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ABSTRACT
Cancer is a disease defined by the uncontrolled proliferation of cells. Using primarily in
vitro approaches, researchers have gained critical insight into how different oncogenic
mutations alter the regulation of metabolic pathways and shape nutrient utilization to
facilitate the acquisition and synthesis of new biomass for daughter cells. These culture
systems, however, rely on relatively homogenous cell populations isolated from
interactions with normal host tissues and free of the challenges of nutrient acquisition they
would face in vivo. Focusing on pancreatic cancer, which is known to have an intricate
relationship with normal host metabolism, we asked how early tumors might change
whole-body metabolism by examining changes in plasma metabolite levels. In both humans
and mice, we identified significant increases in the plasma levels of the branched chain
amino acids (BCAAs), leucine, isoleucine and valine, and showed these elevations occurred
concomitantly with early invasive cancer. Further experiments in mouse models revealed
that increased turnover of peripheral protein stores drove these changes in a pattern
reminiscent of cachexia. Interestingly, we also found that a mouse model of non-small cell
lung cancer driven by the same genetic lesions as our pancreatic cancer model displayed
the opposite plasma BCAA changes. We subsequently demonstrated these changes were
the result of tumor cell autonomous differences in BCAA incorporation and catabolism
between the tumors of different tissue origins. Non-small cell lung cancers in particular
showed an increase in the extraction of nitrogen, a critical component for the synthesis of
non-essential amino acids and nucleotides, from BCAAs. Returning to pancreatic cancer, we
hypothesized that the limited tumor burden at the time of BCAA elevations indicated that a
hormonal factor(s) was likely regulating the process of muscle breakdown. We developed a
computed tomography based approach to accurately quantitate muscle volumes
longitudinally in mice and conducted an initial screen of known cachexia factors,
identifying IL-6 and Activin A as potential candidates that are elevated early in pancreatic
cancer. We also conducted preliminary investigations into the mechanism governing tissue
turnover in muscle in early disease and our results suggest autophagy may be the primary
regulator of this process. Taken together, these data indicate that tumors can induce broad
and significant changes in host metabolism and highlight the importance of tumor origin
when examining the role of oncogenic mutations in different cellular contexts.
Thesis Supervisor: Matthew G. Vander Heiden
Title: Associate Professor of Biology
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CHAPTER ONE:
Introduction

A version of the "Approaches to Studying Cancer Metabolism in vivo and in vitro" section
has been published: Famine versus feast: understanding the metabolism of tumors in vivo.
Trends Biochem Sci. (2015) 40:130-140.
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APPROACHES TO STUDYING CANCER METABOLISM IN VITRO AND IN
VIVO
Investigation into the mechanisms governing metabolic adaptations in cancer cells has
undergone a dramatic expansion in recent years. Studies using in vitro culture systems
have led to important insights regarding nutrient utilization and the regulation of
metabolic pathways by describing how cancer cells exploit existing metabolic programs to
fuel proliferation and survival. Examining tumor metabolism in vivo introduces new
complexities, but taking this step is critical to gain a deeper understanding of how whole
animal physiology impacts nutrient availability, as well as to appreciate the role of tumor
heterogeneity and interactions between different cell types in tissues. Gaining this insight
will be critical to developing new therapies that exploit metabolic pathways and improve
patient therapies. In this section of the introduction, I first discuss the current
understanding of cancer cell metabolism gained primarily from cell culture studies, and
then focus on emerging insights arising from experiment using patients and mouse models
with the intent of highlighting the strengths and limitations of each experimental context
and calling attention to key unanswered questions.

Defining proliferative metabolism using cell culture
Cancer is defined by unconstrained proliferation of transformed cells. Establishing cell
lines in culture selects for the fastest growing malignant clones from the tumor with
concomitant loss of non-dividing and slowly proliferating cancer cells as well as any other
cell types that were part of the original tumor tissue (Fig la). To illustrate, one clone with a
13

slight 5% proliferation advantage will almost completely eliminate a second clone in fewer
than 65 generations (Fig 1b). Thus by its nature, cell culture selects for a relatively
homogeneous population of cancer cells, generating clean systems with which to
investigate the contributions of specific oncogenic mutations to metabolic programs and
the underlying metabolic requirements of cell proliferation.

The common oncogenic drivers Ras and Myc both promote cell-autonomous metabolic
changes associated with malignant transformation, namely the diversion of metabolic
substrates into anabolic pathways. Oncogenic Ras increases glucose and glutamine
consumption (Gaglio et al, 2011; Vizan, 2005), while Myc enhances glutamine metabolism
through a transcriptional program that increases expression of genes involved in glutamine
uptake and catabolism (Gao et al, 2009; Wise et al, 2008). Myc also ties increased
glutaminolysis to changes in glucose metabolism (Wang et al, 2011), and can directly
control expression of genes involved in aerobic glycolysis (Shim et al, 1997). Mutations in
other key cancer genes also influence metabolism. Loss of p53 promotes glucose uptake
and metabolism (Bensaad et al, 2006; Schwartzenberg-Bar-Yoseph et al, 2004), and can
impact how glucose is used by cells (Maddocks & Vousden, 2011). In all cases, genetic
alterations associated with cancer are accompanied by metabolic alterations that favor
anabolism, enabling the acquisition and utilization of nutrients to satisfy increased ATP
demands and produce the nucleotides, lipids and proteins needed for rapid cell division
(Cairns et al, 2011).
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Figure 1 Establishing tumor-derived cell lines in culture selects for the fastest proliferating clones in the
population, and non-dividing and less proliferative cells are lost upon serial passaging. This inevitable
consequence of cell culture is illustrated graphically in (a), using the example of cell line generation from a
tumor. Panel (b) shows a model demonstrating how many cell doublings are required for a clone to take over
the culture population if that clone has the proliferation advantage indicated (key; proliferation advantage
indicated as % faster than control doubling time). The model assumes competition between two distinct
clones plated at equal density with one clone having a fixed advantage that is invariant over time. We further
define one clone representing greater than 90% of the cultured population as having taken over the culture.
This threshold is reached after 317 doublings with a 1% proliferation advantage, 64 with 5%, 32 with 10%,
and only 16 with 20%.
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The metabolic differences between proliferating and non-proliferating cells have received
less scrutiny. Studies utilizing mammalian primary fibroblasts and lymphocytes where
culture conditions are manipulated to promote quiescent or proliferative states have
demonstrated that in contrast to proliferating cells, quiescent cells favor catabolic
metabolism (Lemons et al, 2010; Wang et al, 2011) (Fig 2). Maintaining homeostasis
requires nutrient breakdown to generate ATP, as well as NADPH production to cope with
redox stress (Khairallah, 2003; Lemons et al, 2010). Quiescent cells also strive to balance
fatty acid and protein degradation with synthesis (Lemons et al, 2010), a finding consistent
with the absence of an increase in cell mass in these non-proliferating cells. Nevertheless,
these cultured cells still rely on glucose and glutamine, while many differentiated
mammalian tissues use other nutrients (Metallo & Vander Heiden, 2013). For example, the
heart can consume fatty acids, glucose, ketones, or amino acids to support the large amount
of ATP required for electrical activity and continuous mechanical contraction (Drake et al,
2012), while the brain relies almost exclusively on glucose metabolism, only switching to
ketones when glucose is not available (Owen et al, 1967). Thus, caution is needed when
generalizing studies of specialized quiescent cell systems in culture to diverse cell types in
intact tissues in an organism.

Nevertheless, the different metabolic phenotypes of proliferating and non-proliferating
cells in culture illustrate that these states have different metabolic requirements. At a first
approximation, proliferating cells favor biomass production while non-proliferating cells
favor biomass maintenance. Relevant to understanding tumor metabolism, not all cancer
cells actively proliferate in many solid tumors (Israelsen et al, 2013), and the mechanics of
16
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serially passaging cancer cell lines selects against quiescent or more slowly proliferating
cancer cells (Fig 1b), limiting the study of these tumor cell populations to date. It is
important to recognize that studies of cancer cell metabolism in culture fail to capture the
metabolic phenotype of less proliferative tumor cells.

Glucose and glutamine: primary substrates of proliferative metabolism in vitro
In addition to taking up more glucose, proliferating cancer cells in culture metabolize
glucose differently than non-proliferating cells, converting most of the pyruvate derived
from glucose to lactate, rather than oxidizing it via the tricarboxylic acid (TCA) cycle. For
most normal cells, increased conversion of glucose to lactate is favored in oxygen-limited
conditions, while cancer cells exhibit this phenotype even when oxygen is abundant, an
observation first described by Otto Warburg (Warburg & Posener, 1924). Termed aerobic
glycolysis or the Warburg effect, this metabolic phenotype is a well described feature of
cancer cells that has been extensively studied (Cairns et al, 2011).

Increased glucose flux through glycolysis is thought to promote shunting of metabolites
into branch pathways for the synthesis of macromolecules (Cairns et al, 2011). For instance,
metabolism of glucose-6-phosphate via the oxidative arm of the Pentose Phosphate
Pathway (PPP) produces NADPH and ribose-5-phosphate, two critical components for new
cell generation. NADPH is critical for managing redox stress and for reductive biosynthetic
reactions, while ribose-5-phosphate is a required precursor for de novo nucleotide
synthesis (Lunt &Vander Heiden, 2011). Additionally, some cancer cells depend on flux of
downstream glycolytic intermediates into the non-oxidative arm of the PPP for ribose-518

phosphate production (Fig 2) (Boros et al, 2000; Ying et al, 2012). Glucose metabolism also
contributes to the generation of nucleotide bases, and slowing this production can limit
proliferation in some situations (Lunt et al, 2014).

Diverting fructose-6-phosphate, another product of glycolysis, into the hexosamine
biosynthetic pathway (HBP) provides the necessary substrates for glycosylation of proteins
and lipids, an abundant modification that has been implicated in several aspects of tumor
progression (Fuster & Esko, 2005). Both oncogenic K-ras and phosphoinositide 3-kinase
(PI3K)/Akt pathway activation have been implicated as important drivers of glucose flux
through the HBP (Fang et al, 2010; Ying et al, 2012), linking these signaling pathways
directly to this aspect of glucose metabolism. Thus, the HBP serves as an integration hub,
ensuring that continued mitogenic signaling and proliferation occur only under favorable
conditions.

Several branch points of glucose metabolism provide components for de novo lipogenesis
to generate new lipid membranes in dividing cells. Oxidation of glucose carbon to citrate
can yield cytosolic acetyl-CoA, which is used for the synthesis of fatty acids and sterols.
Glycolytic products contribute to two different lipid head groups as well. Glyceraldehyde-3phosphate can be further metabolized to glycerol-3-phosphate to form the glycerol
component of triacylglycerides and membrane phospholipids (Lunt & Vander Heiden,
2011). Synthesis of ceramides and other related structural and signaling lipids requires
serine, one source of which is 3-phosphoglycerate from glycolysis (Lunt & Vander Heiden,
2011). Interestingly, amplification of the gene encoding phosphoglycerate dehydrogenase
19

(PHGDH), the enzyme catalyzing the initial step of the serine biosynthesis pathway from
glucose, is found in some cancers (Locasale et al, 2011; Possemato et al, 2011). While
knockdown of PHGDH in amplified cell lines impairs proliferation, exogenous serine is
unable to rescue this effect, indicating the flux through this pathway contributes to
proliferation in a manner beyond serine production alone.

After glucose, glutamine represents the second most consumed nutrient in cell culture (Jain
et al, 2012). Glutamine is the most abundant amino acid in both plasma (Stein & Moore,
1954) and culture media, and its consumption in large excess relative to demand for
nucleotide and protein synthesis is well described (Deberardinis et al, 2007; Eagle et al,
1956). With little glucose-derived carbon entering the TCA cycle, glutamine oxidation
allows cells to replenish TCA cycle intermediates for use in biosynthetic reactions
(Deberardinis et al, 2007; Gaglio et al, 2011). Like their glycolytic counterparts, TCA
metabolites are required for anabolic processes to sustain cell proliferation (Lunt &Vander
Heiden, 2011). For example, several non-essential amino acids necessary for nucleotide
and protein synthesis, such as aspartate and glutamate, can be derived from TCA cycle
intermediates. Glutamine also serves as a primary source of nitrogen for proliferating cells
in culture, which is likewise critical for de novo nucleotide and amino acid synthesis
(Deberardinis et al, 2007). Oncogenic mutations driving enhanced uptake and utilization of
glutamine ensures a continuous and abundant supply of nitrogen for transformed cells. The
exact mechanism by which this nitrogen is extracted and glutamine carbon is further
metabolized can differ, as cells lines with increased Myc favor glutaminolysis with nitrogen
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released as ammonia, while mutant K-ras can favor transamination of the nitrogen to ccketoacids (Gao et al, 2009; Son et al, 2013; Wise et al, 2008).

Other amino acids as nutrients for cancer cells
Although much of the investigation of nutrient utilization in cell culture has focused on the
fates of glucose and glutamine, cancer cells in vivo have access to other nutrients including
amino acids that could support proliferation. For instance, although many cancer cells
synthesize serine and glycine de novo from glucose, recent studies have suggested uptake
of these nutrients from media can also be important. Profiling of spent media from the NCI60 panel of cell lines found that glycine levels correlated with proliferation rate (Jain et al,
2012). This finding might be reflective of serine depletion and amino acid use during
proliferation (Labuschagne et al, 2014) since serine uptake is dramatically increased in the
fastest proliferating cells to a rate almost 8-fold that of glycine (Maddocks et al, 2012).
Although serine and glycine can be interconverted by serine hydroxymethyl transferases
(SHMT), the directionality of this interconversion can have a profound impact on
proliferating cells. In particular, serine can supply the necessary intracellular glycine and
one-carbon units for nucleotide biosynthesis in the absence of glycine, while glycine cannot
compensate for serine-free conditions in all cells (Labuschagne et al, 2014).

When serine levels are low, excess glycine depletes one-carbon units and blocks de novo
nucleotide synthesis, halting proliferation (Labuschagne et al, 2014). The mitochondrial
isoform of SHMT (SHMT2) likely plays a critical role in this block, as it generates folates
from serine for nucleotide biosynthesis in cell lines (Lewis et al, 2014; Ye et al, 2014), and
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coordination of this enzyme with activity of the glycine cleavage system can impact
proliferation of poorly vascularized tumors (Kim et al, 2015). Like glutamine, cells also take
up serine in excess of that needed for protein synthesis. This is not always true for glycine,
a finding consistent with serine generating some glycine used to make proteins (Dolfi et al,
2013). However, rates of DNA synthesis correlate directly with glycine uptake (Dolfi et al,
2013) in agreement with studies showing direct incorporation of 13C-glycine from the
culture media into the purine backbone of nucleotides (Jain et al, 2012). Because glucose
metabolism is also important for nucleotide base synthesis (Lunt et al, 2014),
understanding the use of glucose-derived serine and glycine relative to exogenous amino
acids will be important. Glycine also contributes to glutathione synthesis, which is critical
in p53 null cells (Maddocks et al, 2012). Thus, while these studies highlight distinct
contributions of available extracellular and newly synthesized serine and glycine, they also
emphasize how metabolic context can influence pathway fluxes in cells with concomitant
effects on proliferation and growth. Determining what regulates serine and glycine
interconversion, and how the use of these amino acids in different metabolic processes is
regulated, represent important open question for the field.

Catabolism of amino acids other than glutamine may contribute to tumor progression as
well. For example, expression of branched chain amino acid transaminase 1 (BCAT1) is
necessary for the growth and progression of isocitrate dehydrogenase (IDH) wild-type
gliomas (T6njes et al, 2013). These wild-type IDH gliomas represent a distinct subset of
brain tumors with worse clinical outcomes than those with gain-of-function mutations in
IDH (Yan et al, 2009). As branch chain amino acids (BCAAs) are abundant amino acids in
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serum (Stein & Moore, 1954) (Table 1), BCAT1 expression may allow BCAAs to serve as an
additional carbon source for the TCA cycle (T6njes et al, 2013). Nevertheless, the
contribution of BCAA breakdown to cancer cell metabolism in this subset of gliomas, as
well as in other cancers, requires further characterization.

Examination of metabolites from patient-derived glioma samples suggested that partial
cysteine catabolism and accumulation of the cysteine sulfinic acid (CSA) correlates with
increasing tumor grade (Prabhu et al, 2014). Although most cancer research involving
cysteine metabolism has focused on its contribution to glutathione (Chung et al, 2005;
Ogunrinu & Sontheimer, 2010), blocking cysteine catabolism to CSA independently inhibits
tumor growth (Prabhu et al, 2014). The ultimate fate of CSA in these tumors remains to be
determined.

The catabolism of additional amino acids to support proliferation is a subject of interest;
however, existing data suggests that most amino acids are used primarily for protein
synthesis in dividing cells (Dolfi et al, 2013; Zhang et al, 2014). Breakdown of amino acids
might be more important to maintain ATP and cellular redox state to support cell survival
when other nutrients are limiting. Consistent with this assertion, MYC induces a switch
from proline catabolism to anabolism to support proliferation (Liu et al, 2012).
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Table 1 Nutrient levels in plasma/serum that are also found in standard tissue culture media as reported
across several studiesa

PLASMA/SERUM
Human

MEDIA
Mouse

&

McMenamy
Pitkanen et al.f
Stein and
et al.d
Newgard (Pitkanen et al, 2003) Mooreg
Wuu et
Blau et al.b Albrittonc (McMenam
et al.e
(Stein
al.h (Wuu Albrittoni
(Blau,
(Albritton,
y et al,
(Newgard
Males
Females
Moore,
et al,
(Albritton,
2003)
1957)
et al, 2009) 40-59yrs 40-59yrs
1952)
1954)
1988)
1952]
BME IMEM IDMEMI
146-494
449
320
367.3
406
347
383
243.7
662
28-96
132.0
68
115.3
128
99
86.6
25.5
55.7 100 600
400
32-92
16.5
65
58
43.9
77
2-9
17
18
22.5
9.1
24-54
58.3
49.1
23.2
33.0
50 100
200
6-62
54.4
<20
81.2
66
45
47.6
19.5
224.3
466-798
450
561
556
568
261.8
1000 2000 4000
147-299
240
235
328.4
262
315
205
168.7
253
400
72-108
90.2
88
81.9
107
96
74.1
65.5
103.1
50 200
200
46-90
122.0
57
149
74
58
67.9
95.1
114.4 200 400
800
113-205
145
79
151
121
129
121.8
183 200 400
800
135-243
205
143
232
203
186
182.9
438 200 400
800
13-37
33.5
28
27.6
33
26
25.5
17.1
67.0
50 100
200

Alanine
Arginine
Asparagine
Aspartate
Cystine
Glutamate
Glutamine
Glycine
Histidine

Isoleucine
Leucine
Lysine
Methionine
Phenylalanine
Proline
Serine
Threonine
Tryptophan
Tyrosine
Valine
Glucose
Pyruvate

46-74
97-297
89-165
92-180

84.8

168

25-65
37-77
179-335
27-160

53.9
82.8
239
4996i
136

56
142
85
135

61.6
158.1
116.7

21
70
174

67.1
235.3
5578i
90

67

60

55.5
131.1
117.9
97.1

145.3
156

100

200

400

155
142

50.9
205
107
117

132
148

294

200

400

400
800

54
80
267

51
62
204

54.4
56.8
246

126.4
54.2
176.4

102.8
138.0
367

a Missing values for plasma/serum were not reported in that study. All concentrations are
bplasma, males, mean 2SD
, plasma
dplasma, mean
e serum, median; lean subjects
f serum, mean
g plasma, mean
hserum, mean
plasma
fasted
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in liM.

