8+ T cell enrichment showed the lowest HR value, suggesting a high anti-tumor activity of effector T cells in tumors of this subtype. Therefore, the barrier for immunotherapy in this subtype seemed more from impaired in immune chemotaxis, immune presentation, and expansion, but which has rare relation with CTNNB1 mutations and PD1/PD-L1. We noted that mHCC3 was characterized by significant altered O-Glycan biosynthesis metabolisms. Although the impact of tumor glycans on anti-tumor immunity has not yet been fully elucidated, the abundant and aberrant cancer glycosylation profile is currently accepted as a distinct hallmark of cancer, and tumor-associated O-glycans bind a variety of receptors on immune cells to facilitate the subsequently induction of immunosuppression (66). Determining whether O-Glycan metabolism could play a dual role as both metabolism and immunotherapy targets requires further investigation.

In summary, our study introduced a novel metabolic class in HCC cases, which comprise not only metabolic heterogeneity but also immune heterogeneity. The metabolic heterogeneity demonstrated that some reprogrammed metabolic pathways affected tumor progression in different rates depending on the subtype, which supports the development of subtype-specific treatment strategies targeting unique metabolic vulnerabilities. The immune heterogeneity across metabolic subtypes suggested that it might be effective to select different immune therapeutic strategies according to different metabolic subtypes. The correlation between immune characters and metabolic features also helped us to find an individualized therapeutic target, the PPT1. Further investigations of the effect of metabolism pathways on both tumor progression and immunologic microenvironment is worthy of study.
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Introduction

Immunometabolism examines the links between immune cell function and metabolism. Dysregulation of immune cell metabolism is now an established feature of innate immune cell activation. Advances in liquid chromatography mass spectrometry (LC-MS) technologies have allowed discovery of unique insights into cellular metabolomics. Here we have studied and compared different sample preparation techniques and data normalisation methods described in the literature when applied to metabolomic profiling of human monocytes.





Methods

Primary monocytes stimulated with lipopolysaccharide (LPS) for four hours was used as a study model. Monocytes (n=24) were freshly isolated from whole blood and stimulated for four hours with lipopolysaccharide (LPS). A methanol-based extraction protocol was developed and metabolomic profiling carried out using a Hydrophilic Interaction Liquid Chromatography (HILIC) LC-MS method. Data analysis pipelines used both targeted and untargeted approaches, and over 40 different data normalisation techniques to account for technical and biological variation were examined. Cytokine levels in supernatants were measured by ELISA.





Results

This method provided broad coverage of the monocyte metabolome. The most efficient and consistent normalisation method was measurement of residual protein in the metabolite fraction, which was further validated and optimised using a commercial kit. Alterations to the monocyte metabolome in response to LPS can be detected as early as four hours post stimulation. Broad and profound changes in monocyte metabolism were seen, in line with increased cytokine production. Elevated levels of amino acids and Krebs cycle metabolites were noted and decreases in aspartate and β-alanine are also reported for the first time. In the untargeted analysis, 154 metabolite entities were significantly altered compared to unstimulated cells. Pathway analysis revealed the most prominent changes occurred to (phospho-) inositol metabolism, glycolysis, and the pentose phosphate pathway.





Discussion

These data report the emergent changes to monocyte metabolism in response to LPS, in line with reports from later time points. A number of these metabolites are reported to alter inflammatory gene expression, which may facilitate the increases in cytokine production. Further validation is needed to confirm the link between metabolic activation and upregulation of inflammatory responses.
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Introduction




Immunometabolism

Immunometabolism examines the links between immune cell function and metabolism. The field has burgeoned from early discoveries linking succinate accumulation to interleukin-1β (IL-1β) production in macrophages (1, 2), and we now know that metabolic pathways and immunologic functions are a complex concatenation of processes with distinct, context-dependent outputs. There are two primary pathways used by cells to generate energy in the form of adenosine triphosphate (ATP): the glycolytic pathway (glycolysis) and oxidative phosphorylation (OXPHOS) (3). Glycolytic intermediates can be diverted to feed multiple metabolic pathways including the pentose phosphate pathway (PPP), tricarboxylic acid (TCA) cycle, and lipid synthesis pathways (3). Although glycolysis is less energy efficient than OXPHOS in terms of ATP production, it is often adopted by immune cells as a rapid means of generating energy during acute activation, in a process called the “Warburg effect” (4).





Monocytes and their role in inflammation

Monocytes are myeloid cells accounting for approximately 10% of circulating leukocytes, whose primary role is immune defence. These cells are derived from myeloid bone marrow precursors and can transmigrate into tissues to differentiate into macrophages or dendritic cells. However, these cells are more than just a precursor, and are becoming more recognised for their heterogeneous responses to inflammation and roles in tissue repair and trained immunity (5). Prior to differentiation, monocytes are typically pro-inflammatory cells. They can rapidly propagate inflammation directly by phagocytosis and antigen presentation, as well as through release of cytokines, reactive oxygen species (ROS) and other inflammatory signalling molecules (6, 7). During inflammation (sterile or infectious), circulating monocytes extravasate to inflamed tissues via the leukocyte recruitment cascade, and can rapidly become the dominant infiltrating mononuclear phagocyte in damaged tissues and draining lymph nodes.





Monocyte metabolism

To perform these diverse functions, monocytes need dynamic energy processing systems. Monocytes exist in a “metabolically poised” state (8, 9), where they can react rapidly and specifically to different stimuli. These cells are also metabolically flexible and can utilise diverse fuel sources to fuel inflammation (10). Even in conditions of low oxygen – such as arthritic joints – these cells have been shown to adapt their metabolism to continue to preserve inflammatory cytokine production (11, 12). Glucose does appear to be a requirement for monocyte activation (13), differentiation (14), and cytokine production (15, 16). However, the way glucose is utilised during its breakdown may be of greater importance for cellular function. Glycolysis could be creating substrates for DNA (via the PPP) and cell membrane (via lipid metabolism) synthesis to facilitate cell growth and differentiation (17). Alternatively, glucose breakdown could be directed towards the TCA cycle, where fumarate and alpha-ketoglutarate can alter DNA methylation and gene expression (18).

Monocytes have been most closely studied in the context of LPS activation. LPS-stimulated TLR4 initiates a signalling cascade via MyD88 or TRIF leading to NF-κB/MAPK/IRF5 or IRF3 activation, respectively (19). Depleting NAD+ in monocytes inhibits TLR4 signalling, ultimately abrogating IL-1β production and highlighting a dependence on metabolic machinery (20). Lachmandas et al. investigated the differential metabolomic effects of various microbial stimulants in human monocytes and found diverse metabolic and inflammatory phenotypes (15). LPS did increase glycolysis rates at the expense of OXPHOS, however Pam3CysK4 and other bacterial lysates favoured increased oxygen consumption (15). Candida albicans (C. albicans) stimulation for instance led to sustained increases in both glycolysis and OXPHOS (16). A study replicating the effects of sepsis in monocyte-like THP1 cells detailed the switch from anabolic energy consumption during early immune activation (0-8h), to a catabolic energy-conserving process during immune deactivation (24-48h), before re-establishing energy homeostasis during resolution (48-96h) (21).






Aims

Investigations into primary monocyte metabolism have thus far focused on metabolomic profiling after 24 hours of stimulation or more (11, 12, 15, 16, 22). In addition, none of these investigations have provided sufficient detail of how to replicate their sample processing of LC-MS methods. In this work, we set out to optimise and standardise LC-MS protocols for primary human monocytes and to define the early metabolomic changes that occur with LPS stimulation.





Methods




Blood collection and PBMC preparation

Fresh blood samples were taken from patients attending the outpatient’s haemochromatosis clinic in St. James’ Hospital. Whole blood donations were collected in CPDA-1 anti-coagulant bags (Fannin Scientific, MSE6500L) from consenting donors with no known infections and who disclosed their age and sex. PBMCs were isolated by density gradient centrifugation. Briefly, blood was added to 2% dextran (in PBS) mixed thoroughly at a 1:3 ratio and incubated for 30 mins at room temperature. This step was necessary to decrease the total blood volume while still ensuring sufficient monocyte numbers for optimisation studies, and can be omitted from future studies with a lower starting blood volume. The supernatant layer was removed and layered onto Lymphoprep™ and centrifuged at 400g for 25 mins with minimal acceleration and no breaking. The PBMC layer was aspirated and cells washed twice before resuspension in MACS buffer (PBS + 2mM EDTA + 0.5% BSA).





Monocyte isolation and stimulation

Monocytes were isolated from PBMCs by CD14+ magnetic bead isolation. 100μL of anti-CD14 microbeads (Miltenyi Biotec,130-050-201) were added to 2.9mL PBMCs in MACS buffer and cells were incubated for 15 minutes at 4°C. CD14+ cells were eluted using an LS column and counted. The concentration was adjusted to 1x106/mL in complete RPMI (RPMI + 10% FCS + 100U/mL streptomycin + 1mg/mL penicillin). Monocytes were seeded at 1x106 cells/mL in a 24-well plate and left to rest at 37°C with 5% CO2 for at least 30 mins before stimulation. Cells were stimulated with 5μg/mL of monoclonal anti-MPO (Meridian BioSciences, H87207M) or anti-PR3 (Merck, MABT340) for 4 hours at 37°C with 5% CO2. In some experiments, monocytes were pre-treated with CBR-5884 (Sigma, SML1656) for 30 minutes before LPS stimulation. At the end of the stimulation, plates were centrifuged at 400g for 7 mins and supernatants removed for cytokine or cytotoxicity assay (Lactate dehydrogenase assay, LDH). 5x106 monocytes were processed for metabolomic analysis.





Measurement of cytokines and cytotoxicity assay

DuoSet ELISA kits (R&D Systems) were used to measure cytokine production in supernatants from ANCA-stimulated monocytes. Supernatants were diluted 1:5, 1:25, and 1:50 for tumour necrosis factor (TNF)-α (DY210), IL-1β (DY201), and IL-6 (DY206) assays, respectively. Quantification of LDH in post-stimulation cell supernatants was performed using the CytoTox 96® Non-Radioactive Cytotoxicity Assay (Promega, G1780) to assess cell death/viability. Both protocols were performed as per manufacturer’s instructions.





Sample preparation for LC-MS

An optimised sample preparation protocol was used to extract metabolites from isolated monocytes post-stimulation (see Figure 1A). Following cell stimulation, 5x106 treated monocytes were washed with ice-cold 0.9% NaCl and centrifuged in 1.5mL Eppendorf tubes at 400g for 7 mins. Supernatants were removed completely, and samples were quenched on dry ice. 100μL of ice cold 80% ACS reagent-grade methanol, (MeOH, Acros Organics, 10607221) was added, and cells were vortexed for 30 secs, then sonicated in an ice bath for 1 min, and vortexed for another 30secs. Samples were centrifuged at 16,000g for 10 mins at 4°C and the metabolite fraction (supernatant) removed for LC-MS analysis. The extraction procedure was repeated twice for a final metabolite fraction volume of 200μL. 5μL of metabolite fraction for each sample was added to an Eppendorf tube immediately after extraction to generate pooled quality control (PQC) samples. Extraction blanks were prepared using empty Eppendorf tubes as a negative control. Samples were stored at -80°C until analysis. A 50µM synthetic standard mix containing amino acids (Sigma, A9906), TCA cycle intermediates (Sigma, ML0010), and other metabolites of interest was formulated in 80% MeOH (see Table S1). To limit variations in metabolite abundances, all samples were processed on the same day with the same batch of reagents.




Figure 1 | Optimisation of LC-MS Protocols for Metabolomic Profiling of Primary Monocytes. (A) Overview of optimised sample preparation protocol. (B) QQ plots of targeted metabolomics data (n=24) for normality testing by Anderson-Darling test, D’agostino & Pearson test, Shapiro-Wilk test, and Kolmogorov-Smirnov test. (C) Comparison of plate and tube protocols for BCA assay in various protein levels in PBS and MeOH. (D) Comparison of metabolite fraction (80% MeOH) volume used for protein determination by BCA assay. (E) PCA plots comparing log2 transformed to BCA-normalised targeted metabolomics data in unstimulated (gold) and LPS-stimulated (red) monocytes. (F) Comparison of biomass normalisation methods in PBMCs for metabolomic data normalisation. Protein levels of different cell numbers in the metabolite and pellet fractions were quantified by BCA assay, and DNA levels in the cell pellet were also measured. LC-MS, Liquid chromatography mass spectrometry; BCA, bicinchoninic acid; MeOH, methanol; PCA, Principal Component Analysis.







Modified BCA assay for measurement of residual protein in metabolite fraction

Protein levels in metabolite fraction (and cell pellets) were measured using the Pierce™ BCA Protein Assay (Thermo Scientific, 23227). A top standard of 200µg/mL (300nM) bovine serum albumin (BSA) in was prepared in 80% MeOH (Acros Organics, 10607221) and serially diluted 1:2 down to 1.56µg/mL plus a negative blank sample. BCA Working Reagent was prepared by diluting Reagent B 1:50 with BCA Reagent A. 100μL of BCA Working Reagent was added to each well and the plate was mixed briefly on a plate shaker. The plate was sealed tightly with parafilm and left to incubate at 37°C for 18 hours. After cooling to room temperature, the absorbance was measured at 562nm with an Epoch™ Microplate Spectrophotometer (BioTek Instruments, Inc.).





LC-MS metabolomic analysis

LC-MS metabolomics was performed as described by Hsiao et al. (23) with minor modifications. Samples were analysed on an Agilent 6546 Q-TOF (G6546A) paired with an Agilent 1290 Infinity LC. A 150mm×2.1mm InfinityLab Poroshell 120 HILIC-Z column (Agilent Technologies, 683775-924) was used and column temperature was maintained at 25°C. Mobile phase A consisted of 10mM ammonium acetate, pH 9.0 in water plus 5µM InfinityLab Deactivator Additive (Agilent Technologies, 5191-4506); and mobile phase B was 10mM ammonium acetate, pH 9.0 in 90% acetonitrile. The instrument was operated in negative electrospray ionisation (ESI-) mode. Flow rate was 0.25ml/min and an injection volume of 2μL was used. Gradient was as follows: 90% B; 70% B 11.5min; 60% B 12min; 100% 15min. The column was held at 90% B for 5mins between sample injections. MS data were acquired using a Dual Agilent Jet Stream ESI source operating at fragmentor and capillary voltages of 3500V and 125V, respectively. The nebulizer pressure was set at 40psi and the nitrogen drying gas flow rate was set at 10L/min. The drying gas temperature was maintained at 200°C. The Sheath gas temperature and flow were 300°C and 12L/min, respectively. The MS acquisition rate was 2 spectra/sec and m/z data range from 40-1000 were stored in profile mode. Dynamic mass axis calibration was achieved by continuous infusion of a reference mass solution using an Agilent 1260 isocratic pump (Agilent Technologies, G7110B) connected to the ESI source. All samples were run in a single LC-MS batch to limit variation from instrument effects.





LC-MS data analysis

Analysis was performed using Agilent MassHunter ProFinder (version 10.0) in a similar manner to Cruickshank-Quinn et al. (24) Briefly, the “Batch Targeted Feature Extraction” and “Batch Recursive Feature Extraction’’ methods were used for the targeted and untargeted analyses, respectively. Formula targets were limited to Negative H- ion species and charge states limited to a range of 1-2. Mass and retention time (RT) tolerances were limited to ±10ppm+2mDa, and ±0.00%+0.5min, respectively. Features with an absolute height below 1,000 and saturation >20% were excluded. Detected metabolite features had to satisfy conditions in at least 33% of files in at least 1 sample group. Compounds detected in extraction blank samples and with %CV >20% in PooledQC samples were excluded from analysis. Metabolite abundances were calculated using areas integrated at the apex of selected chromatographic peaks. Values were exported as. CSV or. CEF files for further analysis and visualisation. Significantly altered entities were distinguished by paired t-test with a Benjamini-Hochberg FDR correction. Only metabolites with a fold change ≥1.5 and a p value <0.05 were considered significant.





Metabolite annotation

Significantly altered metabolites were imported into Mass Profiler Professional (MPP, Version 15.0) ID Browser (version 10.0). Tentative metabolite IDs (25) were assigned using the Agilent MassHunter METLIN Metabolomics Database (curated in Agilent PCDL Manager, version B.08.00). Compounds were annotated in the first instance by Library/Database search, and by formula generation when there were no Library/Database hits. LC/MS tolerances for precursor ion m/z were ± 10ppm + 2mDa. Identification parameter (Database search, Molecular Formula Generation score) score weights were all evenly set to 40. Search results were limited to the 10 best hits per compound and scores above 70 were considered reliable. Features were annotated with tentative metabolite IDs assigned based on 1) score, 2) the presence of a commercialised standard, and 3) brief literature review to determine likelihood of metabolite’s impact on human monocyte function. Endogenous metabolites (as listed in HMDB) were preferred. Where no metabolite IDs or formulae were available, metabolite features were annotated by their mass and RT values (e.g., 601.2048@4.95).




Class prediction analysis

Partial Least Squares Discrimination Analysis (PLS-DA) and Random Forrest (RF) class predication analyses were carried out in Agilent Mass Profiler Professional (MPP). Both models were built using all 24 samples. The PLS-DA model used 2 components and was autoscaled. The RF model was built on 500 trees using 14 predictors and used a GINI variable importance calculation. Variable importance in projection (VIP) scores above 1 were considered significant.






Flow cytometry

Dextran sediment (as a surrogate for whole blood) and isolated monocytes were analysed for purity, viability, and surface ANCA expression. 100μL of dextran sediment or 1x106 purified monocytes were used for flow cytometry experiments. Red blood cells in dextran samples were lysed with 1mL of diluted BD lysis buffer before washing and staining. Cells were stained with CD14- PE-Vio770 (TÜK4), MPO-PE (2C7), and fixable viability dye eFluor450 for 30 mins in the dark. Cells were washed and immediately acquired on a FACSCanto II flow cytometer using BD FACSDiva™ software, and results analysed using Kaluza software (Version 2.1, Beckman Coulter, Inc.).





