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ABSTRACT 
 
 

Mapping Dysregulated Metabolic Pathways in Cancer Using  
Functional Metabolomic Platforms 

 
 
 
 

By 
 
 

 
 

Daniel Isaac Benjamin 
 

Doctor of Philosophy in Molecular and Biochemical Nutrition 
 

University of California, Berkeley 
 

Professor Daniel K. Nomura, Chair 
 
 
 

 
Cancer cells possess fundamentally altered metabolic pathways that provide a 
foundation to support tumorigenicity and malignancy. Our understanding of the 
biochemical underpinnings of cancer has benefited from the integrated utilization of 
large-scale profiling platforms (e.g., genomics, proteomics, and metabolomics), which, 
together, can provide a global assessment of how enzymes and their parent metabolic 
networks become altered in cancer to fuel tumor growth. In chapter one, we present 
several examples of how these integrated platforms have yielded fundamental insights 
into dysregulated metabolism in cancer. We will also discuss questions and challenges 
that must be addressed to more completely describe, and eventually control, the diverse 
metabolic pathways that support tumorigenesis.  
 
In chapters two and three, using genomic and functional metabolomic platforms, we 
elucidate the role of two novel metabolomic pathways in promoting the aggressive 
features of cancer. In chapter two, we show that inositol phosphate recycling can fuel 
cancer aggressiveness by controlling both glycolytic and lipid metabolism. In chapter 
three, we use functional metabolomics to discover that the ether lipid generating 
enzyme, AGPS, is both necessary and sufficient to promote cancer malignancy by 
maintaining the balance between structural and signaling lipids in the cell. Taken 
together these studies not only highlight the application of genomics and functional 
metabolomics in uncovering novel metabolomic pathways that drive cancer malignancy, 
but they also pave the way for the development of novel metabolism-based 
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chemotherapeutic strategies that may some day be used in the clinic to treat malignant 
human cancers.  
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Introduction 
 
It has been known for the last century that cancer cells have fundamentally altered 
metabolic pathways that contribute to their tumorigenic and malignant features. 
Understanding the full extent of altered metabolism in cancer and its relevance to 
disease pathogenesis requires the advancement of technologies to identify altered 
enzymes and metabolites in cancer. This chapter will discuss how large-scale profiling 
methods, such as genomics, proteomics, and metabolomics have been used to 
elucidate metabolic pathways that drive tumorigenesis and metastasis. Not only have 
these large-scale endeavors been useful in providing fundamental insights into the 
basic biochemistry that defines cancer cells, but they have also led to the discovery of 
potential targets for cancer therapy. Fundamental to the proliferation of a transformed 
cell is the ability to rapidly and robustly synthesize essential biomolecules required for 
cell growth and division. The study of cancer metabolism has therefore primarily 
focused on pathways that, when altered, can lead to the aberrant production or 
consumption of essential biomolecules such as glucose, amino acids, nucleotides, and 
lipids (1). Beyond the synthesis of biomolecules, studies have also shown that cancer 
cells can rewire, transcriptionally upregulate, and mutationally activate metabolic 
pathways that produce oncogenic signaling molecules that in turn fuel tumor growth and 
malignancy (2–4). For many of these pathways, large-scale profiling platforms and 
innovative discovery-based approaches have played critical roles in uncovering 
previously unrecognized connections to cancer pathogenicity. This chapter will examine 
each of the primary metabolic pathways that have been elucidated so far in cancer and 
will discuss the large scale profiling efforts that have made these discoveries possible. 
At the end of this chapter, we will also discuss challenges facing the field of cancer 
metabolism. 
 
The Regulation of Pyruvate Kinase and its Role in Glucose Metabolism in Cancer 
 
In 1929, Otto Warburg noted that transformed cells consume glucose at an abnormally 
high rate (5). However, rather than leading to an increase in cellular energy via the citric 
acid cycle, Warburg showed that this increased glycolytic flux instead leads to the 
production of lactate, even under non-hypoxic conditions (5). While this “Warburg effect” 
appeared to be an irrefutable and universal property of most cancer cells, what had 
remained enigmatic for some time was the reason for and mechanism by which cancer 
cells adopt this switch to aerobic glycolysis. Nearly 80 years later, critical insights have 
been made demonstrating how cancer cells exhibit multiple additional levels of 
regulation on glycolysis, which collectively divert carbon from glucose towards the 
synthesis of molecular building blocks such as amino acids, nucleic acids, and lipids, for 
the purpose of generating ample protein, DNA, and cellular membranes for proliferation. 
Many of these discoveries have been made with the help of innovative large-scale 
genomic, proteomic, and metabolomic profiling platforms that have allowed scientists to 
delve deeper into aspects of cancer metabolism. Christofk et al. in 2008 demonstrated 
that a single switch of pyruvate kinase from the M1 (PKM1) to M2 (PKM2) splice isoform 
is sufficient to shift cellular metabolism to favor aerobic glycolysis (6). They then further 
showed that PKM2-expressing cells consume less oxygen and produce more lactate 
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than PKM1-expressing cells and that replacement of PKM2 with PKM1 in cancer cells 
quite provocatively reverses this metabolic phenotype that embodies the Warburg effect 
(6). Christofk et al went further to develop cells that stably express mouse PKM1 or 
PKM2 in the human lung cancer cell line H1299 in the background of knocking down 
endogenous PKM2. Quite provocatively, mice injected with the PKM1 cells showed a 
significant delay in tumor development as compared with those injected with PKM2-
expressing cells, which developed much larger tumors. These studies showed that 
PKM2 expression provides a selective growth advantage for tumor cells in vivo 
prompting investigations into the metabolic and regulatory mechanisms behind the 
action of PKM2 in cancer. 
 
Subsequent proteomic studies have uncovered that PKM2, unlike PKM1, cannot 
constitutively maintain its active tetrameric structure due to multiple additional levels of 
post-translational regulation found specifically on PKM2 that leads to overall decreased 
pyruvate kinase activity (7–10) (Figure 1-1). When searching for phosphotyrosine 
(pTyr)-binding proteins from cell lysates using a SILAC (stable isotope labeling of amino 
acids in cell culture)-based quantitative proteomic enrichment strategy with a 
phosphotyrosine peptide library affinity matrix, Christofk et al found that PKM2 
selectively and directly binds to phosphotyrosine peptides, resulting in the displacement 
of the activating cofactor fructose-1,6-bisphosphate, thereby inhibiting PKM2 activity (8). 
Christofk et al labeled HeLa cells with heavy isotopic 13C-lysine and 13C-arginine or 
normal isotopic 12C-lysine and 12C-arginine, followed by enrichment of 
phosphotyrosine binding proteins by flowing heavy cell lysates over a phosphotyrosine 
peptide library versus light cell lysates over a corresponding unphosphorylated peptide 
library. Upon proteomic analysis, pyruvate kinase was among proteins that exhibited a 
significantly higher SILAC heavy to light ratio (8) (Figure 1-2). The authors then showed 
that a mutant form of PKM2 that can no longer bind phosphotyrosine peptides and 
thereby exhibits greater PKM2 activity, leads to enhanced oxygen consumption and 
decreased lactate production, and that PKM2-expressing cells divert upstream glycolytic 
intermediates to an anabolic, rather than catabolic fate. In 2009, using a 
phosphoproteomic strategy of enriching tyrosine-phosphorylated peptides, Hitosugi et al 
found that PKM2 is also phosphorylated by signaling conferred by the oncogenic 
fibroblast growth factor receptor type 1, which in turn also inhibits the formation of the 
active tetrameric form of PKM2 by disrupting its interaction with fructose-1,6-
bisphosphate. The authors then demonstrated that a mutant form of PKM2 that is 
incapable of becoming phosphorylated leads to lactate reduction and increased oxygen 
consumption—a metabolic feature also observed when PKM2 is replaced with the 
constitutively active PKM1 (9). A recent study has provided yet another mode of 
regulation upon PKM2 that leads to a diversion of glycolytic flux. Anastasiou et al., 2011 
showed that Cys358 on PKM2 is an oxidative sensor that becomes oxidized to inhibit 
PKM2 activity (7). This inhibition of PKM2 activity then leads to the build-up of glucose-
6-phosphate, which can subsequently get diverted to the pentose phosphate pathway to 
generate sufficient antioxidant response, via the reduction of glutathione, for the cancer 
cell (Figure 1-1). The authors showed that a C358S mutant of PKM2 leads to 
decreased glutathione (GSH) and increased oxidative stress, leading to impairments in 
proliferation and tumor xenograft growth (7). Lv et al recently also identified an 



	
  
	
  

4	
  	
  

acetylated lysine on PKM2, using a proteomic strategy in which the authors 
immunoprecipitated acetyl-lysine peptides from tryptically-digested cytosolic proteomes 
of LNCaP prostate cancer cells and primary prostate tumors (10), and analyzed eluting 
peptides by LC-MS/MS. The authors showed that K305 acetylation on PKM2 is 
stimulated by glucose and inhibits PKM2 activity through subsequent autophagic 
degradation,leading to enhanced tumorigenicity. They further showed that mutating the 
lysine targeted for acetylation to an acetylation-mimic glutamine leads to enhanced 
proliferation and tumor growth (10). Collectively, a variety of proteomic approaches 
have been used to provide clear evidence that PKM2 is subject to multiple modes of 
post-translational regulation that function to retard the last step of glycolysis, thereby 
leading to an accumulation of upstream glycolytic intermediates. Moreover, cancer cells 
can divert these upstream glycolytic intermediates towards various anabolic processes 
in order to maintain their proliferative and tumorigenic capacity.  
 
While the effects of posttranslational regulation on the metabolic functionality of PKM2 
are now well-understood, the mechanism whereby PKM2 drives tumurogencity and the 
extent to which PKM2 alters glucose metabolism in cancer cells has remained 
enigmatic. However, recent studies showing non-catalytic functions of this enzyme have 
provided valuable insights towards answering these unsettled questions. Yang et al 
found that epidermal growth factor receptor (EGFR) activation induces nuclear 
translocation of PKM2, but not PKM1, where a lysine residue 433 of PKM2 binds to c- 
Src-phosphorylated Y333 of β-catenin (11). The authors showed that this is a requisite 
step for promoter recruitment of these two proteins to initiate cyclin D1 expression, 
which is fundamental to cell proliferation and brain tumor development. Luo et al found 
that PKM2, but not PKM1, interacts directly with the HIF-1α subunit and promotes 
transactivation of HIF-1 target genes by enhancing HIF-1 binding and p300 recruitment 
to hypoxia response elements (12).These authors further showed that PKM2 interacts 
with prolyl hydroxylase 3 (PHD3) to enhance PKM2 binding to HIF-1α as well as its co-
activator functions. In addition, they showed that PHD3 knockdown not only reduces 
glucose uptake and lactate production but also increases oxygen consumption. 
Collectively, these studies show that the non-catalytic roles of PKM2 are also critical in 
reprogramming the metabolism of cancer cells and driving cell proliferation and tumor 
growth. 
 
Based on recent studies showing that activating PKM2 may reverse the Warburg effect, 
valiant efforts have been made in recent years to develop activators of PKM2 that 
enhance the enzymatic activity of PKM2, towards potential cancer therapy. These 
activators were identified through quantitative high-throughput screening efforts of 
nearly 300,000 small-molecules of the NIH Molecular Libraries Small Molecule 
Repository using an ATP-generation assay coupled to luminescence (13–15). These 
small-molecules primarily consist of N,N’- diarylsulfonamides, thieno[3,2-b]pyrrole[3,2-
d]pyridazinones, and 2-oxo-N-aryl-1,2,3,4- tetrahydroquinoline-6-sulfonamides. One of 
these small-molecules, DASA-10, was recently shown to enhance cancer cell death 
under conditions of oxidative stress (7). While activators of PKM2 activity have the 
potential to become promising therapeutic strategies for cancer, pharmacological or 
genetic therapies to downregulate PKM2 expression, thereby impairing the non-catalytic 
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protein-protein interactions of PKM2, may also provide unique avenues for cancer 
therapy. 
 
Aberrant Amino Acid and TCA Cycle Metabolism Underlying Cancer 
 
In addition to altered glucose metabolism, cancer cells also exhibit fundamental 
alterations in amino acid metabolism that contribute to tumorigenicity. Metabolic flux 
analysis using either NMR or mass spectrometry is a powerful approach towards 
mapping altered metabolic flux in cancer cells by tracing the incorporation of 13C-
labeled metabolites arising from 13C-glucose or 13C-glutamine treatment of cells 
(Figure 1-3). The metabolism of glutamine to lactate through “glutaminolysis”, has been 
shown to be a particularly important anaplerotic driving-force for cancer cell proliferation 
(1). Anaplerosis refers to the replenishment of mitochondrial citric acid carbon pool. 
Glutamine can drive anaplerosis by providing the mitochondria with precursors for the 
synthesis of nucleotides, amino acids, and lipids. DeBerardinis et al utilized 13C- 
labeled nutrients (e.g. 13C-glucose or 13C-glutamine) coupled with 13C NMR 
spectroscopy as a method to selectively enrich metabolites in real time, allowing for the 
measurement of metabolic fluxes, towards understanding how biochemical pathways 
become rewired in cancer. Through these studies, DeBerardinis et al found that cancer 
cells utilize the tricarboxylic acid (TCA) cycle primarily to generate building blocks, in 
particular, citrate which is exported out of the mitochrondria to provide acetyl CoA for 
fatty acid and phospholipid biosynthesis (16) (Figure 1-1, 1-3). They also found that 
glutamine dependent anaplerosis, the process of glutamine replenishing TCA cycle 
intermediates, satisfied the large cellular demand for reducing power (NAPDH 
generation) and oxaloacetate renewal (via conversion of glutamine to α-ketoglutarate) 
that is necessary for continued (16) fatty acid synthesis and TCA flux. 
 
Another route for the production of α-ketoglutarate within the cells is via a reaction 
catalyzed by the TCA cycle enzyme isocitrate dehydrogenase1 (IDH1). IDH1 catalyzes 
the oxidative decarboxylation of isocitrate to α-ketoglutarate with concomitant reduction 
of NADP+ to NADPH. A genome wide analysis consisting of sequencing protein-coding 
genes and RNA sequencing of glioma and acute myeloid leukemia patients identified 
mutations in the active site of the enzyme IDH1 as a common feature of a major subset 
of low-grade gliomas and secondary glioblastomas and leukemic cancers (17,18). 
These mutations were found to occur at a single amino acid residue of IDH1, arginine 
132, which is most commonly mutated to histidine. In an effort to understand the effects 
of such a mutation on the cellular metabolome, Dang et al stably transfected U87MG 
glioblastoma cells with both myc- tagged wild-type IDH1 as well as R132 mutant IDH1 
and compared the metabolomes of these cells using an untargeted liquid 
chromatography/mass-spectrometry (LC/MS) based untargeted metabolomic profiling 
approach, which allows for an unbiased comparison of metabolites altered between two 
groups. The authors identified a novel oncometabolite 2-hydroxyglurarate (2-HG) that 
was dramatically increased in cells that contained this R132 mutation in IDH1(3). 
Surprisingly, while the wild type IDH1 produced α-ketoglutarate and NADPH, in vitro 
assays revealed that the R132 mutant IDH1 consumed NADPH and reduced α-
ketoglutarate to 2-HG (3)(Figure 1-1). These studies provided the first evidence for a 
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mutated enzyme in cancer conferring, not only a loss of endogenous function, but also a 
neomorphic function to yield an unforeseen metabolite, and underscored the utility of 
using unbiased and untargeted metabolomic approaches to study cancer metabolism. 
 
Further metabolomic profiling by Reitman et al revealed that both mutation in IDH1 and 
separate treatment with 2-HG resulted in a host of downstream metabolic changes 
including changes in amino acids, glutathione metabolites, choline derivatives, and TCA 
cycle intermediates (19). Specifically, using targeted LC- MS/MS they also found that 
the N-acetylated amino acids NAA and NAAG (most commonly found as dipeptides in 
the brain) were significantly lowered in cells containing a mutated IDH1 (19). 
 
In addition to its role in eliciting direct metabolic changes, IDH1 derived 2-HG has also 
recently been shown to play an epigenetic role in cancer, primarily through an increase 
in CpG island methylation. Using a large scale genome-wide analysis of DNA 
methylation, Noushmehr et al profiled promoter DNA methylation alterations in 272 
glioblastoma tumors and found that a distinct subset of these glioblastomas were 
positive for this CpG island methylator phenotype (G-CIMP)(20). Strikingly, these G-
CIMP-positive samples were tightly correlated with mutations in IDH1. Figueroa et al 
further extended this correlation between IDH1 mutation and DNA methylation to other 
cancers types as they showed that IDH1/IDH2 mutant AML is associated with more 
extensive promoter hypermethylation compared to other AML subtypes(21). The 
mechanism underlying the role of 2-HG in driving DNA methylation is still unclear, 
however recent evidence from Xu et al has shown that 2-HG can act as a competitive 
inhibitor of α-ketoglutarate dependent demethylases, including histone demethylases 
and the TET family of 5-methylcytosine hydroxylases, thereby explaining this correlation 
between IDH1 derived 2-HG and CpG island hypermethylation(22). Recent studies 
have also shown that mutations in IDH1 are sufficient to establish the glioma 
hypermethylator phenotype, showing that introduction of mutant IDH1 into primary 
human astrocytes alters specific histone marks, induces extensive DNA 
hypermethylation, and reshapes the methylome in a similar manner to the changes 
observed in glioma CpG island methylator phenotype-positive lower-grade gliomas (23). 
Intriguingly, Lu et al also showed that introduction of mutant IDH into immortalized 
astroyctes resulted in progressive accumulation of histone methylation. They also 
showed that 2-HG was associated with repression of the inducible expression of 
lineage-specific differentiation genes in adipocytes and blocked differentiation through 
inhibiting H3K9 demethylase KDM4C, and that genetic knockdown of this enzyme was 
sufficient to block differentiation (24). 
 