RPMI
1149
379
150
208
136
2055
1334
97
382
382
219
101
91
174
285
168

20
50
80
24
100 200
400
110
200 400
800
171
5500 5500 25000 11100
1
1000

Scavenging macromolecules, reductive TCA flux, and acetate
In addition to the metabolism of glucose and free amino acids, cancer cells can catabolize
extracellular protein to supplement their nutritional requirements in some genetic and
environmental contexts. Oncogenic Ras expression stimulates macropinocytosis, a process
that enables clathrin-independent uptake of extracellular material (Bar-Sagi & Feramisco,
1986). Some of this extracellular material can then be trafficked to the lysosome where
protein is degraded to provide amino acids that can enter central carbon metabolism
(Commisso et al, 2013). This process allows tumor cells in culture to proliferate when
glutamine or essential amino acids are limiting (Commisso et al, 2013; Kamphorst), and
pharmacologic inhibition of macropinocytosis can slow growth of xenograft tumors
(Commisso et al, 2013). Understanding the extent to which tumor cells rely on
metabolizing extracellular material in their environment in vivo is an area of active study.

Extracellular lipids can also be an important fuel for cancer cells. In cell culture, glucose
contributes substantial amounts of carbon for the de novo synthesis of lipids. In the setting
of both oncogenic Ras expression or hypoxia, however, uptake of lysophospholipids can
also contribute to fatty acid pools (Kamphorst et al, 2013). This uptake compensates for the
decreased flux of glucose carbon through pyruvate dehydrogenase (PDH) observed in both
conditions (Gaglio et al, 2011; Metallo et al, 2011). Hypoxia also alters the fate of glutamine
carbon entering the TCA cycle by favoring reductive rather than oxidative metabolism to
serve as a source of acetyl-CoA for fatty acid synthesis (Metallo et al, 2011; Mullen et al,
2011; Wise et al, 2011), in part to compensate for decreased contribution of glucose to
citrate (Fendt et al, 2013).
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Other sources of carbon can also be used for lipid synthesis. Recent data suggest that
despite being present at relatively low levels in cell culture media and serum, acetate can
also contribute to fatty acid synthesis and TCA cycle metabolism (Kamphorst et al, 2014;
Mashimo et al, 2014; Schug et al, 2015). Acetate is converted to acetyl-CoA by the action of
acetyl-CoA synthetases (ACSS), and ACSS2 is critical for growth of at least some tumor
types in vivo (Comerford et al, 2014).

Location, location, location
The many studies showing cancer cells can utilize a variety of fuels in culture suggests
metabolic flexibility exists despite genetic and environmental contexts favoring the use of
certain substrates. This argues that the metabolism of cancer cells in tumors will be
influenced heavily by nutrient availability, and uncovers a potential limitation of cell
culture in that it does not necessarily mimic nutrient conditions in tissues. Changing
culture conditions to maintain constant nutrient levels is one approach that has been used
to generate insight (Birsoy et al, 2014), however standard cell culture media contains
many-fold excess the nutrient levels in plasma and the ratios of different nutrients are also
different from those found in vivo (Appendix A and Table 1). There are other nutrients,
including acetate, which are found in blood but not added to standard media (Table 2).
Culturing cells in hypoxia or low levels of specific nutrients maybe be informative, but in
most instances these perturbations are accompanied by superphysiologic levels of other
nutrients in the media, failing to mimic the reality of hypoperfusion. As the best approaches
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to model the tumor environment remains unclear, efforts to study the metabolism of
tumors in vivo will be critical to take the next step in understanding cancer metabolism.

Investigating the metabolic requirements of cells in vivo adds many layers of biological and
experimental complexity. Nutrient availability in vivo can vary between cell types, both
within and across organs. For example, the architecture of the liver results in gradients of
oxygen and nutrients across zones of hepatocytes (Puchowicz et al, 1999). Tumors also
have gradients of glucose and oxygen availability caused by disrupted microvasculature,
leading to variable nutrient uptake across tumors and in comparison with adjacent normal
tissues (Helmlinger et al, 1997; Hirayama et al, 2009; Tatum et al, 2006; Vaupel et al, 1989).
Furthermore, homeostatic regulation of metabolites and the involvement of multiple
tissues and cell types in determining nutrient levels in vivo complicates the manipulation of
nutrient levels for experimental purposes (Maddocks et al, 2012).

Differences in nutrient availability among normal tissues may dictate the metabolic
programs utilized by those tissues. Interestingly, it appears these programs constrain the
metabolic repertoire available to tumor cells in vivo. Expression analysis of metabolic genes
from 22 human tumor types and normal tissue demonstrated that the expression pattern
of tumors more closely resembled those of their tissue of origin than they did tumors from
other tissues (Hu et al, 2013). Tissue-of-origin even constrains the effects of the same
oncogenic drivers in different tissues, with Myc-driven liver and lung cancers exhibiting
different phenotypes related to glutamine metabolism (Yuneva et al, 2012). Further
complicating matters, tumors driven by different oncogenes that arise in the same tissue
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can also exhibit different metabolic programs (Yuneva et al, 2012). Thus, while
upregulation of some central metabolic pathways such as nucleotide biosynthesis occurs
irrespective of tissue type and driver mutation, the use of other pathways is heterogeneous,
possibly reflecting both the tissue of cancer origin and adaptations to available nutrients
(Hu et al, 2013).

Tumor cells also have metabolic interactions with normal host tissues that can have a
profound effect on cancer pathogenesis. For example, whole body metabolic alterations
such as obesity and diabetes influence the development and progression of many cancers,
including pancreatic cancer (Everhart & Wright, 1995; Khasawneh et al, 2009; Wang et al,
2003; Zyromski et al, 2009). Pancreatic cancer can in turn alter whole body metabolism
causing new onset diabetes and cachexia in many patients and tumors can secrete factors
that can alter whole body metabolic rate (Dewys et al, 1980; Kir et al, 2014; Pannala et al,
2009a; Pannala et al, 2009b; Wigmore et al, 1997). Given the vagaries of nutrient supply in
vivo, these whole-body metabolic interactions suggest tumors may actively strive to
manipulate their environment to induce conditions favorable conditions for their growth
(Shukla et al, 2014). To this end, early pancreatic cancers can drive increased whole-body
protein turnover with concomitant amino acid release many years prior to diagnosis
(Mayers et al, 2014).

Metabolic heterogeneity of tumors
Another essential difference between tumor cells in vitro and in vivo is that while every cell
in vitro must proliferate or be lost at passaging, in vivo only a fraction of tumor cells appear
28

to be actively dividing at any given time (Israelsen et al, 2013). Dramatic cell-to-cell
variation in the expression profiles of cell cycle markers in glioblastoma cells has been
observed and is consistent with variable proliferation throughout the tumor (Patel et al,
2014). This same study also found hypoxia-related gene expression associated with
intratumor 02 gradients, providing evidence for intratumor heterogeneity of metabolic
programs (Patel et al, 2014). Differences in pyruvate kinase activity requirements also
suggest that proliferating and non-proliferating tumor cells use glucose differently, and
that how glucose is metabolized can impact the ability of cells to proliferate in vivo
(Israelsen et al, 2013).

Spatial heterogeneity of nutrient availability and metabolic phenotypes allows for
metabolic cooperation between different populations of cells within tumors. For example,
lactate released by hypoxic cancer cells can serve as oxidative fuel for the growth of
neighboring normoxic cells (Guillaumond et al, 2013; Sonveaux et al, 2008). It has also
been proposed that tumor cells might induce a similar metabolic phenotype in cancer
associated fibroblasts (CAFs), inducing them to release lactate, dipeptides and ketone
bodies to fuel oxidative tumor metabolism (Chaudhri et al, 2013; Pavlides et al, 2012;
Pavlides et al, 2009). Metabolic interactions with non-malignant tumor stromal cells can
also directly influence disease progression, metastasis and redox status. Ovarian tumors,
which frequently metastasize to the omentum, are drawn there in part by release of
adipokines from omental adipocytes (Nieman et al, 2011). Once there, direct transfer of
lipids from adipocytes to tumor cells supports cancer cell proliferation as adipocytes
upregulate lipolysis in concordance with an increase in P-oxidation in tumor cells (Nieman
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et al, 2011). In chronic lymphocytic leukemia, metabolism of cystine by bone marrow
stromal cells generates cysteine to support glutathione synthesis in the tumor cells (Zhang
et al, 2012). New methods to use mass spectrometry-based assessment of the spatial
distribution of metabolites in tissue are likely to lend further insight (McDonnell & Heeren,
2007; Steinhauser et al, 2012), although additional new approaches will need to be
developed to elucidate the complex interactions between different cells types in tumor
tissue.

Measurement of tumor metabolism in vivo
Studies of cancer metabolism in vivo have found that, consistent with cell culture models,
most tumors increase nutrient uptake relative to surrounding normal tissue. Physicians
leverage this to image tumors using [1 8F]-2-deoxyglucose positron emission tomography
(FDG-PET), an approach that is useful for cancer staging and as a measure of therapeutic
response (Ben-Haim & Ell, 2009; Hawkins & Phelps, 1988). [1 8 F]-glutamate and glutamine
analogs are also being studied as tumor imaging agents (Baek et al, 2012; Lieberman et al,
2011), as is [llC]-acetate (Ho et al, 2003), and these agents may help track FDG-PET
negative tumors (Lieberman et al, 2011). To date, PET tracers have been limited in
providing insight beyond nutrient uptake because distinguishing labeled species in
downstream metabolism is not feasible via this imaging approach. Nevertheless, glutamine
incorporation into protein and conversion to glutamate has been assessed by tissue
sampling (Lieberman et al, 2011).
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Both radioactive and stable isotopes have been used to study cancer metabolism
phenotypes in vivo (Sakurai & Klein, 1998). While earlier studies were limited to
investigations of whole body metabolism, they confirmed increased glucose oxidation
(Holroyde et al, 1975; Shaw & Wolfe, 1987b), protein turnover (Inculet et al, 1987) and
lipolysis (Shaw & Wolfe, 1987a) in tumor-bearing patients. More recent studies have
coupled the use of stable isotope tracers to nuclear magnetic resonance (NMR)
spectroscopy or mass spectrometry (MS) to determine the exact fates of different nutrients
in tissues. In one example, bolus injections of [U-13C]glucose found that the Warburg effect
in vivo may not be universal, as Myc-driven liver tumors showed increased glucose to
lactate conversion while Met-driven ones did not (Yuneva et al, 2012). Use of NMRspectroscopy can also provide insight into dynamic changes in tumor metabolism in live
animals (Rodrigues et al, 2014), although even with hyperpolarization methods to improve
&

sensitivity, the diversity of metabolites that have been tracked to date is limited (Wilson
Kurhanewicz, 2014).

To compare nutrient fates across tissues in vivo, methods to achieve steady state plasma
enrichment of stable isotope tracers can be used (Israelsen et al, 2013; Marin-Valencia et al,
2012). Infusions of [U- 13 C]glucose into patients with FDG-PET positive intracranial tumors
revealed that while glucose was metabolized to lactate as anticipated, a large amount of
glucose was also oxidized via the TCA cycle (Maher et al, 2012). Glucose was also found to
contribute to de novo glutamine synthesis in the brain tumors studied (Maher et al, 2012).
Labeled glucose infusions into mice with orthotopic human glioblastoma transplants
further confirmed a higher than expected flux from glucose into the TCA cycle as well as
31

glutamine production from glucose (Marin-Valencia et al, 2012). While studies of additional
in vivo models are needed to know whether brain cancers represent a unique case in either
metabolic phenotype or the similarities between mouse and human tumors (Appendix B),
the results illustrate that nutrient use in vivo can be different from what is observed in
most cell lines.

LEVERAGING PANCREATIC DUCTAL ADENOCARCINOMA (PDAC) AS A
MODEL FOR INVESTIGATING CANCER METABOLISM IN VIVO
Pancreatic cancer poses an especially daunting challenge for patients and clinicians.
Despite representing only the ninth and tenth most common form of cancer for women and
men in the United States respectively, it is the fourth leading cause of cancer death
(American Cancer Society, 2013). Indeed, with a five-year survival rate stubbornly
hovering at 6%, pancreatic cancer deaths continue to increase while mortality rates from
other forms decrease (American Cancer Society, 2013; Hidalgo, 2010; Jemal et al, 2008).
This trend has lead researchers to predict that pancreatic cancer will become the second
leading cause of cancer death by 2030 (Rahib et al, 2014). In this section of the introduction,
I will first discuss human aspects of pancreatic cancer from a clinical, biological and genetic
perspective. I will then focus on connections to whole body metabolic alterations, mouse
models of pancreatic cancer and a model of non-small cell lung cancer driven by the same
genetic mutations as one of the pancreatic cancer models

32

Clinical Features of Pancreatic Cancer
Pancreatic ductal adenocarcinoma or PDAC comprises approximately 95% of all pancreatic
cancer cases (American Cancer Society, 2013) and is the focus of this thesis. One of the
most common explanations for the dismal survival rate associated with PDAC is that most
patients present very late in the disease course, after local invasion and/or metastatic
spread. Fewer than 20% of patients have resectable disease at the time of diagnosis and
even among these optimally staged patients, five-year survival rates reach only 20% (Li et
al, 2004). Late diagnosis stems in part from the lack of symptoms until the late stages of
disease. Even at this point, the most common symptoms remain non-specific such as
obstructive cholestasis, nausea, vomiting, and dull upper abdominal pain (Hidalgo, 2010).
Patients at this stage also frequently begin to manifest systemic alterations such as
unintentional weight-loss, a sign directly associated with poor prognostic outcome. In
almost 85% of cases, this weight loss progresses to the more severe muscle and adipose
wasting syndrome referred to as cachexia (Dewys et al, 1980; Wigmore et al, 1997).

Risk factors for the development of pancreatic cancer remain relatively ill defined. PDAC is
primarily a disease of old age, with a median age of diagnosis of 71 and few cases
diagnosed before the age of 50 (American Cancer Society, 2013). Outside of a small fraction
of cases with known family history, smoking represents the best-established risk factor
(Hidalgo, 2010). Current smoking and a longer smoking history both increase risk as well
(Bosetti et al, 2012). More recently, associations with chronic pancreatitis and certain
blood types have been described (Duell et al, 2012; Wolpin et al, 2009).
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In addition to these associations, a key feature of pancreatic cancer is its connection to
alterations in systemic metabolism. While cachexia in end-stage PDAC represents one such
example, epidemiologic studies have also consistently linked obesity (Li et al, 2009;
Michaud et al, 2001), hyperglycemia (Huxley et al, 2005), hyperinsulinemia (StolzenbergSolomon et al, 2005; Wolpin et al, 2013) to future cancer development. Indeed, PDAC is
both an established effect of long standing type 2 diabetes (Everhart & Wright, 1995;
Huxley et al, 2005; Wang et al, 2003) and cause of new-onset diabetes in the two years
prior to diagnosis (Pannala et al, 2009a; Wang et al, 2003). Furthermore, in preclinical
models, insulin-resistance promotes PDAC growth and metastasis (Khasawneh et al, 2009;
Zyromski et al, 2009).

Biological Features of Pancreatic Cancer
The pancreas has two main functional components: the exocrine and endocrine glands. The
endocrine pancreas is defined by the islets of Langerhans, isolated clusters of specialized
hormone-producing cells, which include cc and P cells. These cells regulate whole-body
glucose homeostasis through the production of glucagon and insulin respectively.
Collectively, these islet cells make up a small fraction of pancreatic mass with the rest
devoted to exocrine pancreas tissue, which produces digestive enzymes. PDAC arises from
the exocrine pancreas (Hidalgo, 2010).

PDAC is believed to progress through well-defined histologic stages beginning with lowgrade precursor lesions called Pancreatic Intraepithelial Neoplasias or PanINs (Hidalgo,
2010; Hruban et al, 2001; Ryan et al, 2014) before evolving to higher grade PanINs and
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frank cancer with local invasion and distant metastasis. Interestingly, despite the
frequently short time between diagnosis and death in patients with pancreatic cancer, one
study indicates that the process from initiating mutations until death can take up to two
decades (Yachida et al, 2010). Metastasis, in this timeline, is thought to occur relatively late
in the disease process, albeit prior to the development of overt clinical symptoms (Yachida
et al, 2010).

Histologically, PDAC elicits the formation of a characteristically dense stroma through a
process termed the desmoplastic reaction as part of the tumor development process
(Hidalgo, 2010). This stromal component consists of actively proliferating myofibroblasts
(also called pancreatic stellate cells), immune cells and a dense extracellular matrix
composed of proteins including collagen and hyaluronic acid (Ryan et al, 2014) and
commonly outnumbers cancer cells (Biankin et al, 2012; Feig et al, 2012). Cancer cellstroma interactions represent an area of active investigation. Paracine signaling between
cell types appears to aid in tumor cell survival and growth (Bailey et al, 2008; Feig et al,
2012; Thayer et al, 2003). Additionally, the poorly vascularized, dense stroma is thought to
limit immune surveillance mechanisms (Gore & Korc, 2014) and results in increased
hydrostatic pressures that could limit chemotherapeutic delivery (Provenzano et al, 2012).
Indeed, initial stromal depletion studies in preclinical models utilizing inhibitors of the
Hedgehog signaling pathway showed increased vascularization, drug-delivery and chemosensitivity (Olive et al, 2009).
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Extension of these laboratory findings to the clinic, however, has proven disappointing.
PDAC patients treated with same chemotherapeutic drug and Hedgehog pathway inhibitor
combination as preclinical models actually showed decreased survival compared to
standard of care (Amakye et al, 2013; Richards et al, 2012). In light of these clinical failures,
a recent re-examination of preclinical models demonstrated that the stromal component of
PDAC might instead serve to constrain tumor cell growth rather than supporting
proliferation. In both studies, depletion of stromal fibroblasts resulted in a more poorly
differentiated and aggressive, metastatic disease (Ozdemir et al, 2014; Rhim et al, 2014).
Interestingly, depletion of these fibroblasts in other contexts may also promote cachexia
(Roberts et al, 2013).

Genetic Features of Pancreatic Cancer
From a genetic standpoint, PDAC cases display a high degree of homogeneity in their
primary cancer-causing mutations. Sequencing studies have revealed that greater than
90% of cases display activating mutations in KRAS, which encodes a GTPase that promotes
mitogenic signaling (Biankin et al, 2012; Ryan et al, 2014; Yachida et al, 2010). Additional
studies in both humans and preclinical models indicate that these mutations frequently
occur first in the course of disease development and promote the formation of the earliest
PanIN lesions (Hingorani et al, 2003; Kanda et al, 2012).

After KRAS activation, mutations in the TP53, CDKN2A, and SMAD4 tumor suppressor genes
allow progression to higher-grade lesions and invasive cancer (Hustinx et al, 2005; Kanda
et al, 2012). TP53 mutations are observed in 60-75% of cases (Biankin et al, 2012; Ryan et
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al, 2014). Interestingly, rather than generating null alleles, these mutations frequently
occur within the DNA-binding domains of p53, blocking transcriptional but not proteinprotein interaction capabilities (Joerger & Fersht, 2007). As part of a tetrameric
transcriptional complex, mutant p53 can thus exert dominant-negative effect on wild-type
p53 and p53-family proteins p63 and p73, hindering their normal anti-tumor activities
(Oren & Rotter, 2010). In preclinical models, these gain-of-function mutations promote
more aggressive and metastatic disease (Lang et al, 2004; Olive et al, 2004; Weissmueller et
al, 2014). Perhaps unsurprisingly then, mutant p53 is associated with poorer prognostic
outcomes in patients (Soussi & Beroud, 2001).

Mutations in the two other tumor suppressors, CDKN2A and SMAD4, also occur in high
frequency in PDAC (Biankin et al, 2012; Ryan et al, 2014). Mutations in CDKN2A, which may
occur in up to 95% of PDAC tumors (Hidalgo, 2010), results in loss of G1-S cell cycle
checkpoint protein p16. SMAD4 mutations result in aberrant and pro-proliferative
transforming growth factor P (TGF-) signaling and are seen in approximately 50% of
PDAC cases (Hidalgo, 2010; Ryan et al, 2014).

More recent tumor genome sequencing studies have revealed extensive additional
mutations that may promote further progression and metastasis (Biankin et al, 2012;
Yachida et al, 2010). While the exact roles of some of these mutations remain to be defined
in PDAC, they are known to play roles chromatin modification, DNA repair and axon
guidance/cellular migration (Biankin et al, 2012). These studies have also identified
substantial genetic heterogeneity in the primary PDAC tumor and demonstrated that
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metastatic disease arises from distinct parental clones within the primary mass (Yachida et
al, 2010). In many cases, these daughter clones have acquired additional mutations that
may help with the process of metastasis (Yachida et al, 2010).