Statistics

Statistical tests were carried out in GraphPad Prism software (Version 9.3.1). LPS-stimulated cells were compared to unstimulated using paired t-tests. Where multiple readouts were analysed, a Benjamini, Kreiger, and Yekutieli false discovery rate (FDR) correction (Q=1%) was performed. Pearson correlation was used to assess relationships between metabolites and flow/cytokine readouts. Results are only statistically significant (p <0.05) where specified.






Results




Optimised sample preparation of primary human monocytes for LC-MS analysis requires data normalisation to residual protein content

Given the dearth of standardised protocols for metabolomic analysis of primary cells, in particular primary blood monocytes, we first sought to develop an optimised sample preparation method. In a pilot study of 6 biological replicates, a combination of methanol-based extraction and ice bath sonication was the most effective extraction protocol in terms of numbers of detectable features and reproducibility (Figure 1A). This method provided excellent coverage of the monocyte metabolome. We found sample quenching and log transformation to be essential steps for sample preparation and data analysis, respectively (Figure 1B). Another essential [and challenging (26)] element of metabolomic analysis is data normalisation. After reviewing over forty biological and algorithmic data analysis strategies, the most efficient and consistent technique was an external scalar normalisation to residual protein content in the metabolite fraction. This was measured using a commercial BCA assay, with minor modifications. We first confirmed that methanol (MeOH) did not interfere with the assay system by comparing its performance to PBS-BSA solutions. MeOH correlated very well with PBS in both plate- and tube-based assays (Figure 1C, R2 = 0.9823, p<0.0001). Further, sample volumes as low as 10μL maintained consistency in protein measurements with this plate-based assay (Figure 1D). Normalising metabolite concentrations to BCA-corrected data improved the appearance of Principal Component Analysis (PCA) plots for the targeted analysis (Figure 1E). Residual protein content was also strongly correlated with cell number, more so than cell pellet and cellular DNA content (Figure 1F). Overall, the BCA protein assay was compatible with 80% MeOH and suitable for measurement of residual protein content measurements in metabolomic extractions. All subsequent results reported have been log2 transformed and BCA-normalised.





Targeted metabolomic analysis reveals alterations in amino acids with ANCA stimulation

Twenty-nine of the 53 synthetic standard metabolites were detected in experimental samples, and forty in PQCs. In the targeted analysis changes between treatment groups were relatively small at this early time point, however, 17 metabolites out of the 29 did reach statistical significance. Thirteen were upregulated in LPS-treated cells, and four downregulated (Figure 2A). The heatmap of AUC values (Figure 2B) demonstrates changes in a wide range of metabolites upon LPS stimulation. These mostly comprised amino acids, as well as TCA cycle metabolites (fumaric acid, L-malic acid) and nucleotides (inosine 5’-monophosphate [IMP]). Among these, the branch-chained amino acids (BCAAs) leucine, isoleucine (Figure 2C) and valine were among the most significantly increased by LPS stimulation (Figure 2D). In contrast, aspartic acid and two alanine isomers were depleted upon LPS activation (Figure 2E). These results demonstrate that, metabolic changes can be detected as early as four hours post LPS stimulation.




Figure 2 | Targeted Metabolomic Analysis of LPS Stimulated Primary Monocytes. (A) CD14+ monocytes were stimulated for four hours with 200ng/ml LPS. Monocytes were analysed by LC-MS and targeted metabolomic analysis of 53 metabolites was completed in ESI-. (A) Heatmap of targeted metabolites in LPS-stimulated monocytes. LPS-stimulated monocytes were analysed by LC-MS and targeted metabolomic analysis of 53 metabolites was completed. 29 of the 53 metabolites were detected in experiment samples. Intergroup values are reported as BCA and Log2 normalised AUCs. Significant metabolites of varying degrees are marked with *. (B) Volcano plot analysis of targeted metabolites in LPS-stimulated monocytes. Metabolite features were analysed by Mann-Whitney paired test with a Benjamini-Hochberg FDR correction, and features with fold change ≥1.5 and p value <0.05 were considered significant. Fold change and p-value thresholds are shown in dotted lines on the X and Y axes, respectively. EICs for leucine and isoleucine are displayed in (C), and sample plots of BCAAs (D) and metabolites reduced in the LPS-stimulated cells (E) are shown in individual dot plots. TIC, Total Ion Chromatograms; ESI, Electrospray Ionisation; BCAAs, Branched-Chain Amino Acids; EIC, Extracted Ion Chromatogram.*** p < 0.001.







Inositol and glucose metabolism are altered in monocytes stimulated with LPS

For a more global overview of the metabolic changes, we performed untargeted analysis of LPS-stimulated monocytes. A summary of the untargeted workflow is shown in Figure 3A. A total of 1,376 features were detected after manual chromatography review and removal of peaks present in extraction blank samples. These were assigned tentative metabolite IDs. Out of 1,376 features detected, 154 were significantly altered in the LPS-treated monocytes (Figure 3B): 87 with decreased abundance, and 67 with increased levels compared to unstimulated cells. Of note, itaconic acid, an important modulator of inflammatory responses in macrophages (27), was found to be highly upregulated in LPS-activated cells at this early time point.




Figure 3 | Untargeted Metabolomic Analysis of LPS Stimulated Primary Monocytes. (A) Summary workflow for untargeted metabolomic analysis with numbers of features/entities specified at each stage. (B) Volcano plot of LPS-treated monocytes are shown with significantly upregulated features highlighted in red and downregulated features in dark blue. Light blue and orange features did not meet the fold change threshold limits, and grey features were insignificant. Fold change and p-value thresholds are shown in green lines on the X and Y axes respectively. Class prediction analyses of significantly altered untargeted metabolites carried out by PLS-DA (C) and Random Forrest analysis (D). Entities with a VIP score >1 are plotted on the heatmap in (E). Pathway analysis of significantly altered metabolites identified in untargeted analysis was performed on the online MetaboAnalyst platform (Version 5.0, https://www.metaboanalyst.ca/). Results are displayed as dot plots (F) and bar chart (G).



To better understand the specific influence and fundamental relations of these features, class prediction analyses were carried out using PLS-DA and RF analysis. Both models had an overall accuracy of 97.92%: 95.83% for unstimulated cells, 100% for the LPS-treated group. VIP scores and heatmaps for PLS-DA and RF are shown in Figures 3C, D, respectively. The PLS-DA model returned 434 features with a score above one, and 47 above two. The RF model had 17 features >1, with six of these common to both analyses. Four of these features were assigned as: L-lactic acid, uracil 5-carboxylate, D-myo-Inositol-1,3-diphosphate, and PI(38:4). A heatmap of the 58 influential metabolites is displayed in Figure 3E. We see changes in a number of lipid-like molecules, particularly several glycerophosphoinositols (PI) and glycerophosphoserine (PS) species, as well as a number of amino acids.

Pathway analysis for all 1,367 assigned features detected in the untargeted analysis was carried out using MetaboAnalyst (Version 5.0, https://www.metaboanalyst.ca/). Figure 3F shows annotated bubble plots for the most significantly altered metabolites in LPS-stimulated monocytes. Phosphatidylinositol signalling and inositol phosphate metabolism were the most significantly enriched pathways in LPS-treated cells, however, both of these pathways had a very low pathway coverage and thus a low pathway impact score. Other pathways previously reported to be altered by LPS were also seen at this early time point, including the Pentose phosphate pathway (PPP), glycolysis/gluconeogenesis, and nicotinate and nicotinamide metabolism. This suggests increased utilisation of glucose by early branches of the glycolysis pathway. Quantitative enrichment analysis confirmed the impact of LPS on the inositol phosphate metabolism and phosphatidylinositol signalling pathways (Figure 3G). BCAA degradation and biosynthesis were also impacted, confirming the findings of the targeted analysis (Figure 2D). These results must be considered cautiously, as metabolite annotations were only available for a small subset of the metabolites, and at a lower confidence level (28) than those in the targeted analysis. Additional analyses are needed to improve coverage of these metabolite pathways and confirm their importance LPS-activated inflammation.





Targeted metabolomics and links to surface MPO and cytokine production

We next wanted to determine if these alterations in monocyte metabolism in response to LPS occur in line with cellular activation. Cytokine production is a key function of monocytes, and significant increases in IL-1β, IL-6, and TNF-α were observed after four hours of LPS stimulation (Figure 4A). Increased cytokine production correlated with levels of a number of metabolites. Of note, inosine 5’-monophosphate (IMP) significantly correlated with all three cytokines (Figure 4B). Further correlations were found for a number of amino acids, including the BCAAs, L-lysine, L-methionine, and L-phenylalanine. Despite this, these correlations had rather low R2 values, likely owing to the short timescale of these experiments. Surface expression of myeloperoxidase (MPO) was measured in a subset of samples prior to stimulation. The percentage of MPO-positive monocytes and median fluorescence intensity (MFI) of MPO appeared to correlate with subsequent IL-1β production upon LPS stimulation (Figure 4C), suggesting that surface MPO levels may act as a surrogate marker for cellular activation. Serine has previously been shown to be essential for IL-1β production in LPS-stimulated murine macrophages (29). Given the increase in glycolysis upon LPS activation, it is feasible that flux through the serine pathway could be increased to support IL-1β production in human monocytes. Inhibiting serine production with CBR-5884 for 30 mins prior to stimulation completely abrogated IL-1β production (Figure 4D). These data suggest that CBR-5884 can inhibit IL-1β production by limiting serine synthesis. These data present clues to the emergent changes to monocyte metabolism in response to LPS.




Figure 4 | Cytokine and Flow Results for LPS-Stimulated Monocytes. (A) IL-1β, IL-6, TNF-α levels were measured in supernatants of monocytes by ELISA after four hour LPS stimulation. (B) Cytokine levels are correlated with IMP concentration in primary monocytes. (C) Correlation of baseline MPO surface expression with IL-1β production in stimulated primary monocytes. (D) Effects of serine synthesis pathway inhibition on IL-1β production in LPS-Stimulated Monocytes. *** p < 0.001, **** p < 0.0001.








Discussion

To date, most investigations of monocyte metabolomics have been carried out at later time points, such as >24h stimulations, a steady state in terms of metabolism. Here we defined the inchoate monocyte response to LPS-stimulation after four hours and provide detailed protocols for effective reproducibility of these works. Our method limits hands-on sample time with a quick single phase methanolic extraction and a single complementary and comprehensive LC-MS method.

First, we describe optimised sample preparation protocols for monocyte metabolomic investigations. A methanol-based extraction and gentle cell lysis method was found to be optimal (Figure 1A). This method has been effective in adherent cells (30, 31), and is commonly used in cellular metabolomics investigations (32). Harvesting cells by plate scraping or trypsin-EDTA can influence the intracellular metabolome (33). Suspension cells such as monocytes can be easily extracted by adding cold extraction solvent directly to stimulation plate(s) before being transferred to the tube. This allows thorough extraction of any metabolites from remaining cells, limiting contamination from cell supernatants (exometabolome).

Experimental design and technical variation can affect the outcomes of metabolomics studies. As such, a number of data normalisation methods have been developed to correct for these errors (26, 34). We found that residual protein in the metabolite fraction measured by BCA protein assay was the optimum normalisation method. This method has been successfully used in previous work (35) and, in contrast to prior reports (26), protein levels did correlate with metabolite abundances in this analysis. Extending the (BCA assay) sample incubation time to 18 hours improved detection of small protein volumes, and the plate-based assay facilitates minimal sample loss, preserving low volume samples for LC-MS analysis (Figure 1D). We also found that acetonitrile was compatible with the commercial BCA assay (data not shown). The compatibility of other metabolite extraction solvents should be explored further.

Previously published LC-MS methods for monocyte metabolomic profiling were carried out by commercial metabolic profiling companies (15, 22) which combine RP and HILIC liquid chromatography to measure four metabolite subfractions. While we initially sought to replicate these techniques, the HILIC ESI- method consistently returned the greatest numbers of viable metabolite features. HILIC methods can detect a larger number of molecular features than RPLC and at higher abundances (36). Certain lipid classes in myeloid cells have been reliably detected by HILIC single phase extraction (31), and a recent publication noted the detection of over 1,900 lipid species across 26 subclasses from a single 12-minute HILIC LC-MS method (37). These are largely polar, small lipids, and the relevance of these compounds to monocyte inflammatory responses should be investigated in future profiling experiments.

Using these optimised protocols, we found novel metabolomic changes in primary monocytes after four hours of LPS stimulation. There have already been a number of investigations of monocyte metabolism at 24 hours (15, 16, 18, 21, 22), a timepoint which represents steady state monocyte metabolism. Zhu et al. (21) investigated a sepsis model in monocyte-like THP1 cells through activation, deactivation, and resolution of LPS-induced inflammation. At eight hours cells were already sufficiently activated, with significant changes across a range of metabolic pathways. Given the broad range of metabolic and inflammatory responses to LPS, longer timepoints pose a threat of artefacts from autocrine effects. TNF-α signalling can alter a broad range of metabolic pathways and affect insulin sensitivity in obesity (38). Conversely, succinate can induce IL-1β expression to promote inflammation (1). To preserve the LPS-specific effects of metabolism and the additional reasons above, we opted to investigate the early changes in monocyte metabolism after four hours of stimulation.

A number of amino acids were enriched in these cells, including the BCAA isomers leucine and isoleucine. Leucine in particular, is key for inflammatory cytokine production in these cells. Leucine influx via SLC7A5 contributes to metabolic reprogramming and IL-1β production in primary monocytes (39). This receptor is also upregulated on monocytes of RA patients where it correlated with disease severity markers (39). Decreased intracellular L-aspartate upon LPS activation has been reported at 6 hours (12), and is exacerbated by glucose deprivation. However, Arts et al. (18) found that aspartic acid was depleted in medium from trained monocytes. This may indicate increased breakdown of aspartate to produce more bioactive amino acids such as those described above. The precise reasons for depletion of aspartate and alanine metabolites should be further explored at different time points.

Serine is another amino acid important for inflammatory cytokine production. In murine macrophages serine production was found to be essential for IL-1β (and TNF-α) production upon LPS activation, and inhibiting serine synthesis abrogated inflammatory cytokine release (29). CBR-5884 inhibits 3-phosphoglycerate dehydrogenase (PHGDH) – the first step of the de novo serine synthesis pathway which directly branches off from glycolysis (40). The increased glycolysis reported in LPS-stimulated monocytes could therefore be fuelling serine production, and subsequent IL-1β release. In macrophages the one-carbon pool facilitates epigenetic changes during proinflammatory macrophage (M1) differentiation, fed in part by serine synthesis (41, 42). However, serine was not increased in LPS-stimulated monocytes in this work, and has not been reported in more long-term stimulations. We did find that the inhibitory effects of CBR-5884 on IL-1β production were lost when cells were stimulated for 18 hours (data not shown). Whether serine synthesis has a prolonged role in cytokine production in monocytes should be a focus of future research.

The untargeted analysis revealed further novel metabolic pathways perturbed by LPS in monocytes. Inositol phosphate metabolism and phosphatidylinositol signalling were the top two metabolic pathways implicated by LPS activation (Figures 3F, G). Myo-inositol was increased at four hours (Figure 2A), and was also found to be increased after 24 hours of LPS stimulation (15, 22). Other pathway metabolites were also increased (Figures 3E), indicating that these pathways are important for early monocyte activation. Additional validation experiments are required to confirm the influence of these metabolic pathways on monocyte function upon LPS activation.

Fatty acid metabolism was also significantly altered at this early time point. Other fatty acids have been implicated at later time points (12, 15, 22), and Fatty Acid Oxidation (FAO) has been shown to be essential for CCL20 production by RA monocytes (11). In low glucose/oxygen conditions (or where competition for glucose/oxygen is high) monocytes increase FAO via oxidative phosphorylation to meet their energy demands (12). This broad increase may indicate a metabolic emergency, whereby multiple energy generating pathways become activated prior to a specific metabolic (and associated inflammatory) response. Recently lipid metabolism was shown to be important in COVID-19 (43), and these pathways should be investigated further.

Pro-resolving M2 macrophages preferentially utilise FAO (as well as OXPHOS and glutaminolysis) as a means of energy generation (44, 45), though these cells are unlikely to be undergoing pro-resolving differentiation at this early time point. Itaconic acid is a well-known anti-inflammatory metabolite increased in activated macrophages (27). Increased itaconic acid has also been reported in LPS-stimulated monocytes (15, 22), and was found to be increased at our early time point (Figure 3E). Understanding the role of this metabolite prior to macrophage differentiation should be a focus of future work.

We report a novel increase in surface MPO expression which appears to link to inflammatory activation of primary monocytes (Figure 4C). Little is known about surface MPO expression and its relationship to metabolism. Our group has previously shown differences in MPO expression between monocyte subsets, and subsequent differences in pro-inflammatory cytokine release (46). Despite this, we found only a mild relationship between inflammatory cytokine production and metabolism. Additional activation markers should be explored to confirm the link between metabolic activation and upregulation of inflammatory responses.
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Molecular carcinogenesis is a multistep process that involves acquired abnormalities in key biological processes. The complexity of cancer pathogenesis is best illustrated in the six hallmarks of the cancer: (1) the development of self-sufficient growth signals, (2) the emergence of clones that are resistant to apoptosis, (3) resistance to the antigrowth signals, (4) neo-angiogenesis, (5) the invasion of normal tissue or spread to the distant organs, and (6) limitless replicative potential. It also appears that non-resolving inflammation leads to the dysregulation of immune cell metabolism and subsequent cancer progression. The present article delineates immunometabolic reprogramming as a critical hallmark of cancer by linking chronic inflammation and immunosuppression to cancer growth and metastasis. We propose that targeting tumor immunometabolic reprogramming will lead to the design of novel immunotherapeutic approaches to cancer.
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1 Introduction

Cancer is the second leading cause of death worldwide as 10 million deaths resulted from cancer in 2020 and 70% of cancer deaths occurred in developing or low-middle-income countries (LMICs). Furthermore, it is projected that the incidence of cancer will increase to 28.4 million cases in 2040 (1). Sub-Saharan countries will witness a 92% cancer increase between 2020 and 2040. Several factors contribute to the rising incidence of cancer in these countries, including environmental pollution, the adoption of western diets, increased alcohol uptake, lack of exercise, and increased tobacco use.