Interestingly, recent studies have shown that under hypoxia or mitochondrial 
dysfunction, cancer cells undergo a switch in which citrate, an important lipogenic 
precursor, is produced not from glycolytic carbon, but primarily from glutamine via 
reductive carboxylation of α−ketoglutarate to isocitrate via IDH1 or IDH2 (25–28). These 
studies mapped this reductive carboxylation pathway using metabolic flux analysis 
measuring incorporation of 13C-labeled carbons arising from 13C-glucose or 13C-
glutamine labeling in cells by mass spectrometry or NMR. These studies also showed 
that knocking down IDH2 impairs cell proliferation (28). Furthermore, Metallo et al 
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showed that cancer cells deficient in the Von Hippel-Lindau (VHL) tumor suppressor, a 
protein frequently lost in renal cell carcinoma, preferentially utilize reductive glutamine 
metabolism for lipogenesis even under normoxic conditions. In a separate study, Wise 
et al intriguingly showed that 2-HG, originally thought to arise only from mutated 
neomorphic IDH, can in fact be formed in cells possessing wild-type IDH1 and IDH2 
also through reductive metabolism by IDH2 in the mitochondria(28). 
 
Collectively, mass spectrometry and NMR-based metabolomic studies have provided 
valuable insights into how cancer cells undergo a metabolic switch that consists of 
glutamine-dependent anaplerotic pathways that can convert α-ketoglutarate 
through either wild-type or mutated IDH1 and IDH2, to isocitrate through reductive 
mechanisms, which in-turn can support lipid biosynthesis to fuel cancer cell proliferation. 
Untargeted and unbiased metabolomic approaches have also uncovered neomorphic 
roles associated with mutant IDH which generates the oncometabolite 2-HG. 
Subsequent studies have shown this oncometabolite to be demethylase inhibitor, 
leading to epigentic changes that may drive cancer. 
 
Recent experimental approaches have revealed that many other amino acid metabolic 
pathways are also dysregulated in cancer and contribute to cancer aggressiveness. 
Locasale et al found that in some cancer cells a relatively large amount of glycolytic 
carbon is diverted into serine and glycine metabolism (29) (Figure 1-1). They showed 
this using two independent metabolomic approaches. They first used sensitivity-
enhanced nuclear magnetic resonance (NMR)-based two- dimensional heteronuclear 
single quantum correlation spectroscopy (HSQC) to quantify steady-state levels of 
glucose-derived metabolites in HEK293T cells following 24 h of labeling with 13C-
glucose. While, as expected, lactate levels were extremely high, surprisingly, the 
glycolytic flux towards glycine was also equally high. In the second experimental 
approach, using targeted LC-MS/MS-based measurements of metabolites, they found 
that a substantial portion of 13C-glucose was diverted from 3- phosphoglycerate to the 
serine and glycine biosynthetic pathways, on par with incorporation of glucose carbons 
into nucleotides. The first committed step in this pathway is the oxidation of the 
glycolytic intermediate 3-phosphoglycerate to 3- phosphohydroxypyruvate by the 
enzyme phosphoglycerate dehydrogenase (PHGDH). Using a functional genomics 
approach, Locasale identified PHGDH as a frequently amplified gene in a pooled 
analysis of somatic copy number alterations across 3,131 cancer samples, most notably 
in melanoma cells (29). Concurrent with the study from Locasele et al, Possemato et al. 
devised an elegant negative-selection in vivo RNAi genomics screen which also 
identified PHGDH as an important metabolic pathway in tumorigenesis and cell 
proliferation (30)(Figure 1-4). They first cross-referenced maps of metabolic pathways 
with the KEGG database to compile a comprehensive list of 2,752 genes encoding all 
known human metabolic enzymes and transporters. From this list, genes were 
prioritized based on their association with cancer and stem cell-like properties to a set of 
133 metabolic enzyme and transporter genes. They then screened for RNA interference 
oligonucleotides for each of these 133 genes that become depleted during breast tumor 
formation in mice. Sixteen hits were identified, including PHDGH. They further showed 
that PHGDH is in a genomic region of recurrent copy number gain in breast cancer and 
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PHGDH protein levels are elevated in 70% of estrogen receptor (ER)-negative breast 
cancers. They further demonstrated that knocking down PHGDH reduces cell 
proliferation in breast cancer cells. Through measurement of steady-state levels and 
incorporation of isotopic 13C-glutamine in cells followed by targeted LC/MS analysis, 
the authors also found that PHGDH knockdown results in deficiencies in the levels of 
multiple TCA cycle intermediates and anaplerosis of glutamine to alpha-ketoglutarate 
(30). They found that the serine synthesis pathway is responsible for approximately 
50% of the net conversion of glutamine to alpha-ketoglutarate. Collectively, these two 
parallel studies using innovative genomic and metabolomic tools show how PHGDH 
promotes cancer pathogenicity by diverting glycolytic flux to serine and glycine 
biosynthetic pathways. 
 
Dysregulated Lipid Metabolism that Supports Cellular Membrane Biosynthesis 
and Oncogenic Lipid Signaling Pathways 
 
Dysregulated lipid metabolism and heightened de novo lipogenesis are established 
hallmarks of cancer (31,32). Tumor cells synthesize fatty acids for the purpose of both 
membrane synthesis as well as for the generation of lipid signaling molecules to fuel cell 
proliferation and cancer malignancy(33). These lipid signaling pathways that are 
critically important in driving almost every aspect of cancer progression, include 
phosphatidyl inositol, lysophosphatidic acid (LPA), sphingosine-1-phosphate, and 
prostaglandin signaling pathways(34–37). 
 
In 1994, Kuhajda et al discovered fatty acid synthase (FASN) as an oncogenic protein 
that was found in tumor cells from breast cancer patients with markedly poorer 
prognosis(38). Since this time, understanding dysregulated lipid metabolism in cancer 
cells has gained considerable interest. Several studies have shown that genetic and 
pharmacological ablation of FASN leads to impairments in cancer pathogenicity, 
specifically cell cycle arrest and apoptosis(33). Several mechanisms for FASN 
inhibition-based cytotoxicity have been proposed including phospholipid depletion, 
alterations in lipid rafts, inhibition in DNA replication, malonyl coA buildup and 
associated toxicity, and inhibition of anti-apoptotic proteins such as Akt. These studies 
have been reviewed previously and will not be discussed further in this perspective(33). 
Common FASN inhibitors that have been used to study the role of FASN in cancer 
include cerulenin and its derivative C75, epigallocatechin-3-gallate, triclosan, and 
orlistat which target different regions of the FASN complex and elicit apoptotic cell death 
in cancer cells(31). However, none of these inhibitors are likely very selective for FASN 
and are not suitable for clinical development(39). Newer pharmacological inhibitors of 
FASN that are significantly more potent and selective have arisen from the 
pharmaceutical industry including GSK837149A from GlaxoSmithKline, identified from 
an impurity found in an active hit from a high-throughput screen utilizing an NAPDH 
consumption assay(39). Merck has also recently identified the broad- spectrum 
antibiotic platensimycin as a selective mammalian fatty acid synthase inhibitor(40). 
 
While the de-novo synthesis of lipids has clearly been shown to be essential to 
conferring cancer malignancy, the mobilization of esterified lipids is also necessary to 
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remodel cellular lipids into protumorigenic lipid signaling molecules(4,32). A recent 
study utilized a chemoproteomic platform termed activity based protein profiling (ABPP) 
to identify monoacylglycerol lipase (MAGL) as a highly expressed serine hydrolase in 
multiple human aggressive cancer cells and primary tumors(4,41) (Figure 1-5). ABPP 
uses active-site directed chemical probes to interrogate the functional state of large 
numbers of enzymes directly in native complex proteomes(42). Because activity-based 
probes label the active sites of their enzyme targets, they can form the basis for a 
competitive screen for enzyme inhibitors. Long et al used this approach to develop a 
highly potent and selective inhibitor of MAGL, JZL184, previous to this study(43). 
Pharmacological and genetic ablation of MAGL in aggressive cancer cells lines using 
JZL184 or RNA interference resulted in impairments in cancer cell aggressiveness and 
tumorigenicity, while the overexpression of MAGL in non-aggressive cancer enhanced 
cancer cell pathogenicity. Using a mass-spectrometry- based untargeted metabolomics 
approach termed discovery metabolite profiling (DMP), the authors then showed that 
MAGL blockade leads to elevations in the anti-tumorigenic endocannabinoid signaling 
lipid 2-arachidonoylglycerol and reductions in free fatty acid (FFA) levels in aggressive 
cancer cells which in-turn reduce the downstream levels of protumorigenic signaling 
lipids such as LPA and prostaglandins(4,41) (Figure 1-1, Figure 1-5). The 
pathogenicity deficits observed by MAGL knockdown were rescued by addition of fatty 
acids, LPA, or PGE2 in vitro or a high-fat diet in vivo. These results taken together 
demonstrate how cancer cells can co- opt a lipolytic enzyme to translate their lipogenic 
state into an array of pro-tumorigenic signals. 
 
Consistent with Nomura et al’s findings that an increase in dietary fat intake could 
potentially drive cancer cell pathogenesis, Kuemmerl et al were able to demonstrate 
that some cancer cells also rely on the presence of another lipolytic enzyme, lipoprotein 
lipase (LPL), to acquire fatty acids from circulating dietary triglycerides, thereby fueling 
their growth and proliferation. Using gene expression profiling methods, Kuemmerl et al 
revealed that select breast and prostate cancer cells express high levels of both LPL 
and the fatty acid transporter, CD36(44). In the cells in which there was no substantial 
increase in LPL gene expression, they showed, through further transcriptomic analysis, 
that these cells maintained extremely high expression of genes that promote 
endogenous fatty acid synthesis, most notably FASN. Furthermore, upon 
pharmacological blockade of endogenous fatty acid synthesis, exogenous delivery of 
LPL along with triglyceride rich lipoprotein particles served to rescue the malignant 
phenotype that was previously lost upon inhibition of endogenous fatty acid production 
(44)(Figure 1-1). Nieman et al recently discovered that primary human omental 
adipocytes promote homing, migration, and invasion of ovarian cancer cells, through 
direct transfer of lipids from adipocytes to ovarian cancer cells to promote tumor growth. 
Through protein array profiling, the authors found an upregulation in fatty acid binding 
protein 4 (FABP4) in omental metastases as compared to primary ovarian tumors, and 
that FABP4 deficiency substantially impaired ovarian tumor metastasis in mice(45). 
Taken together, these results indicate that cancer cells must increase their production of 
global fatty acids in one of 3 ways: endogenous production (via FASN), release of 
esterified fatty acids (via MAGL), or release and absorption of fatty acids from dietary 
sources (via LPL and FABP4). 
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In addition to fatty acid-derived glycerolipids, ether lipid metabolism has also been 
known to be dysregulated in cancers since the pioneering work performed in the 1960s 
by Snyder and Wood(46,47), but the metabolic pathways that drive this metabolic 
transition were not well understood. Studies utilizing ABPP platforms identified the 
serine hydrolase KIAA1363 as one such driver of ether lipid metabolism that is 
upregulated across multiple human aggressive cancer cells and primary tumors(48,49). 
Several potent and selective pharmacological carbamate inhibitors of KIAA1363 have 
been developed through competitive ABPP approaches, such as AS115 and JW480 as 
well as an activity-based imaging probe JW576, which are all based off of the 
carbamate scaffold(48,50,51). Both pharmacological and genetic blockade of KIAA1363 
has been shown to impair cancer cell migration, invasion, and in vivo tumorigenicity 
through lowering ether lipids and oncogenic signaling lipids such as alkyl 
lysophosphatidic acid(48,51)(Figure 1-5). 
 
Challenges in the Field of (Cancer) Metabolism 
 
The field of cancer metabolism has thus far focused on major commonly known 
biochemical pathways, such as glycolysis, TCA cycle, fatty acid synthesis, and amino 
acid metabolism(52). While this has been critical at delineating the foundational 
structure of altered metabolism in cancer, looking towards the future, we need to 
expand our investigations and technologies to more comprehensively encompass 
different aspects of metabolism. This endeavor, however, is hindered by our incomplete 
understanding of the metabolic pathways that operate in normal human cells, let alone 
in cancerous ones. We also lack pharmacological tools to interrogate even very well-
understood biochemical pathways, as evidenced by a dearth of specific inhibitors for 
enzymes in glycolysis or TCA cycle. Metabolic pathways are likely quite plastic and 
adaptable in cancer cells, so we view the development of selective chemical probes to 
perturb these networks in a rapid and temporally controlled manner as an important 
complementary approach to gene knockouts or knockdowns, which typically create 
models of prolonged target disruption. 
 
Let’s consider a hypothetical situation that underscores the technical challenges that 
remain for researchers interested in understanding and controlling cancer metabolism. 
Presume that one finds through a genome or proteome-wide search a poorly 
characterized enzyme that highly correlated with cancer; how does one gain 
understanding of the biochemical function that this enzyme performs in tumor cells and 
integrate its activity into the larger biochemical and signaling networks that drive 
pathogenesis? In this chapter, we have presented instances where advanced proteomic 
and metabolomic approaches have achieved this goal. However, the metabolome rivals, 
if not surpasses, the genome and proteome in terms of its physicochemical content and 
complexity. As such, current analytical technologies, even when used in combination, 
likely do not approach providing a complete picture of the metabolome. Here, 
improvements in methods for metabolite enrichment, separation, and identification, as 
well as continued advances in MS and NMR platforms should enable researchers to 
delve deeper and deeper into the highly diversified metabolomic landscape of cells and 
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tissues. 
 
If a comprehensive and global understanding of metabolic pathways in cancer is to be 
achieved, the insights gained from metabolomic mapping of enzyme functions in cancer 
must be coupled to the assembly of biochemical reactions into pathways and larger 
metabolic networks. Essential to this process is mapping the metabolic flux through 
these pathways and networks, not only in situ in cells, but also in living systems or in 
live tumors in human patients and modeling these fluxes to identify critical nodes for 
therapeutic intervention(53). There are indeed powerful strategies for measuring both in 
situ and in vivo metabolic flux using isotopic tracers including monitoring 13C-labeled 
substrates and their metabolic fate (54) or tracing D2O heavy water (55) in lipid, nucleic 
acid, and amino acid metabolism. While single isotopic tracers are an extremely 
valuable tool that can be used to probe metabolic networks, the application of multiple 
tracers simultaneously has provided an even more thorough understanding of metabolic 
flux. To this end, a recent paper by Walther et al has elegantly elucidated a method that 
allows researchers to determine the optimal tracer combination for a particular 
metabolic pathway(56). More recently, Hiller et al have developed a new methodological 
approach to trace stable isotopes in non-targeted metabolomics data (57). These 
endeavors will have to be improved and further implemented in the study of cancer 
metabolism with better isotopic or chemical labeling strategies coupled with 
improvements in imaging, magnetic resonance, mass-spectrometry-based platforms as 
well as modeling tools, to better dissect cancer metabolism and use these approaches 
to diagnose and treat cancer patients. 
 
Beyond technical challenges, there are also conceptual advances that must be made. 
Much of the field of cancer metabolism, for instance, has focused to date on pathways 
that are altered during the transformation process that initiates cancer. Less is 
understood about the metabolism that drives specific stages of tumor progression, 
malignancy, and eventually metastasis and drug-resistance. It is possible that even the 
same general metabolic pathway may contribute in different ways to individual stages of 
cancer. Take as an example lipogenesis. FASN is highly upregulated during the 
transformation process and contributes substantially to proliferation and survival, 
presumably by generating cellular membranes required for cell division, as well as 
possibly substrate for energy production by fatty acid oxidation. However, on its own, 
FASN does not appear to produce lipid changes that promote high malignancy (58). 
Upregulation of MAGL, on top of a high FASN background, on the other hand, may 
promote this conversion to an aggressive state by liberating fatty acids for the 
biosynthesis of pro-migratory signaling lipids (e.g., lysophospholipids, eicosanoids). 
Only by examining cancer cells (or tumors) at different stages of disease progression, 
as opposed to more classical comparisons of normal and transformed cells, can such 
examples of co-adapting metabolic pathways be uncovered. 
 
Recent work also suggests that malignant progression of cancer is accompanied by an 
increased proportion of cancer stem/precursor cells (CSC) within the tumor (59) and 
that activation of the epithelial-to-mesenchymal transition (EMT) is associated with CSC 
properties, including expression of the stem cell-associated antigenic profile (e.g. 
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CD44+/CD24-/low for breast cancer), self-renewal capabilities, resistance to 
conventional therapies, cancer aggressiveness, and poor clinical outcome for multiple 
tumor types(59–62). Several studies have linked EMT directly to CSCs and aggressive 
properties of cancer (61,63,64), and have shown that CSCs or cells that have 
undergone EMT are highly resistant to traditional cancer therapies(65–67), indicating 
that current therapeutic strategies preferentially target the non-CSC population. Despite 
the potential importance of this CSC population, the metabolic alterations that underlie 
EMT or CSCs remain poorly understood, although emerging data suggest that human 
cancer cell lines possessing EMT/stem-like features also display a unique set of 
metabolic enzymes (41). Disrupting these pathways with small molecule inhibitors or 
RNA-interference probes should inform on their specific contributions to the 
biochemistry and malignant properties of CSCs. 
 
In addition to identifying dysregulated metabolic pathways that underlie cancer initiation 
and progression, understanding the mechanism by which these pathways become 
dysregulated will also be essential for the diagnosis and treatment of cancer patients. 
Identifying the upstream “master regulator” may provide nodes that can be targeted to 
shut down entire metabolic programs that drive cancer. For example, a recent study by 
Gaglio et al showed oncogenic Kras to be essential for the metabolic reprogramming of 
cancer cells by enhancing glycolytic activity, decreasing TCA flux, and increasing the 
utilization of glucose for anabolic means (68). More recently, a study by Ying et al 
showed that oncogenic Kras maintains pancreatic tumors through regulation of anabolic 
glucose metabolism, channeling glucose intermediates into both the hexosamine 
biosynthesis and pentose phosphate pathways (69). PHGDH copy number appears to 
be highly amplified in human cancers, which accounts for its subsequent metabolic and 
oncogenic effects (70). However, the mechanism behind what drives other dysregulated 
metabolic pathways are not as well understood, and some of these pathways are likely 
turned on by upstream signaling or post-translational mechanisms. 
 