Genetically Engineered Mouse Models of Pancreatic Adenocarcinoma
The relatively limited number of primary cancer-causing mutations observed in human
PDAC has greatly facilitated the development of genetically engineered mouse models
(GEMMs) that faithfully recapitulate the spectrum of disease both grossly and
histologically. The key feature of each of these models is pancreas-specific expression of
Cre-recombinase for appropriate temporal and spatial activation of PDAC-specific
mutations. Although numerous pancreas-specific Cre mouse lines exist, the primary ones in
use are driven from Pdxl or p48 promoters (Hingorani et al, 2003; Magnuson & Osipovich,
2013).

The second critical component of PDAC GEMMs is activating mutations in Kras. Most PDAC
models utilize a glycine to aspartic acid mutation at codon 12 (G12D), although the lesscommon glycine to valine (G12V) mutation is also used (Guerra et al, 2007; Hingorani et al,
2003). In both cases, these alleles employ lox-stop-lox (LSL) technology to prevent
transcription of the mutant gene unless Cre-recombinase is present, such that the animals
are functionally heterozygous for Kras in non-malignant tissues. Confirming observations
from human studies, activating mutations in Kras alone is both necessary and sufficient to
promote PanIN formation (Hingorani et al, 2003). At low frequency, these lesions can
progress to full invasive and metastatic PDAC (Hingorani et al, 2003).
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As in human disease, combining Kras activation with common PDAC tumor suppressor
mutations permits consistent progression to invasive cancer. Reasoning that INK4A/ARF
inactivation appears to proceed p53 and SMAD4 mutations (Moskaluk et al, 1997; Wilentz
et al, 1998) in moderate grade human PanINs, researchers first generated a conditional
allele of this locus with exons 2 and 3 flanked by lox-P sites (Aguirre et al, 2003). Deletion
of these exons eliminates both the p161nk4a and p19Arf gene products. In contrast to the Kras
activation-only model, this model rapidly developed invasive disease and large stromal
component reminiscent of human pathology, with death occurring by 11 weeks (Aguirre et
al, 2003). Nevertheless, the limited metastatic burden of this mouse and tendency to
produce less differentiated disease histologically (Aguirre et al, 2003) has shifted to the
focus to other PDAC models.

In place of Ink4a/Arf mutations, many GEMMs of PDAC rely on altering Trp53, the mouse
ortholog of TP53. To investigate the role gain-of-function mutations frequently seen in
human cancers, Tyler Jacks, David Tuveson and colleagues utilized a LSL-Trp53Rl 72 H allele
(Olive et al, 2004) homologous to one of the most common mutations seen in human PDAC
(Edlund et al, 2012; Olivier et al, 2002). Combining this allele with the LSL-KrasG12D allele
and pancreas-specific Pdx-1-cre results in a GEMM (known as "KPC") that progresses the
full spectrum of histologic disease from normal pancreata to PanINs to invasive disease
with a median lifespan of 5.5 months (Hingorani et al, 2005). KPC mice exhibit highly
variable latency in disease development, with a lifespan ranging from 2-12 months, as
progression to PDAC requires a loss of heterozygosity at the wild type Trp53 locus. At high
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frequency, these mice also develop malignant ascites, cachexia and metastasis to distant
sites including the liver and lung, mimicking the human disease (Hingorani et al, 2005).

Researchers have also employed a Trp53 allele with exons 2 and 10 flanked by loxP sites
(Marino et al, 2000) to generate Trp53 null PDAC tumors (Bardeesy et al, 2006). Mice
homozygous for these alleles develop PDAC with kinetics similar to those with homozygous
Ink4a/Arf deletions, although these tumors maintain a higher degree of differentiation
similar to human disease (Bardeesy et al, 2006). The relatively short lifespan of these mice
(known as "KP+C") is thought to prevent the development of metastasis to distant sites,
although these mice still develop malignant ascites and cachexia. Mice heterozygous for the
Trp53 null allele demonstrate a phenotype more similar to the KPC mouse with longer
latency and metastastic disease (Bardeesy et al, 2006).

Among these models and numerous others, the KPC mouse represents the gold standard
for PDAC researchers. The high degree of pathological similarity to human disease has
made this the preferred GEMM for preclinical trials (Westphalen & Olive, 2012). A major
caveat, however, is that KPC mice cannot be enrolled in longitudinal trials based on age
alone. The high viability in disease latency means KPC mice must be serially imaged for
PDAC development prior to their inclusion (Westphalen & Olive, 2012). In this context, the
KP-/-C mouse with its more consistent kinetics offers a reasonable alternative for some
studies.
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Diabetes and Cachexia: Connections to Whole Body Metabolism
Amongst all major forms of cancer, PDAC has perhaps the most intimate connection to the
overall host metabolic state. This may stem in part from the central role of the pancreas in
metabolism through its effects on nutrient digestion, absorption and disposal. As discussed
previously, systemic alterations in glucose metabolism is both an established cause and
consequence of PDAC (Wang et al, 2003). Furthermore, PDAC patients develop cachexia at
a rate higher than any other common form of cancer (Dewys et al, 1980; Wigmore et al,
1997).

Although a clear clinical definition of cachexia remains elusive (Fearon et al, 2006), it is
best characterized as a depletion of skeletal muscle and adipose tissue with relative
preservation of visceral mass that is resistant to enhanced nutritional inputs, (Heymsfield
& McManus, 1985; Skipworth et al, 2007). This preferential depletion of mass results from
a combination of decreased food intake along with a shift in the homeostatic balance
towards the muscle protein catabolism and increased mobilization of lipids from fat
(Fearon et al, 2012; Lundholm et al, 1976). Indeed, PDAC patients display increased resting
metabolic rates consistent with this shift (Falconer et al, 1994; Moses et al, 2004), although
if or how these newly liberated nutrients may contribute to tumor cell growth is not well
understood. Thus, the extensive rewiring of whole body metabolism in the context of PDAC
development further raises question of whether the tumor may benefit from this process.
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Kras-Driven Mouse Model of Non-Small Cell Lung Cancer
High frequencies of RAS and TP53 mutations are not restricted to PDAC. These genes
represent some of the commonly mutated loci in all forms of cancer (Hanahan &Weinberg,
2011). Mutations in RAS family genes (H, K or N) occur in approximately 30% of human
cancers, with KRAS mutations making up some two-thirds of that total (Prior et al, 2012).
TP53 is the most commonly mutated gene in cancer, with mutations seen in approximately
50% of all cases (Soussi & Wiman, 2007). In many cases where TP53 is found to be wildtype, indirect mechanisms of P53 inactivation are thought to play such as increased
expression of MDM2 or in Human Papilloma Virus (HPV)-related cancers such as cervical
cancer, targeting by HPV protein E6 (Olivier et al, 2010; Soussi &Wiman, 2007).

Lung cancer represents the most common cause of cancer related death in the United
States (American Cancer Society, 2013). Among lung cancers, non-small cell lung cancer
(NSCLC) is the most prevalent type (Herbst et al, 2008). As in PDAC, KRAS (10-30%) and
TP53 (50-70%) rank among the most frequently mutated genes in NSCLC (Herbst et al,
2008) and have facilitated the development of reliable mouse models of the disease.
Utilizing an inhaled viral, rather than genetic, Cre-recombinase in combination with the
previously discussed LSL-KrasG12Dand Trp53flox/flox alleles, induces mice to develop NSCLC
in a predictable manner (DuPage et al, 2009). The inhaled viral Cre-recombinase allows
reserachers a higher degree of control than, for example, the Pdx-1-cre used for many PDAC
models. By altering the timing of infection, viral titers and even the vector used, adenovirus
or lentivirus, researchers can easily control tumor initiation and latency (DuPage et al,
2009). Finally, lentiviral based vectors offer another layer of manipulation, allowing
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researchers to combine NSCLC induction with further somatic gene editing in nascent
tumors through the CRISPR-Cas9 system (Sanchez-Rivera et al, 2014).

Although not the major focus of this thesis, NSCLC mice provide a key counterpoint to the
investigation of whole body metabolism in the context of PDAC. In humans for example,
NSCLC patients exhibit symptoms of whole body metabolic alterations such as cachexia to a
lesser degree than PDAC patients (Dewys et al, 1980). Therefore, as the mouse models of
these diseases differ only in their mechanism of Cre-recombinase administration,
comparisons between them may yield key insight into the relative contributions of tissue of
origin, tumor context and initiating genetic events to whole body metabolic phenotypes.

SUMMARY
The study of cancer metabolism in culture has advanced our understanding of the
metabolic requirements for proliferation. In vitro cell culture will continue to allow
investigation of the metabolic characteristics of single cell types and the effects of discreet
genetic and environmental manipulations. Indeed, numerous examples of metabolic
symbiosis between cell types have been defined using culture systems (Chaudhri et al,
2013; Guillaumond et al, 2013; Nieman et al, 2011; Pavlides et al, 2012; Zhang et al, 2012).

To continue to derive insight from culture systems, however, a greater appreciation for the
limitations discussed above will be important. The limited data from in vivo studies argues
that cancer metabolism in whole animals can be different from that observed in culture.
Whether this difference reflects the metabolic phenotype of less proliferative cancer cell
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populations that form the bulk of tumors remains to be determined, but studies in vivo will
enable the study of these cells as well as cancer types that have not been amenable to cell
culture. Mouse models of pancreatic cancer will provide an important tool to probe tumorhost tissue interactions in vivo that can have a major impact on patient outcomes (Dewys et
al, 1980). Additionally, the ability to understand the metabolic changes associated with
tumor growth driven by the same mutations in different tissue contexts will also benefit
from studies of cancer metabolism in vivo and inform our understanding of metastasis
(Yang et al, 2014). Ultimately, in vivo studies will help guide more effective targeting of
those metabolic changes that aid tumor progression in relevant clinical settings.

44

REFERENCES
Aguirre AJ, Bardeesy N, Sinha M, Lopez L, Tuveson DA, Horner J, Redston MS, DePinho RA
(2003) Activated Kras and Ink4a/Arf deficiency cooperate to produce metastatic
pancreatic ductal adenocarcinoma. Genes & development 17: 3112-3126
Albritton EC (1952) Standard Values in Blood. American Institute of BiologicalSciences: 86
Amakye D, Jagani Z, Dorsch M (2013) Unraveling the therapeutic potential of the Hedgehog
pathway in cancer. Nat Med 19: 1410-1422
American Cancer Society AC (2013) Cancer Facts and Figures 2013. Atlanta: American
CancerSociety
Baek S, Choi C-M, Ahn SH, Lee JW, Gong G, Ryu J-S, Oh SJ, Bacher-Stier C, Fels L, Koglin N,
Hultsch C, Schatz CA, Dinkelborg LM, Mittra ES, Gambhir SS, Moon DH (2012) Exploratory
Clinical Trial of (4S)-4-(3-[18F]fluoropropyl)-l-glutamate for Imaging xC- Transporter
Using Positron Emission Tomography in Patients with Non-Small Cell Lung or Breast
Cancer. Cancer research
Bailey JM, Swanson BJ, Hamada T, Eggers JP, Singh PK, Caffery T, Ouellette MM,
Hollingsworth MA (2008) Sonic hedgehog promotes desmoplasia in pancreatic cancer.
Clinical cancerresearch : an officialjournalof the American Associationfor CancerResearch
14: 5995-6004
Bar-Sagi D, Feramisco JR (1986) Induction of membrane ruffling and fluid-phase
pinocytosis in quiescent fibroblasts by ras proteins. Science 233: 1061-1068
Bardeesy N, Aguirre AJ, Chu GC, Cheng K-H, Lopez LV, Hezel AF, Feng B, Brennan C,
Weissleder R, Mahmood U, Hanahan D, Redston MS, Chin L, Depinho RA (2006) Both
p16(Ink4a) and the p19(Arf)-p53 pathway constrain progression of pancreatic
adenocarcinoma in the mouse. Proceedingsof the NationalAcademy of Sciences 103: 59475952
Ben-Haim S, Ell P (2009) 18F-FDG PET and PET/CT in the evaluation of cancer treatment
response. Journalof nuclear medicine: official publication, Society of Nuclear Medicine 50:
88-99
Bensaad K, Tsuruta A, Selak MA, Vidal M, Nakano K (2006) TIGAR, a p53-Inducible
Regulator of Glycolysis and Apoptosis. Cell
Biankin AV, Waddell N, Kassahn KS, Gingras M-C, Muthuswamy LB, Johns AL, Miller DK,
Wilson PJ, Patch A-M, Wu J, Chang DK, Cowley MJ, Gardiner BB, Song S, Harliwong I,
Idrisoglu S, Nourse C, Nourbakhsh E, Manning S, Wani S et al (2012) Pancreatic cancer
genomes reveal aberrations in axon guidance pathway genes. Nature
45

Birsoy K, Possemato R, Lorbeer FK, Bayraktar EC, Thiru P, Yucel B, Wang T, Chen WW, Clish
CB, Sabatini DM (2014) Metabolic determinants of cancer cell sensitivity to glucose
limitation and biguanides. Nature 508: 108-112
Blau N (2003) Physician's guide to the laboratory diagnosis of metabolic diseases.
Boros LG, Torday JS, Lim S, Bassilian S, Cascante M, Lee W-NP (2000) Transforming Growth
Factor 1 2 Promotes Glucose Carbon Incorporation into Nucleic Acid Ribose through the
Nonoxidative Pentose Cycle in Lung Epithelial Carcinoma Cells. Cancerresearch
Bosetti C, Lucenteforte E, Silverman DT, Petersen G, Bracci PM, Ji BT, Negri E, Li D, Risch
HA, Olson SH, Gallinger S, Miller AB, Bueno-de-Mesquita HB, Talamini R, Polesel J,
Ghadirian P, Baghurst PA, Zatonski W, Fontham E, Bamlet WR et al (2012) Cigarette
smoking and pancreatic cancer: an analysis from the International Pancreatic Cancer CaseControl Consortium (Panc4). Annals of oncology: official journalof the EuropeanSociety for
Medical Oncology / ESMO 23: 1880-1888
Cairns RA, Harris IS, Mak TW (2011) Regulation of cancer cell metabolism. Nature Reviews
Cancer11: 85-95
Chaudhri VK, Salzler GG, Dick SA, Buckman MS, Sordella R, Karoly ED, Mohney R, Stiles BM,
Elemento 0, Altorki NK, McGraw TE (2013) Metabolic Alterations in Lung CancerAssociated Fibroblasts Correlated with Increased Glycolytic Metabolism of the Tumor.
Molecular Cancer Research 11: 579-592
Chung WJ, Lyons SA, Nelson GM, Hamza H, Gladson CL, Gillespie GY, Sontheimer H (2005)
Inhibition of cystine uptake disrupts the growth of primary brain tumors. The Journalof
neuroscience:the officialjournalof the Society for Neuroscience 25: 7101-7110
Comerford SA, Huang Z, Du X, Wang Y, Cai L, Witkiewicz AK, Walters H, Tantawy MN, Fu A,
Manning HC, Horton JD, Hammer RE, McKnight SL, Tu BP (2014) Acetate Dependence of
Tumors. Cell 159: 1591-1602
Commisso C, Davidson SM, Soydaner-Azeloglu RG, Parker SJ, Kamphorst JJ, Hackett S,
Grabocka E, Nofal M, Drebin JA, Thompson CB, Rabinowitz JD, Metallo CM, Vander Heiden
MG, Bar-Sagi D (2013) Macropinocytosis of protein is an amino acid supply route in Rastransformed cells. Nature 497: 633-637
Deberardinis RJ, Mancuso A, Daikhin E, Nissim I, Yudkoff M, Wehrli S, Thompson CB (2007)
Beyond aerobic glycolysis: transformed cells can engage in glutamine metabolism that
exceeds the requirement for protein and nucleotide synthesis. Proceedingsof the National
Academy of Sciences of the United States ofAmerica 104: 19345-19350

46

Dewys WD, Begg C, Lavin PT, Band PR, Bennett JM, Bertino JR, Cohen MH, Douglass HO,
Engstrom PF, Ezdinli EZ, Horton J, Johnson GJ, Moertel CG, Oken MM, Perlia C, Rosenbaum
C, Silverstein MN, Skeel RT, Sponzo RW, Tormey DC (1980) Prognostic effect of weight loss
prior to chemotherapy in cancer patients. Eastern Cooperative Oncology Group. The
American journal of medicine 69: 491-497
Dolfi SC, Chan LL-Y, Qiu J, Tedeschi PM, Bertino JR, Hirshfield KM, Oltvai ZN, Vazquez A
(2013) The metabolic demands of cancer cells are coupled to their size and protein
synthesis rates. Cancer&amp; metabolism 1: 20
Drake KJ, Sidorov VY, Mcguinness OP, Wasserman DH, Wikswo JP (2012) Amino acids as
metabolic substrates during cardiac ischemia. Experimental . .
Duell EJ, Lucenteforte E, Olson SH, Bracci PM, Li D, Risch HA, Silverman DT, Ji BT, Gallinger
S, Holly EA, Fontham EH, Maisonneuve P, Bueno-de-Mesquita HB, Ghadirian P, Kurtz RC,
Ludwig E, Yu H, Lowenfels AB, Seminara D, Petersen GM et al (2012) Pancreatitis and
pancreatic cancer risk: a pooled analysis in the International Pancreatic Cancer CaseControl Consortium (PanC4). Annals of oncology: officialjournalof the European Societyfor
Medical Oncology / ESMO 23: 2964-2970
DuPage M, Dooley AL, Jacks T (2009) Conditional mouse lung cancer models using
adenoviral or lentiviral delivery of Cre recombinase. Nature Protocols4: 1064-1072
Eagle H, Oyama VI, Levy M, Horton CL, Fleischman R (1956) The growth response of
mammalian cells in tissue culture to L-glutamine and L-glutamic acid. TheJournalof
biologicalchemistry 218: 607-616
Edlund K, Larsson 0, Ameur A, Bunikis I, Gyllensten U, Leroy B, Sundstrom M, Micke P,
Botling J, Soussi T (2012) Data-driven unbiased curation of the TP53 tumor suppressor
gene mutation database and validation by ultradeep sequencing of human tumors. Proc
NatlAcadSci USA 109: 9551-9556
Everhart J, Wright D (1995) Diabetes mellitus as a risk factor for pancreatic cancer. A metaanalysis. Jama 273: 1605-1609
Falconer JS, Fearon KC, Plester CE, Ross JA, Carter DC (1994) Cytokines, the acute-phase
response, and resting energy expenditure in cachectic patients with pancreatic cancer.
Annals of surgery 219: 325-331
Fang M, Shen Z, Huang S, Zhao L, Chen S, Mak TW, Wang X (2010) The ER UDPase ENTPD5
promotes protein N-glycosylation, the Warburg effect, and proliferation in the PTEN
pathway. Cell 143: 711-724
Fearon KC, Voss AC, Hustead DS, Group CCS (2006) Definition of cancer cachexia: effect of
weight loss, reduced food intake, and systemic inflammation on functional status and
prognosis. The American journalof clinicalnutrition 83: 1345-1350
47

Fearon KCH, Glass DJ, Guttridge DC (2012) Cancer cachexia: mediators, signaling, and
metabolic pathways. Cell Metabolism 16: 153-166
Feig C, Gopinathan A, Neesse A, Chan DS, Cook N, Tuveson DA (2012) The Pancreas Cancer
Microenvironment. ClinicalCancer Research 18: 4266-4276
Fendt S-M, Bell EL, Keibler MA, Olenchock BA, Mayers JR, Wasylenko TM, Vokes NI,
Guarente L, Vander Heiden MG, Stephanopoulos G (2013) Reductive glutamine metabolism
is a function of the a -ketoglutarate to citrate ratio in cells. Nature Communications4: 2236
Fuster MM, Esko JD (2005) The sweet and sour of cancer: glycans as novel therapeutic
targets. Nature Reviews Cancer 5: 526-542
Gaglio D, Metallo CM, Gameiro PA, Hiller K, Danna LS, Balestrieri C, Alberghina L,
Stephanopoulos G, Chiaradonna F (2011) Oncogenic K-Ras decouples glucose and
glutamine metabolism to support cancer cell growth. MolecularSystems Biology 7: 523-523
Gao P, Tchernyshyov I, Chang T-C, Lee Y-S, Kita K, Ochi T, Zeller KI, De Marzo AM, Van Eyk
JE, Mendell JT, Dang CV (2009) c-Myc suppression of miR-23a/b enhances mitochondrial
glutaminase expression and glutamine metabolism. Nature 458: 762-765
Gore