Advances in medicine have now established that cancer cells differ from normal cells in many ways. For example, cancer cells exhibit uncontrolled cell division and proliferation, never mature, ignore signals required for the orderly progression of the cell cycle, cell death (apoptosis), specialization, and shedding. In addition, cancer cells express neoantigens and evade the host’s immune recognition (2, 3). Hence, cancer cells develop intratumoral heterogeneity, including altered cellular architecture/morphology, physiology (including their metabolism), subtypes, and evade cell death and their immune recognition (4–7). Additionally, nuclear compartmentalization (chromatin re-organization) in the tumor microenvironment (TME) regulates the gene expression that controls many processes, including immune cell development and programing, discussed in detail elsewhere (8–10). Furthermore, extrachromosomal DNAs (ecDNAs) are emerging as crucial mediators of cancer pathogenesis, gene regulation and epxression, and emerging treatment resistance (11–14). For example, ecDNAs promote increased oncogene expression and subsequent poor prognosis in many cancers (15–18).

Further development in the field led to the recognition of the six hallmarks of cancers almost 20 years ago (19, 20). Metabolic reprogramming among cancer cells and immune escape were also included later as additional hallmarks (21). Many reviews have further emphasized cancer and immune cell metabolism as a foundation mechanism for tumor immunology (22–27). For example, DePeaux and Delgoffe have discussed in detail the importance of decreasing TME metabolic barriers to increase the efficacy of tumor immunotherapy, including oncolytic viral therapy (OVT) (22). Whereas, Leone and Powell have discussed the metabolism of immune cells, specifically T cells, in the TME and exploiting differential metabolic plasticity for increasing the efficacy of immune checkpoint inhibitors (ICIs) (23). Hence, immunometabolism in the TME is critical in tumor immunopathogenesis, metastasis, and efficacy of existing immunotherapies. Hanahan recently upgraded the list of cancer hallmarks to include canonical and prospective characteristics (28). Different metabolic determinants of tumor initiation have been identified and discussed in detail (29). Therefore, we propose to add tumor-supportive immunometabolic reprogramming to the list of cancer hallmarks. The work herein discusses immunometabolic reprogramming of tumor-infiltrating immune cells as a critical hallmark of cancer progression.




2 Immune surveillance failure in cancer

Immune surveillance protects the host from endogenous and exogenous threats, including cancer development, infections, and premature aging (Figure 1) (30–34). However, aging and certain medications (antibiotics and antivirals) dysregulate immune surveillance to induce a tumor supportive environment (35–38). The immune system-mediated patrolling and monitoring to prevent cancer is called cancer or tumor immunosurveillance (39, 40). Tumor immune surveillance (immunosurveillance) requires tumor cell-derived molecules, including heat-shock proteins (HSPs) and double-stranded DNA (ds-DNA), which are recognized by pattern recognition receptors (PRRs) (41, 42). For example, CD91 (a receptor for HSP gp96)is crucial in cancer immune surveillance and cancer arising in the absence of CD91 are highly immunogenic (42, 43). However, the tumor microenvironment (TME) supports immunosurveillance escape and therefore supports cancer growth, differentiation, and metastasis (Figure 1) (44, 45). For example, TME T cells induce galectin-9 secretion from tumor cells derived from various malignant tumors. The released galectin-9 suppresses the antitumor cytotoxic activity of CD8+ T and natural killer (NK) cells (46). Galectin-9 in cancer cells combines with V-domain Ig-containing suppressor of T cell activation (VISTA, an immune checkpoint protein) to support the protumorigenic immunosuppressive TME (46, 47). The transforming growth factor-β (TGF-β) via TGF-β receptors (TGF-βRs) and suppressor of mothers against decapentaplegic-3 (smad-3) protein induce the VISTA expression on cancer and T cells in the TME to promote immunosuppression. TGF-β and VISTA mediate immunosuppression by polarizing naïve T cells to regulatory T cells (Tregs) and pro-inflammatory M1 macrophages to M2 macrophages by increasing the SNAIL or snail family transcriptional repressor 1 (SNAI1) expression and increasing the myeloid-derived suppressor cells (MDSCs) activity (48–52). Thus, cancer cells and immune cells in the TME coordinate to create a tumor suppressive tumor immune microenvironment (TIME) for the growth, division, and metastasis of cancer cells. Cancer cell metabolism also plays a significant role in escaping from tumor immune surveillance via different mechanisms, including altering immunometabolic reprogramming.




Figure 1 | Immunosurveillance and cancer. The continuous immune surveillance of target organs by immune cells (innate and adaptive immunity) through lymphatics and systemic circulation keeps a check on altered or cancer cells in healthy individuals. This helps to maintain homeostasis by removing altered or cancer cells. However, several factors, including aging, obesity, repeated or chronic infections, and different medications, dysregulate or suppress regular immune surveillance leading to a tumor or cancer development. See text for details.






3 Metabolic reprogramming among cancer cells in TME

Cancer cells differ from normal cells in maintaining homeostasis regarding their energy demand. Cancer cells undergo metabolic reprogramming to maintain their fastidious growth and proliferation status. For example, they reprogram themselves for rapid adenosine triphosphate (ATP) synthesis to meet increased energy demand, macromolecule synthesis, and tight maintenance of their redox status (53). The cancer cell metabolic reprogramming is crucial for their survival in the stressful TME with its spatially and temporally heterogenous concentrations of glucose, glutamine, and oxygen favoring hypoxia (54). For example, TGF-β in the TME increases aerobic glycolysis via glucose transporters and glycolysis enzymes to meet their high energy demand (55). Additionally, TGF-β also increases TME lactate level, which directly correlates with cancer cell metastasis. Furthermore, the acidic TME supports tumor cell survival, proliferation, and resistance to apoptosis (56–58).

The Warburg effect is an excellent example of cancer cell metabolic reprogramming, shifting from oxidative phosphorylation (OXPHOS) to aerobic glycolysis (Figure 2) (59–61). However, the observed Warburg effect in the TME does not depend on oxygen availability and the carcinogenic origin of cancer (54, 62). Hypoxia induces the hypoxia-inducible factor-1α (HIF-1α) that regulates the transcription of at least 60 genes regulating tumor cell survival, growth, proliferation, tumor angiogenesis, invasion/metastasis, glucose metabolism, immune cell function (63–66). High pyruvate dehydrogenase kinase (PDK) activity in tumor cells increases glycolysis. It also suppresses reactive oxygen species (ROS) production and accumulation, enhancing their stem cell and tumorigenic potential (Figure 2) (67). The aerobic glycolysis in TME can even occur in the non-dividing cells, indicating that the Warburg effect controls the tumor biomass and enhances their stem cell-like phenotype and oncogenic potential (67). Thus, the increased glucose uptake in tumor cells decreases its concentration in the tumor interstitial fluid (TIF) and increases extracellular lactate levels with increased lactate dehydrogenase (LDH) activity Figure 2 (68). Tumors expressing nucleus accumbens-associated protein-1 (NAC1) also upregulate LDH-A activity that further supports lactate accumulation in TME (69). The increased lactate level in the TME inhibits antitumor immune responses by T cells, macrophages, and DCs, through different mechanisms, including immunometabolic reprogramming (70–75).




Figure 2 | Altered cellular metabolism among cancer cells. Due to the altered physiological and metabolic demands, cancer cells undergo metabolic reprogramming. For example, due to their high energy demand as a response to their fastidious growth and proliferation, cancer cells depend on aerobic glycolysis, causing lactate accumulation and an increased acidic environment. Furthermore, increased aerobic glycolysis elevates oxygen consumption inducing hypoxia. The increased hypoxia and acidity (lactate accumulation) cause immunosuppression to escape from the host immune response. Immunosuppression promotes tumor growth. Additionally, other metabolic mechanisms (polyamine synthesis, glutamine metabolism) also increase in tumor cells, limiting nutrient availability to residential and infiltrated immune cells, causing their immunosuppression. Details are mentioned in the text.



A recent study has provided some of the first experimental evidence of the Warburg effect in patients with cancer (76). For example, clear cell renal carcinoma (ccRC) exhibits increased aerobic glycolysis compared to the adjacent normal kidney, and ccRC has suppressed glucose oxidation compared to tumors of other anatomical sites, including the brain and lungs (76, 77). Hence, ccRC is the first human tumor to demonstrate a convincing shift toward glycolysis, as indicated by the intraoperative 13C infusions. It is important to note that the altered metabolic environment in the TME induces a metabolic competition between tumor and immune cells that helps in cancer progression (78, 79). Like glucose metabolism, the increased glutaminolysis in cancer cells also creates a glutamine-deficient tumor immune microenvironment (TIME) for immune cells (Figure 2). Tumor cells exhibit the highest glutamine uptake in TME compared to infiltrated immune cells (80). Notably, the increased glutamine uptake suppresses the glucose uptake across tumor-resident cell types, emphasizing that glutamine metabolism suppresses glucose uptake without glucose being a limiting factor in the TME (80). Cancer cells over express the methionine transporter SLC43A2. Therefore, they outcompete CD8+ T cells for methionine uptake and utilization (81). The decreased methionine availability to CD8+ T cells decreases the methyl donor S-adenosylmethionine (SAM), inhibiting dimethylation at lysine 79 of histone H3 (H3K79me2). The loss of H3K79me2 in CD8+ T cells decreases signal transducer and activator of transcription 5 (STAT5) expression and alters their cytotoxic action against tumor cells. Furthermore, the methionine utilization by tumor cells in the TME of hepatic cell carcinoma increases T cell exhaustion (82). Thus, strategies to deprive methionine uptake by cancers cells or providing methionine to TME T cells has a potential cell-specific immunometabolic targeting in different solid cancers.

Additionally, increased polyamine biosynthesis and transport occur in tumor cells as indicated by the induction of ornithine decarboxylase (ODC), a hallmark for tumorigenesis (Figure 2) (83–86). Polyamines suppress the immune response to promote tumor growth and directly influence it through numerous tumor-supportive mechanisms (Figure 2) (87–90). Along with tumor cells, myeloid cells (tumor-associated macrophages (TAMs), dendritic cells (DCs), and MDSCs compete with T cells to utilize polyamines to exert their immunosuppressive action (91). Hence, cancer and immunosuppressive myeloid cells compete with T cells in the TIME for polyamine uptake and utilization. In addition, polyamine metabolism is a central determinant of CD4+T cells to differentiate into different functional Th subtypes (Th1, Th2, Th17, and Tregs). Therefore, polyamine deficiency in CD4+T cells results in the failure to adopt a correct subset specification by affecting the tricarboxylic acid (TCA) cycle and histone deacetylation (92). Also, the decreased availability of polyamines to T cells supports their differentiation to immunosuppressive Tregs and its targeting reverses the TME immunosuppression (93–96). Thus, cancer cell metabolism alters the TIME via affecting immunometabolic reprogramming.




4 Immunometabolism in TIME

Immunometabolism combines classical metabolism and immunology to understand the immune cell phenotype and function by combining immunology and metabolism experimental approaches and paradigms (97). Immunometabolism has two subdisciplines: (1) cellular immunometabolism and (2) tissue immunometabolism. Cellular immunometabolism governs the fate of immune cells. At the same time, tissue immunometabolism includes the governing of tissue and systemic metabolism by immune cells to support the adaptations of the host to the surrounding environment (97, 98). Six major metabolic pathways, including glycolysis, the Krebs’s cycle, fatty acid synthesis (FAS), fatty acid oxidation (FAO), amino-acid (AA) metabolism, and the pentose-phosphate pathway (PPP) regulate immune cell function (99). The details of immunometabolism during inflammation or inflammatory immune cell function have been discussed elsewhere (100–102).

Despite having the maximum capacity to uptake intratumoral glucose, myeloid cells in the TIME shift their immunometabolic reprogramming to tumor-promoting anti-inflammatory, immunosuppressive phenotype such as M2 macrophages, N2 neutrophils, MDSCs, and tolerogenic DCs (80). Hence, nutrient partitioning in the TIME is programmed in a cell-intrinsic manner through mammalian target of rapamycin complex 1 (mTORC1) signaling and the expression of genes related to glucose and glutamine metabolism. For example, glucose deprivation to immune cells prevents their pro-inflammatory tumor suppressive action in the TIME, indicating that tumor cells are still the biggest glucose consumer. Therefore, we will primarily focus on immunometabolic reprogramming among different immune cells that support tumor growth via immunosuppression.



4.1 Immunometabolic reprogramming among tumor-resident or infiltrated macrophages to support tumor growth, proliferation, and metastasis

Most immune cells are present within the invasive margins and central zone of tumors (103). However, macrophages often comprise the dominant immune cell population in TIME as they include the first pro-inflammatory innate immune cell responders in the chronic inflammatory environment, which later polarize to tumor-supportive immunosuppressive M2 or TAMs (104–106). M1 to M2 macrophages polarization occurs in response to low glucose, glutamine, and FAs availability in a nutrient competitive TME. M2 polarization is further supported by increased TGF-β, IL-4, IL-5, IL-6, and IL-10 availability in the TME (Figure 3). TAMs support tumor growth, survival, proliferation, and metastasis by supporting tumor angiogenesis, chemoresistance, and immunosuppression (107–110). Hence, understanding their immunometabolic reprogramming in TME or TIME is warranted.




Figure 3 | Tumor-associated macrophages (TAMs) in immunosuppressive TME or TIME and their immunometabolic reprogramming. Several factors, including low nutrient availability, increased lactate, succinate, and lipid levels, and different Th2 cytokines (TGF-β, IL-4, IL-5, IL-6, and IL-10) polarize antitumor and pro-inflammatory M1 TAMs to tumor-promoting and immunosuppressive M2 TAMs. These M2 TAMs release immunosuppressive cytokines (IL-10 and TGF-β) to support an immunosuppressive TIME by supporting Tregs. M1 TAMs undergo immunometabolic reprogramming to polarize to M2 TAMs. For example, M2 TAMs show increased OXPHOS and FAO to survive in the nutrient-deprived TIME or TME. The increased ROS production due to the damaged mitochondria in M2 TAMs suppresses the antitumor T cell immune response. Intracellular ROS in M2 TAMs activates NLRP3 inflammasome to produce IL-1β supporting tumor cell migration and metastasis. The increased ROS production supports TME or TIME hypoxia, supporting tumor angiogenesis, growth, survival, and metastasis. For details, see the text.



For example, M1 macrophages depend on aerobic glycolysis to infiltrate the hypoxic TME and exert their pro-inflammatory and anti-tumor actions (98, 111). The IL-4-dependent M1 to M2 macrophage polarization supports OXPHOS through interferon regulatory factor 4 (IRF4) and mTORC2 activation (112). However, IL-4-mediated M2 macrophage polarization does not require immunometabolic reprogramming to FAO (113). Also, the IL-4-mediated M1 macrophage polarization to M2 phenotype only occurs only when NO· generation is blocked due to the dysregulated mitochondrial function (114, 115). TME/TIME and IL-4 synergistically increase protein kinase RNA-like ER kinase (PERK)-signaling cascade in macrophages to promote immunosuppressive M2 transition, activation, and proliferation (116). PERK activation induces phosphoserine aminotransferase 1 (PSAT1) and serine biosynthesis via activation transcription factor-4 (ATF-4). The increased serine biosynthesis supports an enhanced mitochondrial function and α-ketoglutarate (α-KG) synthesis required for Jumonji domain-containing protein-3 (JMJD3)-dependent epigenetic modification (116). On the other hand, PERK activity loss impedes mitochondrial respiration and FAO crucial for M2 macrophages. Hence, the immunometabolic reprogramming among macrophages depends on stimulus, tissue environment, and mitochondria health. TME and associated TIME are complex due to severely altered tumor cell phenotype, function, and different oncometabolites.

The hypoxic and glucose-deprived TME induces regulated in development and DNA damage response 1 (REDD1) on TAMs that suppresses mTORC1 signaling and associated glycolysis (Figure 3) (117, 118). The increased levels of other oncometabolites, including lactate and succinate in TME, further support the M1 to M2 macrophages or TAMs polarization (Figure 3) through different mechanisms, including yes-1 associated protein (YAP) and NF-κB inhibition via G protein-coupled receptor 81 (GPR-81)-mediated signaling (119, 120). Macrophages in TIME or TME uptake lactate via increased expression of monocarboxylate transporter 1 (MCT1) that increases OXPHOS and FAO to generate M2 macrophages or TAMs (Figure 3) (121, 122). There are three types of M2 macrophages (M2a, M2b, and M2c), which secrete common immunosuppressive cytokines (TGF-β and IL-10) and chemokines to support tumor growth (Figure 3) (123). Also, TAMs promote angiogenesis via secreting VEGF and other angiogenesis-promoting factors to support tumor growth, proliferation, and metastasis (Figure 3) (117–119).

Cancer cells secrete M-CSF that promotes fatty acid synthase (FASN) activity in myeloid cells, including TAMs (124). FASN in TAMs via peroxisome proliferator-activated receptor (PPAR)β/δ activation promotes increased IL-10 synthesis and release. IL-10 promotes immunosuppression, angiogenesis, tumor growth, and metastasis (Figure 3). Also, tumor-cell-produced lipids simultaneously orchestrate M1 to M2 macrophage polarization and survival in TME or TIME via inducing ER stress response by reshuffling lipid composition and saturation on the ER membrane (Figure 3) (125). Furthermore, ER stress induces inositol-requiring enzyme 1 (IRE1, an endoplasmic reticulum stress sensor)-mediated spliced X-box-binding protein 1 (XBP1) production and STAT3 activation. The IRE1 production and STAT3 activation support M2 macrophage polarization and immunosuppressive TIME development (125–127). Hence, conditions favoring M2 macrophage transition exert a strong push towards OXPHOS in TAMs, which damages their mitochondria, producing increased ROS (Figure 3) (128). The increased ROS production further supports hypoxia and angiogenesis in TME, adding to tumor growth and metastasis. ROS further suppresses the antitumor action of infiltrated T cells (Figure 3). FAO-dependent ROS generation activates NLRP3 inflammasome to release IL-1β from TIME M2 macrophages, supporting tumor cell migration and metastasis (Figure 3) (129). Also, exosomes released from tumor cells in TME support the M1 to M2 macrophage transition via activating NLRP6/NF-κB pathway to support immunosuppressive TIME and cancer cell metastasis (130). Arginase 1 (Arg1) expression in TAMs lowers the L-arginine availability to T cells in TME or TIME. It recruits immunosuppressive Tregs to support tumor growth and development (Figure 3) (131). The simultaneous Arg1 and inducible nitric oxide synthesis (iNOS) expression in TAMs (M1/M2 phenotype) at low arginine concentration may favor ROS and RNS production that may inhibit antitumor T cell function in TIME (132–134).