Beyond profiling metabolic enzymes implicated in transformation, stemness, malignancy, 
and metastasis, it still remains unclear in any of these instances whether the 
dyregulated enzymes, when pharmacologically targeted, will have a strong enough 
effect on disease progression to be therapeutic. Drug programs that target a metabolic 
enzyme would benefit from identifying genetically-defined cancer sub-types (or 
resistance phenotypes) that are mechanistically tied to the disrupted pathways, so that 
one can properly select patients for therapeutic testing. Such mechanistic links, in most 
cases, have yet to be established. Drugs that target cancer metabolism will also likely 
have to be combined with current chemotherapeutic regimens to exhibit or maximize 
therapeutic efficacy. The optimal combination of these drugs or whether we can reduce 
current chemotherapy dosing regimens when combined together with cancer 
metabolism-based therapy is not well understood. For malignancy-related enzymes, the 
problem may even more challenging since they may contribute principally to processes 
like metastasis, which are more difficult to monitor preclinically and clinically compared 
to simple tumor growth. 
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Conclusions 
 
Ever since Warburg first proposed that cancer may be a disease defined by aberrant 
metabolism, scientists have sought to define the specific biochemical pathways that 
enable previously normal cells to take on a deviant tumorigenic state. This chapter has 
highlighted many of the unique discovery platforms and global profiling approaches that 
are leading the way to identify new biochemical nodes that contribute to cancer 
development and malignancy. These include multiple inhibitory controls on glycolysis 
(e.g. PKM2) that divert flux of glycolytic carbons into anaplerotic pathways for 
generation of biosynthetic precursors, such as amino acids through PHGDH, or redox 
potential through the pentose phosphate pathway. Also included is a fundamental 
rewiring of cancer cells to exert heightened utilization of other carbon sources such as 
glutamine to supply TCA cycle anaplerosis; in certain cases, this occurs through 
IDH1/2-mediated reductive carboxylation to generate intermediates such as citrate that 
fuel de novo lipogenesis through FASN. Beyond the synthesis of cellular membrane 
lipids required for proliferation, studies have also found that these lipids are mobilized 
by distinct enzymatic pathways in cancer cells (e.g. MAGL, LPL, KIAA1363) to create 
building blocks for protumorigenic signaling lipids and for use as an energy source. 
Quite intriguingly, certain enzymes can even acquire neomorphic activities through 
mutation, such as mutant IDH, which generate novel oncogenic biomolecules that have 
wide-spread metabolic and epigenetic consequences. These findings have arisen out of 
the integrated utilization of genomic (deep genome sequencing and RNA sequencing), 
proteomic (post-translational mapping and functional proteomics), and metabolomic 
(steady-state, targeted/untargeted, and metabolic flux analysis) approaches. We expect 
that the continued efforts to probe biochemical pathways in cancer cells using such 
large-scale profiling methods will strengthen our understanding of dysregulated 
metabolism in cancer and identify potential avenues for therapeutic intervention. 
 
In the next two chapters that follow, we will apply many of these aforementioned 
technologies (including genomics and functional metabolomics) to uncover novel 
metabolic pathways that are critical drivers of cancer aggressiveness. We will use these 
tools to discover that both inositol phosphate recycling and ether lipid metabolism are 
critically important for maintaining cancer cell malignancy.  
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CHAPTER TWO 
 

Inositol Phosphate Recycling Regulates Glycolytic and Lipid Metabolism that Drives 
Cancer Aggressiveness 
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Introduction 
 
Cancer cells undergo a fundamental reprogramming of key biochemical pathways that 
fuel cell proliferation. These alterations include an addiction to aerobic glycolysis (known 
as the “Warburg” effect), heightened lipogenesis, as well as an increase in glutamine 
dependent anaplerosis(71,72). However, the metabolic reprogramming that drives the 
aggressive features of cancer, such as motility, invasiveness, and tumor- initiating 
capacity, is not well-understood. Since most cancer deaths are related to aggressive 
features of cancer, understanding the metabolic pathways that contribute to these 
pathogenic features of cancer is critical for both diagnosis and treatment. 
We previously identified a gene expression signature of commonly dysregulated 
metabolic enzymes that were heightened across a panel of highly aggressive human 
cancer cells, leading us to hypothesize that there was a metabolic program that 
supports cancer malignancy (41).Consistent with this premise, two of these enzymes, 
monoacylglycerol lipase (MAGL) and KIAA1363, have been previously shown to be 
important in maintaining aggressive and tumorigenic features of cancer through 
modulating protumorigenic fatty acid or ether lipid derived signaling molecules, 
respectively (4,41,48,51). Here, we show that inositol polyphosphate phosphatase 1 
(INPP1), another enzyme found in this gene expression signature is highly upregulated 
across aggressive human cancer cells and high-grade primary human tumors. The 
established biochemical role of INPP1 is to dephosphorylate free polyphosphorylated 
inositols(73). While INPP1 has been previously shown to be upregulated in human 
colorectal cancers, the role of this enzyme in cancer has remained obscure (74). In this 
study, we show that INPP1 drives cancer pathogenicity through controlling glycolytic 
pathways that feed into the generation of oncogenic signaling lipids. We find that 
inactivation of INPP1 impairs aggressive and tumorigenic features of cancer through 
impairing protumorigenic lipid signals derived from glycolytic metabolism. 
 
INPP1 Activity is Upregulated in Aggressive Cancer Cells and Primary Human 
Tumors 
 
Gene expression analysis comparing a panel of aggressive breast, prostate, ovarian, 
and melanoma cancer cell lines with their less aggressive counterparts (4) previously 
revealed a commonly dysregulated signature of metabolic enzymes. These aggressive 
cancer cells do not show heightened proliferative capacity (Figure 2-1 A) but exhibit 
high migratory, invasive, and tumor-forming capacity compared to the less aggressive 
cancer cells(41). Among this signature, hydroxypyruvate isomerase (HYI) and INPP1 
were the only enzymes that act upon small-molecule substrates, exhibit a greater than 
2-fold higher expression across aggressive cancer cells, and have also not been 
previously studied in cancer. INPP1 inactivation with RNA interference, but not HYI 
knockdown, led to migratory defects in cancer cells (Figure 2-1 B). Thus, we decided to 
focus our subsequent efforts on investigating the role of INPP1 in cancer. We find that 
INPP1 expression, protein levels, and enzyme activity are significantly elevated across 
aggressive melanoma, prostate, ovarian, and breast cancer cells compared to their less 
aggressive counterparts (Fig. 2-2 A-C). INPP1 activity or expression is also significantly 
elevated in high-grade primary ovarian and melanoma tumors compared to low-grade 
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ovarian tumors and normal skin tissue, respectively (Fig. 2-2D). INPP1 was not 
differentially expressed in primary human breast tumors (Fig. 2-2D). INPP1 protein 
expression is also upregulated upon overexpression of several commonly mutated or 
amplified human oncogenes (PI3KCA, activated MAP kinase (MEKDD1), HRAS, 
NeuNT, and BRAF) in MCF10A non-transformed mammary epithelial cells (Figure 2-
1C) These oncogenes that have been previously associated with both transformation of 
cancer cells and acquisition of cancer malignancy(75–77). Taken together, our results 
indicate that INPP1 expression is heightened in aggressive cancer cells and primary 
human ovarian and melanoma tumors, and upon induction of MCF10A cells by several 
human oncogenes. 
 
Disruption of INPP1 Impairs Cancer Pathogenicity 
 
We next sought to ascertain the pathophysiological role of INPP1 in cancer. Since 
INPP1 is upregulated in high-grade human ovarian and melanoma tumors, but not in 
primary human breast tumors, we focused our attention on the role of INPP1 in ovarian 
and melanoma cancer cells. We knocked down the expression of INPP1 in both 
aggressive and less aggressive SKOV3 and OVCAR3 ovarian and C8161 and MUM2C 
melanoma cancer cells with short-hairpin (shINPP1) or small-interfering (siINPP1) RNA 
oligonucleotides, respectively, resulting in a 70-80% reduction in INPP1 expression, 
protein level, and activity (Figure 2-3; Figure 2-1D, 2-1E). INPP1 inactivation 
significantly impairs cancer cell migration and invasiveness in both the aggressive and 
less aggressive ovarian and melanoma cancer cells, without effects on cellular 
proliferation or serum-free cell survival (Fig. 2-3B and 2-3C; Figure 2-1E, 2-1F, 2-1G). 
We confirmed the specificity of the INPP1 knockdown effects by recapitulating our anti-
migratory effects with two independent siRNA oligonucleotides for INPP1 as well as 
partially to fully rescuing the migratory defect with reinforced expression of INPP1 in 
siINPP1 SKOV3 cells (Figure 2-1E, 2-1H). Since INPP1 was discovered as upregulated 
across aggressive cancer cells that possess heightened migratory, invasive, and 
tumorigenic properties, but are not more proliferative, we interpret our results to indicate 
that INPP1 may be more important in maintaining aggressive or tumor-initiating features 
of cancer. Consistent with this premise, INPP1 inactivation in SKOV3 and C8161 cells 
slows tumor xenograft growth in immune-deficient mice (Fig. 2-3D). These data indicate 
that INPP1 is necessary to maintain cancer cell motility, invasiveness, and 
tumorigenicity in ovarian and melanoma cancer cells both in situ and in vivo. We 
overexpressed INPP1 in the ovarian cancer cells OVCAR3 and SKOV3 and melanoma 
cancer cells MUM2C, but did not observe increases in cell migration, invasiveness, 
proliferation, or survival, indicating that INPP1 alone may not be sufficient to confer 
malignant properties to cancer cells (data not shown). 
 
INPP1 Controls the Levels of Glycolytic Intermediates and Oncogenic Signaling 
Lipids 
 
While INPP1 is known for its role in inositol phosphate metabolism, we were perplexed 
by how this role could affect cancer pathogenicity. We thus performed a large- scale 
metabolomic profiling study to identify metabolites that may be altered upon inactivation 
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or overexpression of INPP1 in cancer cells, using single reaction monitoring (SRM)-
based targeted methods as well as untargeted liquid chromatography-mass- 
spectrometry (LC-MS)-based metabolomic platforms. We quantitatively measured >130 
metabolites using SRM-based targeted methods and >12,000 ions with our untargeted 
methods coupled to bioinformatic analysis using XCMSOnline (78)Fig. 2-4A-C).Upon 
filtering for metabolites that were commonly and significantly altered in both sh and 
siINPP1 cells in both SKOV3 and C8161 lines, we find that INPP1 inactivation leads to 
reductions in the levels of the product of INPP1, inositol phosphate (IP), as well as 
reductions in glycolytic intermediates glucose-6-phosphate (glucose-6-P) and 
glyceraldehyde-3 phosphate/dihydroxyacetone phosphate (G3P/DHAP), metabolites in 
glycerophospholipid synthesis glycerol-3-phosphate (glycerol-3P) and lysophosphatidic 
acid (LPA) levels, and the ether lipid LPA-ether (LPAe) (Fig. 2-4A-C). We also observe 
increases in the levels of the amino acid asparagine. Additional changes in other 
glycolytic intermediates were also observed in siINPP1 SKOV3 and C8161 cells, 
including as fructose-6-phosphate (fructose-6-P) and fructose-1,6-bisphosphate 
(fructose-1,6-BP) that are not observed in shINPP1 cells. This may be due to better 
knockdown of INPP1 with the si oligonucleotide compared with our shINPP1 lines 
(Figure 2-5A-B). The specificity of these metabolite changes were confirmed by two 
independent siRNA oligonucleotides targeting INPP1 as well as partial to full rescue of 
metabolite changes by reinforced expression of INPP1 in siINPP1 SKOV3 cells (Figure 
2-5 A-B). While we could not detect important phosphatidylinositol species such as 
phosphatidylinositol bisphosphate due to limitations in our metabolomic profiling, other 
inositol polyphosphates, such as IP5 and IP6, were unchanged (Figure 2-5C). 
Nonetheless, measuring phosphorylated phosphatidylinositol species will be of future 
interest and important in fully understanding the role of INPP1 in cancer. While we do 
not yet understand how INPP1 alters asparagine levels, our results collectively indicate 
that INPP1 may modulate glycolytic pathways that feed into glycerophospholipid 
biosynthesis. Although INPP1 overexpression is not sufficient to confer increased 
aggressiveness in SKOV3 cells, it is sufficient to increase the levels of glycolytic 
intermediates and LPA (Figure 2-6 A-B). Taken together these results indicate that 
INPP1 is both necessary and sufficient to control the levels of glycolytic intermediates 
and LPA in cancer cells. 
 
INPP1 Exerts Control over Glycolytic Metabolism and Glucose-Derived LPA 
Synthesis in Cancer Cells 
 
Based on our metabolomic profiling data, we hypothesized that INPP1 inactivation was 
leading to impairments in glycolytic metabolism. Consistent with this premise, we find 
that INPP1 ablation decreases both media glucose consumption and lactate secretion in 
a time-dependent manner (Fig. 2-7A). We also show that glucose consumption is 
significantly increased upon INPP1 overexpression in SKOV3 cells (Figure2-6 C). 
Reinforcing this data, we also show that isotopic incorporation of [U-13C]glucose into 
[13C]glycolytic intermediates, glycerol-3-P, and LPA (13C incorporation in the glycerol 
backbone) are also significantly lowered upon INPP1 knockdown under steady-state 
labeling conditions (Fig. 2-7B, Figure 2-8; full isotopomer analysis shown in Figure 2-
9). Taken together, these results indicate that INPP1 knockdown impairs glycolytic 
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metabolism and glucose-derived LPA levels. Given that glycolytic metabolism appears 
to be markedly impaired with INPP1 knockdown, we next asked whether the enzymes 
that are responsible for importing, trapping, or metabolizing glucose within the cell might 
be altered as well. Indeed, we find that INPP1 knockdown in SKOV3 cells leads to a 
marked downregulation in glucose transporter 1 (GLUT1), GLUT4, and hexokinase 
(HK2) expression and we show partial to full reversal of these changes upon reinforced 
expression of INPP1 (Figure 2-7C, Figure 2-10). Interestingly, we find that in C8161 
cells, INPP1 knockdown leads to a downregulation in HK1 expression, but not GLUT1/4 
or HK2 expression (Figure 2-7C). Taken together, our results indicate that INPP1 
ablation may lead to impairments in glycolytic metabolism and lowering of glucose-
derived LPA levels that are the result of transcriptional alterations to both glucose 
transporters and hexokinase. Based on these metabolic alterations, we surmised that 
the pathogenic impairments conferred by INPP1 knockdown might also result from 
lowered glycolysis and LPA synthesis. Indeed, we find that inhibition of glycolysis by the 
phosphoglucoseisomerase (PGI) inhibitor 2-deoxyglucose (2DG) recapitulates the anti-
migratory phenotype and lowering of post-PGI glycolytic intermediates and LPA levels 
(Figure 2-7D). Furthermore, we show that the migratory impairments caused by INPP1 
knockdown are partially rescued by enforced expression of GLUT4 (Figure 2-7E). 
 
Regulation of Glycolytic Metabolism and Cancer Cell Pathogenicity by LPA 
 
Next, we wanted to understand the mechanism through which INPP1 was modulating 
cancer pathogenicity and glycolytic and lipid metabolism. While our data suggested that 
we were impairing glycolytic metabolism, we discounted energetic impairments as a 
cause for the observed pathogenic impairments since ATP levels were not consistently 
lower in INPP1 knockdown SKOV3 and C8161 cells. Interestingly, LPA has been well-
studied as a potent oncogenic signaling lipid that acts through LPA receptor signaling to 
drive multiple stages of cancer including migration, invasion, and tumorigenicity(35). We 
therefore hypothesized that INPP1 may be modulating cancer cell migration through 
controlling LPA synthesis and signaling. Consistent with this premise, low 
concentrations of LPA (100 nM), which did not stimulate basal migration, fully rescue 
the migratory defects conferred by INPP1 knockdown (Figure 2-11A-B), indicating that 
LPA may possibly be involved in the mechanism through which INPP1 drives cancer 
pathogenicity. We next wanted to determine whether this reduced LPA signaling in 
INPP1 knockdown cells was also leading to decreased glycolytic metabolism. 
Consistent with this premise, we find that LPA rescues the impaired glycolytic 
metabolism that feeds into glycerol-3-P synthesis in siINPP1 SKOV3 cells (Figure 2-
11C). We also find that LPA receptor antagonism (with Ki16425, 10 µM (79)) reduces 
isotopic incorporation of [13C]glucose into glycolytic intermediates and glycerol-3-P 
(Figure 2-11D). The transcriptional downregulation of GLUT1 and HK2 observed with 
INPP1 knockdown are also partially to fully rescued upon addition of LPA (Figure 2-
11E). Thus, our results, though correlative, indicate that reduced LPA levels and LPA 
receptor signaling may in-part be responsible for the glycolytic impairments observed 
upon INPP1 knockdown, which in-turn may further lower glucose-derived LPA levels. 
Since the PI3K/AKT and MAPK pathways have been shown to act downstream of LPA 
to exert control over both glucose transporters and glycolytic enzymes (71,80), we next 
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asked whether the AKT or MAPK signaling pathway might be perturbed upon INPP1 
inactivation under serum-free conditions. Paradoxically, we find that the levels of both 
phospho-AKT (p-AKT) and p-ERK are increased upon INPP1 knockdown (Figure 2-12 
A-B). While we cannot fully explain these findings, Zhong et al. previously showed that 
inhibition of glycolysis by 2-DG also paradoxically leads to significant increases in both 
p-AKT and p-ERK, as a compensatory mechanism for maintaining cell survival (81). It 
may thus be possible that INPP1 knockdown and subsequent glycolytic impairments 
may upregulate AKT and MAPK signaling pathways to maintain cellular survival. 
Recently, Yu et al. and Cai et al. discovered that LPA also acts upstream of the Hippo 
signaling pathway to promote the migration of ovarian cancer cells through the inhibition 
of the YAP kinase, LATS, resulting in the dephosphorylation and nuclear localization of 
YAP, activating a transcriptional program to promote cell migration(82,83). Interestingly, 
Cai et al. also showed that LPA-induced YAP activation promotes the activation of 
downstream epidermal growth factor receptor (EGFR) signaling, which has previously 
been shown to drive glycolytic metabolism in cancer cells (83–85). Thus, the metabolic 
and pathophysiological effects observed with INPP1 inactivation may act through the 
Hippo transducer YAP. Indeed, we find that INPP1 knockdown significantly increases 
YAP phosphorylation (p-YAP) and this is partially rescued by addition of LPA (100 nM) 
(Figure 2-13A). We also show that knockdown of YAP also impairs glucose 
consumption and lactic acid secretion, suggesting that YAP may influence glycolytic 
metabolism (Figure 2-13B). Thus, we show that INPP1 inactivation leads to glycolytic 
impairments and lowering of glucose-derived LPA levels and that INPP1 ablation 
impairs cellular migration, invasiveness, and tumor growth in ovarian and melanoma 
cancer cells. While our results are still highly correlative and there are likely to be 
additional mechanisms mediating INPP1 effects upon cancer, we provide compelling 
evidence that INPP1 inactivation may impair cancer pathogenicity and glycolytic 
metabolism, through lowering LPA and possibly attenuating LPA-Hippo signaling 
pathways through heightened YAP phosphorylation. 
 