J, Korc M

(2014) Pancreatic Cancer Stroma: Friend or Foe? Cancer cell 25: 711-712

Guerra C, Schuhmacher AJ, Cafiamero M, Grippo PJ, Verdaguer L, P rez-Gallego L, Dubus P,
Sandgren EP, Barbacid M (2007) Chronic pancreatitis is essential for induction of
pancreatic ductal adenocarcinoma by K-Ras oncogenes in adult mice. Cancercell 11: 291302
Guillaumond F, Leca J, Olivares 0, Lavaut MN, Vidal N, Berthezene P, Dusetti NJ, Loncle C,
Calvo E, Turrini 0, lovanna JL, Tomasini R, Vasseur S (2013) Strengthened glycolysis under
hypoxia supports tumor symbiosis and hexosamine biosynthesis in pancreatic
adenocarcinoma. Proceedingsof the NationalAcademy of Sciences of the United States of
America 110: 3919-3924
Hanahan D, Weinberg RA (2011) Hallmarks of Cancer: The Next Generation. Cell 144: 646674
Hawkins RA, Phelps ME (1988) PET in clinical oncology. Cancermetastasisreviews 7: 119142
Helmlinger G, Yuan F, Dellian M, Jain RK (1997) Interstitial pH and p02 gradients in solid
tumors in vivo: high-resolution measurements reveal a lack of correlation. Nature Medicine
3: 177-182

48

Herbst RS, Heymach JV, Lippman SM (2008) Lung cancer. N Englj Med 359: 1367-1380
Heymsfield SB, McManus CB (1985) Tissue components of weight loss in cancer patients. A
new method of study and preliminary observations. Cancer 55: 238-249
Hidalgo M (2010) Pancreatic Cancer. New EnglandJournalof Medicine 362: 1605-1617
Hingorani SR, Petricoin EF, Maitra A, Rajapakse V, King C, Jacobetz MA, Ross S, Conrads TP,
Veenstra TD, Hitt BA, Kawaguchi Y, Johann D, Liotta LA, Crawford HC, Putt ME, Jacks T,
Wright CVE, Hruban RH, Lowy AM, Tuveson DA (2003) Preinvasive and invasive ductal
pancreatic cancer and its early detection in the mouse. Cancercell 4: 437-450
Hingorani SR, Wang L, Multani AS, Combs C, Deramaudt TB, Hruban RH, Rustgi AK, Chang S,
Tuveson DA (2005) Trp53R172H and KrasG12D cooperate to promote chromosomal
instability and widely metastatic pancreatic ductal adenocarcinoma in mice. Cancercell 7:
469-483
Hirayama A, Kami K, Sugimoto M, Sugawara M, Toki N, Onozuka H, Kinoshita T, Saito N,
Ochiai A, Tomita M, Esumi H, Soga T (2009) Quantitative metabolome profiling of colon and
stomach cancer microenvironment by capillary electrophoresis time-of-flight mass
spectrometry. Cancerresearch 69: 4918-4925
Ho C-L, Yu SCH, Yeung DWC (2003) 11C-acetate PET imaging in hepatocellular carcinoma
and other liver masses. Journalof nuclearmedicine: official publication,Society of Nuclear
Medicine 44: 213-221
Holroyde CP, Gabuzda TG, Putnam RC, Paul P, Reichard GA (1975) Altered glucose
metabolism in metastatic carcinoma. Cancerresearch 35: 3710-3714
Hruban RH, Adsay NV, Albores-Saavedra J, Compton C, Garrett ES, Goodman SN, Kern SE,
Klimstra DS, Kl6ppel G, Longnecker DS, Ldttges J, Offerhaus GJ (2001) Pancreatic
intraepithelial neoplasia: a new nomenclature and classification system for pancreatic duct
lesions. The American journalofsurgicalpathology 25: 579-586
Hu J, Locasale JW, Bielas JH, O&apos;Sullivan J, Sheahan K, Cantley LC, Vander Heiden MG,
Vitkup D (2013) Heterogeneity of tumor-induced gene expression changes in the human
metabolic network. Nature biotechnology 31: 522-529
Hustinx SR, Leoni LM, Yeo CJ, Brown PN, Goggins M, Kern SE, Hruban RH, Maitra A (2005)
Concordant loss of MTAP and p16/CDKN2A expression in pancreatic intraepithelial
neoplasia: evidence of homozygous deletion in a noninvasive precursor lesion. Modern
pathology: an officialjournalof the United States and CanadianAcademy of Pathology, Inc
18: 959-963

49

Huxley R, Ansary-Moghaddam A, Berrington de Gonzalez A, Barzi F, Woodward M (2005)
Type-Il diabetes and pancreatic cancer: a meta-analysis of 36 studies. British Journalof
Cancer92: 2076-2083
Inculet RI, Stein TP, Peacock JL, Leskiw M, Maher M, Gorschboth CM, Norton JA (1987)
Altered leucine metabolism in noncachectic sarcoma patients. Cancerresearch 47: 47464749
Israelsen WJ, Dayton TL, Davidson SM, Fiske BP, Hosios AM, Bellinger G, Li J, Yu Y, Sasaki M,
Horner JW, Burga LN, Xie J, jurczak MJ, Depinho RA, Clish CB, Jacks T, Kibbey RG, Wulf GM,
Di Vizio D, Mills GB et al (2013) PKM2 isoform-specific deletion reveals a differential
requirement for pyruvate kinase in tumor cells. Cell 155: 397-409
Jain M, Nilsson R, Sharma S, Madhusudhan N, Kitami T, Souza AL, Kafri R, Kirschner MW,
Clish CB, Mootha VK (2012) Metabolite Profiling Identifies a Key Role for Glycine in Rapid
Cancer Cell Proliferation. Science 336: 1040-1044
Jemal A, Siegel R, Ward E, Hao Y, Xu J, Murray T, Thun MJ (2008) Cancer statistics, 2008. CA:
a cancerjournalforclinicians 58: 71-96
Joerger AC, Fersht AR (2007) Structural biology of the tumor suppressor p53 and cancerassociated mutants. Advances in cancer research 97: 1-23
Kamphorst

JJ Cancerresearch

Kamphorst JJ, Chung MK, Fan J (2014) Quantitative analysis of acetyl-CoA production in
hypoxic cancer cells reveals substantial contribution from acetate. Cancer&amp; ...
Kamphorst JJ, Cross JR, Fan J, de Stanchina E, Mathew R, White EP, Thompson CB,
Rabinowitz JD (2013) Hypoxic and Ras-transformed cells support growth by scavenging
unsaturated fatty acids from lysophospholipids. Proceedingsof the NationalAcademy of
Sciences of the United States ofAmerica 110: 8882-8887
Kanda M, Matthaei H, Wu J, Hong SM, Yu J, Borges M, Hruban RH, Maitra A, Kinzler K,
Vogelstein B, Goggins M (2012) Presence of somatic mutations in most early-stage
pancreatic intraepithelial neoplasia.Gastroenterology142: 730-733 e739
Khairallah M (2003) Profiling substrate fluxes in the isolated working mouse heart using
13C-labeled substrates: focusing on the origin and fate of pyruvate and citrate carbons. AJP:
Heartand CirculatoryPhysiology 286: H1461-H1470

-

Khasawneh J, Schulz M, Walch A, Rozman J, De Angelis MH, Klingenspor M, Buck A,
Schwaiger M, Saur D, Schmid R (2009) Inflammation and mitochondrial fatty acid 3
oxidation link obesity to early tumor promotion. Proceedingsof the NationalAcademy of
Sciences 106: 3354
50

Kim D, Fiske BP, Birsoy K, Freinkman E, Kami K, Possemato RL, Chudnovsky Y, Pacold ME,
Chen WW, Cantor JR, Shelton LM, Gui DY, Kwon M, Ramkissoon SH, Ligon KL, Kang SW,
Snuderl M, Vander Heiden MG, Sabatini DM (2015) SHMT2 drives glioma cell survival in
ischaemia but imposes a dependence on glycine clearance. Nature 520: 363-367
Kir S, White JP, Kleiner S, Kazak L, Cohen P, Baracos VE, Spiegelman BM (2014) Tumourderived PTH-related protein triggers adipose tissue browning and cancer cachexia. Nature
513: 100-104
Labuschagne CF, van den Broek NJF, Mackay GM, Vousden KH, Maddocks ODK (2014)
Serine, but not glycine, supports one-carbon metabolism and proliferation of cancer cells.
Cell reports 7: 1248-1258
Lang GA, Iwakuma T, Suh YA, Liu G, Rao VA, Parant JM, Valentin-Vega YA, Terzian T,
Caldwell LC, Strong LC, El-Naggar AK, Lozano G (2004) Gain of function of a p53 hot spot
mutation in a mouse model of Li-Fraumeni syndrome. Cell 119: 861-872
Lemons JMS, Feng X-J, Bennett BD, Legesse-Miller A, Johnson EL, Raitman I, Pollina EA,
Rabitz HA, Rabinowitz JD, Coller HA (2010) Quiescent fibroblasts exhibit high metabolic
activity. PLoS biology 8: e1000514
Lewis CA, Parker SJ, Fiske BP, McCloskey D, Gui DY, Green CR, Vokes NI, Feist AM, Vander
Heiden MG, Metallo CM (2014) Tracing Compartmentalized NADPH Metabolism in the
Cytosol and Mitochondria of Mammalian Cells. Molecular cell
Li D, Morris JS, Liu J, Hassan MM, Day RS, Bondy ML, Abbruzzese JL (2009) Body mass index
and risk, age of onset, and survival in patients with pancreatic cancer.Jama 301: 25532562
Li D, Xie K, Wolff R, Abbruzzese JL (2004) Pancreatic cancer. The Lancet 363: 1049-1057
Lieberman BP, Ploessl K, Wang L, Qu W, Zha Z, Wise DR, Chodosh LA, Belka G, Thompson
CB, Kung HF (2011) PET Imaging of Glutaminolysis in Tumors by 18F-(2S,4R)4Fluoroglutamine. Journalof nuclear medicine: official publication, Society of Nuclear
Medicine 52: 1947-1955
Liu W, Le A, Hancock C, Lane AN, Dang CV, Fan TWM, Phang JM (2012) Reprogramming of
proline and glutamine metabolism contributes to the proliferative and metabolic responses
regulated by oncogenic transcription factor c-MYC. Proceedingsof the NationalAcademy of
Sciences of the United States ofAmerica 109: 8983-8988
Locasale JW, Grassian AR, Melman T, Lyssiotis CA, Mattaini KR, Bass AJ, Heffron G, Metallo
CM, Muranen T, Sharfi H, Sasaki AT, Anastasiou D, Mullarky E, Vokes NI, Sasaki M,
Beroukhim R, Stephanopoulos G, Ligon AH, Meyerson M, Richardson AL et al (2011)
51

Phosphoglycerate dehydrogenase diverts glycolytic flux and contributes to oncogenesis.
Naturegenetics43: 869-874
Lundholm K, Bylund AC, Holm J, Scherst6n T (1976) Skeletal muscle metabolism in patients
with malignant tumor. EuropeanJournalof Cancer12: 465-473
Lunt SY, Muralidhar V, Hosios AM, Israelsen WJ, Gui DY, Newhouse L, Ogrodzinski M, Hecht
V, Xu K, Acevedo PNM, Hollern DP, Bellinger G, Dayton TL, Christen S, Elia I, Dinh AT,
Stephanopoulos G, Manalis SR, Yaffe MB, Andrechek ER et al (2014) Pyruvate Kinase
Isoform Expression Alters Nucleotide Synthesis to Impact Cell Proliferation. Molecular cell
Lunt SY, Vander Heiden MG (2011) Aerobic Glycolysis: Meeting the Metabolic
Requirements of Cell Proliferation. Annual Review of Cell and Developmental Biology 27:
441-464
Maddocks 0, Vousden KH (2011) Metabolic regulation by p53 - Springer. Journalof
molecular medicine
Maddocks ODK, Berkers CR, Mason SM, Zheng L, Blyth K, Gottlieb E, Vousden KH (2012)
Serine starvation induces stress and p53-dependent metabolic remodelling in cancer cells.
Nature 493: 542-546
Magnuson MA, Osipovich AB (2013) Pancreas-Specific Cre Driver Lines and Considerations
for Their Prudent Use. Cell Metabolism 18: 9-20
Maher EA, Marin-Valencia I, Bachoo RM, Mashimo T, Raisanen J, Hatanpaa KJ, Jindal A,
Jeffrey FM, Choi C, Madden C, Mathews D, Pascual JM, Mickey BE, Malloy CR, Deberardinis
RJ (2012) Metabolism of [U-13 C]glucose in human brain tumors in vivo. NMR in
biomedicine 25: 1234-1244
Marin-Valencia I, Yang C, Mashimo T, Cho S, Baek H, Yang X-L, Rajagopalan KN, Maddie M,
Vemireddy V, Zhao Z, Cai L, Good L, Tu BP, Hatanpaa KJ, Mickey BE, Mates JM, Pascual JM,
Maher EA, Malloy CR, Deberardinis RJ et al (2012) Analysis of tumor metabolism reveals
mitochondrial glucose oxidation in genetically diverse human glioblastomas in the mouse
brain in vivo. Cell Metabolism 15: 827-837
Marino S, Vooijs M, van Der Gulden H, Jonkers J, Berns A (2000) Induction of
medulloblastomas in p53-null mutant mice by somatic inactivation of Rb in the external
granular layer cells of the cerebellum. Genes & development 14: 994-1004
Mashimo T, Pichumani K, Vemireddy V, Hatanpaa KJ, Singh DK, Sirasanagandla S,
Nannepaga S, Piccirillo SG, Kovacs Z, Foong C, Huang Z, Barnett S, Mickey BE, Deberardinis
RJ, Tu BP, Maher EA, Bachoo RM (2014) Acetate Is a Bioenergetic Substrate for Human
Glioblastoma and Brain Metastases. Cell 159: 1603-1614

52

Mayers JR, Wu C, Clish CB, Kraft P, Torrence ME, Fiske BP, Yuan C, Bao Y, Townsend MK,
Tworoger SS, Davidson SM, Papagiannakopoulos T, Yang A, Dayton TL, Ogino S, Stampfer
MJ, Giovannucci EL, Qian ZR, Rubinson DA, Ma J et al (2014) Elevation of circulating
branched-chain amino acids is an early event in human pancreatic adenocarcinoma
development. Nature Medicine
McDonnell LA, Heeren R (2007) Imaging mass spectrometry - McDonnell - 2007 - Mass

Spectrometry Reviews - Wiley Online Library. Mass spectrometry reviews
McMenamy RH, Lund CC, Oncley JL (1957) Unbound Amino Acid Concentrations in Human
Blood Plasmas. The Journalof clinicalinvestigation 36: 1672-1679
Metallo CM, Gameiro PA, Bell EL, Mattaini KR, Yang J, Hiller K, Jewell CM, Johnson ZR, Irvine
DJ, Guarente L, Kelleher JK, Vander Heiden MG, Iliopoulos 0, Stephanopoulos G (2011)
Reductive glutamine metabolism by IDH1 mediates lipogenesis under hypoxia. Nature
Metallo CM, Vander Heiden MG (2013) Understanding Metabolic Regulation and Its
Influence on Cell Physiology. Molecularcell 49: 388-398
Michaud DS, Giovannucci E, Willett WC, Colditz GA, Stampfer MJ, Fuchs CS (2001) Physical
activity, obesity, height, and the risk of pancreatic cancer.Jama 286: 921-929
Moses AWG, Slater C, Preston T, Barber MD, Fearon KCH (2004) Reduced total energy
expenditure and physical activity in cachectic patients with pancreatic cancer can be
modulated by an energy and protein dense oral supplement enriched with n-3 fatty acids.
British Journalof Cancer90: 996-1002
Moskaluk CA, Hruban RH, Kern SE (1997) p 1 6 and K-ras gene mutations in the intraductal
precursors of human pancreatic adenocarcinoma. CancerRes 57: 2140-2143
Mullen AR, Wheaton WW, Jin ES, Chen P-H, Sullivan LB, Cheng T, Yang Y, Linehan WM,
Chandel NS, Deberardinis RJ (2011) Reductive carboxylation supports growth in tumour
cells with defective mitochondria. Nature
Newgard CB, An J, Bain JR, Muehlbauer MJ, Stevens RD, Lien LF, Haqq AM, Shah SH, Arlotto
M, Slentz CA (2009) A Branched-Chain Amino Acid-Related Metabolic Signature that
Differentiates Obese and Lean Humans and Contributes to Insulin Resistance. Cell
Metabolism 9: 311-326
Nieman KM, Kenny HA, Penicka CV, Ladanyi A, Buell-Gutbrod R, Zillhardt MR, Romero IL,
Carey MS, Mills GB, Hotamisligil GS, Yamada SD, Peter ME, Gwin K, Lengyel E (2011)
Adipocytes promote ovarian cancer metastasis and provide energy for rapid tumor growth.
Nature Medicine 17: 1498-1503
Ogunrinu TA, Sontheimer H (2010) Hypoxia increases the dependence of glioma cells on
glutathione. The Journalof biologicalchemistry 285: 37716-37724
53

Olive KP, Jacobetz MA, Davidson CJ, Gopinathan A, McIntyre D, Honess D, Madhu B,
Goldgraben MA, Caldwell ME, Allard D, Frese KK, Denicola G, Feig C, Combs C, Winter SP,
Ireland-Zecchini H, Reichelt S, Howat WJ, Chang A, Dhara M et al (2009) Inhibition of
Hedgehog signaling enhances delivery of chemotherapy in a mouse model of pancreatic
cancer. Science 324: 1457-1461
Olive KP, Tuveson DA, Ruhe ZC, Yin B, Willis NA, Bronson RT, Crowley D, Jacks T (2004)
Mutant p53 gain of function in two mouse models of Li-Fraumeni syndrome. Cell 119: 847860
Olivier M, Eeles R, Hollstein M, Khan MA, Harris CC, Hainaut P (2002) The IARC TP53
database: new online mutation analysis and recommendations to users. Human mutation
19: 607-614
Olivier M, Hollstein M, Hainaut P (2010) TP53 mutations in human cancers: origins,
consequences, and clinical use. Cold Spring Harborperspectives in biology 2: aOO 1008
Oren M, Rotter V (2010) Mutant p53 gain-of-function in cancer. Cold Spring Harbor
perspectives in biology 2: a001107
Owen OE, Morgan AP, Kemp HG, Sullivan JM, Herrera MG, Cahill GF (1967) Brain
metabolism during fasting. The Journalof clinical investigation 46: 1589-1595
Ozdemir BC, Pentcheva-Hoang T, Carstens JL, Zheng X, Wu C-C, Simpson TR, Laklai H,
Sugimoto H, Kahlert C, Novitskiy SV, De Jesus-Acosta A, Sharma P, Heidari P, Mahmood U,
Chin L, Moses HL, Weaver VM, Maitra A, Allison JP, LeBleu VS et al (2014) Depletion of
Carcinoma-Associated Fibroblasts and Fibrosis Induces Immunosuppression and
Accelerates Pancreas Cancer with Reduced Survival. Cancercell
Pannala R, Basu A, Petersen GM, Chari ST (2009a) New-onset diabetes: a potential clue to
the early diagnosis of pancreatic cancer. The lancet oncology 10: 88-95
Pannala R, Leibson CL, Rabe KG, Timmons LJ, Ransom J, de Andrade M, Petersen GM, Chari
ST (2009b) Temporal association of changes in fasting blood glucose and body mass index
with diagnosis of pancreatic cancer. The American journalofgastroenterology104: 23 182325
Patel AP, Tirosh I, Trombetta JJ, Shalek AK, Gillespie SM, Wakimoto H, Cahill DP, Nahed BV,
Curry WT, Martuza RL, Louis DN, Rozenblatt-Rosen 0, Suva ML, Regev A, Bernstein BE
(2014) Single-cell RNA-seq highlights intratumoral heterogeneity in primary glioblastoma.
Science 344: 1396-1401
Pavlides S, Vera I, Gandara R, Sneddon S, Pestell RG, Mercier I, Martinez-Outschoorn UE,
Whitaker-Menezes D, Howell A, Sotgia F, Lisanti MP (2012) Warburg Meets Autophagy:
Cancer-Associated Fibroblasts Accelerate Tumor Growth and Metastasis viaOxidative
54