Also, TAMs show a decreased receptor-interacting protein kinase 3 (RIPK3, a central factor in necroptosis) that inhibits caspase 1 (CASP1)-mediated cleavage of PPAR-γ to support FAO (135). The M2 macrophage polarization also involves increased glutamine catabolism (glutaminolysis) and UDP-GlcNAc-associated modules (136). The increased glutaminolysis replenishes the TCA cycle in immunosuppressive TAMs (137). Thus, the glutamine deprivation or N-glycosylation inhibition decreases M2 polarization and CCL22 production and promotes their polarization to M1-like macrophages (136, 138). The indoleamine 2,3-dioxygenase (IDO) expression in M2 macrophages also increases, which depletes local tryptophan via generating immunosuppressive kynurenine metabolites (139, 140). Hence, immunometabolic reprogramming among TAMs (highest in number among TIME immune cells) gives them an immunosuppressive phenotype. These immunosuppressive macrophages suppress other immune cells, including T cells through direct interaction or secreting immunosuppressive metabolites, switching their immunometabolism to immunosuppressive or exhausted phenotype (141–145).




4.2 Neutrophils and Myeloid-derived suppressor cells immunometabolism in TIME

Tumor cells and immune cells release several factors, including TNF-α, IL-8, IL-1α, CXCL1, CXCL2, and CXCL5 to stimulate neutrophil chemotaxis to the TME (146, 147). Although only mature neutrophils leave bone marrow (BM) for the circulation and target organs, TIME also harbors immature neutrophils (Figure 4) (146, 148). At initial stages, neutrophils exert antitumor action but become tumor and metastasis supportive later. They can be classified as antitumor N1 neutrophils that are supported by IFN-β and hepatocyte growth factor (HGF) and protumor N2 neutrophils that are supported by TGF-β and G-CSF (147). The complex immunological functions of neutrophils and their targeting in cancer are discussed elsewhere (147, 149–151).




Figure 4 | Neutrophils in TME or TIME and their immunometabolic reprogramming. The systemic neutrophil number increases in tumor patients. This increase is due to the increased neutrophil generation in the bone marrow (BM), causing increased infiltration in the TME or TIME. Although only mature neutrophils leave the BM, TIME contains both immature and mature neutrophils. Therefore, different chemokines and cytokines released from TME or TIME cells send the signals to BM for neutrophil chemotaxis. Additionally, ATP released from tumor-associated neutrophils (TANs) acts in an autocrine manner via P2Y purinergic receptors to further support their chemotaxis in TME or TIME. TANs show an increased rate of OXPHOS and glycolysis along with an elevated PPP. The ROS released from TANs induced apoptotic cell death among infiltrated antitumor T cells, causing immunosuppression. Hypoxia in TME or TIME causes NETosis that further supports tumor metastasis. See the text for details.



In cancer-bearing mice, neutrophils leaving the BM show more spontaneous migration than in typical tumor-free mice (152). For example, these neutrophils lack immunosuppressive action, having increased OXPHOS and glycolysis rate than neutrophils of typical tumor-free individuals (Figure 4). The aggravated autocrine ATP signaling supports the increased neutrophil infiltration to TIME via purinergic receptors (Figure 4) (152). The hypoxic environment in the TME or TIME increases HIF-1α and HIF-2α levels (65). HIF-1α increases neutrophil survival via supporting glycolysis (OXPHOS is not crucial for neutrophils) at initial stages, creating a chronic pro-inflammatory environment to support tumor progression (153). At the same time, HIF-2α increases the lifespan of pro-inflammatory neutrophils called tumor-associated neutrophils (TANs) (154). Also, the PPP in neutrophils supports increased ROS generation that induces apoptotic cell death among infiltrated T cells to support further a tumor suppressive TIME (Figure 4) (155, 156). PPP is also involved in the neutrophil extracellular trap (NETs) formation or NETosis by fueling NADPH oxidase with NADPH to produce superoxide that supports cancer metastasis (157). However, immunosuppressive mediators, including TGF-β released at later stages of the tumor, polarize antitumor N1 TANs to pro-tumor N2 TANs (158–160). Also, the glutamine and proline uptake in immature low-density neutrophils (iLDNs) supports their pro-metastasis action inducing NETosis under hypoxic and glucose-deprived conditions (Figure 4) (161, 162). NETs promote cancer growth, progression, and metastasis and provide a protective shield to them through different mechanisms discussed somewhere else (163).

MDSCs are well-known immunosuppressive innate immune cells found only in pathological conditions, including cancer (164–166). They are of two types (1) monocytic-MDSCs or M-MDSCs, and (2) polymorphonuclear-MDSCs or PMN-MDSCs (167). Hence, MDSCs are the pathological phenotypes of neutrophils and monocytes accumulating in pathological lesions, including TME or TIME (164, 165). PMN-MDSCs of patients with cancer also show an increased spontaneous migration characteristic and are present at very early cancer stages (152, 168). Different chemokines, including IL-8 (CXCL8) and CXCR4 chemoattract (in response to miR-494) MDSCs to TME or TIME (Figure 5) (169–171). They secrete different immunosuppressive cytokines, including IL-10 and TGF-β, responsible for their immunosuppressive function to support tumor growth, proliferation, neoangiogenesis, and metastasis (170, 172). MDSCs also secrete vascular endothelial growth factor (VEGF)-A, fibroblast growth factor (FGF), and Bv8 (prokineticin or PK), and different MMPs to promote tumor growth and metastases (Figure 5) (173, 174).




Figure 5 | MDSCs in TME or TIME and their immunometabolism. MDSCs infiltration in TME or TIME supports the immunosuppressive microenvironment. IL-8 and many other TME or TIME-released chemokines support their infiltration. To exert their immunosuppressive function, MDSCs show an increased FAO, OXPHOS, and glycolysis. AMPK increase induces glutamine oxidation to support the TCA cycle. The increased lactate level in TME or TIME favors the immunosuppressive function of MDSCs. For example, MDSCs release immunosuppressive cytokines (TGF-β and IL-10), suppress cytotoxic NK cell activity and promote tumor angiogenesis, growth, proliferation, and metastasis. Additionally, arachidonic acid (AA) metabolism to PGE2 in PMN-MDSCs further supports immunosuppressive TIME.



MDSCs depend on AMPK and FAO for their immunosuppressive function (175, 176). Glutamate or L-glutamine (L-Gln) taken by MDSCs in TME or TIME is oxidized in an AMPK-dependent manner to support their immunosuppressive function by regulating the TCA cycle (Figure 5) (177). Even tumor-infiltrated/associated MDSCs (T-MDSCs) synthesize their L-Gln and with increased transglutaminase (TGM) expression that supports their immunosuppressive function and tumor metastases (178, 179). T-MDSCs show an increased FAO, OXPHOS, and glycolysis due to an increased lipid/FAs content in TME or TIME (Figure 5) (176). However, the increased FAs in TME or TIME promote FAO in MDSCs via CD36-mediated FA uptake, and FAO inhibition suppresses their immunosuppressive function in TME (176, 180, 181).

The fatty acid transport protein 2 (FATP2) on PMN-MDSCs through arachidonic acid (AA) uptake and prostaglandin E2 (PGE2) synthesis also support the immunosuppressive function of MDSCs (Figure 5) (182, 183). Furthermore, the PGE2-mediated negative feedback loop FATP2 and receptor-interacting protein kinase 3 (RIPK3, A negative regulator of FATP2) promotes PMN-MDSCs’ immunosuppressive function (184, 185). GM-CSF controls the FATP2 overexpression on PMN-MDSCs in TIME via STAT5 activation. TME or TIME hypoxia increases the immunosuppressive function of T-MDSCs by increasing the HIF-1α level (Figure 5) (186, 187). Furthermore, HIF-1α, along with promoting their immunometabolic reprogramming to immunosuppressive phenotype, also increases the PD-L1 expression that suppresses the cytotoxic and immune-promoting functions of CD8+ and CD4+T cells in TIME (188). A high lactate level in TME increases the survival and proliferation of immunosuppressive MDSCs through G protein-coupled receptor 81 (GPR81)/mTOR/HIF-1α/STAT3 pathway (189–191). Also, the increased TME lactate level increases the number and proliferation of MDSCs, which inhibit NK cell cytotoxicity (NKCC) (Figure 5) (190). Hence, hypoxic TME or TIME supports MDSCs’ immunometabolic reprogramming to FAO to favor their tumor and metastasis-supportive function.




4.3 DCs and their immunometabolic reprogramming in TME/TIME

DCs are potent antigen-presenting cells (APCs), which play a crucial role in generating and regulating immune response via recognizing different pathogens and inflammogens and presenting antigens to adaptive immune cells (T and B cells) (192). They also serve a part of first responding innate immune cells against cancer via antigen presentation despite constituting a rare immune cell population (CD103+DCs) within TME or TIME capable of activating CD8+T cells (Figure 6) (193, 194). Conventional DCs (cDCs) at early malignancy recognize dying tumor cells and migrate to draining lymph nodes (DLNs) to present tumor antigens to CD4+ and CD8+ T cells (195, 196). For example, type 1 cDCs (cDC1s) prime cytotoxic CD8+T cells, and type 2 cDCs (cDC2s) activate antitumor helper CD4+T cells (197–199). The antitumor action of cDC1s in TIME depends on NK cells as they release cDC1 chemo-attractants CCL5 and XCL1 to bring them in (Figure 6) (200, 201). However, the prostaglandin E2 (PGE2) release by tumor cells in TME or TIME suppresses NKCC and the production of cDC1 chemo-attractive chemokines (Figure 6). Thus, cDC1s lose their antitumor function due to the evasion of the NK cell-cDC1 axis and other immune cells with tumor growth. Furthermore, cDC2s (CD11b+DCs) in tumor DLNs also express PDL-1 and suppress T cell-mediated antitumor immunity (Figure 6) (202, 203). Additionally, monocyte-derived DCs (mo-DCs) with pro-inflammatory properties comprise another type of DCs populating tumors (198). Also, the plasmacytoid DCs (pDCs) in tumor DLNs release IDO that directly activates mature Tregs to create an immunosuppressive TIME (Figure 6) (204). The details of immunologic and immunoregulatory functions of DCs in TME or TIME are mentioned elsewhere (205–208). We will focus their immunometabolic reprogramming in TME or TIME.




Figure 6 | DCs in TIME and their immunometabolic reprogramming. TME or TIME-released chemokines induce DC chemotaxis. cDCs migrate to tumor DLNs for antigen presentation for adaptive immune cells (T and B cells) to induce antitumor immunity. However, IDO release from pDCs induces immunosuppression. Furthermore, adenosine in TME or TIME via A2bR blocks immunometabolic shift to glycolysis from OXPHOS and increases AMPK levels. Thus, tumor-associated DCs (TADCs) show an increased OXPHOS and FAO giving them an immunosuppressive phenotype to survive in the nutrient-deficient TME or TIME. These immunosuppressive TADCs release different factors and molecules to support immunosuppressive TIME, angiogenesis, and tumor growth and metastasis. Details are mentioned in the text.



Under a steady state, DCs depend on OXPHOS for their energy demand to maintain immune homeostasis (209). For example, bone marrow-derived DCs (BMDCs) depend on FAO for OXPHOS to meet the energy demand, but the involvement of FAO for OXPHOS in cDCs and pDCs is not yet clear (192, 209). FAO and OXPHOS do not provide the maximum threshold for DCs to secrete cytokines and activate T cells to create a pro-inflammatory environment. The pro-inflammatory PRRs, like toll-like receptor-4 (TLR-4) stimulation, reprograms DC immunometabolic state from OXPHOS to glycolysis within minutes, like other myeloid immune cells (209–211). The shift from OXPHOS to glycolysis induces their antigen presentation potential through increased major histocompatibility complex (MHC)-I and -II expression, co-stimulatory molecules (CD80 and CD86), and cytokine synthesis and release. Although increased glucose uptake by DCs during the early stages of activation is accompanied by lactate production, this does not reflect a commitment to Warburg metabolism as a mechanism for ATP production because, during this time, ATP is provided by OXPHOS (211). Instead, glycolysis fulfills the citrate needs of DCs is filled by glycolysis (211). The export of citrate from the mitochondria into the cytoplasm through the citrate transporter SLC25A is significant for fueling FAS required for activated DCs to increase the size of critical organelles (Golgi bodies and endoplasmic reticulum or ER) involved in protein synthesis and secretion. Intriguingly, the enlargement of these compartments co-occurs with increased gene expression downstream of TLRs but is regulated post-transcriptionally by increased glycolytic flux. This is controlled by the Akt-dependent phosphorylation and subsequent activation of hexokinase II (essential to catalyze the first step of glycolysis) (211).

The Akt activation involves TANK-binding kinase 1 (TBK1)/I-kappa-B kinase epsilon (IKKϵ), activation downstream of RIG-I–like receptor (RLR), indicating that the rapid glycolysis is a typical response to any innate immune recognition by DCs. This Akt activation occurs regardless of PI3K or mTOR (two canonical Akt upstream activators) inhibition (210, 211). Different PRRs, including TLR2, TLR6, TLR9, Dectin-1, and -2 activation, induce immunometabolic reprogramming to glycolysis in DCs that governs their inflammatory status and motility (212, 213). Notably, early glycolysis induction in DCs occurs independently of their pro-inflammatory phenotype. This allows DCs to rapidly respond metabolically to these danger signals originating in the TME (211).

DCs fail to mature in the absence of OXPHOS to glycolysis transition. Also, DCs showing weak inflammatory response lack long-term glycolytic reprogramming requiring increased glycolytic gene expression (212). Thus, a prolonged and increased glycolysis enzymatic gene expression is crucial for maintaining pro-inflammatory DCs and their migration. Also, DCs utilize pre-existing glycogen stores to support shifting from OXPHOS to glycolysis during their inflammatory stimuli to drive their TLR-dependent activation (214). The glycogenolysis inhibition attenuates TLR-mediated DC maturation and impairs their ability to act as APCs. Therefore, it is likely that even weak inflammatory signals can induce early glycolytic reprogramming through glycogenolysis without a significant and prolonged gene transcription crucial for glycolysis reprogramming. However, this is not true for other myeloid cells, including macrophages, which depend on external glucose supply through glucose transporter 1 (Glut1) upon inflammatory stimuli. Thus, only strong pro-inflammatory signals can induce prolonged inflammatory phenotype and DC motility in LNs.

IL-10 and AMP-activated protein kinase (AMPK, the central regulator of catabolic pathways and OXPHOS) inhibit glycolysis (215). The FAS inhibition enhances DCs’ capacity to activate allogeneic and Ag-restricted CD4+ and CD8+ T cells and induce CTL responses (216). Further, FAS blockade increases DC expression of Notch ligands and enhances their ability to activate NK cell immune phenotype and IFN-γ production. ER stress enhances DC’s immunogenic function upon FAS inhibition, accounting for its higher immunogenicity (216). Conversely, the ER stress lowering by 4-phenylbutyrate (4-PBA) suppresses their increased immunogenic action due to FAS inhibition. TLR7/8 stimulation with promoter-associated RNA (pRNA) increases FAO and OXPHOS in human mo-DCs due to branched-chain alpha-keto acid dehydrogenase complex E1-alpha subunit (BCKDE1α) phosphorylation in a phosphatase and tensin homolog (PTEN)-induced putative kinase 1(PINK1)-dependent manner. Interestingly, inducing PINK1 activity in tolerogenic DCs stimulates FAO and renders them immunostimulatory (217).

Tumor-associated DCs (TADCs), like tumor-associated T cells, also face the harsh nutrient-deficient environment that activates AMPK, inhibiting the immunometabolic reprogramming from OXPHOS to glycolysis. For example, AMPK supports OXPHOS by upregulating proliferator-activated receptor γ co-activator (PGC-1α) that binds to PPAR-γ to promote mitochondrial biogenesis, oxidative metabolism and antagonize anabolic metabolism (218, 219). Thus, TADCs lose their APC properties and migration capacity to DLNs to prime and induce a robust adaptive immune response against tumor antigens. The recognition of exogenous adenosine monophosphate (AMP) by adenosine A2b receptor expressed on DCs, including TADCs, upregulates their pro-tumorigenic functions, including angiogenesis via releasing VEGF, TGF-β, and creating an immunosuppressive environment through releasing IL-10 and expressing cyclooxygenase-2 (COX-2) and IDO (220–223). IDO (IDO1 and IDO2) activity metabolizes tryptophan (an essential amino acid) into kynurenine (224). Thus, the tryptophan depletion activates a stress response kinase called general control non-derepressing 2 (GCN2) in T cells that inhibits their proliferation and biases naïve CD4+T cells to develop into FoxP3+Tregs (225–227). Also, the kynurenine and other metabolites bind to the aryl hydrocarbon receptor (AhR) on T cells, promoting their differentiation to Tregs along with supporting the immunosuppressive macrophage and DC phenotype (226, 228–230).