Conclusions 
 
In this study, we demonstrate INPP1 as a highly expressed metabolic enzyme in 
aggressive ovarian and melanoma cancer cells and primary human tumors. We show 
that INPP1 is a unique metabolic node that controls glycolytic metabolism and glucose- 
derived LPA synthesis. We also show that INPP1 inactivation leads to impairments in 
cancer cell pathogenicity possibly through impaired LPA signaling through modulating 
the Hippo pathway. A key critical question that remains is the mechanism of how INPP1 
lowers LPA levels and signaling and how INPP1 affects glycolytic metabolism. It is still 
unclear whether lower LPA levels or impaired glycolytic metabolism occurs first upon 
INPP1 knockdown, but we provide compelling evidence that LPA and glycolytic 
metabolism are intricately linked and that INPP1 modulates this coupled metabolic and 
signaling programming in cancer cells. We surmise that a decrease in the downstream 
products (inositol phosphates and free inositol) or an increase in the upstream reactants 
(inositol polyphosphates), may lead to transcriptional changes within the cell that result 
in glycolytic impairment and/or a decrease in cellular LPA levels. Alternatively, there 
may be yet unknown inositol phosphate pathways that feed into supplying glycolytic 
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intermediates or LPA which are initially lowered to instigate this process.We previously 
showed that one of the enzymes upregulated across aggressive cancer cells, 
monoacylglycerol lipase (MAGL), was the primary lipolytic enzyme that released free 
fatty acids in cancer cells, which were remodeled into oncogenic signaling lipids such as 
LPA, prostaglandins, and other lysophospholipids (4). Quite interestingly, while MAGL 
provides the fatty acids to be esterified onto glycerophospholipids, INPP1, by controlling 
the cellular uptake of glucose, provides the glycerol-3-P backbone for this reaction, both 
collectively leading to the synthesis of LPA. We previously showed that MAGL conferred 
aggressive features to cancer cells also through modulating fatty acid- derived LPA and 
prostaglandin signaling. It will therefore be intriguing to determine whether blocking both 
INPP1 and MAGL lead to additive or synergistic effects by blocking both the generation 
of fatty acids and the glycerol-3-phosphate backbone for LPA synthesis. In summary, 
we put forth INPP1 as a critical metabolic node that uniquely regulates glycolytic 
metabolism and oncogenic lipid signaling pathways to promote cancer motility, 
invasiveness, and tumorigenicity. Furthermore, we show that INPP1 mediates this effect 
on glycolysis possibly through LPA signaling, highlighting a unique intersection between 
lipid signaling pathways and central carbon metabolism in cancer cells. INPP1 may thus 
be an attractive therapeutic target for combatting malignant human cancers.  
 
In chapter 3 to follow, rather than using an unbiased genomic screen as we did here, we 
use historical precedent coupled with functional metabolomic platforms, to uncover a 
novel metabolic node in cancer.  
 
 
Materials and Methods 
 
All cell lines, with the exception of C8161, MUM2C, and 231MFP, were purchased from 
ATCC. The C8161 and MUM2C lines were provided by Mary Hendrix. The 231MFP 
cells were generated from explanted xenograft tumors of MDA-MB-231 cells, as 
described previously (49) 
 
Cell Culture Conditions 
 
HEK293T cells were cultured in DMEM media containing 10% FBS and maintained at 
37oC with 5% CO2. SKOV3 and C8161 cells were cultured in RPMI1640 media 
containing 10% FBS and glutamine maintained at 37oC at 5% CO2. PC3 cells were 
cultured in F12K media containing 10% FBS and glutamine and were maintained at 
37oC at 5% CO2. 231MFP cells were cultured in L15 media containing 10% FBS and 
glutamine and were maintained at 37oC in 0% CO2. 
 
Quantitative PCR 
 
Quantitative PCR was performed using the manufacturer’s protocol for Fischer Maxima 
SYBRgreen, with 10 µM primer concentrations. Further methods are found in 
Supplemental Materials. 
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INPP1 activity assay 
 
INPP1 phosphatase activity was measured by an adaptation of the assay described 
previously(73). Briefly, cell or tumor lysate (20 µg protein) was incubated with the INPP1 
substrate inositol-1,4-bisphosphate (50 µM) for 60 min at room temperature in 
phosphate buffered saline with 50 µM magnesium chloride (50 µl total reaction volume). 
Heat denatured proteomes were used as a negative control. The reactions were 
quenched by the addition of 1:1 acetonitrile:methanol (200 µl), followed by centrifugation 
(1300 rpm, 5 min), and collection of the supernatant, for subsequent SRM-based LC/MS 
analysis quantitating the formation of inositol-4-phosphate product and subtracting 
background levels measured in heat-denatured proteome negative controls. 
 
Human Primary Ovarian Tumors 
 
Patients were diagnosed and treated for ovarian tumors at Brigham and Women’s 
Hospital and Dana-Farber Cancer Center (Boston,MA, USA). All patient-derived biologic 
specimens were collected and archived under protocols approved by the Human 
Subjects Committee of the Brigham and Women’s Hospital. The histopathologic 
diagnosis was determined by the gynecological pathologists at Brigham and Women’s 
Hospital. The tumors were classified and graded according to the International 
Federation of Gynecology and Obstetrics (FIGO) system. For this work, 8 benign and 
14 high-grade malignant ovarian tumor samples were used for the INPP1 activity and 
metabolite measurements. The benign cases included benign cysts, ovarian fibromas, 
and benign serous cystadenomas, whereas the malignant cases were all high-grade 
papillary serous carcinomas. Fresh tumor tissues were cut with scalpels into 2–5 mm 
pieces, individually wrapped in aluminum foil, snap-frozen in liquid nitrogen, and kept at 
–80oC. INPP1 activity was measured as described above. 
 
MCF10A cell line generation and screening.  
 
Derivative isogenic MCF10A cell lines were generated though stable infection using 
viral infection of cell pools using either pLX304, pMSCV-Hygro, or pMSCV-puro vectors. 
Control MCF10A cell lines were generated by expressing empty vectors conferring 
puromycin, or blasticidin gene resistance as appropriate. Overexpression of genes was 
confirmed by Western blotting with specific antibodies. 
 
Constructing INPP1 Knockdown Cells 
 
We used both short-hairpin (sh) and small-interfering (si) RNA using two independent 
silencing oligonucleotides to knockdown the expression of INPP1. For construction of 
stable shRNA knockdown lines, lentiviral plasmids (pLKO.1) containing shRNA 
(purchased from Open Biosystems) against human INPP1 were transfected into 
HEK293 cells using Fugene (Roche). Lentivirus was collected from filtered culture 
media (0.45 µm filters) and delivered to the target cancer cell line with polybrene. These 
target cells were subsequently selected over 3 days with 1 µg/ml puromycin. For 
transient knockdown of INPP1 with siRNA (Dharmacon), cells were seeded in 6 cm 
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dishes (200,000 cells) for 24 h, and then transfected with siRNA per manufacturer’s 
instructions. The short-hairpin sequence used for constructing shINPP1 was as follows: 
CCGGGCTTAGAAAGAAATCCAGAAACTCGAGTTTCTGGATTTCTTTCTAAGCTTTTT 
G. The control shRNA was targeted against green fluorescent protein with the target 
sequence GCAAGCTGACCCTGAAGTTCAT. The pooled small-interfering RNAs used 
to generate the siINPP1 lines were as follows: CUGCAGAGACGCAUACCUA, 
GCAAAGUCCUCAAUGGUAA, GGUAGCAUCUGAAGCAUUA, 
CCAAUGAGUUUACUAAUGA.  
 
Overexpression Studies in Human Cancer Cell Lines 
 
Stable INPP1 overexpression was achieved by subcloning the INPP1 gene into the 
pMSCVpuro vector (Clontech), generating retrovirus using the AmphoPack-293 Cell 
Line, as described above with the RNA interference studies. The human INPP1 was 
subcloned into the pMSCVpuro (Clontech) by using XhoI and EcoRI restriction sites 
using the following primers 5’GTACGTACCTCGAAGATATCCTCCGG-3’ and 
5’GTACGTACGAATTTATGCGTCTCTGC-3’. For transient overexpression of INPP1 in 
SKOV3 cells, cells were seeded in 6 cm dishes (200,000cells) for 24 h, and then 
transfected with human INPP1 (in the mammalian SPORT6 expression vector). At 48 h 
post transfection, cells were harvested for either RNA extraction or metabolomics. For 
simultaneous transient mouse INPP1 overexpression and siINPP1 knockdown, cells 
were seeded in 6 cm dishes (200,00 cells) for 24 hours and then transfected 
simultaneously with siINPP1 #1 as well as with a mouse INPP1 overexpression 
construct. 
 
Cell Migration, Cell Survival, Cell Proliferation, and Invasion Studies 
Migration, invasion, cell proliferation, and survival studies were performed as described 
previously (4). Migration assays were performed in Transwell chambers (Corning) with 8 
µm pore-sized membranes coated with collagen in which 50,000 cells were seeded into 
the top chamber and chambers with fixed with Diff-Quik solutions 5 h after seeding cells 
per manufacturer’s instructions (Dade Behring). Cells that had not migrated through the 
chamber on the top of the chamber were removed with a cotton ball and migrated cells 
were counted at a magnification of 400x. An average of cells in 4 fields for one 
migration chamber represents n = 1. Cell survival and proliferation assays were 
performed using the Cell Proliferation Reagent WST-1 (Roche) as previously described 
(4). Cells were washed twice in PBS, harvested by trypsinization, washed in serum-free 
media and cells were seeded into 96-well plates (10,000 cells for proliferation, and 
20,000 cells for cell survival) in a volume of 200 µl for 0 and 24 hr prior to addition of 
WST-1 (20 µl) for 1 h at 37oC in 5 % CO2. Absorbance was then measured at 450 nm 
using a spectrophotometer. Invasion assays were conducted using the BD Matrigel 
Invasion chambers per the manufacturer’s protocol. 
 
 
Tumor Xenograft Studies 
 
Human cancer xenografts were established by transplanting cancer cell lines ectopically 
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into the flank of C.B17 SCID mice (Taconic Farms) as described previously (4). Briefly, 
cells were washed two times with PBS, trypsinized, and harvested in serum-containing 
medium. Next, the harvested cells were washed two times with serum-free medium and 
resuspended at a concentration of 2.0 x 104 cells/ml and 100 µl was injected. Growth of 
the tumors was measured every 3 days with calipers. 
 
Metabolomic profiling of cancer cells 
 
Metabolite measurements were conducted using modified previous procedures (4,86). 
Cancer cells were grown in serum-free media for 4 hr to minimize the contribution of 
serum-derived metabolites to the cellular profiles. Cancer cells (1 x 106 cells/6 cm dish 
or 2 x 106 cells/6cm dish for nonpolar and polar metabolomics, respectively) were 
washed twice with phosphate buffer saline (PBS), harvested by scraping, and isolated 
by centrifugation at 1400 x g at 4oC and cell pellets were flash frozen and stored at -
80oC until metabolome extractions. Nonpolar lipid metabolites were extracted in 4 ml of 
a 2:1:1 mixture of chloroform:methanol:Tris buffer with inclusion of internal standards 
C12:0 dodecylglycerol (10 nmol) and pentadecanoic acid (10 nmol). Organic and 
aqueous layers were separated by centrifugation at 1000 x g for 5 min and the organic 
layer was collected. The aqueous layer was acidified (for metabolites such as LPA) by 
adding 0.1 % formic acid, followed by the addition of 2 ml chloroform. The mixture was 
vortexed, and the organic layers were combined, dried down under N2 and dissolved in 
120 µl chloroform, of which 10 µl was analyzed by both single-reaction monitorin 
(SRM)-based LC-MS/MS or untargeted LC-MS. LC separation was achieved with a 
Luna reverse-phase C5 column (50 mm x 4.6 mm with 5 µm diameter particles, 
Phenomenex). Mobile phase A was composed of a 95:5 ratio of water:methanol, and 
mobile phase B consisted of 2-propanol, methanol, and water in a 60:35:5 ratio. Solvent 
modifiers 0.1% formic acid with 5 mM ammonium formate and 0.1% ammonium 
hydroxide were used to assist ion formation as well as to improve the LC resolution in 
both positive and negative ionization modes, respectively. The flow rate for each run 
started at 0.1 ml/min for 5 min, to alleviate backpressure associated with injecting 
chloroform. The gradient started at 0% B and increased linearly to 100% B over the 
course of 45 min with a flow rate of 0.4 ml/min, followed by an isocratic gradient of 
100% B for 17 min at 0.5 ml/min before equilibrating for 8 min at 0% B with a flow rate 
of 0.5 ml/min. Frozen cell pellets for polar metabolomic analyses were extracted in 180 
µl 40:40:20 acetonitrile:methanol:water with inclusion of internal standard d3-serine (10 
nmol). Following 30 s of thorough vortexing and 1 minute of bath sonication, the polar 
metabolite fraction (supernatant) was isolated by centrifugation at 13,000 x g for 15 
minutes. 20 µl of this supernatant was analyzed by SRM-based targeted or untargeted 
LC-MS/MS. For separation of polar metabolites, normal-phase chromatography was 
performed with a Luna-5 mm NH2 column (50 x 4.60 mm, Phenomenex). Mobile 
phases were as follows, Buffer A: acetonitrile, Buffer B: 95:5 water:acetonitrile with 
0.1 % formic acid or 0.2 % ammonium hydroxide with 50 mM ammonium acetate for 
positive and negative ionization mode, respectively. The flow rate for each run started at 
0.2 ml/min for 5 min, followed by a gradient starting at 0% B and increasing linearly to 
100% B over the course of 45 min with a flow rate of 0.7 ml/min, followed by an isocratic 
gradient of 100% B for 17 min at 0.7 ml/min before equilibrating for 8 min at 0% B with a 
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flow rate of 0.7 ml/min. MS analysis was performed with an electrospray ionization (ESI) 
source on an Agilent 6430 QQQ LC-MS/MS. The capillary voltage was set to 3.0 kV, 
and the fragmentor voltage was set to 100 V. The drying gas temperature was 350oC, 
the drying gas flow rate was 10 l/min, and the nebulizer pressure was 35 psi. For both 
polar and nonpolar targeted metabolomic analysis, representative metabolites were 
quantified by SRM of the transition from precursor to product ions at associated collision 
energies . Untargeted LC-MS was performed by scanning a mass range of m/z 50-1200 
and data was exported as mzdata files and uploaded to XCMSOnline 
(xcmsserver.nutr.berkeley.edu) to identify metabolites that were differentially changed. 
These metabolites from untargeted analysis were putatively identified through using the 
METLIN online database. Standards were purchased to confirm coelution and 
fragmentation of the standard with the metabolite of interest. This metabolite was then 
quantified by SRM analysis. Metabolites were quantified by integrating the area under 
the peak and were normalized to internal standard values, and then levels were 
expressed as percent of control. We have also extracted cells directly on the cell culture 
dish by pipetting 180 µl of -20oC 40:40:20 acetonitrile:methanol:water directly onto the 
cells, followed by vortexing the resulting cellular metabolome mixture and centrifugation 
at 10,000 x g for 10 minutes. The supernatant was then analyzed by SRM-based 
analysis and isotopic levels of glycolytic intermediates from [13C]glucose labeling of 
cells for 24 h were compared between the on-plate extraction procedure and extraction 
of isolated cell pellets kept at - 80oC. We find that there is no difference in the levels of 
isotopically incorporated glycolytic intermediates between the on-plate extraction 
compared with the extraction of isolated cell pellets (data not shown). 
 
Analysis of Steady-State Isotopic Incorporation into Glycolytic Metabolites 
 
Steady-state isotopic glycolytic metabolism was measured by labeling cells with [12C] 
or [13C]glucose and quantifying both nonisotopic and isotopic incorporation into 
glycolytic intermediates. Cells were treated with either 10mM [12C]glucose or 
[13C]glucose in glucose-free RPMI media, 48 h following transfection of cells with 
siControl or siINPP1 oligonucleotides. Cells were harvested 24 hours after labeling with 
[12C]/[13C]glucose and the polar metabolome was extracted as previously described 
and analyzed by SRM- based targeted LC-MS/MS for both nonisotopic and isotopic 
glycolytic intermediates. 
 