Stress, Mitophagy, and Aerobic Glycolysis. Antioxidants &amp;Redox Signaling 16: 12641284
Pavlides S, Whitaker-Menezes D, Castello-Cros R, Flomenberg N, Witkiewicz AK, Frank PG,
Casimiro MC, Wang C, Fortina P, Addya S, Pestell RG, Martinez-Outschoorn UE, Sotgia F,
Lisanti MP (2009) The reverse Warburg effect: aerobic glycolysis in cancer associated
fibroblasts and the tumor stroma. Cell Cycle 8: 3984-4001
Pitk nen HT, Oja SS, Kemppainen K, Seppd JM, Mero AA (2003) Serum amino acid
concentrations in aging men and women. Amino Acids 24: 413-421
Possemato R, Marks KM, Shaul YD, Pacold ME, Kim D, Birsoy K, Sethumadhavan S, Woo H-K,
Jang HG, Jha AK, Chen WW, Barrett FG, Stransky N, Tsun Z-Y, Cowley GS, Barretina J,
Kalaany NY, Hsu PP, Ottina K, Chan AM et al (2011) Functional genomics reveal that the
serine synthesis pathway is essential in breast cancer. Nature 476: 346-350
Prabhu A, Sarcar B, Kahali S, Yuan Z, Johnson JJ, Adam KP, Kensicki E, Chinnaiyan P (2014)
Cysteine Catabolism: A Novel Metabolic Pathway Contributing to Glioblastoma Growth.
Cancerresearch 74: 787-796
Prior IA, Lewis PD, Mattos C (2012) A comprehensive survey of Ras mutations in cancer.
Cancer Res 72: 2457-2467
Provenzano PP, Cuevas C, Chang AE, Goel VK, Von Hoff DD, Hingorani SR (2012) Enzymatic
targeting of the stroma ablates physical barriers to treatment of pancreatic ductal
adenocarcinoma. Cancercell 21: 418-429
Puchowicz MA, Bederman IR, Comte B, Yang D, David F, Stone E, Jabbour K, Wasserman DH,
Brunengraber H (1999) Zonation of acetate labeling across the liver: implications for
studies of lipogenesis by MIDA. The American journalofphysiology 277: E1022-1027
Rahib L, Smith BD, Aizenberg R, Rosenzweig AB, Fleshman JM, Matrisian LM (2014)
Projecting Cancer Incidence and Deaths to 2030: The Unexpected Burden of Thyroid, Liver,
and Pancreas Cancers in the United States. Cancerresearch 74: 2913-2921
Rhim AD, Oberstein PE, Thomas DH, Mirek ET, Palermo CF, Sastra SA, Dekleva EN,
Saunders T, Becerra CP, Tattersall IW, Westphalen CB, Kitajewski J, Fernandez-Barrena MG,
Fernandez-Zapico ME, lacobuzio-Donahue C, Olive KP, Stanger BZ (2014) Stromal Elements
Act to Restrain, Rather Than Support, Pancreatic Ductal Adenocarcinoma. Cancer cell 25:
735-747
Richards DA, Stephenson J, Wolpin BM, Becerra C, Hamm JT, Messersmith WA, Fuchs CS
(2012) A phase Ib trial of IPI-926, a hedgehog pathway inhibitor, plus gemcitabine in
patients with metastatic pancreatic cancer.J Clin Oncol 30(Suppl. 4): 213

55

Roberts EW, Deonarine A, Jones JO, Denton AE, Feig C, Lyons SK, Espeli M, Kraman M,
McKenna B, Wells RJB, Zhao Q, Caballero OL, Larder R, Coll AP, O&apos;Rahilly S, Brindle
KM, Teichmann SA, Tuveson DA, Fearon DT (2013) Depletion of stromal cells expressing
fibroblast activation protein- from skeletal muscle and bone marrow results in cachexia
and anemia.Journalof ExperimentalMedicine 210: 1137-1151
Rodrigues TB, Serrao EM, Kennedy BWC, Hu D-E, Kettunen MI, Brindle KM (2014) Magnetic
resonance imaging of tumor glycolysis using hyperpolarized 13C-labeled glucose. Nature
Medicine 20: 93-97
Ryan DP, Hong TS, Bardeesy N (2014) Pancreatic adenocarcinoma. New EnglandJournalof
Medicine 371: 1039-1049
Sakurai Y, Klein S (1998) Metabolic alteration in patients with cancer: nutritional
implications. Surgery today 28: 247-257
Sanchez-Rivera FJ, Papagiannakopoulos T, Romero R, Tammela T, Bauer MR, Bhutkar A,
Joshi NS, Subbaraj L, Bronson RT, Xue W, Jacks T (2014) Rapid modelling of cooperating
genetic events in cancer through somatic genome editing. Nature 516: 428-431
Schug ZT, Peck B, Jones DT, Zhang Q, Grosskurth S, Alam IS, Goodwin LM, Smethurst E,
Mason S, Blyth K, McGarry L, James D, Shanks E, Kalna G, Saunders RE, Jiang M, Howell M,
Lassailly F, Thin MZ, Spencer-Dene B et al (2015) Acetyl-CoA Synthetase 2 Promotes
Acetate Utilization and Maintains Cancer Cell Growth under Metabolic Stress. Cancer cell
27: 57-71
Schwartzenberg-Bar-Yoseph F, Armoni M, Karnieli E (2004) The tumor suppressor p53
down-regulates glucose transporters GLUT1 and GLUT4 gene expression. Cancerresearch
64: 2627-2633
Shaw JH, Wolfe RR (1987a) Fatty acid and glycerol kinetics in septic patients and in
patients with gastrointestinal cancer. The response to glucose infusion and parenteral
feeding. Annals of surgery
Shaw JH, Wolfe RR (1987b) Glucose and urea kinetics in patients with early and advanced
gastrointestinal cancer: the response to glucose infusion, parenteral feeding, and surgical
resection. Surgery 101: 181-191
Shim H, Dolde C, Lewis BC, Wu C-S, Dang G, Jungmann RA, Dalla-Favera R, Dang CV (1997)
c-Myc transactivation of LDH-A: Implications for tumor metabolism and growth.
Proceedingsof the...
Shukla SK, Gebregiworgis T, Purohit V, Chaika NV, Gunda V, Radhakrishnan P, Mehla K,
Pipinos II, Powers R, Yu F, Singh PK (2014) Metabolic reprogramming induced by ketone
bodies diminishes pancreatic cancer cachexia. Cancer &amp;metabolism 2: 18
56

Skipworth RJE, Stewart GD, Dejong CHC, Preston T, Fearon KCH (2007) Pathophysiology of
cancer cachexia: Much more than host-tumour interaction? Clinical Nutrition 26: 667-676
Son J, Lyssiotis CA, Ying H, Wang X, Hua S, Ligorio M, Perera RM, Ferrone CR, Mullarky E,
Shyh-Chang N, Kang Ya, Fleming JB, Bardeesy N, Asara JM, Haigis MC, Depinho RA, Cantley
LC, Kimmelman AC (2013) Glutamine supports pancreatic cancer growth through a KRASregulated metabolic pathway. Nature 496: 101-105
Sonveaux P, V6gran F, Schroeder T, Wergin MC, Verrax J, Rabbani ZN, De Saedeleer CJ,
Kennedy KM, Diepart C, Jordan BF, Kelley MJ, Gallez B, Wahl ML, Feron 0, Dewhirst MW
(2008) Targeting lactate-fueled respiration selectively kills hypoxic tumor cells in mice. The
Journal of clinical investigation 118: 3930-3942
Soussi T, Beroud C (2001) Assessing TP53 status in human tumours to evaluate clinical
outcome. Nature reviews Cancer 1: 233-240
Soussi T, Wiman KG (2007) Shaping genetic alterations in human cancer: the p53 mutation
paradigm. Cancer cell 12: 303-312
Stein WH, Moore S (1954) The free amino acids of human blood plasma. The Journalof
biologicalchemistry 211: 915
Steinhauser ML, Bailey AP, Senyo SE, Guillermier C, Perlstein TS, Gould AP, Lee RT, Lechene
CP (2012) Multi-isotope imaging mass spectrometry quantifies stem cell division and
metabolism. Nature
Stolzenberg-Solomon RZ, Graubard BI, Chari S, Limburg P, Taylor PR, Virtamo J, Albanes D
(2005) Insulin, glucose, insulin resistance, and pancreatic cancer in male smokers.Jama
294: 2872-2878
Tatum JL, Kelloff GJ, Gillies RJ, Arbeit JM, Brown JM, Chao KSC, Chapman JD, Eckelman WC,
Fyles AW, Giaccia AJ, Hill RP, Koch CJ, Krishna MC, Krohn KA, Lewis JS, Mason RP, Melillo G,
Padhani AR, Powis G, Rajendran JG et al (2006) Hypoxia: importance in tumor biology,
noninvasive measurement by imaging, and value of its measurement in the management of
cancer therapy. Internationaljournalof radiationbiology 82: 699-757
Thayer SP, di Magliano MP, Heiser PW, Nielsen CM, Roberts DJ, Lauwers GY, Qi YP, Gysin S,
Fernandez-del Castillo C, Yajnik V, Antoniu B, McMahon M, Warshaw AL, Hebrok M (2003)
Hedgehog is an early and late mediator of pancreatic cancer tumorigenesis. Nature 425:
851-856
T6njes M, Barbus S, Park YJ, Wang W, Schlotter M, Lindroth AM, Pleier SV, Bai AHC, Karra D,
Piro RM, Felsberg J, Addington A, Lemke D, Weibrecht I, Hovestadt V, Rolli CG, Campos B,
Turcan S, Sturm D, Witt H et al (2013) BCAT1 promotes cell proliferation through amino
acid catabolism in gliomas carrying wild-type IDHI. Nature Medicine 19: 901-908
57

Vaupel P, Kallinowski F, Okunieff P (1989) Blood Flow, Oxygen and Nutrient Supply, and
Metabolic Microenvironment of Human Tumors: A Review. Cancerresearch
Vizan P (2005) K-ras Codon-Specific Mutations Produce Distinctive Metabolic Phenotypes
in Human Fibroblasts. Cancer research 65: 5512-5515
Wang F, Herrington M, Larsson J, Permert J (2003) The relationship between diabetes and
pancreatic cancer. Molecular cancer 2: 1-5
Wang R, Dillon CP, Shi LZ, Milasta S, Carter R, Finkelstein D, McCormick LL, Fitzgerald P, Chi
H, Munger J, Green DR (2011) The Transcription Factor Myc Controls Metabolic
Reprogramming upon T Lymphocyte Activation. Immunity 35: 871-882
Warburg 0, Posener K (1924) Ueber den Stoffwechsel der Carcinomzelle: Die
Naturwissenschaften.
Weissmueller S, Manchado E, Saborowski M, Morris I, John P, Wagenblast E, Davis CA,
Moon S-H, Pfister NT, Tschaharganeh DF, Kitzing T, Aust D, Markert EK, Wu J, Grimmond
SM, Pilarsky C, Prives C, Biankin AV, Lowe SW (2014) Mutant p53 Drives Pancreatic Cancer
Metastasis through Cell-Autonomous PDGF Receptor / Signaling. Cell 157: 382-394
Westphalen CB, Olive KP (2012) Genetically Engineered Mouse Models of Pancreatic
Cancer. The CancerJournal18: 502-510
Wigmore SJ, Plester CE, Richardson RA, Fearon KC (1997) Changes in nutritional status
associated with unresectable pancreatic cancer. British Journalof Cancer75: 106-109
Wilentz RE, Geradts J, Maynard R, Offerhaus GJ, Kang M, Goggins M, Yeo CJ, Kern SE, Hruban
RH (1998) Inactivation of the p16 (INK4A) tumor-suppressor gene in pancreatic duct
lesions: loss of intranuclear expression. Cancer Res 58: 4740-4744
Wilson DM, Kurhanewicz J (2014) Hyperpolarized 13C MR for Molecular Imaging of
Prostate Cancer.Journalof nuclearmedicine: official publication, Society of Nuclear
Medicine 55: 1567-1572
Wise DR, Deberardinis RJ, Mancuso A, Sayed N, Zhang X-Y, Pfeiffer HK, Nissim I, Daikhin E,
Yudkoff M, McMahon SB, Thompson CB (2008) Myc regulates a transcriptional program
that stimulates mitochondrial glutaminolysis and leads to glutamine addiction. Proceedings
of the NationalAcademy of Sciences of the United States ofAmerica 105: 18782-18787
Wise DR, Ward PS, Shay JES, Cross JR, Gruber JJ, Sachdeva UM, Platt JM, DeMatteo RG,
Simon MC, Thompson CB (2011) Hypoxia promotes isocitrate dehydrogenase-dependent
carboxylation of a -ketoglutarate to citrate to support cell growth and viability.

58

Wolpin BM, Bao Y, Qian ZR, Wu C, Kraft P, Ogino S, Stampfer MJ, Sato K, Ma J, Buring JE,
Sesso HD, Lee IM, Gaziano JM, McTiernan A, Phillips LS, Cochrane BB, Pollak MN, Manson
JE, Giovannucci EL, Fuchs CS (2013) Hyperglycemia, insulin resistance, impaired pancreatic
beta-cell function, and risk of pancreatic cancer.J Natl CancerInst 105: 1027-1035
Wolpin BM, Chan AT, Hartge P, Chanock SJ, Kraft P, Hunter DJ, Giovannucci EL, Fuchs CS
(2009) ABO blood group and the risk of pancreatic cancer.Journalof the National Cancer
Institute 101: 424-431
Wuu JA, Wen LY, Chuang TY, Chang GG (1988) Amino acid concentrations in serum and
aqueous humor from subjects with extreme myopia or senile cataract. Clinicalchemistry
34: 1610-1613
Yachida S, Yachida S, Jones S, Jones S, Bozic I, Bozic I, Antal T, Antal T, Leary R, Leary R, Fu
B, Fu B, Kamiyama M, Kamiyama M, Hruban RH, Hruban RH, Eshleman JR, Eshleman JR,
Nowak MA, Nowak MA et al (2010) Distant metastasis occurs late during the genetic
evolution of pancreatic cancer. Nature 467: 1114-1117
Yan H, Parsons DW, Jin G, McLendon R, Rasheed BA, Yuan W, Kos I, Batinic-Haberle I, Jones
S, Riggins GJ, Friedman H, Friedman A, Reardon D, Herndon J, Kinzler KW, Velculescu VE,
Vogelstein B, Bigner DD (2009) IDH1 and IDH2 mutations in gliomas. New EnglandJournal
of Medicine 360: 765-773
Yang L, Moss T, Mangala LS, Marini J, Zhao H, Wahlig S, Armaiz-Pena G, Jiang D, Achreja A,
Win J, Roopaimoole R, Rodriguez-Aguayo C, Mercado-Uribe I, Lopez-Berestein G, Liu J,
Tsukamoto T, Sood AK, Ram PT, Nagrath D (2014) Metabolic shifts toward glutamine
regulate tumor growth, invasion and bioenergetics in ovarian cancer. MolecularSystems
Biology 10: 728-728
Ye J, Fan J, Venneti S, Wan YW, Pawel BR, Zhang J, Finley LWS, Lu C, Lindsten T, Cross
G, Liu Z, Simon MC, Rabinowitz JD, Thompson CB (2014) Serine catabolism regulates
mitochondrial redox control during hypoxia. CancerDiscovery

J, Qing

Ying H, Kimmelman AC, Lyssiotis CA, Hua S, Chu GC, Fletcher-Sananikone E, Locasale JW,
Son J, Zhang H, Coloff JL, Yan H, Wang W, Chen S, Viale A, Zheng H, Paik J-h, Lim C,
Guimaraes AR, Martin ES, Chang Jet al (2012) Oncogenic Kras Maintains Pancreatic
Tumors through Regulation of Anabolic Glucose Metabolism. Cell 149: 656-670
Yuneva MO, Fan TWM, Allen TD, Higashi RM, Ferraris DV, Tsukamoto T, Mat6s JM, Alonso
FJ, Wang C, Seo Y, Chen X, Bishop JM (2012) The Metabolic Profile of Tumors Depends on
Both the Responsible Genetic Lesion and Tissue Type. Cell Metabolism 15: 157-170
Zhang J, Fan J, Venneti S, Cross JR, Takagi T, Bhinder B, Djaballah H, Kanai M, Cheng EH,
Judkins AR, Pawel B, Baggs J, Cherry S, Rabinowitz JD, Thompson CB (2014) Asparagine
Plays a Critical Role in Regulating Cellular Adaptation to Glutamine Depletion. Molecular
cell
59

Zhang W, Trachootham D, Liu J, Chen G, Pelicano H, Garcia-Prieto C, Lu W, Burger JA, Croce
CM, Plunkett W, Keating MJ, Huang P (2012) Stromal control of cystine metabolism
promotes cancer cell survival in chronic lymphocytic leukaemia. Nature Cell Biology 14:
276-286
Zyromski NJ, Mathur A, Pitt HA, Wade TE, MD SW, PhD PN, PhD DAS-B, PhD HN (2009)
Obesity potentiates the growth and dissemination of pancreatic cancer. Surgery 146: 258263

60

CHAPTER TWO:
Elevated Circulating Branched Chain
Amino Acids are an Early Event in
Pancreatic Adenocarcinoma
Development
,

Jared R Mayers1 ,2,23 , Chen Wu 3 -s, 2 3 , Clary B Clish6 , 2 3 , Peter Krafts,7 , Margaret E Torrence 1 ,2 , Brian P Fiske1 ,2

,

,

Chen Yuan 4, Ying Bao8 , Mary K Townsend 8, Shelley S Tworoger. 8 , Shawn M Davidson 1 ,2, Thales
Papagiannakopoulosl, 2, Annan Yang 9 , Talya L Dayton 1 ,2, Shuji Ogino 4 5, ,10, Meir I StampferS 8. 11, Edward L
Giovannuccis,8, 11, Zhi Rong Qian 4, Douglas A Rubinson 4 , Jing Mas,8, Howard D Sesso 5 , 1 2 , John M Gaziano12,1 3
Barbara B Cochrane1 4, Simin Liu 15,16, Jean Wactawski-Wende 17 , JoAnn E Mansons,8, 12, Michael N Pollak1 8,19
Alec C Kimmelman 9, Amanda Souza 6, Kerry Pierce 6, Thomas J Wang20 , Robert E Gerszten 6 ,21, Charles S
4 2
6
Fuchs 4 ,8 , Matthew G Vander Heiden,2,4, & Brian M Wolpin ,2

2
'Koch Institute for Integrative Cancer Research, Massachusetts Institute of Technology, Cambridge, Massachusetts, USA Department of
3
Biology, Massachusetts Institute of Technology, Cambridge, Massachusetts, USA. Department of Etiology and Carcinogenesis, Cancer
4
Institute and Hospital, Chinese Academy of Medical Science and Peking Union Medical College, Beijing, China. Department of Medical
5
Oncology, Dana-Farber Cancer Institute and Harvard Medical School, Boston, Massachusetts, USA. Department of Epidemiology, Harvard
6
School of Public Health, Boston, Massachusetts, USA. Broad Institute of MIT and Harvard University, Cambridge, Massachusetts, USA.
7
Department of Biostatistics, Harvard School of Public Health, Boston, Massachusetts, USA. 8Channing Division of Network Medicine,
9
Department of Medicine, Brigham and Women's Hospital and Harvard Medical School, Boston, Massachusetts, USA. Division of Genomic
0
Stability and DNA Repair, Department of Radiation Oncology, Dana-Farber Cancer Institute, Boston, Massachusetts , USA. 1Department of
1
Pathology, Brigham and Women's Hospital and Harvard Medical School, Boston, Massachusetts, USA. Department of Nutrition, Harvard
12
School of Public Health, Boston, Massachusetts, USA. Division of Preventive Medicine, Department of Medicine, Brigham and Women's
3
Hospital and Harvard Medical School, Boston, Massachusetts, USA. 1 Massachusetts Veterans Epidemiology Research and Information
4
Center (MAVERIC), VA Boston Healthcare System, Boston, Massachusetts, USA. 1 University of Washington School of Nursing, Seattle,
6
5
Washington, USA. Department of Epidemiology, Brown University, Providence, Rhode Island, USA. 1 Department of Medicine, Brown
University, Providence, Rhode Island, USA. "Department of Social and Preventive Medicine, University at Buffalo, State University of New
9
York, Buffalo, New York, USA. 18Department of Oncology, McGill University, Montreal, Quebec, Canada. 1 Department of Medicine, McGill
20
University, Montreal, Quebec, Canada. Division of Cardiovascular Medicine, Vanderbilt University, Nashville, Tennessee, USA.
21
Cardiology Division, Massachusetts General Hospital and Harvard Medical School, Boston, Massachusetts, USA. 22Department of
23
Medicine, Brigham and Women's Hospital and Harvard Medical School, Boston, Massachusetts, USA. These authors contributed equally
to this work.