Catabolism of pre-existing glycogen in DCs is crucial to initiate glycolysis independent of external glucose supply in response to the TLR activation (214). However, in TME or TIME, the continuous TLR signaling, including the TLR9 activation in response to the host cell-derived DNA creates an immunosuppressive TIME due to the increased IDO expression (231–233). Furthermore, TLR9 ligand CpG ODN 2006 is a poor adjuvant to induce CD8+T cells responsible for clearing tumor cells (234). This may be due to the poor DCs activation or their suppression through IDO generation. Further studies are required in this direction. The increased AMPK expression in TADCs also transforms them into tolerogenic DCs due to increased FAO and OXPHOS (210, 235). Furthermore, the aberrant lipid accumulation in TADCs due to the transport of extracellular lipids via macrophages scavenger receptor 1 (MSR1) diminishes their antigen-presenting capacity that suppresses their adaptive immune activation property to fight against tumors (236, 237). Also, the tumor-released Wnt5 molecule triggers PPAR-γ activation through β-catenin, which activates FAO by upregulating carnitine palmitoyltransferase-1A (CPT1A, a fatty acid transporter) in TADCs and induces a tolerogenic phenotype and secrete IDO to create an immunosuppressive TIME by upregulating Tregs (238, 239). Furthermore, the Wnt5 also blocks the immunometabolic shift to glycolysis in TADCs and induces an increased FAO. In addition, β-catenin induces vitamin-A metabolism in TADCs and FAO to produce retinoic acid (RA), further promoting Tregs generation to create an immunosuppressive TIME (240) Thus, TME or TIME DCs also become potent immunosuppressive immune cells and lose their antigen presentation characteristics to further support adaptive immunity against tumors due to their immunometabolic reprogramming supporting their survival but not potent immune function.




4.4 Immunometabolic reprogramming among innate lymphoid cells, including NK cells in TIME

ILCs are a relatively new class of immune cells, which phenotypically appear as adaptive lymphoid cells. However, they are lineage negative and do not express antigen-specific receptors encoded by rearranged genes, including T cell or B cell receptors (TCRs or BCRs). ILCs also do not show V(D)J recombination required for somatic hypermutation (SHM)/recombination, like T and B cells (241). However, they respond to various immunogenic stimuli, including pathogens, to mounting a pro-inflammatory immune response. Additionally, they are highly localized to mucosal surfaces (gastrointestinal, reproductive, and respiratory tracts). The details about different types of ILCs, including ILC1s or group 1 ILCs (NK cells and helper ILC1s), ILC2s (group 2 ILCs, produce Th2 cytokines), and ILC3s (group 3 ILCs, include RORγt+ ILCs and lymphoid tissue inducer or LTi cells) inflammation and their interaction with adaptive immune cells have been discussed elsewhere (242–246).

ILCs increase in the circulation of patients with cancer compared to healthy controls, indicating that they also infiltrate TME or TIME of different cancers (Figure 7) (247–251). Patients with a high number of circulating ILCs, including NK cells with great cytotoxic action, are less prone to develop cancer and metastasis (252–254). The ILC (NK cells, ILC1s, ILC2s, and ILC3s) infiltration into the TME at the early (premalignant) stage induces anti-tumor TIME to kill tumor cells through different mechanisms, including direct cytotoxic action and recruitment of different immune cells, including cytotoxic T cells, and eosinophils (255–259). The details of ILCs, including NK cells in early TME, have been discussed elsewhere (260, 261).




Figure 7 | ILCs and NK cells in TIME and their immunometabolism. Different ILCs, including cytotoxic NK cells, are present in TME or TIME. The increased TGF-β levels in TIME transform high cytotoxic NK cells to less cytotoxic ILC1s and ILC3s to ILC3regs, which release IL-10 to support immunosuppressive TIME. Also, the high lactate levels in TIME or TME decrease NK cell OXPHOS, induce mitochondrial damage, and their apoptosis. Hence, the NK cell cytotoxicity (NKCC) is blocked in the immunosuppressive TIME that supports tumor growth. Furthermore, i-ILC2s polarize to n-ILC2s in the presence of TIME IL-25, further supporting angiogenesis, tumor growth, and metastasis by releasing immunosuppressive cytokines (IL-5 and IL-13). IL-5 and IL-13 are released from n-ILC2s in response to IL-33, increasing their OXPHOS and FAO. GM-CSF release from immature NK cells increases MDSCs proliferation, supporting immunosuppression. See text for details.



At later stages, NK cells infiltrating TME become less cytotoxic ILC1s (inefficient in controlling the growth and metastasis of tumor cells) in the presence of TGF-β secreted by tumor cells and other immunosuppressive immune cells (262–264). TGF-β also downregulates eomesodermin (EOMES) or T-box brain protein 2 (Tbr2) expression (Figure 7) (262). EOMES and T-box protein in T cells (T-bet) are crucial for NK cell development, maturation, and cytotoxic function (265–267). Also, EOMES is crucial for invariant NK (iNK)T cell development and differentiation in the thymus and their differentiation to memory-like KLRG1+iNKT cells in the periphery (268). iNKT cells facilitate the potent anticancer cytotoxic action of CD8+T cells by presenting different lipid and glycolipid antigens to expressed MHC class I-like molecule CD1d, in addition to direct killing (269, 270). iNKT cells also release IFN-γ that further supports tumor cell killing by NK cells (270). Hence, it will be novel to study the impact of TGF-β on iNKT cell development and function in TME or TIME, which depends on EOMES expression. Furthermore, TGF-β in TME also reprograms otherwise antitumor ILC3s to tumor-promoting regulatory ILC3s (ILCregs) and secrete IL-10 (271).

IL-25, an IL-17 cytokine subfamily member in TME or TIME, transforms inflammatory ILC2s (iILC2s) to natural ILC2s (nILC2s) or ILC3-like cells to create an innate tumor-permissive microenvironment through activating ILC2s via inducing IL-17 expression (272, 273). iILC2s have a low RORγt expression, but nILC2s do not (274). Also, these tumor infiltrating ILC2s are highly IL-25R+ (273). These nILC2s secrete large amounts of IL-5 and IL-13 (Th2 cytokines), creating an anti-inflammatory or immunosuppressive TIME (272). However, IL-25 exerts a tumor regulatory role through different mechanisms, including eosinophil and B cell infiltration, apoptosis, and Th2 cytokines secretion in TME to create an immunosuppressive TIME (275). The therapeutic blockade of IL-25R in colorectal cancer (CRC) lowers the tumor burden and activates an anti-tumor immune response in mice (273). These ILC2s join IL-25R+ MDSCs to create an immunosuppressive TIME in different cancers (276–278). Another study has shown that blocking IL-25 (released from gastrointestinal tuft cells) suppresses gastric cancer in mice, and the ILC2 axis, which is responsible for immunosuppressive IL-13 release (279). IL-33 (a member of IL-1 cytokine family) also promotes tumor survival and progression through different mechanisms, including Tregs functional stabilization (280, 281). Also, IL-33 exerts tumor supportive action via regulating PPAR-γ-mediated IL-4, IL-13, and IL-15 (Th2 cytokines) release from ILC2s (Figure 7) (282). Thus, antitumor functions of ILCs, including NK cells, ILC2s, and ILC3s, reprogram to tumor-promoting immune activity governed by their immunometabolic reprogramming.

ILCs, including NK cells recruited to the nutrient-competitive TME with tumor cells, adjust their immunometabolic requirement affecting their antitumor immune function. For example, NK cells depend on glycolysis and OXPHOS for their energy requirement under immune homeostasis due to their limited energy or biosynthetic demand (283, 284). Under inflammatory conditions due to increased energy demand to perform a cytotoxic function and cytokine release, immunometabolic reprogramming shifts more towards aerobic glycolysis than OXPHOS, although an increase in OXPHOS also occurs like effector CD8+T cells that depends on mTORC1 activation (285–287). However, TME does not support their increased glucose demand to exert their antitumor action. For example, increased TGF-β in TME induces NK cell suppression through decreasing mitochondrial metabolism, including OXPHOS, which is crucial to maintain its high metabolic demand to maintain its antitumor activity (288). This process occurs independently of mTORC1 inhibition. However, TGF-β blocks IL-15-dependent NK cell proliferation and maturation via inhibiting mTOR signaling (289). Thus, it will be interesting to delineate factors responsible for a differential effect of TGF-β on mTOR signaling and dependent metabolic reprogramming, as mTORC1 signaling is crucial for NK cell maturation and proliferation in patients with metastatic cancers (290).

It is important to note that blocking TGF-β restores the anti-tumor function (including metastasis prevention) of NK cells via restoring their immunometabolic reprogramming crucial for cytotoxicity and IFN-γ release (288, 289). Additionally, lactate accumulation in TME also blocks NK cells’ OXPHOS via inducing mitochondrial dysfunction due to increased ROS release, making them energy deficient and causing their apoptosis (Figure 7) (291). Thus, it will be interesting to delineate that to escape from apoptosis of TIME NK cells in the presence of TGF-β to polarize to less cytotoxic ILC1s having less energy demand to survive. Also, GM-CSF in TME converts immature NK cells to MDSCs, helping in cancer progression and metastasis (292).

The immunometabolic reprogramming of ILC2s is complex compared to other immune cells. For example, they use OXPHOS and branched-chain amino acids (valine, leucine, and isoleucine) to fuel their polarized mitochondria at their steady state during homeostasis (293). However, their developmental maturation depends on the HIF-1α-glycolysis axis (294). Hence, OXPHOS, branched amino acids, and glycolysis are crucial to maintaining ILC2s’ immune homeostatic function by regulating development and maturation. The release of IL-4, IL-6, and IL-13 (Th2 cytokines) from ILC2s is maintained by increased glutaminolysis, glycolysis, mTOR activation, and FAO (295, 296). However, they continue to OXPHOS through amino acid uptake to maintain their cellular fitness and proliferation (296). The increased FAO takes place in ILC2s of nutrient (glucose and glutamine)-deficient TME or TIME, which reprograms their antitumor function to tumor-promoting via releasing Th2 cytokines causing immunosuppression and angiogenesis (Figure 7) (297).

Furthermore, the increased IL-33 level in TME or TIME promotes ILC2’s pro-tumor function via binding to its cognate receptor ST2, promoting temporary storage of externally acquired FA in lipid droplets to make cell membranes (298). These accumulating lipid droplets transform into phospholipids to promote ILC2s proliferation. An enzyme called diacylglycerol o-acyltransferase 1 (DGAT1) regulates this process. PPAR-γ, a key transcription factor, governs this immunometabolic reprogramming crucial for lipid uptake, metabolism, and ILC2 function (297, 298). For example, genetic deletion or pharmacological inhibition of PPAR-γ and DGAT1 in ILC2s blocks the IL-33-mediated cancer growth and metastasis (282). The IL-33-mediated optimal immunometabolic reprogramming in ILC2s also requires ROS, and its inhibition can prevent its tumor-promoting role by suppressing IL-5 and IL-13 release (299). Thus, TME supports immunometabolic reprogramming among ILC2s to create an immunosuppressive TIME that supports tumor growth and metastasis.




4.5 Immunometabolic reprogramming among T cells in the TIME

T cells are crucial adaptive immune cells, which have the potential to regulate the immune system through helper T (Th) cell phenotype and direct killing of tumor cells through their cytotoxic action (CD8+T cells) (102). The pro-inflammatory T cells (Th1, Th2, and Th17 phenotypes collectively called T effector (Teff) phenotype) depend more on increased glycolysis than OXPHOSS (300, 301). The aerobic glycolysis controls Teff function, including the IFN-γ release through binding the glycolysis enzyme glyceraldehyde 3-phosphate dehydrogenase (GAPDH) to AU-rich elements within the 3’ untranslated region (3’ UTR) of IFN-γ mRNA (302). Also, the lactate dehydrogenase A (LDHA) induction in T cells supports aerobic glycolysis but supports IFN-γ release or Th1 differentiation independent of 3’UTR through epigenetic mechanisms (303). In addition, in acidic TME (due to lactate accumulation), LDH converts lactate to pyruvate and lowers nicotinamide adenine dinucleotide (NAD+) levels. The decreased NAD+:NADH further blocks glycolysis in T cells (Figure 8) (304). The increased lactate level in TME inhibits NAD+-dependent GAPDH and 3-phosphoglycerate dehydrogenase (PGDH) activity crucial for NADH reduction and serine production, important for T cell proliferation (Figure 8) (304). Serine supplementation rescues T cell proliferation in high lactate TME.




Figure 8 | T cell subtypes and their immunometabolic reprogramming in the immunosuppressive TME or TIME. Different Th1 and cytotoxic T cells infiltrate initially to care for growing or premalignant tumors. However, the nutrient-deprived TME or TIME and the presence of immunosuppressive myeloid cells alter their function, including immunometabolic reprogramming. For example, CD8+ cytotoxic T cells undergo cell death, including ferroptosis. Additionally, Th1 and Th17 cells in the high lactate and nutrient-deprived (glucose and glutamine) TIME polarize to immunosuppressive Tregs. All these events support T cell immunometabolic reprogramming to their tumor-supportive phenotype and function, including CD8+T cell death. Details are mentioned in the text.



LDHA maintains a high acetyl-coenzyme A (acetyl-CoA) level that promotes histone acetylation and IFN-γ transcription. LDHA deletion in T cells suppresses their IFN-γ-mediated pro-inflammatory action and induces their differentiation to FoxP3+ Tregs. FoxP3 expression in Tregs reprograms their immunometabolism to OXPHOS via suppressing Myc activity and glycolysis and increasing NAD+ oxidation (Figure 8) (305). Due to this, Tregs resist highly acidic (lactate) TME and grow and proliferate (306). Tregs also take more lactate than Teffs to utilize it as a fuel for the TCA cycle or gluconeogenesis, which decreases their glucose need in the highly nutrient-competitive TME (305, 307). Tregs highly express lactate transporter, monocarboxylate transporter 1 (MCT-1), for lactate uptake in TME (307). Furthermore, TME lactate induces programmed cell death protein 1 (PD-1 or CD279) expression in Tregs, and PD-1 inhibition strengthens Tregs in TIME, causing treatment failure with PD-1-based checkpoint inhibitors (308, 309). However, a co-treatment with anti-PD-1 and a LDH inhibitor serves as a better anticancer treatment as this approach inhibits lactylation of Lys72 in MOESIN (a member of the ERM (ezrin, radixin, and moesin) proteins). The MOESIN lactylation inhibition improves MOESIN interaction with TGF-β receptor I and downstream SMAD (suppressor of mothers against decapentaplegic) family member 3 (SMAD3) signaling activating FoxP3 in Tregs (310).

Treg differentiation in TME or TIME depends on the Basic leucine zipper transcription factor, ATF-like or BATF transcription factor (311). Tregs are highly dependent on FAO or β lipid oxidation and OXPHOS for their immunoregulatory function due to the lower Glut1 and higher AMPK expression (300, 301). The fatty acid binding protein 5 (FABP5, a cellular chaperone long-chain FAs) in Tregs regulates OXPHOS and immunosuppressive function by inducing the IL-10 release in response to the type 1 IFN (released in response to cGAS-STING signaling) in low lipid availability TME for immune cells (Figure 8) (312). Hence, FABP5 is a gatekeeper for mitochondrial integrity modulating Tregs. Furthermore, FABP5 expression in pDCs in TME or TIME supports their tolerogenic role via supporting the generation of Tregs (Figure 8) (313).

Tregs generation do not need mTOR kinase (314). Also, the CD36 expression increases in Tregs, supporting their survival and proliferation in TME or TIME via increased FA uptake (Figure 8) (315). Furthermore, CD36 fine-tunes mitochondrial fitness via PPAR-β signaling to increase Tregs survival in a lactate-rich acidic TME by increasing OXPHOS (Figure 8) (315, 316). On the other hand, CD36 expressed on CD8+ cytotoxic T cells increases oxidized lipids/low-density lipoproteins (oxLDLs) uptake that increases lipid peroxidation (LPO) (Figure 8) (317). LPO activates p38 mitogen-activated protein kinase (p38MAPK) that induces CD8+T cell dysfunction through defective mitochondrial biogenesis in mTOR-independent signaling pathway governing their autophagy and glycolysis (Figure 8) (317, 318). CD36-mediated lipid uptake by CD8+T cells in TME also causes their ferroptosis and LPO to cause their death and immunosuppression (Figure 8) (319). Thus, CD36-mediated FA uptake determines T cell-dependent immunosuppressive TIME. Also, death/damage-associated molecular proteins (DAMPs) in TME promoting chronic inflammation can activate Tregs TLRs that, with FoxP3, balance mTORC1 signaling and glucose metabolism to control their proliferation and immunosuppressive function (320, 321). Hence, TME and TIME support Tregs for tumor growth and metastasis and induce resistance to chemotherapies and checkpoint inhibitors through immunometabolic reprogramming.

Th17 cells selectively express HIF-1α governed by mTOR signaling, a central regulator of cellular metabolism (301). HIF-1α is crucial for glycolysis induction and maintenance. The lack of HIF-1α in T cells at their differentiation stage reprograms them to develop into Tregs (Figure 8) (301). The tumor-associated Th17 cells with low glycolysis capacity reprogram to FoxP3+Tregs (Figure 8) (322). Thus, the local tissue environment, including metabolic status, is crucial determines T cell differentiation to their different phenotypes and function.

Low extracellular lactate promotes immune cell infiltration and proliferation at the premalignant stage, including T cells at the site to create a pro-inflammatory TIME to clear tumor cells. For example, CD8+T cells under physiologic normoxia utilize glycolysis to exert antitumor action, including IFN-γ release and cytotoxicity (323). The prolyl-hydroxylase (PHD) proteins are intrinsic oxygen-sensing molecules that promote Tregs growth and proliferation during hypoxia that develops at later stages of cancer (323). The T cell-specific internal deletion or pharmacological inhibition of PHD increases the antitumor action of tumor-infiltrating T cells. The increased energy demand among tumor cells reprograms their metabolism to increased glycolysis and creates a hypoxic TME. The increased glycolysis among tumor cells in TME increases extracellular lactate accumulation, which impairs the nuclear factor of activated T-cells (NFAT) activation and IFN-γ production by T and NK cells (324–326). This impairs the anticancer/tumor action of tumor infiltrating CD4+ and CD8+ T cells in the pro-inflammatory environment. For example, tumor infiltrating T cells in the glucose-deprived TME could not reprogram their immunometabolism to glycolysis, forcing them to rely on OXPHOS without exhibiting the Teff phenotype that causes their mitochondrial depolarization and exhaustion (327–329). IL-12 treatment rescues T cell exhaustion by increasing their mitochondrial potential and reducing their dependence of glycolysis (330). Hence, IL-12 treatment prevents forced OXPHOS while maintaining the balanced glycolysis and OXPHOS to maintain their full effector function.