Western Blotting 
 
Cells were lysed by probe sonication in PBS containing both protease and phosphatase 
inhibitors. Proteins were resolved by electrophoresis on 4-15% Tris-Glycine pre-cast 
Mini- PROTEAN TGX gel (BioRad Laboratories), and transferred to PVDF membranes 
using the iBlot system (Invitrogen). Blots were blocked with 5% nonfat milk in a Tris- 
buffered saline containing Tween-20 (TBST) solution for 60 minutes at room 
temperature, washed in 1x TBST, and probed with primary antibody of interest diluted in 
5% BSA TBST solution. Following 3 subsequent TBST washes, the blots were 
incubated in the dark with a IR-linked secondary at room temperature for 1 hour. 
Following 3 more washes, blots were visualized using an Odyssey Li-Cor scanner. 
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Oncogene overexpression in MCF10A cells.  
 
We will fully describe the generation of these lines in a subsequent manuscript. Briefly, 
the oncogenes described in Supplemental Figure 5 were stably expressed in MCF10A 
cells and infected cells were selected by puromycin. 
 
Glucose Consumption.  
 
Glucose consumption from RPMI media was measured by collecting media and 
performing a colorimetric glucose assay kit purchased from Abcam per the 
manufacturers protocol. 
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CHAPTER THREE 
 

The Ether Lipid Generating Enzyme AGPS Alters the Balance of Structural and 

Signaling Lipids to Fuel Cancer Pathogenicity 
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Introduction 
 
Cancer cells have fundamentally altered metabolism that drives their pathogenic 
features (71,72). One hallmark of cancer cells is a heightened de novo lipogenic 
signature that serves as a critical foundation for generating lipids required for cell 
proliferation(33,87). For nearly half a century, it has been known that cancer cells 
possess dramatically higher levels of ether lipids compared to normal cells(46,88–90). 
Ether lipids have an alkyl or alkenyl chain on one or more carbons of the glycerol 
backbone bonded through an ether or vinyl linkage, rather than the usual ester linkage. 
The physiological roles of ether lipids are not well-understood, but they have been 
implicated in maintaining physicochemical properties of cell membranes, such as 
membrane fluidity, membrane fusion events, and lipid raft microdomains(91,92). Certain 
ether lipids, such as lysophosphatidic acid-ether (LPAe) or platelet activating factor 
(PAFe), are signaling molecules that have been shown to possess bioactive and even 
oncogenic properties through binding specific receptors(35,48,93–95). In the late 1960s, 
Snyder and colleagues first reported that rodent and human tumors possess 
significantly higher levels of ether lipids relative to normal tissue. Over the ensuing 
decades, dramatic elevations in ether lipid content have been confirmed for a wide 
range of cancer cells and primary tumors from several tissues of origin and have been 
correlated with the proliferative capacity and tumorigenic potential of cancer 
cells(46,88–90). Nonetheless, whether elevated ether lipids are causally linked, or 
merely associated with, cancer pathogenicity has remained unclear.  
 
In this chapter, we show that inactivation of the critical enzyme for ether lipid synthesis, 
alkylglycerone phosphate synthase (AGPS), lowers ether lipids levels and impairs 
cancer pathogenicity, while AGPS overexpression elevates ether lipid levels and 
increases cancer cell motility, survival, and tumor growth.  We also show that AGPS has 
a larger role beyond generating ether lipids to include controlling fatty acid, eicosanoid, 
and acylglycerophospholipid metabolism to favor generation of oncogenic signaling 
lipids, such as LPAe, lyosphosphatidic acid (LPA), and eicosanoids, which fuel 
aggressive and tumorigenic features of cancer(35,37,94). Our studies reveal a 
heretofore-unrecognized role of AGPS and ether lipids that shifts the balance of fatty 
acid use from structural membrane lipids towards generation of oncogenic signaling 
lipids. 
 
Cancer Cells Exhibit Heightened AGPS Expression and Ether Lipid Metabolism 
 
AGPS converts acyl-glycerone-3-phosphate into alkyl-glycerone-3-phosphate, which is 
a requisite step in the generation of all ether lipids. We hypothesized that cancer cells 
and tumors, which possess elevated levels of ether lipids, would have heightened 
AGPS expression. Consistent with this premise, we find that AGPS is highly expressed 
across aggressive breast (231MFP), melanoma (C8161), and prostate cancer (PC3) 
cells compared to less aggressive cancer cells (MCF7, MUM2C, and LNCaP, 
respectively) (Figure 3-1A, Figure 3-2A). We have reported that these aggressive 
cancer cells have heightened migratory, invasive, and tumorigenic properties compared 
to less aggressive cells(4,41,96). We also show that AGPS expression is elevated 2-4-
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fold in Nottingham grade I (low-grade), II (intermediate-grade), and III (high-grade) 
primary human breast tumors (Figure 3-1B), as well as in estrogen receptor-
positive/progesterone receptor-positive (ER(+)/PR(+)) and ER-negative/PR-negative 
(ER(-)/PR(-)) breast tumors (Figure 3-1C), compared to normal breast tissue, indicating 
that AGPS expression may be heightened early in breast cancer development. 
Consistent with this premise, we find that the expression of the commonly dysregulated 
transforming oncogene H-RAS (97)is heightened in low, moderate, and high-grade 
primary human breast tumors and correlates significantly with AGPS expression 
(Figure 3-1D). We also find that H-RAS expression is higher in the aggressive 231MFP 
breast and C8161 melanoma cancer cells compared to the less-aggressive MCF7 
breast and MUM2C melanoma cancer cells (Figure 3-1E). Consistent with this 
association between H-RAS and AGPS, H-RAS transformation of MCF10A mammary 
epithelial cells (98) induces upregulation of AGPS expression (Figure 3-1E). We show 
that transformation of cells by H-RAS is one regulatory route through which cells may 
upregulate AGPS expression.  We also show that the aggressive human breast 
231MFP, melanoma C8161, and prostate PC3 cancer cells, as well as H-RAS-
transformed MCF10A cells, possess significantly higher ether lipid levels compared with 
their less aggressive MCF7, MUM2C, and LNCaP counterparts, or MCF10A control 
cells (Figure 3-1G, Figure 3-2 B-F). Heightened lipid species include phosphatidic acid-
ether (PAe), LPAe, phosphatidyl inositol-ether (PIe), phosphatidylcholine-ether (PCe), 
lysophosphatidylcholine-ether (LPCe), phosphatidylserine-ether (PSe), 
phosphatidylglycerol-ether (PGe), lysophopshatidylglycerol-ether (LPGe) lipids, and 
plasmalogen ether lipids, such as phosphatidylethanolamine-plasmalogen (PEp) 
(Figure 3-1G, Figure 3-2 B-F). We provide the specific ether (“e”) or plasmalogen (“p”) 
species and alkyl chain length and type (carbon number: degree of unsaturation—e.g. 
C16:0e is a palmityl-ether linkage with no unsaturation) in Figure 3-1G, Figure 3-2 B-F. 
Our results show that AGPS expression and ether lipid levels are heightened in multiple 
types of aggressive human cancer cells, and upon RAS transformation, and that AGPS 
expression is increased in primary breast tumors.  
 
AGPS is a Critical Enzyme in Cancer Pathogenicity 
 
We next sought to determine the extent to which AGPS was necessary for maintaining 
the pathogenic features of cancer cells. We generated two independent stable 
knockdown lines of AGPS with greater than 90 % knockdown in breast 231MFP and 
melanoma C8161 cancer cells (Figure 3-3A, Figure 3-4A). AGPS inactivation results in 
a significant decrease in cellular motility, invasiveness, and anchorage-independent 
growth in soft agar in both breast and melanoma cancer cells, and reduces cell survival 
in breast cancer cells (Figure 3-3 B-E, Figure 3-4 B-E). AGPS inactivation also 
reduces breast 231MFP and melanoma C8161 tumor xenograft growth in immune 
deficient mice (Figure 3-3F. Figure 3-4 F).  
 
We also stably overexpressed AGPS in the less aggressive breast (MCF7) and 
melanoma (MUM2C) cancer cells to determine whether AGPS was sufficient to confer 
pathogenic features (Figure 3-4 G). AGPS overexpression increased cell migration and 
serum-free cell survival in situ, and tumor xenograft growth in vivo (Figure 3-4 H-I). Our 
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results indicate that AGPS not only is important to maintain aggressive and tumorigenic 
features, but also is sufficient to confer these effects in less aggressive human cancer 
cells.  
 
Functional Metabolomics Reveals Widespread Alterations in Cellular Lipid Levels 
Upon AGPS Knockdown or Overexpression  
 
We next sought to understand the mechanism through which AGPS drives cancer 
pathogenicity. We performed both targeted and untargeted metabolomic analyses to 
comprehensively identify alterations in cancer cell metabolites upon AGPS knockdown 
in 231MFP breast and C8161 melanoma cells (Figure 3-5A-C, Figure 3-6 A-C, Figure 
3-7 A-C). We used single reaction monitoring (SRM)-based targeted metabolomic 
analysis to quantify the levels of ~100 common lipids, and used untargeted metabolomic 
profiling to comparatively profile levels of an additional >3,000 ions. We used the 
METLIN database to generate putative identifications for many of the altered 
metabolites and quantified these metabolites by SRM analysis(99). We then filtered for 
metabolites that were changed significantly in both shRNA oligonucleotide knockdown 
lines (shAGPS-1, shAGPS-2). Consistent with the function of AGPS as an early critical 
step in ether lipid synthesis, AGPS inactivation in 231MFP and C8161 cancer cells 
showed global reduction in the levels of multiple structural ether lipid and plasmalogen 
species, including PCe, LPCe, PEe, LPEe, PSe, PGe, monoalkylglycerol ether (MAGe), 
PAe, PIe, lysophosphatidyl inositol-ether (LPIe), PEp, lysophosphatidyl ethanolamine-
plasmalogen (LPEp), phosphatidylcholine-plasmalogen (PCp), and phosphatidyl serine-
plasmalogen (PSp) (Fig. 3-5 A-C, Figure 3-6 A-C, Figure 3-7 A-C). We also find lower 
levels of the signaling ether lipids LPAe and LPA-plasmalogen (LPAp) that, similar to 
their acyl-LPA counterparts, stimulate LPA receptors (35,94)(Figure 3-5 B-C, Figure 3-
6). Intriguingly, AGPS knockdown also lowers levels of saturated and unsaturated free 
fatty acids (FFA) in both breast and melanoma cancer cells, with a striking reduction in 
the levels of arachidonic acid-derived signaling eicosanoids, prostaglandin E2/D2 
(PGE2/PGD2) (37) in 231MFP breast cancer cells (Figure 3-5C, Figure 3-6C). We also 
observe increases in the levels of several diacylated glycerophospholipids, with a 
particular enrichment in arachidonoyl-containing acyl-glycerophospholipids (e.g. 
C16:0/C20:4 PC, C16:0/C20:4 PE, C16:0/C20:4 PG), coupled with lower levels of 
several acyl-lysophospholipids (e.g. LPA, LPE, LPC) (Figure 3-5B, 3-5C, Figure 3-6B, 
3-7C). Overall, this lipidomic signature suggests that AGPS knockdown has broader 
effects beyond ether lipid pathways that include fatty acid, eicosanoid, and acyl-
glycerophospholipid metabolism.  
 
Interestingly, we find that AGPS overexpression in MCF7 breast cancer cells is 
sufficient to increase several ether lipids as well as oleic and arachidonic acid (Figure 
3-8A). In AGPS overexpressing MUM2C melanoma cancer cells, we see a similar 
increase in the levels of ether lipids, as well as reduced levels of arachidonoyl-
containing glycerophospholipids (Fig. 3-8B). PGE2/PGD2 levels were not detectable in 
either mock or AGPS-overexpressing cells, suggesting that additional enzymatic 
pathways may be required, such as cyclooxygenase enzymes(37), to generate these 
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lipids. Our results are consistent with the conjecture of Welsh et al. that lack of AGPS 
activity is responsible for the general deficiency of ether lipids in MCF7 cells(100). 
 
Isotopic Fatty Acid Tracing Reveals Alterations in Arachidonate Utilization Upon 
Inactivation of AGPS 
 
Our results showing that AGPS knockdown leads to lower arachidonic acid and 
eicosanoid levels and an increase in certain arachidonoyl-containing acyl-
glycerophospholipids implies a shift in fatty acid use towards specific diacylated 
structural lipids and away from lysophospholipids and eicosanoids. Consistent with this 
premise, isotopic fatty acid tracing with deuterated d8-arachidonic acid in 231MFP 
breast cancer cells reveals heightened d8-incorporation into acylglycerophospholipids 
and reduced incorporation into ether lipids and eicosanoids upon AGPS knockdown 
(Figure 3-5D). In contrast, isotopic tracing with d4-palmitic acid did not show increased 
d4-incorporation into acylglycerophospholipids, despite reduced incorporation into ether 
lipids upon AGPS knockdown (Figure 3-5E). These results indicate preferential 
incorporation of arachidonic acid into acylglycerophospholipids, compared to saturated 
fatty acids. 
 
This shift in fatty acid utilization may be attributed to either increased lysophospholipid 
acyltransferase activity, reduced phospholipid hydrolysis, or lower cyclooxygenase 
activity. Upon testing for these possibilities by qPCR, we found that AGPS knockdown 
led to increased levels of LPC acyl transferase (LPCAT1), but no change in cytosolic 
phospholipase A2 (PLA2G4A) or cyclooxygenase 2 (PTGS2) expression (Figure 3-9A). 
These results indicate that AGPS knockdown directs fatty acid use to generating 
arachidonoyl acylglycerophospholipids through increased acylation of fatty acids onto 
glycerol-phosphate and lysophospholipids, depleting the arachidonic acid pool that 
generates eicosanoids.  
 
AGPS Affects Cancer Pathogenicity through Multiple Lipid Signaling Pathways 
 
Among the many lipidomic changes upon AGPS knockdown, we were particularly 
intrigued by the lower levels of LPAe and PGE2 in 231MFP breast cancer cells and 
LPAe and LPA in C8161 melanoma cancer cells. Both LPA-ether and its acyl-LPA 
counterpart act as oncogenic signaling lipids that bind LPA receptors to drive multiple 
aspects of cancer (13). PGE2 is also a signaling lipid that acts through EP2 receptors to 
fuel proliferative, malignant and tumorigenic features of cancer(37). Consistent with their 
function, C18:0e LPAe fully rescues and PGE2 partially rescues the migratory and 
invasive deficits conferred by AGPS knockdown in 231MFP breast cancer cells (Figure 
3-9B-C). LPAe, but not PGE2, fully rescues the migratory and invasive impairments in 
shAGPS C8161 cells, consistent with the lipidomic signature showing that eicosanoids 
are not detected in these cells. We find that C18:0 LPA also partially or fully rescues the 
migratory impairments in shAGPS 231MFP and C8161 cells, respectively (Figure 3-10 
C-D), likely because either acyl-LPA or LPAe can rescue reduced LPA receptor 
signaling caused by lower LPAe or LPA levels. We also show that palmitate (C16:0 
FFA) partially rescues the pathogenic deficits of AGPS knockdown, likely through the 
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generation of acyl-LPA (Figure 3-9B-C, Figure 3-10C-D). Indeed, we show that d4-
C16:0 FFA labeling of 231MFP cancer cells results in the generation of d4-C16:0 LPA 
(Figure 3-10 E) We note that no other ether lipids such as platelet activating factor 
(PAF), C16:0e/C20:4 PCe, or C16:0e LPCe rescue the oncogenic impairments, 
confirming the specificity of our proposed mechanism.  
 
Interestingly, C18:0e LPAe, but not PGE2, significantly rescues the upregulation of 
LPCAT1 expression in AGPS knockdown breast cancer cells, suggesting that the 
broader alterations in fatty acid, acylglycerophospholipid, and PGE2 levels may be 
downstream of reduced LPAe signaling (Figure 3-9D). In AGPS-overexpressing cancer 
cells that show higher levels LPAe but undetectable levels of PGE2, we show that the 
increased migration observed in AGPS-overexpressing MCF7 and MUM2C cancer cells 
is significantly reversed by an LPA receptor antagonist Ki16425, but not by the 
cyclooxygenase inhibitor ibuprofen (Figure 3-11).  
 
We profiled expression of LPCAT1 in primary human breast tumors to determine 
whether LPCAT1 expression was lower compared to normal breast tissue. Instead, we 
find that LPCAT1 expression is significantly higher in primary breast tumors compared 
to normal breast tissue (Figure 3-12). Our finding that reduced LPAe signaling leads to 
an upregulation in LPCAT1 expression may occur only upon knockdown of AGPS, or 
depletion of cellular ether lipids, under conditions in which cancer cells have adapted to 
a state of higher ether lipid levels.  
 
Overall, AGPS expression is heightened in aggressive human cancer cells and primary 
human breast tumors and AGPS inactivation significantly impairs aggressive features of 
cancer cells and attenuates tumor growth, not only through lowering the levels of 
oncogenic ether lipids, but also through altering arachidonic acid utilization away from 
protumorigenic eicosanoids and lysophospholipids (Figure 3-9).  
 