A version of this chapter has been published: Elevation of circulating branched-chain
amino acids is an early event in human pancreatic adenocarcinoma development. Nat Med.
(2014) 10:1193-8.
JRM designed and conducted all mouse experiments with assistance from MET and input
from MGVH and BMW, presented in Figs. 5-12 and Supp. Tables 6-7, and drafted the
manuscript with CW, CBC, MGVH and BMW. Contributions by all authors are listed in a
section near the conclusion of this chapter.

61

ABSTRACT
Most patients with pancreatic ductal adenocarcinoma (PDAC) are diagnosed with advanced
disease and survive less than 12 months (Vincent et al, 2011). PDAC has been linked with
obesity and glucose intolerance (Michaud et al, 2001; Stolzenberg-Solomon et al, 2005;
Wolpin et al, 2013), but whether changes in circulating metabolites are associated with
early cancer progression is unknown. To better understand metabolic derangements
associated with early disease, we profiled metabolites in prediagnostic plasma from
pancreatic cancer cases and matched controls from four prospective cohort studies. We
find that elevated plasma levels of branched chain amino acids (BCAAs) are associated with
a greater than 2-fold increased risk of future pancreatic cancer diagnosis. This elevated
risk was independent of known predisposing factors, with the strongest association
observed among subjects with samples collected 2 to 5 years prior to diagnosis when
occult disease is likely present. We show that plasma BCAAs are also elevated in mice with
early stage pancreatic cancers driven by mutant Kras expression but not in mice with Krasdriven tumors in other tissues, and that breakdown of tissue protein accounts for the
increase in plasma BCAAs that accompanies early stage disease. Together, these findings
suggest that increased whole-body protein breakdown is an early event in development of
PDAC.
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INTRODUCTION
PDAC is a leading cause of cancer-related death worldwide, and most patients have
incurable disease at diagnosis (Vincent et al, 2011). The best-characterized predisposing
factors, current tobacco use and a first-degree relative with PDAC, both impart an
approximate 1.8-fold increased risk for the disease (Klein, 2012; Lynch et al, 2009). These
risk factors, however, have thus far provided limited insight into the biology of early
disease progression of sporadic tumors. Development and progression of PDAC is
associated with altered systemic metabolism including obesity (Li et al, 2009; Michaud et
al, 2001), glucose intolerance (Huxley et al, 2005b; Stolzenberg-Solomon et al, 2005;
Wolpin et al, 2013), and cancer-induced cachexia (Tan et al, 2009). Nevertheless, no
systematic examination of circulating metabolites has been performed to determine
whether altered metabolism may indicate subclinical pancreatic cancer or inform our
understanding of early disease progression when interventions might improve patient
outcomes.

Prior efforts to identify changes in circulating metabolites related to cancer have employed
a cross-sectional design, comparing cancer-free controls to cases with blood samples
collected at diagnosis (Claudino et al, 2012; Kobayashi et al, 2013; Sreekumar et al, 2009).
This approach is problematic for discovery of changes related to early cancer progression,
as consequences of advanced disease are likely to impact circulating metabolite profiles.
This is particularly true for patients with pancreatic cancer, who commonly have
significant anorexia, weight loss, and pancreatic insufficiency at the time of diagnosis
(Vincent et al, 2011).
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RESULTS
To investigate how altered metabolism might contribute to pancreatic malignancy, we
profiled plasma metabolites in cases with PDAC and matched controls drawn from four
prospective cohort studies with blood collected at least two years before cancer diagnosis
(Supplementary Table 1). The median time between blood collection and PDAC diagnosis
was 8.7 years.

In conditional logistic regression models, levels of 15 metabolites were associated with
future diagnosis of PDAC to P<0.05; 3 metabolites, the branched chain amino acids (BCAAs)
isoleucine, leucine and valine were significant to P 0.0006, the predefined significance
threshold after correction for multiple-hypothesis testing (Fig. 1 and Supplementary Table
2). To evaluate the magnitude of risk for PDAC diagnosis, we divided participants into
quintiles of increasing BCAA levels. Compared to the bottom quintile, subjects in the top
quintile had at least a 2-fold increased risk of developing PDAC (Table 1, Supplementary
Table 3 and Fig. 2). As noted previously (Wang et al, 2011), circulating levels of the three
BCAAs were highly correlated (Supplementary Table 4), reflecting their common pathways
of metabolism (Brosnan & Brosnan, 2006) and leading to similar results for the sum total of
BCAAs (Table 1 and Supplementary Table 3).

Circulating BCAAs are elevated in obese individuals and those with insulin resistance
(Newgard et al, 2009). In study participants, plasma BCAAs were modestly correlated with
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Table 1 Odds ratios for pancreatic cancer by prediagnostic plasma levels of BCAAs
Isoleucine
Model-

Leucine

Extreme

Extreme

Valine
Per s.d.

Extreme
quintilesb

Per s.d.

Extreme
quintilesb

Per s.d.

2.08
(1.38-3.13)

1.31
(1.14-1.50)

2.00
(1.37-2.92)

1.23
(1.09-1.39)

2.13
(1.43-3.15)

1.30
(1.14-1.48)

2.01
(1.32-3.06)

1.29
(1.12-1.49)

1.94
(1.31-2.86)

1.21
(1.07-1.38)

2.06
(1.37-3.09)

1.28
(1.12-1.47)

1.20

2.01

(1.06-1.37)

(1.34-3.03)

1.27
(1.11-1.46)

1.14
(0.99-1.33)

1.89
(1.17-3.06)

1.22
(1.04-1.44)

1.91
(1.28-2.85)

1.23
(1.08-1.41)

2.19
(1.44-3.34)

1.31
(1.14-1.51)

1.94
(1.27-2.96)

1.22
(1.07-1.40)

2.25
(1.45-3.49)

1.31
(1.13-1.52)

quintilesb

Per s.d.

quintilesb

Base model

2.11
(1.40-3.18)

1.30
(1.15-1.48)

+ BMI and
physical activity

2.05
(1.34-3.12)

1.29
(1.14-1.48)

+ BMI, physical
activity and

2.00

1.28

1.97

1.28

1.90

(1.31-3.05)

(1.13-1.46)

(1.29-2.99)

(1.11-1.48)

(1.28-2.81)

1.86
(1.13-3.03)

1.24
(1.06-1.45)

1.81
(1.11-2.96)

1.24
(1.04-1.47)

1.67
(1.06-2.63)

2.12
(1.37-3.27)

1.33
(1.16-1.52)

2.16
(1.39-3.35)

1.32
(1.14-1.54)

2.18
(1.39-3.43)

1.32
(1.15-1.53)

2.21
(1.40-3.49)

1.33
(1.13-1.55)

dabetes at
blood collection
+ BMI, physical
activity,
reported
diabetes, HbAlc,
plasma insulin,
proinsulin and
C-peptide
Exclude subjects
with reported
diabetes or
HbA1c 36.5% at
blood collection
Exclude subjects
with reported
diabetes or
HbAlc 36.5% at
blood collection
and those with
reported
diabetes after
blood collection

Total BCAAsc

aOdds ratio (95% CI) from conditional logistic regression models conditioned on matching factors and
adjusted for age at blood draw (years, continuous), fasting time (<4 h, 4-8 h, 8-12 h, 312 h, missing) and race
or ethnicity (white, black, other, missing). Subsequent models also adjusted for the indicated measure of
energy balance, hyperglycemia or insulin resistance: body-mass index (kg/M 2, continuous), physical activity
(MET-h/week, continuous), reported diabetes at blood collection (yes or no), hemoglobin Aic (HbAlc) (%,
continuous), plasma insulin (pLIU/ml, continuous), plasma proinsulin (pM, continuous) and plasma C-peptide
(ng/ml, continuous). bOdds ratios (95% CI) for the comparison of the fifth quintile to the first quintile
(referent) for the circulating BCAAs. cSum of the concentrations of the three circulating BCAAs, isoleucine,
leucine and valine.
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Figure 2 Absolute levels of prediagnosistic circulating BCAAs in human pancreatic cancer cases and controls.
(a) Boxplots (b) Mean (standard deviation) of BCAAs.
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markers of energy balance, obesity and glucose intolerance (Supplementary Table 4). To
evaluate the independent effect of BCAAs on PDAC risk, we assessed models that included
these markers and found that the odds ratios PDAC remained largely unchanged (Table 1).
Elevated circulating levels of BCAAs are also associated with future risk of diabetes (Floegel
et al, 2013; Wang et al, 2011). Since type 2 diabetes is a predisposing factor for PDAC
(Huxley et al, 2005a), we questioned whether the intermediate development of diabetes
underlied the association of BCAAs with future PDAC diagnosis. Exclusion of subjects with
diabetes at blood collection did not change our results (Table 1), indicating that we had not
identified a signature of prevalent diabetes associated with later PDAC diagnosis. To
determine whether high circulating BCAAs were identifying a population at risk for
diabetes, who are then at elevated risk of PDAC, we excluded subjects who developed
diabetes between the time of blood collection and cancer diagnosis and found the results
unchanged (Table 1). These data suggest that the association of circulating BCAAs with
future PDAC diagnosis is not dependent on intermediate development of diabetes.

To examine the contribution of circulating BCAAs to risk stratification models for PDAC, we
evaluated area under the curve (AUC) of receiver-operating-characteristic (ROC) curves
(Hanley & McNeil, 1982) and net reclassification improvement (NRI) (Pencina et al, 2008)
with low-risk and high-risk categories. Compared to the base model, including circulating
BCAAs led to a significant increase in AUC (Supplementary Table 5a and Fig. 3), and a net
8.2% of cases moving to the high-risk category with a NRI of 5% (Supplementary Table
5b). Thus, in our population, inclusion of circulating BCAAs improved the ability of risk
stratification models to identify future PDAC cases.
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past, current, missing) and fasting time (<4, 4-8, 8-12, 212 hours, missing). Subsequent models
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Figure 3 ROC curves for risk prediction of pancreatic cancer. Base model includes: age at blood collection
(continuous), cohort (H PFS, NHS, PHS, W HI; which also accounts for sex), race/ethnicity (white, black,
other/missing), smoking status (never, past, current, missing) and fasting time (<4, 4-8, 8-12, >12 hours,
missing). Subsequent models also include the noted covariates.
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In stratified analyses, we noted no significant differences in the association of BCAAs with
PDAC by cohort, sex, smoking status, BMI, or fasting status at blood collection (Fig. 4, all Pinteraction

0.14). To examine when circulating BCAAs were most associated with PDAC,

we stratified cases and matched controls by time interval between blood collection and
PDAC diagnosis (<2 years, 2 to <5 years, 5 to <10 years and 10 years). These analyses
demonstrated particularly strong associations between 2-5 years before diagnosis and
future PDAC diagnosis (Fig. 5a and Supplementary Table 6).

Experimental studies indicate years elapse between formation of the initial malignant clone
and cancer diagnosis (Yachida et al, 2010), suggesting that occult PDAC might be present
when we observe the strongest associations with elevated BCAAs. We therefore
hypothesized elevated circulating BCAAs were a marker of early PDAC. To test this
possibility, we conducted a prospective serial blood sampling study utilizing lox-stop-lox
(LSL)-KrasG12D/+;LSL-Trp53R172H/+;Pdx-1-Cre(KPC) mice which develop PDAC with variable

latency (Hingorani et al, 2005a). KPC mice progress through all histological stages of
disease from normal pancreata to invasive adenocarcinoma with a median survival of
approximately 21 weeks (Hingorani et al, 2005a) (Fig. 6a). KPC mice initially displayed
similar BCAA levels to littermate controls, but developed significant elevations at 15-17
weeks before death (Fig. 5b and Fig. 6b). These data suggest circulating BCAA elevations
accompany early PDAC.

LSL-KraSG1 2D/+; Trp53flox/flOx;Pdx-1-Cre (KP-/-C) mice develop PDAC with more consistent

kinetics, displaying precursor lesions with limited invasive cancer by 3-4 weeks of age (Fig.
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Figure 5 (cont) Plasma BCAA levels are elevated during subclinical disease. (a) Graph of odds ratio
(error bars indicate 95% confidence interval (CI)) for future pancreatic cancer diagnosis among cohort
cases and matched controls comparing highest versus lowest quintiles of circulating BCAA levels
stratified by time from blood collection to the case's cancer diagnosis. Odds ratio was determined from
conditional logistic regression models conditioned on matching factors and adjusted for age at blood
draw (years, continuous), fasting time (<4 h, 4-8 h, 8-12 h, >12 h, missing) and race or ethnicity
(white, black, other, missing). Red horizontal line marks an odds ratio of 1.0. The number of cases and
controls in each time period and association results for the individual BCAAs are provided in
Supplementary Table 6. (b) Graph of mean ( s.e.m.) total plasma BCAA concentration in LSL-Kras
72
G12D/+; LSL-Trp53R
H/+; Pdx-1-cre (KPC) mice over time and in littermate controls lacking either LSLKrasG12D or Pdx-1-cre or both. Each control data point is an average for one mouse over the course of
the study (Fig. 6b), and values for KPC mice living longer than 19 weeks are averaged for the >19weeks time point. For weeks 15-17, n=6 KPC and n=9 control, Student's t-test, P = 0.001. For >19
weeks, n=4; 11-13 weeks, n=6; 7-9 weeks, n=7; 3-5 weeks, n=9. (c) H&E staining of pancreatic tissue
obtained from KP/C mice and littermate controls at 3-4 weeks of age. Tissues are from a control
mouse with histologically normal pancreas (left) a KP/C mouse with areas of PDAC adjacent to areas
of normal pancreas (middle) and a KP-/-C mouse with areas of PDAC and pancreatic intraepithelial
neoplasia (arrowheads; right). Scale bars, 50 im. (d) Mean ( s.e.m.) body weights at 3-4 weeks of age
for KP-/-C mice and littermate controls (n=7 KP/C, n=11 control). (e) Mean ( s.e.m.) total plasma
BCAA levels from KP/C mice and littermate controls at 3-4 weeks of age (n=10 KP+C, n=14 control,
Student's t-test, P = 0.002). (0 P values for comparison of circulating amino acid levels in KP+C mice
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The dashed red line indicates P value of 0.05. (g) Top, glucose tolerance test in KP+C mice and
littermate controls at the time of weaning (n=7 KP/C, n=11 control). Bottom, insulin tolerance test in
KP-/-C mice and littermate controls at 4 weeks of age (n=7 KP-/-C, n=15 control). Error bars indicate
s.e.m. (h) Mean ( s.e.m.) fasting plasma insulin levels from KP/C mice and littermate controls at 4
weeks of age (n=7 KP+C, n=11 control).
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Figure 6 Plasma BCAAs are elevated during subclinical disease in metabolically normal mice. (a) Survival
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5c) and a median lifespan of 10-12 weeks (Bardeesy et al, 2006b). At 3-4 weeks of age we
observed no difference in weight or food consumption between KP-/-C mice and littermate
controls lacking either Pdx-1-Cre or LSL-KraSG12D or both suggesting animals with early
PDAC had not yet developed overt constitutional symptoms (Fig. 5d and Fig. 6c). Consistent
with findings in patients and KPC mice, circulating BCAAs were higher in KP-/-C animals
with subclinical PDAC when compared with littermate control mice (Fig. Se), a pattern not
observed for most other amino acids (Fig. 5f and Fig. 6d-e).

We observed no significant differences in fasting blood glucose, response to glucose load,
response to insulin challenge, or fasting insulin levels during intraperitoneal glucose and
insulin tolerance tests in four-week-old KP-/-C and control mice (Fig. 5g-h and Fig. 6f-i).
These findings argue that BCAA elevations are not reflective of hyperglycemia or insulin
resistance and instead represent an early consequence of subclinical PDAC.

We examined whether other malignancies induced by the same genetic lesions caused
elevated plasma BCAAs. Cre-recombinase introduction into lung or muscle of mice with the
LSL-KrasG1 2Dand Trp53flox/fiox alleles from the KP-/-C model leads to non-small cell lung
cancer and sarcoma, respectively (DuPage et al, 2009; Jackson et al, 2005; Kirsch et al,
2007). Neither model displayed the BCAA alterations seen with early PDAC (Fig. 7).
Subcutaneous and orthotopic implantation of cell lines derived from the KP-/-C model into
immunocompetent syngenic hosts also failed to cause BCAA elevations (Fig. 8). These data
argue BCAA elevations are associated with early stage autochthonous tumors arising in the
pancreas and are not a general feature of Kras-driven cancer. They also suggest
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Cre). (g) P-values for comparison of circulating amino acid levels in mice with and without sarcoma 4-weeks post Cre delivery, cys = cystine (n=11 with
Cre, n=10 without Cre), The dashed red line indicates P-value of 0.05.h, Mean ( SEM) plasma concentrations of branched chain amino acids from mice
with and without sarcoma (n=11 with Cre, n=10 without Cre).
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re-implanting cells from end-stage disease does not model the early disease state that
produces BCAA elevations.

Chronic pancreatitis is a risk factor for human PDAC (Duell et al, 2012), and pancreatic
inflammation can promote PDAC development and progression in mice (Gidekel
Friedlander et al, 2009; Guerra et al, 2007). Therefore, we examined whether BCAA
elevations might be a cause or consequence of pancreatic inflammation in early disease.
Mild, chronic pancreatitis induced by caerulein in the absence of tumorigenesis failed to
cause elevations in BCAAs (Fig. 9a-h) and prolonged increases in plasma BCAAs from
dietary intervention did not cause pancreatic inflammation or pancreatitis (Fig. 9i-o).
Further studies are needed to understand the relationship between BCAAs and more
severe pancreatitis.

Unlike other amino acids, the liver does not regulate plasma BCAAs levels (Brosnan, 2003;
Matthews et al, 1993); instead, levels are determined by dietary uptake, tissue utilization,
and breakdown of muscle and other body protein stores (Brosnan, 2003; Cynober, 2002).
Therefore, plasma BCAAs may originate from short-term pools related to dietary uptake
and disposal or long-term pools related to breakdown of tissue proteins. To determine the
involvement of the short-term pool, we fed 4-week-old KP+C and littermate control mice
lacking either Pdxl-Cre, LSL-KrasG12Dor both, a defined amino acid diet, in which 20% of
leucine and valine were

13 C-labeled.

KP+C and control mice consumed similar amounts of

food when exposed to labeled diet for two hours, (Fig. 10a) and we observed no difference
in appearance and disappearance of plasma1 3C-label (Fig. 11a and Fig. 10b), arguing that
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gut uptake and peripheral disposal of BCAAs are similar in mice with or without PDAC.