The increased PD-1-PD-L1 signaling (TAMs, cancer cells, and tolerogenic DCs express PD-1 and PD-L1), altered epigenetic reprogramming, and nutrient-deprived stressful TME through coordinating with the TCR signaling prove lethal to tumor-infiltrating CD8+T cells by altering their immunometabolic reprogramming (131, 327, 331, 332). Thus, low access to appropriate nutrients (glucose, glutamine, and lipids) imposes a significant barrier to Teffs via metabolic stress (333–336). For example, T cells under hypoxic conditions with limited glucose conditions exhibit mTORC1 signaling pathway inhibition, decreased antigen-induced expression of genes (including cell adhesion molecules, cell cycle progression), and CD8+T cell proliferation and effector function (335, 337).

The insufficient glucose level in TME or TIME induces apoptosis among Teffsviaactivating pro-apoptosis genes/proteins, including phorbol-12-myristate-12 acetate-induced protein 1(MAIP1/Noxa, a Bcl2 family protein) and Bcl-2-associated X protein (Bax), destabilizing myeloid cell leukemia 1 (Mcl1), an antiapoptotic Bcl-2 family protein (338). However, memory Teffs are not programmed to upregulate FAS, OXPHOS, and reductive glutaminolysis in limited glucose conditions, including TIME, which allows them to maintain their function in the nutrient-limited/depleted microenvironment (339). Thus, naïve T cells survive the nutrient-depleted TME or TIME but lose their effector function, but only memory Teffs survive and function in the environment. In addition, increasing FAO activity in CD8+T cells in TME or TIME can enhance their cytotoxic action as they show an increased PPAR-α signaling and FA catabolism, which preserves their cytotoxic action (340, 341). However, it should be noted that tumor progression also increases co-inhibitor expression on CD8+T cells, and PD-1 blockers delay tumor progression by affecting tumor-infiltrating lymphocyte (TIL) metabolism and function.

The cell motility is controlled by subtype-specific transporters called MCT1 (Slc5a12 and Slc16a1), specifically expressed on CD4+ and CD8+ T cells. The lactate accumulation suppresses the cytotoxic action of CD8+T cells and promotes the CD4+T cells switching to Th17 cells (Figure 8) (324). Also, IL-2 (a cytokine critical for antitumor T cell function) signaling-mediated STAT5 activation becomes limited in a highly acidic TME (342). This further suppresses antitumor CD8+T cell function. The tumor-associated Th17 cells reprogram to FoxP3+Tregs in TME. The genetic targeting of LDHA in tumors decreases the pyruvate to lactate conversion restoring T and NK cell infiltration and their antitumor cytotoxic function (325). Pyruvate dehydrogenase kinase 1 (PDHK1) via inhibiting PDH determines the cytosolic lactate levels in T cells that varies with T cell subtype (343). For example, Th17 cells show a robust PDHK1 expression, whereas Tregs have it at an intermediate level and Th1 cells have very little PDHK1. Hence, TME promotes Th1 cells reprogramming to Th17 cells, then to Tregs under intratumoral high lactate level that also suppresses IL-2 signaling (342). The increase in the glutaminolysis in tumor cells also deprives infiltrated T cells of glutamine, further compromising their growth and proliferation (Figure 8) (344). The glutamine-deficient TME reduces cytosolic α-KG in Th1 cells supporting their differentiation to Tregs (345). The glutaminase (a key enzyme involved in glutaminolysis) genetic deletion or glutamine uptake blockade in tumor cells increases TME glutamine and upregulates T cell infiltration (128, 346). The glutaminolysis is linked to polyamine biosynthesis via a Myc-dependent metabolic pathway in T cells (347). Hence, immunometabolic reprogramming among tumor-infiltrated T cells is governed by TME, including the hypoxia and lactate level.

HIF-1α during hypoxia induces the PDL-1 (CD274) expression in tumor cells, DCs, TAMs, and MDSCs to support immunosuppressive TIME (188). For example, PD-1+ CD8+T cells in TIME are most immunodysfunctional due to the mitochondria loss (348). The mitochondria loss affects their oxidative (TCA cycle, FAO, and OXPHOS) and membrane potential (ROS and ATP production) due to PPAR-γ coactivator 1α (PGC1α) loss, which programs mitochondrial biosynthesis by Akt signaling (348). B-lymphocyte-induced maturation protein 1 (BLIMP1) activation causes PGC1α loss. The PGC1α loss increases ROS production that, through phosphatase inhibition and the consequent activity of NFAT, promotes T cell exhaustion through mitochondrial dysfunction and loss (349–351). The mitochondrial mass loss in CD8+T cells of TIME correlates well with PD-1 expression. Thus, the PD-1/PDL-1 interaction in TIME suppresses T cell immune response governed by their metabolic stage or alters T cell immunometabolism responsible for immunosuppression (142). The increased lipolysis of endogenous lipids and FAO among PD-1+CD8+T cells continuously exposed to PDL-1-expressing cells survive longer to support the immunosuppressive TIME. These immunosuppressive CD8+T cells highly express CPT1A and the adipose triglyceride lipase (ATGL), the lipolysis marker glycerol, and the release of FAs (142). On the other hand, the Tregs PD-1 engagement with PDL-1 promotes FAO and mitochondrial OXPHOS to fuel their energy requirement in the presence of TGF-β (142, 352).

TGF-β suppresses PI3K-mediated mTOR signaling and inhibits glucose transporter and hexokinase 2 (Hk2) expression that favors OXPHOS in induced-Tregs (iTregs). PD-1 reduces the TGF-β threshold for its immunosuppressive action, including the Treg development and function in the TIME (353). Reduced TGF-β signaling via TGF-β type 1 receptor (TβR1) is crucial for T cell activation and associated immune response (354). Hence, the increased TGF-β in TME and TIME suppresses antitumor T cell immune response through metabolic reprogramming. The details of PD-1 signaling mediated T cell immunometabolic reprogramming responsible for T cell immunosuppression are discussed elsewhere (141). Blocking PD-1/PDL-1 signaling restores glucose in TME, which permits T cell glycolysis and IFN-γ production as an antitumor immune response (78). However, blocking PD-L1 directly in tumors inhibits their glycolysis via suppressing mTOR signaling and glycolysis enzymes (78). Tumor and immune cell-secreted and expressed molecules create a T cell-mediated immunosuppressive TIME in the TME to support tumor growth, proliferation, and metastasis via immunometabolic reprogramming.




4.6 B cells in TIME and their immunometabolic reprogramming

Murine cancer models have indicated the role of B cells in tumor pathogenesis and immunity, including their regulatory role in innate immune cell infiltration in the premalignant tissue to promote chronic inflammation, which promotes epithelial carcinogenesis (Figure 9) (355, 356). For example, antibodies released from activated B cells in premalignant tissues fuel chronic inflammation through Fcγ receptor (FcγR)-dependent innate immune cell infiltration into the preneoplastic and neoplastic TME (Figure 9). Hence, B cells have been shown to promote cancer through promoting early malignancy via supporting chronic inflammation. However, in established tumors, B cells act as antitumor immune cells by promoting IFN-γ secreting Th1 immune cells, which are crucial for generating an adequate antitumor immunity in response to checkpoint inhibitors (357, 358). Even, intratumoral immunotherapy success depends on B and T cell collaboration (359, 360). In humans, intratumoral B cells are good prognosis markers for different cancers (361). However, the clonal diversity among infiltrated B cells affects survival of patients with cancer depending on type (362–364). For example, in TME or TIME, intratumoral B cell number highly depends on tertiary lymphoid structures (TLSs), as tumors without TLS have low B cell numbers (365, 366). Furthermore, B cell maturation, selection, and expansion occur in the mature TLS of tumor tissue that determines their antitumor (367, 368).




Figure 9 | B cells in TIME. B cells in the premalignant tissue are the first immune cells to send signals to innate immune cells. This causes chronic inflammation. Unresolved chronic inflammation is linked to several cancers, including lung, breast, and colorectal cancers. However, in established tumors, B cells serve as antitumor immune cells and support intratumoral immunotherapies and Th1 immune response. However, only mature B cells perform antitumor functions, and their maturation occurs in the TLS or TLOs. The nutrient-deprived TME or TIME does not support TLS maturation, and immature B cells and Bregs increase immunosuppressive TIME. See text for details.



The mature TLS B cells increase antitumor T-cell activity in TIME and the responsiveness of tumors to immunotherapies (Figure 9) (368). On the other hand, B cells in immature TLSs do not have potent antitumor action. Instead, they become tumor-supportive (Figure 9). The B cell numbers, including the presence of switched memory B cells in tumor TLSs, guide the success of potential tumor immunotherapy and the associated patient survival (365). The details of B cells in TME and TIME are discussed elsewhere (361, 369–371). However, TLS maturation depends on the availability of extracellular ATP molecules (including the microbe-derived ones), which use ILC3-driven (IL-22, TNF-α, IL-8 and IL-2) and colony-stimulating factor 2 (CSF2)-dependent axis to induce the monocyte to macrophage transition in TIME (372, 373). These NCR+ILC3s are in higher numbers in the early stages (stage 1 or 2) than in later tumor stages, and their presence directly correlates with the density of TLSs in TIME (373). For example, gut microbiota may influence the efficacy of tumor immunotherapy via many immunomodulatory mechanisms, including the secretion of metabolites supporting the development and maturation of TLSs in TIME (374). Hence, a nutrient-competitive TME does not support the maturation of TLSs in TIME to escape from B cells and other immune cell-based antitumor immunity (Figure 9).

B cells are divided into B1 B cells, conventional B2 cells, and marginal zone B (MZB) cells. MZB cells have an innate-like function and are present mainly in the spleen along with LNs and blood to take care of blood-borne pathogens and circulating antigens or foreign particles (375, 376). Out of B1 (form in fetal life and then depend on self-renewal in adult life) and B2 B cells (constantly keep developing in BM), B1 B cells are more dependent on OXPHOS and glycolysis and are more active at the resting stage than B2 B cells (377–379). In addition, B1 B cells acquire external lipids as lipid droplets. Furthermore, B1 B cells have a unique immunometabolic programming that depends on their location and specific functional properties as autophagy-deficient B1-a B cells down-regulate critical metabolic genes and accumulate dysfunctional mitochondria (379). Hence, the autophagy gene Atg7 is crucial to maintain their immunometabolic status to support their high proliferative and secretary functions.

Non-proliferative naïve B cells depend on OXPHOS due to the glycogen synthase kinase 3 (GSK3) activity required to maintain their metabolic quiescence and prevent proliferation (380). However, tumors have insufficient naive non-proliferating B cells (371). The germinal center (GC) B cells have different immunometabolic requirements depending on their location in the light zone (LZ) and dark zone (DZ). For example, in mature GCs (the microanatomical sites of antibody diversification (B cell clonal expansion) and affinity maturation), the DZ has large and mitotically active proliferating B cells (centroblasts) undergoing somatic hypermutation (SHM). These DZ B cells depend on glycolysis for the energy demand and differentiate into LZ B cells (381). Whereas the LZ of the GC contains a large portion of infiltrating and non-proliferative quiescent naïve B cells, which are also called centrocytes and compete for antigen presentation to follicular helper T (Tfh) cells mainly depend on OXPHOS (382, 383). However, LZ B cells expressing BCR and CD40 are rewired to highly express c-Myc, stimulating mitochondrial biosynthesis and genes required for glycolysis, promoting their re-entry to the DZ of the GC (384–386). These c-Myc-expressing centrocytes also express HIF-1α to support anaerobic glycolysis (387).

Memory B cells depend on OXPHOS for their metabolic demand. In contrast, plasma cells (PCs) or antibody-secreting B cells depend on OXPHOS and other carbon-utilizing metabolic pathways, including the TCA cycle, and nucleotide biosynthesis (PPS or PPP) that supports ribosome synthesis or ribogenesis, but not glycolysis (388–390). This glucose deprivation of PCs does not affect their humoral functions, but OXPHOS and glutaminolysis inhibition impairs their growth and differentiation. Hence, B cell activation requires considerable mitochondrial remodeling due to extensive OXPHOS. In addition, long-lived plasma cells (LLPCs) also depend on amino acid metabolism (glutaminolysis) and autophagosome formation (391, 392). Notably, PC metabolic reprogramming may also be affected by other factors, including the type of antibody production, location, and other metabolites (vitamins). For example, vitamin B1 supports the TCA cycle in Peyer’s patches in IgM-producing PCs without affecting IgA production (393). The tumor-infiltrating IgM memory B cells and switched memory B cells (IgG- and IgA-producing PCs) are present in different cancers, including breast cancer (BC), renal cell carcinoma (RCC), and head and neck squamous cell carcinoma (HNSCC) (394–396). The GC B cells, plasmablasts, and plasma cells are present in non-small cell lung cancers (NSCLCs), RCCs, HNSCC, and ovarian and prostate cancers (367, 395–397).

In TME or TIME infiltrated B cells under the influence of IL-6, IL-1β, IL-12p35, and low oxygen (tumor-promoting molecules), which polarize to regulatory B cells (Bregs), producing TGF-β, granzyme B (GZMB), IL-10, and IL-35, which promote tumor growth and metastasis (398–402). The metabolic reprogramming among Bregs in TIME is unclear, but IL-10 secretion depends on glucose influx-dependent OXPHOS, PPP, amino acid metabolism, and oxygen level in the TME. Also, a balance between Bregs and PCs derives potential antitumor immunity during pancreatic cancer (403). However, IL-35 in TME breaks this balance and stimulates the STAT3-paried box 5 protein (PAX5, a transcription factor crucial for B cell differentiation) complex, upregulating B cell lymphoma 6 (BCL6, a transcriptional regulator) in naive B cells. BCL6 inhibition in tumor-educated B cells reverses dysregulated B cell differentiation and stimulates the intra-tumoral accumulation of PCs and Teffs. This renders pancreatic tumors sensitive to anti-PD-1 blockade (403). Hence, B cell metabolic reprogramming in the TME or TIME alters their antitumor action and promotes their polarization to tumor-supportive Bregs.





5 Targeting immunometabolic reprogramming in cancer

The dendrimer-mediated nanomedicine-based therapeutic targeting of TAM-specific mitochondria in glioblastoma has stimulated their anticancer function (404, 405). Also, targeting TAMs of pancreatic ductal adenocarcinoma (PDA) to block the pyrimidine metabolites’ release, including deoxycytidine, sensitizes tumors to the anticancer drug gemcitabine (a pyrimidine anti-nucleoside) (406). The pyrimidine synthesis in M2 macrophages occurs in response to the increased FAO and TCA cycle (406). Also, serine metabolism is crucial for M1 to M2 macrophage polarization to support immunosuppressive TIME. Serine depletion, either by inhibiting phosphoglycerate dehydrogenase (PHGDH, crucial in the serine biosynthesis pathway) or by exogenous serine and glycine restriction, robustly enhances the polarization of M1 macrophages with antitumor potential along with suppressing M2 macrophages (407). Serine metabolism inhibition in macrophages increases the insulin-like growth factor-1 (IGF1) expression via decreasing the S-adenosyl methionine (SAM)-dependent histone H3 lysine 27 trimethylation. IGF1 then stimulates p38-dependent Janus kinase or JAK–STAT1 axis, promoting M(IFN-γ) or M1 polarization and suppressing M(IL-4)) or M2 macrophages (407). Hence, targeting macrophage metabolism in different cancers can increase the efficacy of available chemotherapies.

Also, targeting glutamine metabolism in TME blocks the immunosuppressive effects of MDSCs, induces their activation-induced cell death (AICD), and the MDSC transition to antitumor M1 macrophages (138). Glutamine metabolism inhibition, specifically to tumor and myeloid cells with a prodrug called 6-diazo-5-oxo-L-norleucine (DON), decreases CSF3 level in TME that blocks MDSCs recruitment and induces immunogenic cell death, promoting the recruitment of M1 macrophages. Targeting glutamine metabolism also inhibits the tryptophan metabolism generating immunosuppressive kynurenine metabolites (138). However, glutamine deprivation in CD8+T cells of hepatocellular carcinoma (HCC) induces their apoptosis due to mitochondrial dysfunction (408). Hence, cell-specific glutamine metabolism targeting specifically in the TME/TIME may serve as a potential immunometabolism regulatory approach. However, lactate treatment increases the stemness of CD8+T cells to augment their antitumor action by inhibiting histone deacetylase (HDAC) activity that acetylates H3K27 of the transcription factor 7 (Tcf7) super-enhancer locus causing its increased gene expression (409). Furthermore, the adoptive transfer of CD8+T cells treated in vitro with lactate show an increased antitumor action. Hence, adoptive transfer of oncometabolites’ treated T cells may serve as immune cell-based therapeutics for cancer due to their epigenetic modification and resistance development to harsh TME. However, further studies are needed in this direction.