Conclusions 
 
We show here that AGPS serves as a metabolic node in cancer cells that maintains 
levels of structural and signaling ether lipids, and also modulates fatty acid utilization 
pathways to favor generation of key oncogenic lysophospholipids and eicosanoids, 
which promote survival, migratory, invasive, and tumorigenic features. We used 
advanced metabolomic platforms to gain broad overview into changes in cancer cell 
lipid metabolism that are controlled by AGPS, but there are many metabolic alterations 
that we have not yet been able to identify. These yet uncharacterized AGPS-mediated 
changes to the lipidome may yield further insights into the roles of AGPS in cancer. 
Although we have established the importance of AGPS in controlling the levels of 
oncogenic signaling lipids, such as LPAe, LPA, and eicosanoids, there may be other 
enzymes or regulatory pathways, even within the ether lipid metabolic pathway, that can 
be targeted to achieve similar effects. For example, we have reported that 
monacylglycerol lipase is upregulated across aggressive cancer cells and primary 
tumors where it controls release of FFAs from monoacylglycerols to fuel generation of 
FFA-derived oncogenic signaling lipids, such as LPA and PGE2 to drive malignant 



	
  
	
  

32	
  	
  

features of cancer(4). Chiang et al., demonstrated that blocking of KIAA1363, a 
deacetylase of 2-acetyl MAGe, lowers levels of its neutral ether lipid product MAGe, 
which decreases the levels of its downstream metabolite LPAe, leading to impaired 
cellular migration and tumor growth(48). It will be of future interest to determine effects 
of polypharmacologically blocking several of these pathways simultaneously in cancer 
cells to achieve maximal anti-cancer activity. Alternatively, controlling the supply of fatty 
alcohols in cancer cells may also modulate levels of ether lipids similarly to controlling 
AGPS expression(101).  
 
In conclusion, we provide a potential mechanistic link between the historical 
associations between aggressive or hyperproliferative tumors and higher levels of ether 
lipids(89). Our studies indicate a previously unrecognized cross-talk between ether lipid, 
fatty acid, eicosanoid, and acylglycerophospholipid metabolism in cancer cells that 
leads to an optimal landscape of lipid signaling pathways that subserve cancer 
pathogenesis. Manipulating this landscape may yield novel strategies for thwarting the 
lipid signals that drive cancer pathogenicity, and may provide unique approaches to 
cancer therapy. 
 
Materials and Methods 
Cell Lines 
 
The C8161 and MUM2C lines were provided by Professor Benjamin Cravatt at The 
Scripps Research Institute. MCF10A and HRAS-transformed cells were obtained from 
Stefano Piccolo at the University of Padua(63). The 231MFP cells were generated from 
explanted xenograft tumors of MDA-MB-231 cells, as described previously(86). PC3 
and LNCaP cells were obtained from ATCC. 
 
Cell Culture Conditions 
 
HEK293T cells were cultured in DMEM media containing 10% FBS and maintained at 
37oC with 5% CO2. C8161 cells were cultured in RPMI1640 media containing 10% FBS 
and glutamine maintained at 37oC at 5% CO2. 231MFP cells were cultured in L15 media 
containing 10% FBS and glutamine and were maintained at 37oC in 0% CO2. MCF10A 
cells were cultured as previously described(63).  
 
qPCR 
 
qPCR was performed using the manufacturer’s protocol for Fischer Maxima SYBRgreen, 
with 10 mM primer concentrations. Primer sequences were derived from Primer 
Bank(102). 
 
Breast Tumor array qPCR 
 
Breast Cancer tumor array 1 was purchased from Origene and qPCR was performed on 
the array using the protocol described above.  
Constructing AGPS Knockdown Cells 
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We used short-hairpin (sh) RNA using two independent silencing oligonucleotides to 
knockdown the expression of AGPS using previously described procedures(4). For 
construction of stable shRNA knockdown lines, lentiviral plasmids (pLKO.1) containing 
shRNA (purchased from Open Biosystems) against human AGPS were transfected into 
HEK293 cells using Fugene (Roche). Lentivirus was collected from filtered culture 
media and delivered to the target cancer cell line with polybrene. These target cells 
were subsequently selected over 3 days with 1 mg/ml puromycin. The short-hairpin 
sequences used for constructing the two independent AGPS knockdowns were as 
follows: shRNA#1: AATTCGCTCAAACATTCCTTC and shRNA #2: 
AAGGATTTCTTCTCTAGCAGC. The control shRNA was targeted against green 
fluorescent protein with the target sequence GCAAGCTGACCCTGAAGTTCAT. We 
confirmed knockdown by qPCR. 
   
 
Overexpression Studies in Human Cancer Cell Lines 
 
Stable AGPS overexpression was achieved by subcloning the AGPS gene into the 
pMSCVpuro vector (Clontech), generating retrovirus using the AmphoPack-293 Cell 
Line, as described above with the RNA interference studies. The human AGPS was 
subcloned into the pMSCVpuro (Clontech) by using XHO1 and AGEI restriction sites 
using the following primers 5’GTACGTACCTCGAGAGGCGGCGGCTG-3’ and 
5’GTACGTACGAATTCGTTTCTGTTTCC-3’. 
 
Cancer Phenotypic Studies 
 
Migration, invasion, cell proliferation, and survival studies were performed as described 
previously(4). Details are providing in Supporting Information. 
 
Tumor Xenograft Studies 
 
Human tumor xenografts were established by transplanting cancer cells ectopically into 
the flank of C.B17 SCID mice (Taconic Farms) as described previously(4). Briefly, cells 
were washed two times with PBS, trypsinized, and harvested in serum-containing 
medium. Next, the harvested cells were washed two times with serum-free medium and 
resuspended at a concentration of 2.0 x 104 cells/ml and 100 ml was injected. Growth of 
the tumors was measured every 3-6 days with calipers.  
 
Metabolomic profiling of cancer cells 
 
Metabolite measurements were conducted using modified versions of previous 
procedures(4,103). Details are provided in Supporting Information. 
 
 
 
Analysis of Isotopic incorporation of palmitate and arachidonate into lipids 
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Isotopically labeled fatty acid incorporation into lipids was measured by labeling cells 
with d4 palmitic acid or d8-arachidonic acid and measuring isotopic incorporation into 
lipids. Cells were treated either with palmitate, d4-palmitate, arachidonate or d8-
arachidonate (10mM). Cells were harvested 4 hours after labeling and the nonpolar 
metabolome was extracted as previously described and analyzed by SRM-based 
targeted LC-MS/MS for the presence of isotopically labeled lipids.  
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CHAPTER FOUR 
 

 
 

 
 

Conclusion 
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One century ago, Otto Warburg first proposed that cancer might be a disease defined 
by aberrant metabolism. Since then, scientists have sought to understand the specific 
metabolic pathways that enable normal cells to take on a tumorigenic state. In chapter 
one we highlighted many of the unique profiling strategies and discovery platforms that 
have paved the way in identifying new biochemical pathways that contribute to cancer 
progression. These include multiple unique controls on the glycolytic pathway, allowing 
for increased carbon flux through adjacent metabolic pathways, including amino acid 
synthesis and nucleotide biosynthesis. These also include a fundamental rewiring of 
cancer cells, enabling them to utilize alternative carbon sources, such as glutamine, to 
fuel TCA cycle anaplerosis; in certain cases, this anaplerosis occurs through IDH1/2-
mediated reductive carboxylation resulting in the generation of intermediates, such as 
citrate, that can serve as essential precursors for FASN mediated denovo lipogenesis. 
Beyond the synthesis of cellular membrane lipids required for proliferation, studies have 
also found that lipids within a cancer cell can be mobilized by distinct enzymatic 
pathways (e.g. MAGL, LPL, KIAA1363) not only to be used as an essential fuel source, 
but that can also function as pro-tumorigenic signaling lipids. (eg LPA) Quite 
interestingly, recent studies have shown that, through mutations, certain metabolic 
enzymes can acquire novel functions, which allow for the generation of novel oncogenic 
biomolecules (“oncometabolites”) that have widespread metabolic and epigenetic 
consequences. These findings have all arisen out of the integrated utilization of 
genomic (deep genome sequencing and RNA sequencing), proteomic (post-
translational mapping and functional proteomics), and metabolomic (steady-state, 
targeted/untargeted, and metabolic flux analysis) approaches. 
 
While these unique discovery platforms and global profiling strategies have undoubtedly 
revealed many critical metabolic nodes in cancer, their application has been largely 
limited to a few number of metabolic pathways, leaving the vast majority of cancer 
metabolism undiscovered. Furthermore, many of the current biochemical discoveries of 
cancer have focused primarily on the transformative stage of cancer progression rather 
than the malignant progression of the disease. In chapters two and three, we used 
functional metabolomics to highlight two novel metabolic pathways in cancer that are 
critical drivers of malignancy.  
 
In chapter two we revealed the role of inositol phosphate metabolism, driven by the 
metabolic enzyme INPP1, in promoting cancer malignancy. Specifically we showed that 
INPP1 is highly expressed in aggressive ovarian and melanoma cancer cells and 
primary human tumors. Using functional metabolomic platforms, we discovered that 
INPP1 is a unique metabolic node that controls glycolytic metabolism and glucose- 
derived LPA synthesis. Furthermore, we showed that INPP1 inactivation results in 
impairments in cancer cell pathogenicity specifically by impairing LPA signaling and 
subsequent modulation of the Hippo signaling pathway.  
 
In chapter 3 we used functional metabolomic platforms to show that the ether lipid 
generating enzyme AGPS serves as a metabolic node in cancer cells that functions to 
maintain the levels of both structural and signaling lipids. Specifically, we used 
metabolomics to show that AGPS maintains this balance between structural and 
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signaling lipids by modulating fatty acid utilization pathways to favor the generation of 
key oncogenic lysophospholipids and eicosanoids, which promote survival, migratory, 
invasive, and tumorigenic features.  
 
Taken together, we have shown that global profiling strategies, including genomics, 
proteomics, and metabolomics, have proven vital for uncovering many of the metabolic 
nodes that subserve cancer pathogenesis. We have provided two unique examples that 
highlight how functional metabolomics can elucidate novel metabolic drivers of cancer 
malignancy. Specifically, we used metabolomic platforms to uncover both the role of 
inositol phosphate recycling (driven by the metabolic enzyme INPP1) in promoting 
cancer aggressiveness, as well as the role of the ether-lipid generating enzyme AGPS 
in maintaining the optimal lipid landscape for cancer cells to thrive. These findings have 
not only provided critical insight into the fundamental biochemistry that underlies 
aggressive cancer, but they have also paved the way for the future development of 
targeted treatments that may someday be used in the clinic to treat human cancer.  
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Figure 1-1. Figure 1. Dysregulated Metabolic Pathways in Cancer. The metabolic 
pathways that sustain the proliferative nature of a cancer cells are very much the same 
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pathways that constitute the metabolism of normal cells. However, cancer cells are able 
to aberrantly rewire many of these normal pathways to meet their excessive needs for 
growth and proliferation. In the figure above, we see that pathways that have been 
revealed to be essential in cancer cells (shown in Red) are pathways that are 
fundamentally important for the synthesis of biological macromolecules, anti- oxidants, 
and signaling molecules that facilitate cellular growth, survival, and progression. The 
“Warburg effect,” the preferential shunting of pyruvate to lactate under conditions of 
normoxia, is facilitated by the switch from the M1 splice isoform of pyruvate kinase to 
the M2 splice isoform, which is in-general less active due to several modes of regulation 
on PKM2 activity in the form of protein-protein interactions or post- translational 
modifications which all collectively inhibit PKM2 activity(7–10). The slow nature of this 
M2 splice isoform allows for the buildup of upstream glycolytic intermediates rather than 
favoring the flux of glycolytic carbon through the TCA cycle. Two of the important 
upstream glycolytic intermediates that are essential for synthesizing necessary 
biological macromolecules are glucose-6-phosphate (G6P) and 3-phosphoglycerate 
(3PG). The 3- step formation of Ribose-5-phosphate (R5P) via 6-
phosphogluconolactone (6-PGL) and 6-phosphogluconate (6-PG), involves the 
production of reducing equivalent in the form of NADPH, which in-turn can be used as 
the primary reducing power in the production of glutathione (GSH) from its oxidized 
precursor glutathione disulfide (GSSG) (7). It was also discovered that a significant 
portion of glycolytic carbon is diverted towards serine and glycine biosynthesis by 
phoshphoglycerate dehydrogenase (PHGDH), which catalyzes the conversion of 3-PG 
to phosphopyruvate. Phosphopyruvate is then converted to phosphoserine, concurrently 
with the anaplerotic generation of α-ketoglutarate by glutamine to supply the TCA cycle 
(30,70). Glutaminolysis-derived α-ketoglutarate provides reducing power in the form of 
NAPDH and regenerates oxaloacetate (OAA) to form citrate which are both necessary 
for the production of fatty acids by fatty acid synthase (FASN). Under hypoxia or 
mitochondrial dysfunction, α-ketoglutarate can also undergo reductive carboxylation to 
isocitrate and then to citrate to support lipogenesis(26). Upon hypoxia or if IDH1 or IDH2 
is mutated, these enzymes can also form the oncometabolite 2-hydroxyglutarate (2-
HG)(3,28). Upon synthesis of fatty acids and esterification onto phospholipids or 
triglycerides, these esterified lipids are mobilized through lipolytic processes involving 
enzymes such as monoacylglycerol lipase (MAGL), which can lead to the formation of 
oncogenic lipid signaling molecules including lysophosphatidic acid (LPA) and 
prostaglandins(4). Fatty acids can also arise from extracellular sources by hydrolysis of 
triglycerides by lipoprotein lipase (LPL). 
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Figure 1-2. Discovering PKM2 as a Phosphopeptide Binding Protein. Christofk et al 
labeled HeLa cells with heavy isotopic 13C- lysine and 13C-arginine or normal isotopic 
12C-lysine and 12C-arginine. The heavy labeled cells lysates were collected and flowed 
over a phosphorylated peptide library while the light labeled lysates were flowed over an 
unphosphorylated peptide library. The eluents were then digested and subsequently 
analyzed by LC/MS/MS. By identifying proteins that exhibited a high ratio of heavy to 
light label, phosphoproteins could be identified. One such protein that exhibited a 
particularly high SILAC heavy to light ratio was Pyruvate Kinase M2 (PKM2)(8). 
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Figure 1-3. Metabolic Flux Analysis Reveals Dysregulated Cancer Cell Metabolism. 
a. Recent studies have performed metabolic flux analysis on cancer cells labeled with 
[13C]glucose or [13C]glutamine to dissect dysregulated metabolism of cancer cells 
exposed to hypoxia or mitochondrial dysfunction. b. These studies revealed that cancer 
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cells under normoxia can form citrate through both glycolysis (bottom row of labeled 
carbons in TCA cycle) and glutaminolysis (top row of labeled carbons in TCA cycle). 
Upon hypoxia or mitochondrial dysfunction, cancer cells undergo a metabolic switch in 
citrate is produced through glutamine- dependent reductive carboxylation of 
α−ketoglutarate (α−KG) to form isocitrate via IDH1 or IDH2 and then to citrate to 
support de novo lipogenesis (blue arrows). Shown in the figure are [13C]-labeled 
carbons arising either from glucose (in green) or glutamine (in red) after one pass 
through the TCA cycle. Carbon atoms arising from CO2 are labeled as black dots. 
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Figure 1-4. Functional Genomic approach to Discover PHGDH. Possemato et al 
used an elegant negative selection in vivo RNAi screen to identify metabolic enzymes 
necessary to support breast tumorigenesis. A prioritized list of 133 metabolic enzymes 
and metabolite-transport genes were individually knocked down by shRNA lentiviral 
constructs in MCF10a cells, combined together and collectively injected into mice. Upon 
tumor formation, the resultant cancers were screened by sequencing efforts to identify 
genes, for which the knockdown was selected against. From this functional genomic 
screen, a total of 16 genes were identified, one of which was PHGDH, involved in serine 
and glycine biosynthesis (30). 
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Figure 1-5. Activity-Based Protein Profiling (ABPP) Coupled with Untargeted 
Metabolomics in Annotating Dysregulated Enzyme Activities in Aggressive 
Cancers. a) ABPP uses active site-directed probes to assess the functional state 
oflarge numbers of enzymes directly in complex proteomes(42). Activity-based probes 
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(ABPs) consist of a reactive group, a spacer arm, and a detection handle (e.g. 
fluorophore such as a rhodamine (Rh) or biotin (B)). In a typical ABPP experiment, a 
proteome is reacted with the activity-based probe and readout either by fluorescence on 
a 1D-SDS-PAGE gel for rhodamine-ABPs (above), or by avidin enrichment, on-bead 
tryptic digest, and identification and quantification of peptides by Multidimensional 
Protein Identification Technology (MudPIT) for biotinylated-ABPs(42). Through ABPP 
analysis of the serine hydrolase proteome with the serine hydrolase ABP 
fluorophosphonate (FP)-Rh or FP-biotin, KIAA1363 and MAGL were identified as 
upregulated in multiple human aggressive cancer cells and primary tumors(4,48). b) 
ABPP can also be used in a competitive format to assess potency and selectivity of 
inhibitors in complex proteomes. Inhibitors can compete with the ABP and enzyme 
inhibition will be read-out by loss of fluorescence on a SDS-PAGE gel (using a 
rhodamine-ABP) or loss of spectral counts by mass spectrometry (using a biotintylated-
ABP). Competitive ABPP was used to develop selective inhibitors of KIAA1363 and 
MAGL(43,48,51). c) With selective inhibitors in hand, the metabolic roles of KIAA1363 
and MAGL were elucidated using untargeted LC-MS-based metabolomic approaches in 
which metabolomes were extracted and analyzed by LC- MS, broadly scanning for 
metabolites across a large mass range. To complement the large amount of data that 
arises from untargeted metabolomic analysis, powerful software tool XCMS was used 
for quantitation and identification of ions within LC/MS datasets(104) which aligns, 
quantifies, and statistically rank ions that are altered between two sets of metabolomic 
data. This methodology was used to annotate KIAA1363 and MAGL as enzymes that 
regulates ether lipid and fatty acid networks, respectively(4,48). 
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Figure 2-1. Phenotypic effects of knocking down INPP1 and HYI. (A) Proliferation 
over 48 hours between our aggressive (C8161 and SKOV3) compared to non- 
aggressive cancer cells (MUM2C and OVCAR3) is the same. (B) INPP1 and HYI were 