To determine the contribution of long-term BCAAs pools to plasma levels, we exposed
mice to labeled diet during a period of rapid growth in early life, and then switched them to
unlabeled diet for three days to chase label from the short-term pool (Fig. l1b). Despite
similar peripheral tissue protein labeling (Fig. 11c and Fig. 10c), the fraction of labeled
BCAAs in plasma was elevated in four-week-old KP-/-C mice relative to littermate controls
(Fig. 11d). Furthermore, by comparing the amount of label in plasma under fed conditions,
encompassing both labeled long-term and unlabeled short-term pools, to that under fasted
conditions, in which only labeled long-term pools contribute, we calculated that increased
liberation of BCAAs from long-term body stores was solely responsible for the elevations in
BCAAs in KP-/-C mice (Fig. 11d,e and Fig. 10d). These data suggest that an early
consequence of PDAC is enhanced breakdown of tissue proteins leading to elevated plasma
BCAA levels. Consistent with this hypothesis, KP-/-C mice with early PDAC had smaller fasttwitch muscles with no changes in slow-twitch and cardiac muscle weight (Fig. 11f and Fig.
12). Notably, muscle atrophy associated with prolonged fasting and late-stage malignancy
exhibits a similar pattern (Acharyya et al, 2004; Fearon et al, 2012; Lecker et al, 2004).

DISCUSSION
Increased muscle catabolism represents one aspect of cancer-associated cachexia, a
wasting syndrome frequently affecting patients with advanced PDAC and contributing to
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worse outcomes (Dewys et al, 1980; Heymsfield & McManus, 1985; Lundholm et al, 1976;
Wigmore et al, 1997). Our findings, however, suggest that protein breakdown begins much
earlier than previously appreciated and pre-dates onset of clinical cachexia. Inflammatory
cytokines produced by immune and/or tumor cells have been implicated in cachexia
(Fearon et al, 2012; Tsoli & Robertson, 2013) and the low disease burden at the time of
BCAA elevations suggests hormonal factors may be involved here as well. Liberation of
tissue amino acids could support the elevated amino acid requirements of pancreatic
cancer cells (Commisso et al, 2013; Son et al, 2013), with BCAAs and/or other amino acids
derived from tissue breakdown contributing to disease progression. Because hepatic
metabolism maintains relatively constant plasma levels of all amino acids except BCAAs
(Brosnan, 2003; Cynober, 2002; Harper et al, 1984), increased liberation of tissue amino
acids are expected raise BCAA concentrations in blood. The association between elevated
BCAAs and other metabolic disease states (Floegel et al, 2013; Newgard et al, 2009; Shah et
al, 2012; Wang et al, 2011) suggests that plasma BCAAs could be a general marker of
increased protein turnover, and elevated BCAAs could contribute to the peri-diagnostic
hyperglycemia commonly found in patients with PDAC (Pannala et al, 2009a).

In participants from four large prospective cohorts, circulating BCAAs were associated with
future diagnosis of PDAC. We observed similar BCAA elevations in two mouse models of
PDAC, and demonstrated these elevations result from breakdown of peripheral protein
stores. These findings provide new insight into how early disease impacts whole-body
metabolism and suggest that muscle protein loss occurs much earlier in disease
progression than previously appreciated.
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METHODS
Human Studies
Study Population. Our study population included pancreatic cancer cases and controls
from four prospective cohort studies: Health Professionals Follow-Up Study (HPFS),
Nurses' Health Study (NHS), Physicians' Health Study I (PHS), and Women's Health
Initiative-Observational Study (WHI-OS). HPFS was initiated in 1986 when 51,529 U.S.
men 40-75 years working in health professions completed a mailed biennial questionnaire.
NHS was established in 1976 when 121,700 female nurses aged 30-55 years completed a
mailed biennial questionnaire. PHS is a completed trial initiated in 1982 of aspirin and

s-

carotene among 22,071 male physicians, aged 40-84 years. After trial completion, study
participants were followed as an observational cohort. WHI-OS consists of 93,676
postmenopausal women, aged 50-79 years, enrolled from 1994-1998 at 40 U.S. clinical
centers. Participants completed a baseline clinic visit and annual mailed questionnaires.
The study was approved by Human Research Committee at Brigham and Women's Hospital
(Boston, MA) and participants provided written informed consent.

We included incident pancreatic adenocarcinoma cases diagnosed after blood collection
through 2010 with available plasma and no prior history of cancer. Cases were identified
by self-report or follow-up of deaths. Deaths were ascertained from next-of-kin, postal
service, or National Death Index; this method captures >98% of deaths (Rich-Edwards et al,
1994). Medical records were reviewed by physicians blinded to exposure data to confirm
pancreatic cancer diagnoses. Similar to prior studies in these cohorts (Bao et al, 2013;
Michaud et al, 2007; Wolpin et al, 2013; Wolpin et al, 2012) and based on a predefined
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analysis plan, we included only cases diagnosed 2 years after blood collection, as the
weight loss and insulin resistance which develop due to pancreatic cancer manifest in the 2
years before diagnosis (Pannala et al, 2009a; Pannala et al, 2009b). For each case, we
randomly selected two controls, matching on cohort (also matches on sex), year of birth
(+/-5 years), smoking status (never, past, current, missing), fasting status (<8 hours, 8
hours), and month/year of blood collection (+/-3 months in HPFS, +/- 3 months in NHS,
+/-6 months in PHS, and exact matching in WHI). Controls were alive without cancer at the
case's diagnosis date and provided a blood sample. Covariate data were obtained from
baseline questionnaires in PHS and WHI and questionnaires prior to blood collection in
HPFS and NHS, as described previously (Wolpin et al, 2013; Wolpin et al, 2012). In HPFS,
NHS, and PHS, cancer stage among cases was directly classified based on medical record
review as: (1) local disease amenable to surgical resection; (2) locally advanced disease
that is unresectable, but without distant metastases, or (3) distant metastatic disease. In
WHI, medical records were coded using Surveillance Epidemiology End Results summary
staging, which classifies tumors as localized, regional, or distant. These stages were then
classified in the same manner as in HPFS, NHS and PHS, as local, locally advanced and
metastatic disease, respectively.

The initial dataset included 454 cases and 908 controls. Seven controls had insufficient
plasma for metabolite profiling. One case and one control were excluded due to missing
data for >10% of metabolites.
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Plasma Samples. Blood samples in EDTA tubes were collected from 18,225 men in HPFS
from 1993-1995, 14,916 men in PHS from 1982-1984, and 93,676 women in WHI-OS from
1994-1998, and in Heparin tubes for 32,826 women in NHS from 1989-1990. Comparisons
of participant characteristics in the blood collection cohort and the full cohort are provided
for each study in Supplementary Table 7. Blood samples in HPFS and NHS were collected
by participants, mailed overnight on cold-packs, and then spun to collect and store plasma
(delayed processing), while PHS and WHI participants' whole blood was separately
immediately into plasma and stored. An overview of procedures for collection and storage
of samples from each cohort is provided below and summarized in Supplementary Table 8.

Health ProfessionalsFollow-up Study: Upon arrival at the blood lab, vials were centrifuged
in order to separate the various component parts. Cryo storage tubes were labeled with the
appropriate study members ID number and the separated blood components were pipetted
into them. This process produced 5 tubes of plasma, 2 tubes of white blood cells, and 1 tube
of red blood cells for each cohort member. The tubes were then stored in liquid nitrogen
freezers. A bulk tank, holding up to 3,000 gallons of LN2 automatically feeds each
individual freezer whenever the freezer's sensors indicate that coolant is required.

Nurses'HealthStudy: Blood samples were separated into components (plasma, white blood
cells and red blood cells) and pipetted into 8 cryotubes with 5 tubes of plasma, 2 tubes of
white blood cells and 1 tube of red blood cells. Samples were immediately frozen in vapor
phase liquid nitrogen freezers. The NHS Blood Lab stores all biologic samples associated
with the Blood Study in-house in a large liquid-nitrogen (LN2) freezer farm. The cryotubes
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are stored in the vapor phase of LN2 freezers; the highest freezer temperature is -130'C
near the top of the freezer and the lowest temperature is -196 0 C at the bottom near the
liquid nitrogen. All freezers are alarmed and monitored continuously either by NHS
laboratory staff or a central security desk (nights and weekends).

PhysiciansHealth Study: Blood collection kits were sent to all participants with instructions
to have blood drawn into the EDTA tubes that were provided. Two tubes were centrifuged
for plasma, and a third tube was for whole blood. The specimens were received in the
laboratory on chill packs within 24 hours of being drawn. Upon receipt, the samples were
refrigerated and re-aliquotted into nine 1.2 mL tubes (three whole blood and six plasma),
all frozen at -82'C.

Women's Health Initiative: Blood samples were collected on all WHI-OS participants at a
baseline clinic visit in the fasting state. Blood samples were maintained at 4C for up to one
-

hour until plasma or serum was separated from cells. Centrifuged aliquots were put into
70'C freezers within two hours of collection. Samples were shipped frozen by overnight
delivery to a central facility and kept within -70'C freezers.

Plasma samples were grouped based on cohort, so that all cases and controls from a single
cohort study underwent metabolite profiling as a batch. Sample triplets (pancreatic cancer
case, matched control #1, and matched control #2) were distributed randomly within the
batch, and the order of the case and two matched controls within each triplet was also
randomly designated. Therefore, the case and its two controls were always run in the same
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batch and were always directly adjacent to each other in the analytic run, thereby limiting
variability in platform performance across matched case-control triplets.

For participants from all four cohorts, plasma samples were thawed once to aliquot them
from large volume vials into the smaller volumes needed for shipment to the Broad
Institute of the Massachusetts Institute of Technology and Harvard University (Cambridge,
MA). The samples were refrozen at the Broad Institute and then thawed a second time to
perform metabolite profiling. Therefore, for all cases and controls, plasma samples had
been thawed twice at the time of metabolite profiling.

We previously measured hemoglobin Aic (HbAlc) in 389 cases and 757 controls in the
laboratory of Dr. Nader Rifai (Children's Hospital, Boston, MA) using reagents from Roche
Diagnostics (Indianapolis, IN). We measured plasma insulin in 386 cases and 743 controls,
plasma proinsulin in 388 cases and 746 controls, and plasma C-peptide in 408 cases and
785 controls using reagents from Diagnostic Systems Laboratory (Webster, TX) and
Millipore Corporation (Billerica, MA). Randomly inserted samples from quality control (QC)
plasma pools had mean intra-assay coefficients of variance (CVs) of 2.0% for HbAlc, 5.4%
for insulin, 3.1% for proinsulin, and 4.9% for C-peptide (Wolpin et al, 2013).

Metabolite Profiling. Profiles of endogenous, polar metabolites were obtained using liquid
chromatography-tandem mass spectrometry (LC-MS) at the Broad Institute of the
Massachusetts Institute of Technology and Harvard University (Cambridge, MA). The LCMS methods were designed to enable broad measurement of metabolic markers and
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intermediates, including metabolites from central metabolism and amino acid metabolism,
using low plasma sample volumes (Roberts et al, 2012a). LC-MS parameters for targeted
analyses, including chromatographic retention times and mass spectrometry multiple
reaction monitoring settings (declustering potentials, collision energies, and lens voltages),
were determined using over 300 commercially available reference compounds. A subset of
133 polar metabolites were measurable in plasma using a combination of two distinct
hydrophilic interaction liquid chromatography (HILIC) methods, one operated under acid
mobile phase conditions with positive ion mode MS detection and the other under basic
elution conditions with negative ion mode MS detection.

The acidic HILIC method using positive ionization mode MS analyses was similar to the
method described in Wang et al (Wang et al, 2011). Briefly, the LC-MS system consisted of
a 4000 QTRAP triple quadrupole mass spectrometer (AB SCIEX) coupled to an 1100 Series
pump (Agilent) and an HTS PAL autosampler (Leap Technologies). Plasma samples (10pIL)
were extracted using nine volumes of 74.9:24.9:0.2 (v/v/v) acetonitrile/methanol/formic
acid containing stable isotope-labeled internal standards (valine-d8, Isotec; and
phenylalanine-d8, Cambridge Isotope Laboratories). The samples were centrifuged (10
min, 9,000 x g, 42 C) and the supernatants (10 [)

were injected onto an Atlantis HILIC

column (150 x 2.1 mm, 3 prm particle size; Waters Inc.). The column was eluted isocratically
at a flow rate of 250 pL/min with 5% mobile phase A (10 mM ammonium formate and
0.1% formic acid in water) for 1 minute followed by a linear gradient to 40% mobile phase
B (acetonitrile with 0.1% formic acid) over 10 minutes. The ion spray voltage was 4.5 kV
and the source temperature was 450*C.
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A second method using basic HILIC separation and negative ionization mode MS detection
was established on an LC-MS system consisting of an ACQUITY UPLC (Waters Inc.) coupled
to a 5500 QTRAP triple quadrupole mass spectrometer (AB SCIEX). Plasma samples (30 [L)
were extracted using 120 ptL of 80% methanol (VWR) containing the internal standards
inosine-

15 N4,

thymine-d4, and glycocholate-d4 (Cambridge Isotope Laboratories). The

samples were centrifuged (10 min, 9,000 x g, 42C) and the supernatants were injected
directly onto a Luna NH2 column (150 x 2.0 mm, 5 ptm particle size; Phenomenex) that was
eluted at a flow rate of 400 pL/min with initial conditions of 10% mobile phase A (20 mM
ammonium acetate and 20 mM ammonium hydroxide (Sigma-Aldrich) in water (VWR))
and 90% mobile phase B (10 mM ammonium hydroxide in 75:25 v/v acetonitrile/methanol
(VWR)) followed by a 10 min linear gradient to 100% mobile phase A. The ion spray
voltage was -4.5 kV and the source temperature was 500'C.

Raw data were processed using MultiQuant 1.2 software (AB SCIEX) for automated LC-MS
peak integration. All chromatographic peaks were manually reviewed for quality of
integration and compared against a known standard for each metabolite to confirm
compound identities. Internal standard peak areas were monitored for quality control, to
assess system performance over time, and to identify any outlier samples requiring reanalysis. A pooled plasma reference sample was also analyzed after sets of 20 study
samples as an additional quality control measure of analytical performance and to serve as
reference for scaling raw LC-MS peak areas across sample batches. Metabolites with a
signal to noise ratio <10 were considered unquantifiable. Metabolite signals were analyzed
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in relation to pancreatic cancer risk as LC-MS peak areas, which are proportional to
metabolite concentration and appropriate for metabolite clustering and correlative
analyses.

Of the 133 metabolites measured (Supplementary Fig. 1), 83 were included in the analyses
of our nested pancreatic cancer case-control population (Supplementary Table 9). In pilot
work (Townsend et al, 2013), we determined that 32 metabolites had poor reproducibility
in samples with delayed processing, so these metabolites were excluded as they could not
be reliably measured in two of the participating cohorts. In the current study, three
Heparin plasma pools (57 total QC samples) and three EDTA plasma pools (128 total QC
samples) were randomly interspersed among participant samples as blinded QC samples.
We calculated mean CVs for each metabolite across QC plasma pools and set an a priori
threshold of 525% for satisfactory reproducibility. Based on this criterion, 13 metabolites
with mean CV>25% were excluded from our analyses. Five metabolites had undetectable
levels for >10% of participants and were also excluded. We evaluated plasma from ten
volunteers with plasma collected simultaneously in Heparin and EDTA tubes. For the
branched chain amino acids, Spearman correlation coefficients between Heparin and EDTA
samples were 0.85 for isoleucine, 0.88 for leucine, and 0.95 for valine.

For metabolites meeting the threshold for statistical significance after multiple-hypothesis
correction (isoleucine, leucine and valine), LC-MS peak areas were converted to absolute
concentrations using stable isotope-labeled standards. Briefly, external calibration curves
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13C 6

,

of MS response were determined using solutions of isotope-labeled 13C 6, 15 N-leucine,

15N-isoleucine

(Cambridge Isotope Laboratories), and d8-valine (Isotec). A 1 ptg/ptL

solution of each standard was prepared in water. 20 tL of each stock solution were added
to 180 ptL of reference pooled plasma and the resulting solution was then serially diluted
using pooled plasma to generate a calibration curve. For multiple reaction monitoring MS
analyses, the bond cleavage products and collision energy and declustering potential
settings were the same as those used for the endogenous metabolites: natural leucine
132/86, CE=18 and DP=50;

13C 6, 15N-leucine

132/86, CE=18 and DP=50;

13C 6 , 15 N-isoleucine

134/87, CE=18 and DP=50; natural isoleucine
139/92, CE=18 and DP=50; natural valine

118/72, CE=18 and DP=25, and d8-valine 126/80, CE=18 and DP=25. Three separate
plasma samples were prepared at each concentration and were analyzed using the acidic
HILIC LC-MS method described above. The median concentrations of endogenous
isoleucine, leucine and valine in the reference pooled plasma were calculated and the
concentration of each metabolite in each study sample was determined from the response
ratio relative to the nearest reference pooled plasma sample in the analysis queue.

Statistical Analysis. To compare baseline characteristics, we used conditional logistic
regression conditioned on the matching factors and including the covariate of interest.
Partial Spearman correlation coefficients were calculated for metabolites and covariates.
Metabolites were log-transformed to improve normality and included as continuous
variables in conditional logistic regression models conditioned on matching factors and
adjusted for age at blood draw (years, continuous), fasting time (<4, 4-8, 8-12,

12 hours,

missing) and race/ethnicity (White, Black, other, missing). Using a conservative Bonferroni
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correction for multiple-hypothesis testing (Bland & Altman, 1995), metabolites with
P50.0006 (0.05/83) were considered statistically significant.

To provide estimates of effect magnitude, significant metabolites were examined in
conditional logistic regression models after categorization into quintiles based on logtransformed metabolite levels in controls. Separate quintiles were generated for fasting ( 8
hours since last meal) and non-fasting (<8 hours since last meal) participants, given the
possible effect of fasting time on metabolite levels. Quintiles were generated from the
population of selected controls, which may not exactly reflect the characteristics of the full
cohort population. Odds ratios (OR) and 95% confidence intervals (CI) were also calculated
per standard deviation (SD) change in log-transformed metabolite levels. To control for
possible confounding, we evaluated regression models adjusted for body-mass index
(BMI), physical activity, history of diabetes mellitus, HbAlc, plasma insulin, plasma
proinsulin, and plasma C-peptide. We also evaluated regression models after excluding
subjects with diabetes by self-report or HbAlcn6.5% at blood collection (prevalent
diabetes). We further evaluated models that excluded subjects who developed diabetes
after blood collection but >2 years prior to cancer diagnosis (incident diabetes not thought
to be recent onset from pancreatic cancer) (Pannala et al, 2009a; Pannala et al, 2009b).
Metabolite values were considered missing when an LC-MS peak was below the limit of
detection. In the primary analysis, any case or control with missing data for a metabolite
was excluded from the analysis of that metabolite. However, we also conducted sensitivity
analyses, in which participants with missing values were assigned the lower limit of
detection or half of the lower limit of detection, and our results were unchanged.
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We assessed heterogeneity of metabolite associations with pancreatic cancer risk across
cohorts using Cochran's Q-statistic (Cochran, 1954). We examined associations in
predefined subgroups by sex, smoking status, BMI, and fasting status. Statistical
interactions were assessed by entering into models the main effect terms and crossproduct terms of metabolites and stratification variables, evaluating likelihood ratio tests.
We also examined associations by time between blood collection and the case's cancer
diagnosis. In these time-based analyses, one stratum included 40 pancreatic cancer cases
with blood collected within 2 years of diagnosis and their matched controls. These cases
and controls were not part of the primary analysis population, but were included in the
stratified analyses by time to more fully delineate the association of metabolites with
pancreatic development by time before diagnosis. Associations were also examined for
circulating BCAAs with previously explored risk factors for pancreatic cancer in our
cohorts (Supplementary Table 10) and with cancer stage at diagnosis (Supplementary
Table 11).