The CD28-mediated co-stimulation among tumor (ccRCC) infiltrated CD8+T cells has restored their defective glycolysis and mitochondrial oxidative metabolism by upregulating Glut3 (410, 411). However, an early study indicated that glycolysis does not support long-term memory CD8+T cell formation and their antitumor action (412). Hence, it becomes crucial to explore these effects related to glycolysis in naïve CD8+T cells or tumor-infiltrated CD8+T cells to better design immunometabolic reprogramming approaches specific to different cancers. CD47 regulates CD8+ T cell activation, proliferation, and fitness in a context-dependent manner, including cancer (413). So, it will be novel to understand the impact of CD47 engagement on glycolysis in CD8+T cells in TIME or homeostasis. For example, CD47 blockage on CD8+T cells mediates immunogenic tumor destruction (414, 415). Furthermore, the decreased CD47 expression on cancer cells increases macrophage infiltration in tumors with an enhanced potential to phagocytose cancer cells (416). CD47 expression increases in TME in response to IL-18 released from macrophages during chemotherapy (doxorubicin). IL-18 upregulates L-amino acid transporter 2 (LAT2) expression in tumor cells, enhancing leucine and glutamine uptake. Glutamine and leucine are two potent mTORC1 signaling stimulators. Thus, increased cellular leucine levels and glutaminolysis activate mTORC1 signaling, which by c-Myc activation, induces CD47 transcription and expression (416). Hence, CD47 blocking in CD8+T cells and tumor cells may increase tumor clearance and patient survival through metabolic alteration of tumor and immune cells.

Additionally, glutarate administration reduces the tumor burden by increasing CD8+T cells in the TME and systemic circulation and their antitumor function by immunometabolic reprogramming (417). The glutarate reprograms CD8+T cell immunometabolism responsible for their cytotoxic function, involving a post-translational modification of the pyruvate dehydrogenase E2 (PDHE2) subunit of the PDH complex (PDHc). The PDHc glutarylation induces a rapid pyruvate conversion to lactate and increased glycolysis in CD8+T cells to reprogram their antitumor function (417). Furthermore, the magnesium (Mg2+) treatment increases the co-stimulatory function of leukocyte function-associated antigen-1 (LFA-1) on CD8+T cells to exert their cytotoxic action against tumor cells via different mechanisms, including immunometabolic reprogramming (418, 419). CAR-T cells also exert an improved and more extended antitumor function upon Mg2+ supplementation. Notably, TME has less available Mg2+ for immune cells, including CD8+T cells, due to its high usage by tumor cells. Hence, intratumoral Mg2+ supplementation improves antitumor TIME to fight against tumors and improves CAR-T cell-based immunotherapy.

L-arginine availability to T cells increases their survival by immunometabolic reprogramming (transition of glycolysis to OXPHOS). It promotes their differentiation to central memory-like T cells with anti-tumor activity without inducing mTOR signaling (420). L-arginine increases T cell survival in TME through targeting transcriptional regulators bromodomain adjacent to the zinc finger domain 1B (BAZ1B) or Williams syndrome transcription factor (WSTF), PC4 and SFRS1 interacting protein 1 (PSIP1), and translin (TSN) (420). The mitochondrial arginase 2 (Arg2) depletion in CD8+T cells increases their survival and antitumor action (421). The CD8+T cell-specific Arg2 inhibition synergizes the antitumor action of PD-1 blocking checkpoint inhibitors. Thus, l-arginine depletion in the TME or TIME by tumor cells and myeloid suppressor cells due to the activation enzymes (Arg1 and iNOS2) compromises an efficient antitumor action of T cells, including CD8+T cells to clear tumor cells (422). The use of genetically modified bacteria (Escherichia coli Nissle 1917 strain) or ECN that utilizes ammonia to synthesize L-arginine in tumors has increased antitumor T cell infiltration in TME or TIME to clear the tumor (423, 424). This genetically modified bacteria used as bacterial anticancer therapy (BAT) works synergistically with PD-1 blockers to clear tumors. Hence, emerging immunometabolic reprogramming targeting different cancers has a better future as a specific-immune cell-based tumor targeting and synergizing the available checkpoint inhibitors.




6 Future perspective and conclusion

The immune system is key to checking the induction, development, growth, and metastasis of cancer. Immunometabolic reprogramming among immune cells governs their stimulatory and inhibitory immune functions depending on the stimuli and tissue environment. Thus, it has become crucial to understanding immunometabolic reprogramming and its governing factors in TIME. The development of a robust immunosuppressive TIME has become a landscape for tumor growth, proliferation, and metastasis. For example, increased lactate levels in TME or TIME induce immunosuppressive immunometabolic reprogramming and block the antitumor function of immune cell-based immunotherapies (adoptive T cell therapies) and checkpoint inhibitors (425, 426). LDHA inhibitor (GSK2837808A) has improved the antitumor activity of CD8+T cells via altering their immunometabolic reprogramming responsible for their exhaustion and apoptosis (426). Furthermore, TME or TIME lactate levels can be lowered using MCT1 and MCT4 lactate transporter inhibitors (AZD3965) to improve the existing immune cell-based therapies (427–429).

The increased lactate accumulation in TME or TIME occurs due to overwhelming glycolysis in tumor cells (426). Thus, tumor cell-specific glycolysis can also be a therapeutic approach that directly targets tumor cells, and will also increase the efficacy of immune cell-based immunotherapies and checkpoint inhibitors via decreasing the TME lactate levels (430–433). Fumarate accumulation in TME also inhibits B cell function via covalent inhibition of a tyrosine kinase LYNN of the B cell receptor (BCR) signaling pathway (434). The fumarate deposition blocks BCR signaling-mediated antitumor action, including antibody production and cytokine release. Additionally, fumarate has other tumor-supportive effects by altering different immune cells, but its impact on their immunometabolic reprogramming remains to study (435). Hence, targeting tumor cell-specific glycolysis and lactate and fumarate accumulation in TME indirectly enhances the antitumor action of immune cells by immunometabolic reprogramming. Many metabolic inhibitors with potential to clinical translation are at different clinical trial stages (II and III), which can be used to reprogram TME immunometabolism (23, 25).

Calcium carbonate (CaCO3) nanoparticles coated with 4-phenylimidazole (4PI) inhibit IDO1 to increase the radiotherapy efficacy (436). These nanoparticles are called acidity-IDO1-modulation nanoparticles (AIM NPs), which instantly neutralize protons (H+) and release 4PI to inhibit the immunosuppressive IDO1 activity in the TME. Thus, AIM NPs reinforce the radiotherapy via modulating the immunosuppressive metabolic reprograming in the TME. Another nanoparticle-based approach during low dose radiotherapy has increased ICIs (PD-1/PD-L1 blockers) efficacy via reprograming immunosuppressive TME immunometabolism in triple negative breast cancer (TNBC) patients (437). This approach involves scavenging the reduced nicotinamide adenine dinucleotide phosphate (NADPH) inside tumor cells by developing the nanomolecule (BMS202@HZP) targeting hypoxia and PD-1/PD-L1 interaction during low dose radiotherapy against TNBC (437). Along with conventional nanomedicine, thermal-immuno nanomedicine is emerging as potential antitumor therapy (438–440). Hence understanding and developing nanomedicine-based approaches specifically targeting TME immunometabolism have a bright future for tumor immunotherapy. For instance, understanding metabolic reprograming, including immunometabolism can rewire radio- oncology for better therapeutic ratio or outcome (441). We need further studies in this direction.

Aging is one of several predisposing factors for cancer as it alters immune cell functions via inducing altered immunometabolism (442, 443). For example, the B cells of older people show a significant reduction in their OXPHOS compared to glycolysis (444). Also, T cells isolated from older adults exhibit decreased glycolysis and OXPHOS but increased mitochondrial ROS generation, indicating an impaired mitochondrial function (442). Aging-associated immunometabolic reprogramming among older adults induces a stage of chronic inflammation that may serve as cancer predisposing factor. Thus, the immunometabolic profile of aged people may indicate their future risk for cancer. Spermidine, a polyamine considered an antiaging molecule enhances the antitumor action of CD8+T or nanobody-based CAR-T cells (Nb CAR-T) cells via immunometabolic reprogramming that increases IFN-γ and IL-2 production (445).

OVT is an emerging area to convert cold tumors to hot tumors or TME through reprogramming immunosuppressive TIME to pro-inflammatory antitumor immunity when used alone or with available checkpoint inhibitors (446–449). However, how OVT modulates the immunometabolic reprogramming among specific immune cells of TIME is an exciting research area to delineate. Also, immunometabolism has emerged as a novel way to target specific immune cell populations in diverse diseases, including sepsis, autoimmunity, and other infectious diseases. The information discussed in the present article specifies that the immunometabolic reprogramming among infiltrated immune cells alters in TME or TIME and needs great attention as it diverts immune cells’ normal antitumor function to support tumor growth and metastasis. Hence, immunometabolic reprogramming is another cancer hallmark with significant therapeutic potential based on cancer stages and immune cell population. Thus, studying cancer-associated immunometabolic reprogramming will help to design better immune cell-based therapies, BATs, and OVTs in the future.
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Tumor-associated macrophages (TAMs) represent one of the main tumor-infiltrating immune cell types and are generally categorized into either of two functionally contrasting subtypes, namely classical activated M1 macrophages and alternatively activated M2 macrophages. TAMs showed different activation states that can be represent by the two extremes of the complex profile of macrophages biology, the M1-like phenotype (pro-inflammatory activity) and the M2-like phenotype (anti-inflammatory activity). Based on the tumor type, and grades, TAMs can acquire different functions and properties; usually, the M1-like phenotype is typical of early tumor stages and is associated to an anti-tumor activity, while M2-like phenotype has a pro-inflammatory activity and is related to a poor patients’ prognosis. The classification of macrophages into M1/M2 groups based on well-defined stimuli does not model the infinitely more complex tissue milieu where macrophages (potentially of different origin) would be exposed to multiple signals in different sequential order. This review aims to summarize the recent mass spectrometry-based (MS-based) metabolomics findings about the modifications of metabolism in TAMs polarization in different tumors. The published data shows that MS-based metabolomics is a promising tool to help better understanding TAMs metabolic phenotypes, although it is still poorly applied for TAMs metabolism. The knowledge of key metabolic alterations in TAMs is an essential step for discovering TAMs polarization novel biomarkers and developing novel therapeutic approaches targeting TAM metabolism to repolarize TAMs towards their anti-tumor phenotype.
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Introduction

Macrophages are immune cells essential component of the innate immune system, with a wide distribution in lymphoid and non-lymphoid tissues throughout the body that play a pivotal role in innate immunity, tissue homeostasis, and response to adverse signals, such as pathogenic infections or inflammatory stimuli (1–3).

Macrophages principally originate from monocyte precursors mainly generated from hematopoietic stem cells placed in the bone marrow; then, monocytes migrate to several tissues and differentiate into tissue-specific macrophages (3, 4). Instead, tissue-resident macrophages such as Kupffer cells (liver), microglia (central nervous system), and Langerhans cells (skin) originate from the yolk sac and fetal liver during primitive and definitive hematopoiesis and they are responsible for the innate immunity (5, 6).

Circulating monocytes are recruited by chemotactic signals generated upon injury, infection etc. and migrate to the target tissues where they differentiate and polarize into mature macrophages depending on the microenvironment (5, 7, 8). It is possible to identify two main activation states that represent the two extremes of the complex profile of macrophage biology (9). The current classification into M1-type (classically activated macrophage) and M2-type (alternatively activated macrophage) is based upon macrophage polarization and describe macrophages different behaviors (10). One phenotype, the pro-inflammatory or classically activated M1 phenotype, allows the host to fight infections and pathogens and exhibits anti-tumoral activity. The second phenotype, the anti-inflammatory or alternatively activated M2 phenotype, displays the capability to repair damaged tissues but also presents a pro-tumoral functions (Figure 1A) (11–15).




Figure 1 | (A) Schematic representation of the characteristics of M1 and M2 macrophages phenotypes. (B) Schematic view of M1 and M2 macrophages metabolism. Green and red arrows indicate an up-regulation and down-regulation of a specific pathway respectively.



The M1 phenotype is induced by microbial products like lipopolysaccharide and cytokines secreted by Th1 lymphocytes, such as Interferon-γ (IFN-γ) and tumor necrosis factor-alpha (TNF-α). On the other hand, anti-inflammatory molecules, such as glucocorticoid hormones and interleukin (IL)-4, IL-10, IL-13, secreted by Th2 lymphocytes, induce the M2 phenotype (Figure 1A) (5, 16, 17).

M1 macrophages express high levels of inducible nitric oxide synthetase (iNOS) that promote the release of nitric oxide, reactive oxygen species and pro-inflammatory cytokines (IL-1β, IL-6, IL-12) promoting Th1 response (2, 13). The high production of anti-microbial and anti-tumoral molecules gives to M1 macrophages the capability to kill intracellular pathogens (5, 18). Classically activated macrophages express specific surface proteins, such as CD68, CD80, and CD86 (Figure 1A).

In contrast, M2 macrophages produce a high amount of anti-inflammatory cytokines (IL-10, TGF-β), low levels of pro-inflammatory cytokines (IL-12) and diminished expression of the NOS enzyme. M2 macrophages have a strong phagocytosis capacity and induce angiogenesis and lymphangiogenesis (2, 19, 20). Furthermore, the arginase pathway induces increased production of ornithine, collagen, and polyamines with an elevated expression of arginase-1 (Arg1) (Figure 1A).

From a biochemical point of view, the metabolism of M1 and M2 activated macrophages were extensively characterized. M1 macrophages metabolism is based on anaerobic glycolysis, truncated tricarboxylic acid cycle (itaconate production), fatty acid synthesis and pentose phosphate pathway (Figure 1B) with, a consequent decrease in oxidative phosphorylation (OXPHOS) and fatty acid oxidation (5, 21–23)

M2 macrophages have a poorly glycolytic profile with higher arginine metabolism and preferential fatty acid oxidation (oxidative glucose metabolism), glutamine metabolism and OXPHOS (Figure 1B) (5, 18, 19, 24). Glycolysis is not essential for M2 phenotype, and glucose is mainly employed to sustain OXPHOS (25–27).

In tumors, monocytes from bone marrow and circulating monocytes are recruited through the release of cytokines and macrophages were functionally polarized in tumor-associated macrophages (TAMs) (9, 28). Within the tumor microenvironment (TME), TAMs exhibit high plasticity and undergo specific functional metabolic alterations according to the availability of tumor tissue oxygen and nutrients, thus further contributing to tumorigenesis and cancer progression.

In this review, we describe the relationship between TAMs metabolic profile and activation states and their involvement in cancer pathologies. We focus on mass spectrometry (MS)-based metabolomics analysis that is able to detect, quantify and map a huge number of molecules for recapitulate the different TAMs metabolic phenotypes (29).





TAMs density and polarization as prognostic marker in cancer pathologies: state of the art

TAMs are one of the most abundant immune myeloid populations in the TME (30). Meta-Analyses indicates that high density of TAM (CD68+) could be associated with worse prognosis in almost all cancers (31–35), contradictory in gastric cancer (32, 36) or should be linked to a favorable prognosis in colorectal cancer (37, 38).

TAMs could exhibit pro-tumoral or anti-tumoral roles depending on the stimuli generated by the TME and can acquire different functions and properties depending on cancer type, grade, and during tumor progression (39). Several studies are committed to quantify and characterize the M1 and M2 TAM phenotype to better refine the prognostic significance of TAMs.




M1-like TAMs as prognostic marker

TAMs can show a M1-like phenotype, in particular during the early stages of tumor development (2, 20, 39, 40), promoting antineoplastic and phagocytose activity. During the tumor progression, the TME produce a large amount of growth factors and anti-inflammatory mediators that induce a shift in TAMs phenotype.

In ovarian cancer, two prospective observational studies (140 Italian and 112 Chinese patients) showed that intratumoral M1/M2 TAM ratio decreased as the cancer stage increased (41) with a significant association between higher M1/M2 TAMs ratio and the longer overall survival and progression-free survival (42),

Similar findings were obtained in Non-Small Cell Lung Cancer (NSCLC) studies, where high infiltration of M1 like TAMs (41 UK and 80 Lithuanian subjects) were associated with a better survival outcomes (43, 44). Consistently with these studies, a high density of iNOS+ M1-like macrophages predicted the improved survival rate in a cohort (40 Finland patients) of HER2+ breast cancer subjects (45). Also considering TAMs morphologies, M1-like macrophages more frequently appear round and flattened, as opposed to M2-like cells that present an elongated morphology. A higher percentage of TAMs with small dimensions and regular shape were associated with a better prognosis in colorectal liver metastasis patients (101 Italian patients) (46).

Overall, these data point out that M1-like TAMs infiltrate may be associated with a favorable survival rate in several cancer pathologies.





M2-like TAMs as prognostic marker

The alternative activated M2-like phenotype promote cancer cells growth through the secretion of pro-angiogenic factors, like vascular endothelial growth factors, and immunosuppressive factors, as IL-10 and TGF-β (47). This M2-like phenotype is considered as pro-tumoral increasing neovascularization, angiogenesis, infiltration and consequently metastatization; has therefore an immune-suppressive activity and antitumor adaptive immune response (14, 16, 26, 48).

High number of M2-like TAMs were observed associated with tumor growth and poor patient prognosis in breast (562 Finland, 144 Sweden patients), NSCLC (349 Korean patients) and melanoma (184 Finland, 94 Italian patients) cancers (49–52).

Overall, these studies highlight that M1 and M2 TAMs may be useful markers of patient prognosis (M1-like better and M2-like worst) regardless of tumor type and patient ethnicity. However, meta-analyses considering prospective studies employing standardized methodology and larger sample sizes are still needed to validate the prognostic significance of M1 and M2 TAMs infiltration.

Metabolism as modulator of macrophage functionality driving the balance between M1-like and M2-like TAMs might lead to different strategies for chemotherapeutic and/or immunotherapeutic approaches.






Mass spectrometry-based metabolomics approaches in cancer research

Metabolomics is the large-scale study of endogenous small molecules of low molecular weight molecules (<1000 Da), commonly known as metabolites, within cells, biofluids, tissues, or organisms. Metabolomics together with genomics, transcriptomics, and proteomics, drive the connection between the genotype and the phenotype in both physiological and pathological processes in order to be a powerful tool in biomarker discovery, developing drugs, and personalized medicine (53–55). Metabolomics is an essential tool for the simultaneous measurement and quantification of thousands of small metabolites from biological matrices, with the possibility to be hypothesis-generating, without a priori knowledge, or hypothesis-driven, with a priori knowledge about the metabolites present in the sample. The applicability of metabolomics in identifying metabolic dysregulation has been demonstrated in a wide range of human diseases, including cardiovascular diseases, diabetes, obesity, and cognitive disorders, but also cancers (54). For this reason, metabolomics could be considered a promising approach for the identification of metabolites acting as biomarkers to allow early diagnosis, to follow pathological processes and progression or response to treatments.