Supplemental Figures 

 

Figure S1. Phenotypic effects of knocking down INPP1 and HYI. (A) Proliferation 

over 48 hours between our aggressive (C8161 and SKOV3) compared to non-

aggressive cancer cells (MUM2C and OVCAR3) is the same. (B) INPP1 and HYI were 

upregulated across aggressive human cancer cells. INPP1 and HYI expression was 

knocked down by siRNA in SKOV3 cells. Migration, proliferation, and cell survival was 
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upregulated across aggressive human cancer cells. INPP1 and HYI expression was 
knocked down by siRNA in SKOV3 cells. Migration, proliferation, and cell survival 
wasquantified. (C) INPP1 expression was tested by Western blotting across a panel of 
MCF10A cells expressing various oncogenes. INPP1 is upregulated upon induction with 
PI3KCA, NeuNT, MEKDD1, HRAS, and BRAF. (D) INPP1 protein expression in 
shControl and shINPP1 cells. (E) INPP1 gene and protein expression and cellular 
migration in SKOV3 cells with 4 individual siRNA oligonucleotides for INPP1. siINPP1-1 
and siINPP1-4 knocked down INPP1 expression >70 %, ascertained by qPCR and 
Western blotting. Both siINPP1-1 and siINPP1-4 impair migration in SKOV3 cells. (F) 
INPP1 knockdown does not affect SKOV3 or C8161 cell proliferation or survival. (G) 
INPP1 knockdown impairs migration, but not proliferation or survival, in OVCAR3 and 
MUM2C less aggressive ovarian and melanoma cancer cells. (H) Reinforced 
expression of mouse INPP1 in SKOV3 cells transfected with siINPP1, confirmed by 
qPCR and Western blotting. Reinforced INPP1 expression rescues the migratory defect 
conferred by INPP1 knockdown. Data represent average ± sem; n = 3-5/group. 
Significance is expressed as *p<0.05 compared to siControl, #p<0.05 compared to 
siINPP1.compared to low- grade primary human ovarian tumors or melanoma or breast 
tumors compared to normal tissue. *p < 0.05. Data are presented as mean ± sem; n = 
3–5/group for (A-C) and n=3- 39 for (D). 
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Figure 2-2. INPP1 is highly expressed in aggressive cancer cells and primary 
tumors. (A-C) INPP1 gene (A) and protein (B) expression and INPP1 activity (C) 
across aggressive ovarian, melanoma, breast, and prostate cancer cells (SKOV3, 
C8161, 231MFP, and PC3) compared to their less aggressive counterparts (OVCAR3, 
MUM2C, MCF7, and LNCaP) as measured by quantitative PCR (qPCR) (A), Western 
blotting (B), and inositol-1,4-bisphosphate phosphatase activity measuring inositol 
phosphate product formation by LC/MS (C). (D) INPP1 enzyme activity (for ovarian 
tumors) and mRNA expression (for melanoma and breast tumors) in high-grade 
compared to low- grade primary human ovarian tumors or melanoma or breast tumors 
compared to normal tissue. *p < 0.05. Data are presented as mean ± sem; n = 3–
5/group for (A-C) and n=3- 39 for (D). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



	
  
	
  

50	
  	
    

!"#$%!&"

'()&*+,*&-'.

%./&"'*&0

%.12334

%./&"'*&0

%.12334

5!,(*6+7

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498

:
+&
;+<
&"
'*&
0

6=>*6%%!&"

??
?

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498

@ABCD

:
+&
;+<
&"
'*&
0

? ?

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498

@ABCD

:
+&
;+<
&"
'*&
0

?
?

8 48 78 D8 E8
8

788

E88

F88

G88

@ABCD

H$I%

'(
)
&*
+#
&0
()
6+
J)
)
D K

%./&"'*&0
%.12334

?

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498
$<'!#!'I

:
+&
;+<
&"
'*&
0

? ?

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498
6=>*6%%!&"

:
+&
;+<
&"
'*&
0

?
?

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498

/G4F4

:
+&
;+<
&"
'*&
0

? ?
%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498

/G4F4

:
+&
;+<
&"
'*&
0

?
?

8 9 48 49 78 79
8

988

4888

4988

/G4F4

H$I%

'(
)
&*
+#
&0
()
6+
J)
)
D K %./&"'*&0

%.12334

?

%.
/&
"'
*&
0

%.
12
33
4

%!/
&"
'*&
0

%!1
23
34

8

98

488

498
$<'!#!'I

:
+&
;+<
&"
'*&
0

? ?

@ABCD+J&#$*!$"K

12334+6=>*6%%!&"+$"H+$<'!#!'I+!"+12334+L"&<LH&-"+0!"6%

/G4F4+J)60$"&)$K

)!,*$'!&"

%./&"'*&0

%.12334

%./&"'*&0

%.12334

M

/

NN

O



	
  
	
  

51	
  	
  

Figure 2-3. INPP1 inactivation leads to impairments in cancer pathogenicity. (A) 
INPP1 was knocked down using both a short-hairpin RNA (shRNA) oligonucleotide 
(shINPP1) as well an small-interfering RNA (siRNA) oligonucleotide (siINPP1) resulting 
in >70% reduction in both INPP1 expression and activity in C8161 and SKOV3 cells 
compared to their respective sh and siControl cells. (B-C) shINPP1 and siINPP1 cells 
show decreased migration (B) and invasion (C) compared to shControl and siControl 
cells in both SKOV3 and C8161 cells. Migration and invasion assays were performed by 
transferring cancer cells to serum-free media for 4 hr prior to seeding 50,000 cells into 
inserts with 8 ìm pore size containing membranes coated with collagen (10 ìg/ml) or 
BioCoat Matrigel, respectively. C8161 and SKOV3 migration times were 5 hr and 8 hr, 
respectively. Migrated or invaded cells refer to average numbers ± SEM per four fields 
25counted at 400 X magnification. (D) shINPP1 cells show impaired tumor growth in 
SCID mice compared to shControl cells. 2 X 106 C8161 or SKOV3 cells/100 ìl were 
injected subcutaneously into the flank and tumor growth was measured using calipers. 
Significance is presented as *p < 0.05 compared to shControl or siControl. Data are 
presented as mean ± sem; n = 3-4/group for (A-C) and n = 5-6/group for (D). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



	
  
	
  

52	
  	
  

 

!"#$%&'(

)*+,)*+-)*+()*+.)*+))**
)

.

(

-

,

/+012$&

34
25
+6
71
8#
&

9&:1;4249"6'/%43"2"8#'43'<=>>)'?846?54@8

&2&01:&5
24@&%&5
84:'6718#"8#

1A/1%1#"8&

#2$64A&+B+>

C(>DEFG>
#2H6&%42+(+>

<>

I)BJ*'K>G

I)LJ*'K>G
I)LJ)'K>G
I)BJ*&'K>G&

<>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N
N

I)BJ*'K>G

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

<>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

I)BJ*'K>G

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

#2$64A&+B+>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

I)LJ*'K>G

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

#2$64A&+B+>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N

N

I)LJ*'K>G

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

C(>DEFG>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N
N

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

I)LJ)'K>G

M
'4
3'6
48
:%4
2

N N

C(>DEFG>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

I)LJ)'K>G

M
'4
3'6
48
:%4
2

N
N

#2H6&%42+(+>
A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

I)BJ*&'K>G&

M
'4
3'6
48
:%4
2

N N

#2H6&%42+(+>

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

M
'4
3'6
48
:%4
2

N N

A7
I4
8:
%4
2

A7
<=
>>
)

A"I
48
:%4
2

A"<
=>
>)

*

,*

)**

I)BJ*&'K>G&

M
'4
3'6
48
:%4
2

N N

G

OPQR(

IL)B)

S

I



	
  
	
  

53	
  	
  

 
Figure 2-4. Metabolomic profiling links INPP1 to glycolysis and lipid metabolism 
(A) Metabolomic analyses of cancer cell steady-state metabolomes with impaired 
INPP1 activity compared to control cells. The volcano plot shows all ions that were 
detected by targeted or untargeted metabolomic profiling of shControl and shINPP1 
SKOV3 cells. Grey points show the ions and metabolites that were not significantly 
altered between shControl and shINPP1 cells. The red and blue points to the right of the 
dotted black line are metabolites that were significantly (p<0.05) and commonly 
elevated or lowered, respectively, across C8161 and SKOV3 sh and siINPP1 compared 
to their respective sh and siControl cells. C16:0, C18:0, C18:1 refer to acyl chain 
length:unsaturation on LPA. C16:0e LPAe refers to the ether lipid counterpart of LPA 
(LPA-ether). (B-C) Levels of metabolites that were altered upon INPP1 knockdown in 
SKOV3 (B) and C8161 (C) cells, quantified by SRM. Data are presented as means ± 
sem of n=4-5/group with significance expressed as *p < 0.05 for INPP1 knockdown 
compared to control. 
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Figure 2-5. Metabolomic profiling of two individual siINPP1 oligonucleotides and 
metabolomics of INPP1 rescue in siINPP1 cells. (A, B) Glycolytic intermediates, IP, 
and glycerol-3-P levels in SKOV3 cells treated with two independent siINPP1 
oligonucleotides (A) or in siINPP1 cells with reinforced INPP1 expression. Cells were 
harvested 48 h post-transfections of siRNA and mouse INPP1 overexpression 
constructs. (C) Inositol penaphosphate (IP5) and inositol hexaphosphate (IP6) levels in 
shControl and shINPP1 SKOV3 cells. Significance in (A-C) is expressed as *p<0.05 
comparing siINPP1 or shINPP1 to siControl or shControl and #p<0.05 comparing 
siINPP1 with reinforced INPP1 expression to siINPP1 alone. All Data represent average 
± sem; n = 3-5/group. 
 
 
 
 

 

Figure S2. Metabolomic profiling of two individual siINPP1 oligonucleotides and 

metabolomics of INPP1 rescue in siINPP1 cells. (A, B) Glycolytic intermediates, IP, 

and glycerol-3-P levels in SKOV3 cells treated with two independent siINPP1 

oligonucleotides (A) or in siINPP1 cells with reinforced INPP1 expression. Cells were 

harvested 48 h post-transfections of siRNA and mouse INPP1 overexpression 

constructs. (C) Inositol penaphosphate (IP5) and inositol hexaphosphate (IP6) levels in 

shControl and shINPP1 SKOV3 cells. Significance in (A-C) is expressed as *p<0.05 

comparing siINPP1 or shINPP1 to siControl or shControl and #p<0.05 comparing 

siINPP1 with reinforced INPP1 expression to siINPP1 alone. All Data represent average 

± sem; n = 3-5/group. 
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Figure 2-6. Overexpression of INPP1 in SKOV3 Cells. (A) INPP1 expression 
assessed by qPCR in transient mock versus INPP1 overexpression (O/E) SKOV3 cells. 
(B) We harvested cells and extracted metabolites for SRM based analysis of both the 
polar and lipid metabolome upon INPP1 overexpression in SKOV3. We find a significant 
increase in not only the enzymatic product of the INPP1 reaction IP but also significant 
increases in the levels of glycolytic intermediates and LPA. (C) Media glucose 
concentrations in mock or INPP1-O/E SKOV3 cells over 24 h compared to media-only 
glucose levels. Significance is presented as *p < 0.05 compared to empty-vector mock 
control. Data are presented as mean ± sem; n = 4-5/group 
 
 

 

Figure S3. Overexpression of INPP1 in SKOV3 Cells. (A) INPP1 expression 

assessed by qPCR in transient mock versus INPP1 overexpression (O/E) SKOV3 cells. 

(B) We harvested cells and extracted metabolites for SRM based analysis of both the 

polar and lipid metabolome upon INPP1 overexpression in SKOV3. We find a significant 

increase in not only the enzymatic product of the INPP1 reaction IP but also significant 

increases in the levels of glycolytic intermediates and LPA. (C) Media glucose 

concentrations in mock or INPP1-O/E SKOV3 cells over 24 h compared to media-only 

glucose levels. Significance is presented as *p < 0.05 compared to empty-vector mock 

control. Data are presented as mean ± sem; n = 4-5/group 
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Figure 2-7. INPP1 modulates glycolytic and glucose-derived LPA metabolism (A) 
Media glucose and lactate levels at 0, 8, 16, and 24 h in siControl and siINPP1 cells, 
measured by glucose assay kit and SRM-based LC-MS/MS, respectively. (B) steady- 
state isotopic [13C] incorporation into glycolytic intermediates from treatment of 
siControl and siINPP1 SKOV3 cells with either 10 mM of nonisotopic glucose or 10mM 
isotopic [U-13C]glucose for 24 hours in otherwise glucose-free RPMI1640 media. 
Confirmation that we are measuring isotopic glycolytic intermediates at steady-state is 
provided in Figure 2-8. Full isotopomer distribution of metabolites is shown in Figure 2-
9. (C) Relative gene expression by qPCR of glucose transporters and glycolytic 
enzymes in SKOV3 and C8161 cells of siControl (black) compared with siINPP1 (blue) 
cells. (D) Phenotypic and metabolic effects of 2-deoxyglucose (2-DG) in SKOV3 cells. 
Treatment of SKOV3 cells with 2-DG (in water, 5 mM, 24 h) impairs SKOV3 cell 
migration (right panel) and lowers post-PGI glycolytic intermediates and LPA levels (left 
panel). (E) GLUT4 overexpression partially rescues migratory deficits conferred by 
INPP1 knockdown in SKOV3 cells. qPCR of GLUT4 expression is shown on the left 
panel and migration data is shown on the right panel. Data are presented as means ± 
sem of n=3-5/group with significance expressed as *p < 0.05 compared to siControl or 
control cells and #p<0.05 comparing siINPP1+GLUT4 to siINPP1 groups. 
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Figure 2-8. Establishing time-course for reaching steady-state isotopic labeling 
with [13C]glucose in SKOV3 cells. We labeled SKOV3 cells with 10 mM [13C]glucose 
and harvested cells at 24 or 36 h and analyzed isotopic incorporation into glycolytic 
intermediates and glycerol-3-P. We find that the levels of isotopic glycolytic 
intermediates are comparable between 24 and 36 h, indicating that 24 h is sufficient to 
reach steady-state labeling conditions. Data represent average ± sem; n = 4-5/group. 
Data are not significant (p>0.05) between 36 and 24 h. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure S4. Establishing time-course for reaching steady-state isotopic labeling 

with [13C]glucose in SKOV3 cells. We labeled SKOV3 cells with 10 mM [13C]glucose 

and harvested cells at 24 or 36 h and analyzed isotopic incorporation into glycolytic 

intermediates and glycerol-3-P. We find that the levels of isotopic glycolytic 

intermediates are comparable between 24 and 36 h, indicating that 24 h is sufficient to 

reach steady-state labeling conditions. Data represent average ± sem; n = 4-5/group. 

Data are not significant (p>0.05) between 36 and 24 h. 
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Figure 2-9. Full isotopomer analysis of [13C]glucose labeling in SKOV3 cells upon 
INPP1 knockdown. SKOV3 siControl or siINPP1 cells were labeled with [12C]glucose 
or [13C]glucose for 24 h and cells were harvested and extracted for SRM analysis of 
glycolytic intermediates. We measured all isotopic possibilities for glycolytic 
intermediates (left panels) and we derived the sum of all isotopomers for each group. 
We find that the siControl or siINPP1 between [12C] and [13C]glucose-treated cells are 
comparable upon adding up all of the isotopomers. Data represent average ± sem; n = 
4-5/group. 

  

Figure S5. Full isotopomer analysis of [13C]glucose labeling in SKOV3 cells upon 

INPP1 knockdown. SKOV3 siControl or siINPP1 cells were labeled with [12C]glucose or 

[13C]glucose for 24 h and cells were harvested and extracted for SRM analysis of 

glycolytic intermediates. We measured all isotopic possibilities for glycolytic 

intermediates (left panels) and we derived the sum of all isotopomers for each group. 

We find that the siControl or siINPP1 between [12C] and [13C]glucose-treated cells are 

comparable upon adding up all of the isotopomers.  Data represent average ± sem; n = 

4-5/group.  
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Figure 2-10. GLUT expression upon modulation of INPP1. GLUT1 and GLUT4 
expression in SKOV3 cells transfected with siControl, siINPP1, or reinforced INPP1 
expression in siINPP1 cells. Significance is expressed as *p<0.05 compared to 
siControl cells in, #p<0.05 compared to siINPP1 cells. All Data represent average ± 
sem; n = 3-5/group. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  

Figure S6. GLUT expression upon modulation of INPP1 expression in SKOV3 

cells. GLUT1 and GLUT4 expression in SKOV3 cells transfected with siControl, 

siINPP1, or reinforced INPP1 expression in siINPP1 cells. Significance is expressed as 

*p<0.05 compared to siControl cells in,  #p<0.05 compared to siINPP1 cells. All Data 

represent average ± sem; n = 3-5/group. 
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Figure 2-11. LPA modulates the migratory defects and glycolytic impairments 
conferred by INPP1 knockdown (A and B) The migratory impairment in shINPP1 
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SKOV3 ovarian (A) and C8161 melanoma (B) cells is fully rescued upon treating cells 
with low concentrations of LPA (100 nM). Treatment with DMSO or LPA (100 nM) was 
initiated concurrently with the seeding of cells for assessment of cancer cell migration 
(24 h). (C) Reduced [13C] incorporation into glycolytic intermediates from labeling 
siINPP1 cells with [13C]glucose (24h) is rescued upon treatment of cells with LPA (1 
µM). Treatment with LPA was initiated 2 days after transfection of siINPP1 
oligonucleotides and 24 h prior to labeling of cells with either [12C] or [13C]glucose (10 
mM, 24 h). (D) Isotopic incorporation into glycolytic intermediates is reduced upon 
treating SKOV3 cells with the LPA antagonist Ki16425 (10 µM). The antagonist or 
DMSO was pre-treated with SKOV3 cells 24 h prior to seeding of cells for labeling with 
[12C] or [13C]glucose (10 mM, 24 h). For (C) and (D), isotopic incorporation of 
[13C]glucose into glycolytic intermediates and glycerol-3- phosphate were quantified by 
SRM-based LC-MS/MS. (E) The reduction in GLUT1 and HK2 expression conferred by 
INPP1 knockdown is partially to fully rescued by LPA (1 µM). (F) Model depicting the 
metabolic role of INPP1 in controlling glycolytic metabolism and LPA signaling. Data are 
average ± sem, n= 3-5/ group. Significance is expressed in (A, B, and E) as *p<0.05 
comparing shControl to all other groups and #p<0.05 comparing the LPA-treated 
shINPP1 to DMSO-treated shINPP1 groups. Significance in (C) is expressed as *p<0.05 
comparing siINPP1 with siControl groups and #p<0.05 comparing LPA-treated siINPP1 
with DMSO-treated siINPP1 groups. Significance in (D) is expressed as *p<0.05 
comparing Ki16425-treated and DMSO-treated groups. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



	
  
	
  

63	
  	
  

 
 

 
 
 
Figure 2-12. AKT and MAP kinase signaling pathways in INPP1 knockdown 
SKOV3 cells. (A,B) Protein levels of p-AKT (A) and p-ERK (B) compared with RAB11 
loading control in SKOV3 cells upon INPP1 knockdown in serum-free media. Western 
blot data were quantified by densitometry. Data are presented as mean ± SEM of n=3-
4/group. Significance is represented as *p<0.05 compared to siControl. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure S7. AKT and MAP kinase signaling pathways in INPP1 knockdown SKOV3 

cells. (A,B) Protein levels of p-AKT (A) and p-ERK (B) compared with RAB11 loading 

control in SKOV3 cells upon INPP1 knockdown in serum-free media. Western blot data 

were quantified by densitometry. Data are presented as mean ± SEM of n=3-4/group. 