The two main analytical techniques employed for metabolomics profiling are Nuclear Magnetic Resonance (NMR) and Mass Spectrometry (MS), which allow the achievement of both qualitative and quantitative information. We will focus on the role of MS as a powerful tool for the identification of a large set of ionized analytes based on their mass-to-charge ratio (m/z) (53, 56).




Analytical methods for MS-based metabolomics

MS is usually coupled with a chromatographic separation system (hyphenated techniques), such as gas chromatography (GC)-MS, liquid chromatography (LC)-MS [both high-performance LC (HPLC) and ultra-performance LC (UPLC)], and capillary electrophoresis (CE)-MS, but a sample could be also directly injected into the MS (flow-injection analysis-MS) (56, 57). GC-MS is employed for the identification of volatile compounds, like fatty acids and organic acids, requiring a derivatization step before the analysis (58). Electron impact (EI) and chemical ionization (CI) sources are commonly used with a GC separation system (59). However, LC-MS does not require any derivatization and allows the detection of more analytes (60), and it is usually combined with an electrospray (ESI) and CI sources.

CE-MS allows the separation of polar and charged metabolites based on their electrophoretic mobility, an intrinsic property that depends on the size and charge of the molecule (61). To date, MS-based metabolomics strategies are widely employed in the tumor research area to identify biomarkers for prediction, diagnosis, and prognosis (62, 63).





Metabolomics approaches

Untargeted and targeted MS are the two methods used for the identification of endogenous small molecules (58). The untargeted strategy allows the identification of a huge number of metabolites with high accuracy using high-resolution MS, without knowing basic information about the metabolome of the sample.

Orbitrap and Time-of-flight (ToF) are the preferred mass analyzers for high-resolution untargeted metabolomics analysis. Ionized molecules in the orbitrap analyzer are forced to move in complex spiral patterns by the electrostatic field, combining axial oscillations with rotation around the central axis (56). Different frequencies of oscillation are then associated with different m/z. In the ToF analyzer, ions with initial kinetic energy enter a field-free drift region of known length and are dispersed in time based on their different m/z. Ions with the larger m/z arrive at the end of the drift length after ions with a smaller m/z (64).

Then, after the final ion detection, the use of database is required for metabolites identification and annotation [HMDB (65), METLIN (66)]. This annotation is performed by comparing the experimental mass to libraries within a mass tolerance frame, depending on the mass spectrometer used for the analysis (58, 60, 67). On the other hand, the information should be incomplete cause of employed solvents, pH, chromatographic separation, ionization techniques; and the detection of chemical unknowns with no annotation in database. MS/MS fragmentation experiments are then required to confirm the metabolites’ structure, especially to distinguish co-eluting isobaric species (67).

Targeted metabolomics is a hypothesis-driven strategy that allows the identification of a specific set of metabolites from a panel of interest with high accuracy, selectivity and sensitivity (59).

Triple quadrupole (QQQ) and quadrupole ion trap are useful mass analyzers for targeted metabolomics (56, 58). QQQ is the most common type of tandem MS, the first and the third quadrupole are used as mass filters, while the second quadrupole is used as a collision cell to generate fragment ions. Into the Q, ions with a particular range of m/z values have stable periodic trajectories imposed by the direct current and the radio frequency potential of the four rod electrodes composing the Q that periodically changes in time (56, 68). The voltage polarity between two adjacent rods is opposite (64). The quadrupole is often combined with other mass analyzers to filter ions to remove matrix ions such as in Q-Trap.

The ion trap analyzer is a modification of the Q with improved sensibility. The operating principle of Q and ion trap is the same: ions of different m/z are selectively ejected from the analyzer by varying the radio frequency potential (68).

Targeted metabolomics allows the quantification and semi-quantification using internal standards (69) and the Multiple Reaction Monitoring (MRM) approach, performed on QQQ or Q-ion trap, is used for the exact identification of the molecules of interest, selecting specific precursor and product ions.

The number of publications in PubMed related to cancer metabolomics shows that the MS-based approach has been largely preferred over NMR with more than 4000 results obtained for the search query “cancer metabolomics AND mass spectrometry” and less than 1500 results obtained for the search “cancer metabolomics AND NMR”, supporting the higher impact of MS-based techniques on cancer research.





MS-based metabolomics limitations and future perspective

Mass spectrometry (MS) techniques, because of their sensitivity and selectivity, have become methods of choice to characterize the human metabolome, being able to detect and quantify many thousands of metabolite features simultaneously. Because the metabolite composition is central to every living organism the in-depth biological insides, metabolomics can advance research across a variety of scientific areas. However many challenges still exist for a successful metabolomics study. Much has been discussed on this issue elsewhere (67, 70, 71), here we address few of the unique challenges for metabolomics. The first one is analytical, due to the chemical diversity of the metabolites, their wide dynamic range and the confidence for their unambiguous identification. To this purpose, implementation of analytical and bioinformatic tools for the accurate and standardized metabolites identification is a current goal to be achieve for a large-scale coverage of metabolites and to facilitate data processing. Although there is no single analytical platform strategy that provides the complete coverage for the whole metabolome, there are common experimental criteria to all strategies that need to be addressed. Robust metabolomics results hinge on further key elements such as a proper study design (e.g. number of observations, power size, and sampling storage), method optimization, data processing and final validation. The application of this virtuous workflow will help not only in assigning biological meaning to metabolites but also to move towards finding robust mechanism of diseases. Metabolomics as for the other omics, is not a separate discipline, and the implementation of bioinformatic algorithms and computational strategies for multi-omics integration is fundamental to place metabolites in a biological context and to associate metabolites with phenotype causality. This promotes the understanding of metabolome in a system-wide level in order to develop personalized treatments and help in early diagnosis of disease. It is believed that the continuous progress in technologies together with bioinformatics and computational tools will feed metabolomics research to guide not only biomarkers discovery but also to delve and discover mechanisms of disease development and progression.






The MS-based metabolomics profile of TAMs in cancer pathologies

Exploring the biochemical mechanisms underlying TAMs polarization during tumor development and progression could contribute to the development of new therapeutic approaches. In the last few years, metabolism of M1 and M2-like macrophages was mainly studied in in-vitro polarized TAMs (72, 73). Nevertheless, the in-vivo metabolic phenotypes of resident TAMs directly isolated from fresh tumor specimens are not largely explored. Considering the heterogeneity of activation stimuli from TME, deciphering the TAMs metabolism in the tissue has a vital importance in cancer research.

We summarized the scientific analysis of TAMs metabolism obtained by MS-based metabolomics studies in different cancer pathologies. MS-based studies on TAMs metabolism could determinate the metabolic alterations in different metabolic pathways such as glycolysis, mitochondrial machinery, amino acids, and lipid metabolism. These information are critical for identifying new biochemical pathways underlying tumor resident TAMs polarization useful to influence overall patient survival.




Central cellular biochemical pathways in TAMs

Untargeted metabolomics by using CE-ToF-MS of in-vivo sorted murine TAMs from a colon adenocarcinoma xenograft model in both early (14 days after tumor implantation) and late tumor stage (28 days after tumor implantation) showed an increasing of different cellular metabolic pathways (glycolysis, methionine metabolism, TCA cycle, and glutamine and glutamate metabolism) in the tumor resident TAMs relative to myeloid-derived suppressor cells (74). This metabolic asset [increase in oxidative phosphorylation (OXPHOS) and glycolysis] of TAMs was confirmed in peritoneal Mϕ macrophages isolated from naive and ID8 tumor-bearing mice (75). The untargeted metabolomics (GC-TOF) identified itaconic acid, the product of the catabolism of mitochondrial cis-aconitate, the most highly upregulated metabolites in Mϕ macrophages of tumor-bearing mice (75). The high glycolytic activity of TAMs was also observed by untargeted metabolomics (by means of UHPLC-Orbitrap) on in-vitro generated human pancreatic ductal adenocarcinoma (PDAC) TAMs. The mixed M1/M2 TAMs generated from monocytes exposed to PDAC conditioned medium were characterized by elevated glycolysis, increased lactate production and reduced OXPHOS compared to normal macrophages (76).

The reliance on glycolysis of pancreatic cancer derived TAMs was confirmed by untargeted metabolomics (using both LC-ToF-MS and CE-ToF-MS) on TAMs deleted for the Glucose Transporter 1 (GLUT1). Tumor resident GLUT1 deleted TAMs showed the decrement of glycolytic intermediates such as glucose-6-phosphate and fructose 1,6-biphosphate with no substantial difference of the TCA cycle relative to control (77).

For the characterization of metabolic pattern characteristic of M1 and M2-like TAMs, a metabolic flux analysis (13C-labeling experiments coupled with GC-MS) on in-vivo sorted NSCLC resident TAMs (3LL-R Lewis lung murine model) was used. In this model M1-like TAMs (major histocompatibility complex (MHC)-IIhi) display a hampered tricarboxylic acid (TCA) cycle, while M2-like TAMs (MHC-IIlo) show higher OXPHOS and glycolytic metabolism (78). Another metabolic profiling (through UPLC QQQ tandem MS) of in-vitro conditioned PDAC TAMs indicated that nucleoside metabolism is the principal biochemical pathway able to distinguish TAM and M2 macrophages from the M1 (72).

Metabolism of M1 was also studied in ex vivo NSCLC tumor slices. Slices were treated with the macrophage activator β-glucan, and metabolic changes were monitored by metabolic flux analysis (13C6-glucose LC–MS). MS highlighted a higher synthesis of itaconate and higher levels of NADPH in M1-like generated TAMs relative to the general TAMs population (79).





Lipid metabolism in TAMs

Lipidomics is focused on the identification of lipid species present within a cell, organ, or biological system. The lipidome compartment in the cells is composed of several lipid categories (e.g., fatty acids, glycerolipids, sphingolipids, and sterol lipids). Among the metabolic alterations observed in TAMs, lipid metabolism seems to directly affected TAMs polarization and function (80).

Eicosanoids quantification (Target lipodomics by using LC-QQQ tandem MS) on in-vivo sorted tumor resident TAMs populations (resident alveolar macrophages MacA and M2-like TAMs MacB) in orthotropic lung cancer model, showed that M2-like TAMs had low level of eicosanoids production relative to resident alveolar macrophages (81).

Global lipidomics analysis (by using LC-HRMS with Orbitrap) on in-vitro generated TAMs (monocytes exposure to gastric cancer conditioned medium) showed almost 10-fold higher triacylglycerol levels relative to control macrophages (73). This data was also supported by the high amount of total lipid found in in-vivo TAM sorted from both murine and human gastric cancer specimens. The lipid accumulation seems to occur by uptakes of lipids released by cancer cells, that drives TAMs polarization toward an M2‐like profile (73). Finally, target lipidomics (by QTrap analyzer) on conditioned medium from in-vivo sorted TAMs reveal that M2-like TAMs (CD163+CD206+) actively released of PLA2G7 and autotaxin that play an essential role in ovarian cancer invasiveness and metastatic spread (82).

Overall, mass spectrometry-based metabolic profiling of TAMs converges to define the increased glycolytic and OXPHOS activity of TAMs relative to control macrophages also considering the in-vivo sorted and in vitro conditioned TAMs (Table 1). Considering the heterogeneity of the TAMs populations in the cancer microenvironment and the different experimental settings for determining TAMs subpopulation, it is difficult to speculate the attribution of the augmented metabolism at a particular TAMs populations. It is possible to speculate that M2-like TAMs identified as CD11b+Ly6G−Ly6ClowMHC-IIhigh (78) rely on glycolysis, mitochondrial machinery, and lipid metabolism to sustain their functionality (Table 1). On the contrary, M1-like TAMs, when compared to the general control macrophages cells, seem be less metabolic active with a hampered OXPHOS capacity (Table 1). These data only partially agree with the metabolic characteristics of M1, and M2 polarized macrophages. Indeed, the M2 phenotype is mainly defined by a poor glycolytic profile with higher arginine metabolism and preferential fatty acid oxidation (oxidative glucose metabolism) and OXPHOS (5, 19) (Figure 1).


Table 1 | List of papers employing mass spectrometry based metabolomics approaches to describe the metabolic state of TAMs populations.








Discussion

TAMs are one of the most common immune cells in the TME and they are characterized by a great plasticity and adaptability to the environment they infiltrate by re-programming their activation state towards a pro- (M1) or an anti- (M2) inflammatory phenotype (26). Macrophages polarization in various malignancies appears to be complex, and the M1 to M2 phenotype switching can occur during cancer progression. M1-like and M2-like TAMs can be co-expressed inside the tumor environment and their ratio can change during cancer progression. A high amount of M1-like TAMs is typical of the early stages of tumors development and it is associated with good prognosis in several malignancies, while M2-like TAMs have a strong correlation with worst prognosis and advanced tumor stage. Understanding and deciphering the complexity of metabolic mechanisms involved in TAMs polarization could be a useful strategy to target cancer. Mass spectrometry-based metabolomics/lipidomics provide the capability to profile and detail the metabolic alterations in TAMs providing new mechanistic hypothesis for find more effective TAMs-targeted therapy. The collected results point to the fact that there are few articles dissecting the metabolic characteristics of the in-vivo derived human TAMs populations and up to now it is only possible to state that in-vivo patient derived TAMs populations (mixed M1- M2-like phenotypes) had an augmented metabolic activity that not completely recapitulate the M1, M2 macrophages metabolic peculiarity. Of note, current evidence based on MS-metabolomics studies are still limited and mostly focused in comparing TAMs metabolism relative to non-tumor counterparts, thus not allowing an in-depth metabolic characterization of TAMs subset. So far, metabolic profiling is mainly related to the general description of metabolic pathways and does not go deeply into the definition of the enzyme activity to discover new fragile metabolic points that might be pharmacologically targeted. Considering the technological advances in the field of cytofluorimetry and mass spectrometry, it is urgent and feasible to investigate the metabolic structure of TAMs sorted directly from patients, without having to analyze orthotropic mouse models or in vitro conditioned monocytes.

Therefore, more effort is needed to implement bulk metabolic analyses such as targeted metabolomics, 13C-label-tracing, and extracellular flux analysis to provide the complete metabolic picture and address the therapeutic implications of TAMs metabolism.
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AHR antagonist

IDO inhibitor and PD-L1
inhibitor

PD-L1 inhibitors combined
GLS inhibitor

An autologous DC-based
vaccine

DCs programmed to induce a
Th17 response to the OC
antigen FRou

Inducing OX40 expression on
CD4™ T cells

Functions

Cytotoxicity
Synergistic enhancement of the antitumor effect of paclitaxel

Cytotoxicity, reducing lactate production, and blocking the
expression of drug resistance-associated proteins.

Cytotoxicity and influencing viability and adhesion

Enhancement the function of immune system, rebuilding
anti-tumor specific immunity and increasing the immune
response of T cells

Reduction of AHR-induced PD-1 expression in T cells

No significant therapeutic effect

Enhancement of T cell response and synergistic anti-tumor
effects

Improving progression-free survival in EOC

Inducingantigen-specific immunity and prolonging remission

Significantly altering the transcriptome profile and metabolic
program of T cells and activating T cell activity

Stage/
Phase

Preclinical
study

Preclinical
study

Preclinical
study

Preclinical

study
Phase I

Preclinical
study
Phase I
Preclinical
study

Phase I

Phase T

Preclinical
study

Refs

(140)

(141)

(30,
142)

(143)

(144)

(145)

(146)

(147)

(148,
149)

(150)

(151)

AHR, Aryl hydrocarbon receptor; DC, Dendritic cell; EOC, Epithelial ovarian cancer; R, folate receptor; GLS, glutaminase; IDO, Indoleamine 2,3-dioxygenase; IL, Interleukin; OC, ovarian
cancer; PD-L1, Programmed death ligand-1; Th17, IL-17-producing T helper; NK, Natural killer.
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Reagent

Etomoxir

Nivolumab;
pembrolizumab;
atezolizumab 2

Ipilimumab

C75
AICAR

RGX-104

Atorvastatin

NS-398

Saponin-based
adjuvants

Target
molecule

CPT1A

PD-1/PD-
L1

CTLA-4
CD36

FASN

mTOR

COX-2

Eftect on lipid metabolism in
immunocytes

Inhibition of FAO

Inhibition of FAO; promotion of
cholesterol content

Interfered with T-cell FAO process
Inhibition of FA uptake and

accumulation
Inhibition of fatty acids synthesis

Elevation of fatty acid oxidation of
CD4" T cells

Driving Apoe and genes involved in
cholesterol, fatty acidic transcriptional
activation

Restrained cholesterol content

Inhibition of PGE2 production

Induction of intracellular LBs

Influence on immunocytes in the TME

Inhibited the infiltration of MDSCs; potential of suppressing pro-tumor
capacity of TAMs

Enhanced immune response of immunocytes such as CD8" T cells

Enhanced antitumor response of T cells

Enhanced intra-tumoral CD8" T-cell effector function; ablated the function
of intra-tumoral Tregs

Reduction of IL-1B, TNF-0, IL-6, and IL-10 levels in macrophages

Specifically enhanced the expansion of Treg cells; impairment of Th17
generation

Activation of LXR/ApoE axis elicited robust anti-tumor responses;
enhanced T-cell activation; suppressed survival and immunosuppressive
function of MDSCs

Downregulated the expression of co-inhibitory receptors in T cells with
constant secretion of IL-2

Enhanced the antitumor potency of DCs

Elevated cross-presentation and T-cell activation function of CD11b* DCs

Reference

(85, 129)

(47, 130)

(131)

(33,37)

(132)
(133)

(134)

(135)

(136)
(137)

TME, tumor microenvironment; FAO, fatty acid oxidation; MDSCs, myeloid-derived suppressor cells; TAMs, tumor-associated macrophages; FA, fatty acid; DCs, dendritic cells; LBs,

lipid bodies.
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