Significance is represented as *p<0.05 compared to siControl. 

 

 

 



	
  
	
  

64	
  	
  

 
 
 

 
 
Figure 2-13. INPP1 knockdown affects the Hippo transducer YAP. (A) INPP1 
knockdown increases phosphorylated YAP (p-YAP) protein levels compared to 
siControl cells in SKOV3 cells grown in serum-free media for 24 h by Western blotting. 
This increase in p-YAP is partially rescued upon addition of LPA (100 nM, 24h). (B) 
YAP was knocked down by >75 % in SKOV3 cells using two independent si 
oligonucleotides and YAP knockdown was confirmed by qPCR. After 48 h transfection 
with siControl or siYAP oligonucleotides, media was replaced and media glucose and 
lactic acid levels were measured after 24h by glucose assay kit and SRM-based LC-
MS/MS, respectively. Data are represented as n=3-5/group. Significance expressed as 
*p<0.05 compared to siControl, #p<0.05 comparing siINPP1+LPA to siINPP1. 
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Figure 3-1. AGPS is highly expressed in aggressive cancer cells, primary human 
tumors, and RAS-transformed cells. (A) AGPS gene expression is heightened across 
aggressive breast (231MFP) and melanoma (C8161) cancer cells (in red), compared to 
less aggressive breast (MCF7) and melanoma (MUM2C) cancer cells (in black), as 
measured by quantitative PCR (qPCR). (B) AGPS gene expression is significantly 
higher in Nottingham grade 1 (low-grade) and grade 2 (intermediate-grade), as well as 
grade 3 (high-grade) primary human breast tumors compared to normal breast tissue as 
measured by qPCR. (C) AGPS gene expression is also significantly higher in 
ER(+)/PR(+) and ER(-)/PR(-) human breast tumors compared to normal breast tissue. 
(D) HRAS expression is higher in grade 1/2 and 3 primary human breast tumors 
compared to normal breast tissue. HRAS expression from matching normal tissue and 
breast tumors is significantly correlated with AGPS expression with a Pearson 
correlation coefficient of r=0.59. (E) HRAS expression is higher in aggressive breast and 
melanoma cancer cells compared with less aggressive cells. (F) HRAS overexpression 
in MCF10A non-transformed mammary epithelial cells increases AGPS expression. (G) 
Aggressive breast and melanoma cancer cells and HRAS-transformed MCF10A cells 
possess significantly higher levels of multiple species of ether lipids compared to less 
aggressive or empty vector-infected MCF10A control cells, respectively. Data in (A-F) 
are presented as mean ± sem; n=4/group for (A, E, and F), n=7-26/group for (B, C, and 
D), n=4-5/group for (G). Significance in (A-F) is presented as *p < 0.05 compared to 
less-aggressive cancer cells (A, E), normal breast tissue (B, C, D), or empty vector-
infected MCF10A cells (F). Significant in (G) is presented as p<0.05 for lipid 
designations that are bolded in red comparing 231MFP to MCF7, C8161 to MUM2C, or 
HRAS-10A to MCF10A groups.   
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Fig. 3-2. AGPS expression and ether lipid levels in cancer cells. (A) AGPS 
expression is higher in the aggressive PC3 prostate cancer cells compared to the less- 
aggressive LNCaP cells. (B-D) Levels of multiple species of ether lipids are significantly 
higher in aggressive breast (B), melanoma (C), and RAS-transformed MCF10A (D) 
cancer cells compared to their less aggressive or control counterparts. (E) Several 
species of ether lipids are significantly higher in levels (bolded in red) in PC3 cells 
compared to LNCaP cells. (F) Several of these lipids are shown as bar graphs. Data are 
presented as mean ± sem; n = 3-5/group. Significance is presented as *p < 0.05 
compared to less-aggressive or control MCF10A cells. 
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Figure 3-3. AGPS ablation leads to impairments in breast cancer pathogenicity. 
(A) AGPS expression was stably knocked down in 231MFP breast cancer cells using 
two independent short-hairpin RNA (shRNA) oligonucleotides (shAGPS-1, shAGPS-2) 
resulting in >90% reduction in AGPS expression as compared with shControl cells 
determined by qPCR. (B-E) AGPS inactivation in 231MFP cells exhibit decreased 
serum-free cell survival (B), cell migration (C), invasion (D), and anchorage-
independent growth in soft-agar (E). Serum-free cell survival was determined by 
measuring cell viability in serum-free media 24 h after seeding 10,000 cells using a 
WST cell viability assay. Migration and invasion assays were performed by transferring 
cancer cells to serum-free media for 4 hr prior to seeding 50,000 cells into inserts with 8 
mm pore size containing membranes coated with collagen (10 mg/ml) or BioCoat 
Matrigel, respectively. Migrated or invaded cells were fixed and stained after 8 h and 
these cells were counted over four independent fields of view at 400 X magnification 
and averaged. For soft-agar assays, 4000 cells were seeded in agar and colonies were 
counted by MTT staining after 4 weeks. (F) AGPS knockdown impairs tumor growth in 
immune-deficient SCID mice compared to shControl cells. 2 X 106 231MFP cells/100 ml 
were injected subcutaneously into the flank of female mice and tumor growth was 
measured using calipers. Data are presented as mean ± sem; n = 3-7/group. 
Significance is presented as *p < 0.05 compared to shControl.  
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Fig. 3-4. AGPS ablation leads to impairments in cancer pathogenicity in C8161 
melanoma cancer cells. (A) AGPS was knocked down in C8161 cells using 2 
individual short-hairpin RNA (shRNA) oligonucleotides (shAGPS-1, shAGPS-2) resulting 
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in >80% reduction in AGPS expression as compared with shControl cells. (B) shAGPS-
1 and shAGPS-2 show no defects in serum-free cell survival compared to shControl 
cells in C8161 cells. (C-D) shAGPS-1 and shAGPS-2 cells show decreased migration 
(C) and invasion (D) compared to shControl cells in C8161 cells (6 h). Migration and 
invasion assays were performed by transferring cancer cells to serum-free media for 4 
hr prior to seeding 50,000 cells into inserts with 8 µm pore size containing membranes 
coated with collagen (10 µg/ml) or BioCoat Matrigel, respectively. Migrated or invaded 
cells refer to average numbers ± SEM per four fields counted at 400 X magnification. 
(E) AGPS inactivation leads to impairments in anchorage-independent growth in soft-
agar. (F) AGPS inactivation leads to impaired tumor xenograft growth in female SCID 
mice compared to shControl cells. 2 X 106 C8161 cells/100 µl were injected 
subcutaneously into the flank and tumor growth was measured using calipers. (G) 
AGPS was stably overexpressed in MCF7 breast and MUM2C melanoma cancer cells. 
AGPS expression was assessed by qPCR. (H) AGPS overexpression in MCF7 cells 
increases migration, serum-free cell survival, and proliferation in situ, as well as in vivo 
tumor growth in immune-deficient SCID mice. (I) AGPS overexpression in MUM2C cells 
increases migration and serum-free cell survival in situ, as well as in vivo tumor growth 
in immune- deficient SCID mice. AGPS overexpression in MUM2C cells does not 
increase proliferation. Data are presented as mean ± sem; n = 3-5/group for (A-E, G-I) 
and 5-7 mice/group for (F, H, and I tumor xenografts). Significance is presented as *p 
< 0.05 compared to shControl or empty-vector-infected mock controls. 
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Figure 3-5. Metabolomic profiling of AGPS knockdown breast cancer cells. (A-C) 
Metabolomic analyses of AGPS knockdown 231MFP cells compared to shControl cells. 
(A) AGPS knockdown shows significant (p<0.05) alterations in the levels of many 
metabolites. Each point on the volcano plot corresponds to a distinct ion detected in 
shAGPS-1 and shControl 231MFP cells. Metabolites that are decreasing or increasing 
in levels upon AGPS knockdown are represented as blue and red dots, respectively. 
The x-axis denotes p-value of each ion between shAGPS and shControl groups, in 
which metabolites levels that are significantly altered (p < .05) are displayed to the right 
of the dotted line. The y-axis indicates the relative fold-change in the levels of the 
metabolite between shControl and shAGPS groups. (B) The heat map shows all 
identified metabolites that are significantly altered in levels (p<0.05) upon AGPS 
knockdown in 231MFP cells. These metabolites were quantified by SRM-based 
targeted metabolomics. Darker blue shading on the heat map corresponds to higher 
relative levels of metabolite, while white or lighter blue shading indicates lower levels. 
(C) Representative lipids from (B) are shown as bar graphs. AGPS knockdown not only 
lowers the levels of ether lipids, but also fatty acids, eicosanoids, and neutral lipids, and 
raises the levels of several diacylated glycerophospholipids. (D) Targeted metabolomic 
analysis of isotopic d8-C20:4 FFA (arachidonic acid) incorporation into certain complex 
cellular lipids. (E) Targeted metabolomic analysis of isotopic d4-C16:0 FFA (palmitic 
acid) incorporation into certain complex cellular lipids. Data in (A-E) are presented as 
mean ± sem; n = 4-5/group. Significance is expressed in (C) as *p < 0.05 compared to 
shControl groups. Significance in (D and E) is presented as *p < 0.05 between d4-
C16:0 FFA or d8-C20:4 FFA groups compared to nonisotopic fatty acid treatment 
groups, and #p<.05 between d4-C16:0 or d8-C20:4 FFA-treated shAGPS versus 
matching shControl groups. Further quantitative details for LPAe and LPAp lipids are 
shown in Fig. S3. The metabolomic profile of AGPS inactivation in C8161 melanoma 
cells is provided in Fig. S4 and the metabolomic profile of AGPS overexpression in 
MCF7 and MUM2C cells are provided in Fig. S5.  
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Figure 3-6. Quantification of LPAe and LPAp levels in cancer cells. Shown are 
absolute quantification of LPAe and LPAp levels in 231MFP and C8161 shControl and 
shAGPS cells. Lipid levels were normalized against a C13:0 LPA internal standard and 
quantifiedagainst an external standard curve of LPAe/LPAp standards against C13:0 
LPA. Data are presented as mean ± sem; n = 4-5/group. Significance presented as 
*p<0.05 compared to shControl groups. 
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Figure 3-7 Metabolomic profile of melanoma cancer cells upon AGPS inactivation. 
(A-C) Targeted and untargeted metabolomic analysis of AGPS knockdown in C8161 
cells. (A) Volcano plot shows all metabolites identified by targeted and untargeted 
metabolomics. Blue or red dots indicate metabolites that are reduced or increased in 
levels upon AGPS knockdown, respectively. Metabolites that are significantly changing 
in levels (p < 0.05) between shAGPS and shControl C8161 cells are displayed to the 
right of the dotted line. (B) Heat map that shows metabolites that were significantly 
changing in levels in both shAGPS-1 and shAGPS-2 cells that were identified and 
quantified from (A). Darker blue shading on the heat-map indicates higher relative level 
of metabolite, and white or lighter blue color indicates lower levels of metabolite. (C) 
Representative lipids from each class are shown as bar graphs. Data are presented as 
mean ± sem; n = 4-5/group. Significance in (C) is presented as *p < 0.05 compared to 
shControl groups. 
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Figure 3-8. Metabolite levels that are altered upon AGPS Overexpression. (A and 
B) AGPS overexpression leads to an increase in the levels of several species of ether 
lipids and plasmalogens, as well as an increase in certain FFA levels in breast MCF7 
(A) and melanoma MUM2C (B) cancer cells. In melanoma cancer cells, we also 
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observe a significant reduction in the levels of certain arachidonoyl-containing 
glycerophospholipids (B). Data are presented as mean ± sem; n = 4-5/group. 
Significance is presented as *p < 0.05 compared to empty-vector-infected mock groups. 
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Figure 3-9. AGPS fuels cancer pathogenicity in breast cancer cells through 
altering fatty acid utilization to favor the generation of oncogenic signaling lipids. 
(A) AGPS knockdown results in altered levels of not only ether lipids, but also reduced 
levels of fatty acids and eicosanoids, and increased levels of acylglycerophospholipids. 
This may be due to heightened acyltransferase or reduced phospholipase or 
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cyclooxygenase activity. AGPS ablation results in a significant increase in the 
expression of lysophosphatidyl choline acyltransferase 1 (LPCAT1) without significantly 
altering the expression of cytosolic phospholipase A2 (PLA2G4) or cyclooxygenase 2 
(PTGS2), as determined by quantitative PCR. (B and C) The migratory (B) and invasive 
(C) impairments in shAGPS 231MFP cells are significantly rescued upon treatment of 
cells with low concentrations (100 nM) of C18:0e LPA, PGE2, and C16:0 FFA, but not 
other ether lipids such as C16:0e LPCe, C16:0e/C20:4 PCe, and C16:0e PAFe.  
Treatment with the aforementioned lipids was initiated concurrently with the seeding of 
cells for assessment of cancer cell migration (8 hrs) and invasion (24 hrs). (D) 
Treatment with C18:0e LPAe (100 nM), but not PGE2 (100 nM), significantly rescued 
the heightened expression of LPCAT1 conferred by AGPS knockdown, as assessed by 
qPCR. (E) Model depicting the metabolic role of AGPS in exerting control over ether 
lipid metabolism, fatty acid metabolism, as well as glycerophospholipid metabolism. We 
show that AGPS knockdown in 231MFP breast cancer cells leads to reduced levels of 
ether lipids, including the oncogenic LPAe signaling lipid (boxed in red), as well as an 
alteration in arachidonic acid utilization towards membrane phospholipids through 
LPAe-mediated LPCAT1 upregulation, at the expense of generating oncogenic 
prostaglandins (boxed in red). R1 denote acyl or alkyl chains and X refers to lipid head-
group such as phosphocholine, phosphoethanolamine, or phosphate.  Data are 
presented as mean ± sem; n = 3/group. Lipid rescue of migratory and invasive 
impairments upon AGPS knockdown in C8161 melanoma cells as well as C18:0 LPA 
rescue experiments are provided in Figure 3-10. Significance is represented as *p < 
0.05 compared to shControl and #p<0.05 compared to DMSO-treated shAGPS groups.  
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Figure 3-10. Phenotypic rescue of AGPS knockdown by LPAe and palmitic acid. 
The migratory (A) and invasive (B) impairments in shAGPS C8161 cells are fully 
rescued upon treating cells with low concentrations (100 nM) of C18:0e LPAe and 
partially rescued with palmitic acid (C16:0 FFA), but not with C16:0e LPCe, 
C16:0e/C20:4 PCe, C16:0e PAFe, and PGE2. (C and D) Migratory defects conferred by 
AGPS knockdown in 231MFP (C) and C8161 (D) cancer cells are partially or fully 
rescued by C18:0 LPA (100 nM), respectively. (E) Isotopic d4-C16:0 FFA labeling of 
231MFP cancer cells (10 ⎧M, 4 h) leads to significant incorporation of d4-C16:0 FFA 
into d4-C16:0 LPA. Data are presented as mean ± sem; n = 5-7/group. Significance is 
presented as *p < 0.05 compared to shControl and #p<0.05 comparing lipid-treated 
AGPS knockdown cells to DMSO-treated shAGPS cells. 
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Figure 3-11. Heightened pathogenic effects conferred by AGPS overexpression 
are reversed by a LPA receptor antagonist. The migratory increases observed upon 
AGPS overexpression in both MCF7 and MUM2C breast and melanoma cancer cells 
are significantly reversed by the addition of the LPA receptor antagonist Ki16425 (10 
µM), but not by the cyclooxygenase inhibitor ibuprofen (10 µM). Data are presented as 
mean ± sem; n = 3/group. Significance is presented as *p < 0.05 compared to empty 
vector control and # p<0.05 comparing drug-treated AGPS OE groups to DMSO-treated 
AGPS OE group. 
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Figure 3-12. LPCAT1 expression is elevated in primary human breast tumors. 
LPCAT1 expression by qPCR is significantly higher in primary human breasttumors, 
compared to normal breast tissue. Data are presented as mean ± sem; n = 7- 20/group. 
Significance is presented as *p < 0.05 compared to normal breast tissue. 
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