Since association of a marker with disease does not indicate the suitability of the marker to
serve as a screening test for the disease, we examined two approaches to quantify the value
of metabolites in a multi-factor risk discrimination tool for pancreatic cancer.
Discrimination quantifies the ability of one or more disease markers to separate cases
(individuals with the disease) from controls (individuals without the disease). We
investigated the discrimination of risk models for predicting pancreatic cancer diagnosis in
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the ten years after measurement of circulating BCAAs, i.e. the 10-year risk of pancreatic
cancer.

In the first approach, we investigated receiver-operating-characteristic (ROC) curve
analysis and calculated of the area under the ROC curve (AUC), also known as the
concordance (C) statistic (Hanley & McNeil, 1982; Wacholder et al, 2010). The base model
included age at blood collection (continuous), cohort (HPFS, NHS, PHS, WHI; which also
accounts for sex), race/ethnicity (white, black, other/missing), smoking status (never, past,
current, missing) and fasting time (<4, 4-8, 8-12, >12 hours, missing). Three subsequent
models mirrored the base model, but additionally included: (1) body-mass index, physical
activity, and history of diabetes, (2) circulating BCAAs, or (3) body-mass index, physical
activity, history of diabetes, and circulating BCAAs. Each point on the ROC curve shows the
effect of a rule for turning a risk estimate into a prediction of the development of an event.
The y axis of the ROC curve is the true positive rate or sensitivity (i.e., the proportion of
individuals with pancreatic cancer who were correctly predicted to have the disease). The x
axis shows the false positive rate, which is the complement of specificity (i.e., the
proportion of individuals without pancreatic cancer who were incorrectly predicted to
have pancreatic cancer). The area under the ROC curve, the AUC, measures how well the
model discriminates between case subjects and control subjects. An ROC curve that
corresponds to a random classification of case subjects and control subjects is a straight
line with an AUC of 50%. An ROC curve that corresponds to perfect classification has an
AUC of 100%. The improvement in AUC for a model containing a new marker is defined as
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the difference in AUCs calculated using a model with and without the new marker of
interest (DeLong et al, 1988).

For context, the Breast Cancer Risk Assessment Tool, commonly referred to as the Gail
Model (Gail & Benichou, 1994; Gail et al, 1989), estimates a woman's risk for breast cancer
using clinically available information including current age, age at menarche, age of first
live birth, number of first degree relatives with breast cancer, number of previous breast
biopsies, breast biopsies that show atypical hyperplasia, and race/ethnicity. The Gail Model
is used to counsel women on appropriate screening tests for breast cancer (Saslow et al,
2007), the use of tamoxifen as a chemopreventative agent (Gail et al, 1999), and for
determining sample size calculations in randomized clinical trials of prevention strategies
(Costantino et al, 1999). Several studies have evaluated the discrimination of the Gail
model using ROC curve analysis and calculated the AUC to be 0.58 to 0.63 (Barlow et al,
2006; Rockhill et al, 2001; Tice et al, 2008; Wacholder et al, 2010). Follow-up studies have
described an AUC of 0.62 to 0.66 when breast density is added as an additional predictor in
the original Gail Model (Barlow et al, 2006; Chen et al, 2006; Tice et al, 2008).

Although ROC curves are commonly used, they have a number of limitations and may
underestimate the ability of a new marker to contribute to risk prediction when added to
previously defined predictors (Cook, 2007; Cook et al, 2006; Pepe et al, 2004; Ridker et al,
2007). Another approach to evaluating model discrimination is to evaluate the ability of a
new marker to shift an individual's risk up or down between pre-defined risk categories.
This is known as the prediction increment of a marker and has been codified in an
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approach known as net reclassification improvement (NRI) (Pencina et al, 2008). The NRI
(sometimes referred to as the net reclassification index) constructs reclassification tables
separately for participants with and without events, and quantifies the correct movement
between categories of risk; namely, to higher risk categories for participants with events
and to lower risk categories for those without events. Furthermore, incorrect movement in
categories of risk (downwards for events and upwards for non-events) reduces the net
correct reclassification of individuals within the study population.

The NRI calculation is represented by the following formula:

NRI = [P(upID =1) - P(downlD =1)] - [P(upID =0) - P(downlD =0)]

Upward movement (up) is defined as a change into a higher risk category based on the new
model and downward movement (down) as a change into a lower risk category based on
the new model, where P indicates probability and D denotes the event indicator (1, event;
0, non-event).

Using the NRI, we evaluated the ability of the prediction model including circulating BCAAs
to appropriately reclassify individuals into risk groups compared to the base model. The
base model was calculated using conditional logistic regression conditioned on matching
factors and adjusted for race/ethnicity, body-mass index, physical activity and history of
diabetes. The subsequent model included the covariates in the base model with the
addition of circulating metabolites. As in prior studies (Chatterjee et al, 2013; Roberts et al,
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2012b; van Ravesteyn et al, 2012), we defined the high-risk group as those individuals
with risk for pancreatic cancer at least 2-fold greater than an individual with average risk.

For context, the Emerging Risk Factors Collaboration (Danesh et al, 2007) has examined
the integration of novel risk factors into risk prediction models for cardiovascular disease.
In these studies, additional potential risk predictors were added to a model of known risk
predictors for cardiovascular disease, including age, sex, smoking status, blood pressure,
history of diabetes, and cholesterol. The net reclassification improvement was then
calculated for three 10-year risk categories for cardiovascular disease. C-reactive protein
is a marker of systemic inflammation, and elevated CRP has been associated with an
increased risk for cardiovascular events in numerous studies (Pradhan et al, 2002; Ridker,
2003; Ridker et al, 2000). Circulating CRP is currently used to inform decisions in the clinic
regarding screening and risk reduction strategies (Greenland et al, 2010; Ridker et al,
2005) and to design clinical trials testing novel treatments to reduce cardiovascular events
(Ridker et al, 2008; Ridker et al, 2009) In an analysis of nearly 250,000 individuals
(Kaptoge et al, 2012), the addition of CRP to know cardiovascular disease risk factors was
associated with a statistically significant improvement in the area under the ROC curve and
a NRI of 1.52% for 10-year risk of cardiovascular disease. In contrast, additional analyses
demonstrated a <1% improvement in the NRI for body-mass index, waist circumference,
waist-to-hip ratio, plasma fibrinogen, and circulating apolipoproteins (Di Angelantonio et
al, 2012; Kaptoge et al, 2012; Wormser et al, 2011), such that the clinical utility of these
additional predictors remains unclear (Greenland et al, 2010).
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All analyses were performed with SAS 9.2 statistical package. All P-values were two-sided.

Mouse Studies
All studies were approved by the MIT committee on animal care (IACUC).

Experimental Mice. All experimental groups were assigned based on genotype. All
animals were numbered and experiments conducted blinded. After data collection,
genotypes were revealed and animals assigned to groups for analysis. The experiment was
not randomized.

KPC: Experimental KPC mice were male mice on a mixed background, heterozygous for the
conditional lox-stop-lox KrasG12D allele, heterozygous for the conditional lox-stop-lox
Trp53R172H allele and expressed Cre-recombinase under control of the Pdx-1-promoter
(Tg(Ipf1-cre)1 Tuv) (Hingorani et al, 2005b). Littermate controls lacked either the LSLKrasG12Dallele, the Cre allele, or both. Control mice were sacrificed at the same time as their
tumor-bearing littermates.

KP/C: Experimental KP+C mice were male mice on a mixed background, heterozygous for
the conditional lox-stop-lox KraSG12D allele, homozygous for loxP sites flanking exons 2-10
of Trp53 and expressed Cre-recombinase under control of the Pdx-1-promoter (Tg(Ipflcre)1Tuv) (Bardeesy et al, 2006a). Littermate control mice lacked either the Crerecombinase allele, LSL-KrasG12D allele, or both. Inbred C57B6/J male mice containing the
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same alleles were also examined where indicated, and cancer cell lines derived from these
mice were used for syngenic re-implantation studies.

Non-small cell lung cancer: Six-month-old male mice on a pure 129 background,
heterozygous for the conditional lox-stop-lox KraSG12Dallele, homozygous for loxP sites
flanking exons 2-10 of Trp53 were administered 2.5x10 7 pfu of Cre-expressing adenovirus
intratracheally as previously described (DuPage et al, 2009; Jackson et al, 2005). High-titer
adenovirus was obtained from the Gene Transfer Vector Core (University of Iowa).

Hindlimb sarcoma: Four-week-old male mice on a mixed background, heterozygous for the
conditional lox-stop-lox KrasG12D allele and homozygous for loxP sites flanking exons 2-10
of Trp53 were administered 2.5x10 8 pfu of Cre-expressing adenovirus intramuscularly as
previously described(Kirsch et al, 2007). High-titer adenovirus was obtained from the
Gene Transfer Vector Core (University of Iowa).

Re-implantation, Pancreatitisand BCAA diet studies: Male C 571B6/j mice aged 4-6 weeks at
the start of the study were used for these experiments.

Diets. Standard Chow Diet: RMH 3000 (Prolab).
Amino Acid Defined Diet: 1x BCAA (TD.110839) and 2x BCAA (TD.110843) were designed in
consultation with and subsequently obtained from Harlan Teklad.
Labeled Amino Acid Defined Diet: 20% 1 3C-leucine and 20% 13 C-valine labeled diets were
based on diet TD.110839 and produced by Cambridge Isotopes and Harlan Teklad.
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Plasma for Metabolomics. Plasma was collected for each experiment at the time points
indicated. Mice were anesthetized under 2% isofluorane-oxygen mixture and retroorbitally bled approximately 4.5 hours after the onset of the light cycle. Blood was
immediately placed in EDTA-pretreated tubes and centrifuged to separate plasma. Plasma
was aliquoted and frozen at -80'C for further analysis. Fasting blood samples were
harvested in the same manner first thing in the morning after a 16-hour overnight fast.

Food Consumption. Mice were housed individually for 48 hours and remaining food
pellets weighed at zero, 24 and 48 hours. A two-day average was then calculated for each
mouse. Body weight was determined on the second day. To assess consumption of BCAA
defined diets, mice were housed individually and fed diets for 5 days. Food was weighed
after 2 days of feeding and again on day 5, and the average consumption per 24hrs over the
72hr period was calculated.

Blood glucose, plasma insulin, glucose tolerance test, and insulin tolerance test.
Four-week-old KP-/-C mice were fasted overnight and blood glucose measured using a
One Touch Ultra handheld glucometer. 25 tL of plasma from the same mice was harvested
in heparinized tubes, aliquoted, and frozen at -80'C for further analysis. Plasma insulin
levels were determined using an ultrasensitive mouse insulin ELISA kit (Crystal Chem,
#90080). After measuring fasting parameters, a glucose tolerance test was performed in
accordance with published protocols (Ayala et al, 2010). Briefly, conscious mice received
an intraperitoneal injection of 2g/kg glucose at time zero. Blood glucose was subsequently
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measured at 15, 30, 60, 90 and 120 minutes post-injection as described above. For insulin
tolerance test, four-week-old KP/C mice were fasted for 6 hours during daytime hours.
Following initial blood glucose measurement, conscious mice received an intraperitoneal
injection of 0.75 IU/kg recombinant human insulin (Novolin, Novo Nordisk). Blood glucose
was subsequently measured at 15, 30, 60 and 90 minutes post-injection as described
above.

KP+C cell lines and implantation studies. End-stage tumors were dissected from
C57BL/6J KP/C mice and mechanically chopped before trypsin disaggregation, with
tumor cells then propagated for three-to-five passages in DMEM with 10% FBS, 4 mM
glutamine and penicillin/streptomycin to obtain enough cells for implantation. Cell lines
were negative for mycoplasma. For subcutaneous implantation studies, recipient mice
were anesthetized with inhaled 2% isoflurane-oxygen mixture, low passage cell lines
(passage 5 for each line) were resuspended at 2.5

x

105 cells per 100 tL in sterile PBS,

andlOO tL of either PBS (control) or cell suspension was injected in the flank of syngeneic
mice. For orthotopic implantation studies recipient mice were anesthetized with inhaled
2% isoflurane-oxygen mixture, a vertical incision made in the abdomen at the left midcalvicular line, the spleen mobilized, and 25 [tL of either PBS or PBS containing 1.0 x 10s
cells (passage 3 for each line) was injected into the tail of the pancreas.

Caerulein-induced Chronic Pancreatitis. Mice were treated with either USP-grade saline
or 5tg caerulein (Sigma) via intraperitoneal injection daily, 5 days per week for 10 weeks
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as previously described (Guerra et al, 2007). Blood was obtained and the mice sacrificed on
the final day. Tissues were fixed in 10% formalin for subsequent histological analysis.

Plasma Markers of Pancreatitis. Plasma amylase and lipase measurements were
performed by IDEXX BioResearch Laboratory (North Grafton, MA).

BCAA Diet Studies. Mice were fed either 1x or 2x BCAA diets for 10 weeks. Blood was
obtained and mice sacrificed on the final day of the experiment. Tissues were fixed in 10%
formalin for subsequent histological analysis.

Studies to determine source of BCAA elevations. Acute uptake and disposal: Following a
16-hour overnight fast, mice were fed 20%

3 C-leucine

and valine containing diet for two

hours before removal of food, and food consumption during this period quantified as
described above. At the time points indicated by the red arrowheads in Figure 3a, 10-25 tL
of plasma was harvested from the tail vein of conscious mice in a heparinized tube and
centrifuged to separate plasma. Plasma was aliquoted and frozen at -80'C for subsequent
GC-MS analysis. Total ion counts from GC-MS analysis of leucine and valine were then
normalized to norvaline internal standard and multiplied by fractional labeling to
determine the amount of label present. This number for each animal was then normalized
to that animal's food intake to control for inter-animal variation in labeled food
consumption.
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Long-term pool contributionof BCAA to plasma: Mice were exposed to 20%

13C-leucine

and

valine labeled diets from 7 days to age to 24 days of age followed by three days of
unlabeled diet (according to the protocol depicted in Figure 3b). Two cohorts of mice were
used in this study. One cohort of mice was sacrificed on day 27 in the fed state and a second
cohort of mice was sacrificed on day 28 after a 16-hour overnight fast (the points indicated
by the red arrowheads in Figure 3b). At sacrifice, anesthetized mice were terminally bled
and tissues harvested within 5 minutes, snap frozen in liquid nitrogen using Biosqueezer
(BioSpec Products), and stored at -80'C for subsequent GC-MS analysis. Plasma was
aliquoted and frozen at -80'C for subsequent GC-MS analysis.

Total contributions from short and long-term pools were calculated according to the
following equations:
SFed % Labeled
Long Term Pool =Fed

% Labeled

\Fasted % Labele d)

x Relative Fed Pool Size

Short Term Pool = Relative Fed Pool Size - Long Term Pool

Raw data are summarized in Supplementary Table 12.

Tissue and body weights. For measurement of tissue weights, mice were weighed prior to
sacrifice, then gastrocnemius, tibialis anterior, soleus and heart were subsequently
dissected and weighed. Muscle weights for each individual mouse were normalized to the
body weight of that mouse.
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LC-MS Plasma Amino Acid Measurements. Plasma amino acids were measured by LCMS at the Koch Institute of the Massachusetts Institute of Technology (Cambridge, MA)
using similar methods used for assessment of metabolites in human plasma. Raw data were
analyzed as peak area tops using the open-access MAVEN software tool (Clasquin et al,
2012).

GC-MS Assessment of

1 3C-leucine

and valine Labeling. Plasma polar metabolites were

extracted in ice-cold 4:1 methanol:water with norvaline internal standard (5pL plasma in
200 pL extraction solution). Extracts were clarified by centrifugation and the supernatant
evaporated under nitrogen and frozen at -80'C for subsequent derivitization. Dried polar
metabolites were dissolved in 20pL of 2% methoxyamine hydrochloride in pyridine
(Thermo) and held at 37'C for 1.5hr. After dissolution and reaction, tert-butyldimethylsilyl
derivatization was initiated by adding 25tL N-methyl-N-(tertbutyldimethylsilyl)trifluoroacetamide + 1% tert-butyldimethylchlorosilane (Sigma) and
incubating at 37"C for 1hr. The acid hydrolysis protocol was adapted from Antoniewicz and
colleagues (Antoniewicz et al, 2007). Briefly, acid hydrolysis of tissue proteins was
performed on snap frozen tissues by boiling 1-5mg tissue in 1mL 18% hydrochloric acid
overnight at 100'C. 50pL supernatant was evaporated under nitrogen and frozen at -80'C
for subsequent derivitization. Dried hydrolysates were re-dissolved in pyridine
(10tL/1mg tissue) prior to tert-butyldimethylsilyl derivatization, which was initiated by
adding N-methyl-N-(tert-butyldimethylsilyl)trifluoroacetamide + 1% tertbutyldimethylchlorosilane (12.5pL/1mg tissue, Sigma) and incubating at 37'C for 1h.
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GC/MS analysis was performed using an Agilent 7890 GC equipped with a 30m DB-35MS
capillary column connected to an Agilent 5975B MS operating under electron impact
ionization at 70eV. One microlitre of sample was injected in splitless mode at 270'C, using
helium as the carrier gas at a flow rate of 1mlmin-1. For measurement of amino acids, the
GC oven temperature was held at 100'C for 3min and increased to 300'C at 3.5 0 Cmin-1. The
MS source and quadrupole were held at 230'C and 150'C, respectively, and the detector
was run in scanning mode, recording ion abundance in the range of 100-605 m/z. MIDs
were determined by integrating the appropriate ion fragments (Antoniewicz et al, 2007)
listed in Supplementary Table 13 and corrected for natural isotope abundance using an
algorithm adapted from Ferandez and colleagues (Fernandez et al, 1996).

Statistics. Appropriate statistical tests were performed where required. Two-sided
unpaired student's t-tests were performed for all statistical analyses unless otherwise
specified using Mircosoft Excel for Mac:2011 (Microsoft) or GraphPad Prism 6 (GraphPad
Software). Two-sided repeated-measures ANOVA was performed to compare mean
plasma glucose levels in the glucose tolerance test and insulin tolerance tests
(Andrikopoulos et al, 2008), using SAS 9.2 statistical package. No statistical method was
used to pre-determine sample size.

ACKNOWLEDGMENTS
We would like to acknowledge A. Deik and K. Bullock of the Broad Institute for assistance
with LC-MS sample analyses and the Tang Histology facility in the Koch Institute Swanson
Biotechnology Center for assistance processing mouse tissues. Cambridge Isotope
108

Laboratories supplied 13C-BCAA diets for mouse labeling studies. We would like to thank C.
Newgard and A. Goldberg for their thoughtful discussions regarding this manuscript. We
would also like to thank the participants and staff of the Health Professionals Follow-Up
Study (HPFS), Nurses' Health Study (NHS), Physicians' Health Study I (PHS) and Women's
Health Initiative-Observational Study (WHI-OS) for their contributions as well as the
cancer registries of the following states for their help: Alabama, Arizona, Arkansas,
California, Colorado, Connecticut, Delaware, Florida, Georgia, Indiana, Illinois, Indiana, Iowa,
Kentucky, Louisiana, Maine, Maryland, Massachusetts, Michigan, Nebraska, New Hampshire,
New Jersey, New York, North Carolina, North Dakota, Ohio, Oklahoma, Oregon,
Pennsylvania, Rhode Island, South Carolina, Tennessee, Texas, Virginia, Washington and
Wyoming. NHS and HPFS are supported by US National Institutes of Health (NIH) grants
P01 CA87969, P01 CA55075, P50 CA127003, R01 CA124908, R01 CA49449 and 1UM1
CA167552. PHS is supported by NIH grants CA 97193, CA 34944, CA 40360, HL 26490 and
HL 34595. The WHI program is funded by the NIH through contracts
HHSN268201100046C, HHSN268201100001C, HHSN268201100002C,
HHSN268201100003C, HHSN268201100004C and HHSN271201100004C. We
acknowledge additional support from grant F30 CA183474 to J.R.M.; from a Nestle
Research Center award to the Broad Institute; from R01 DK081572 grant to T.J.W. and
R.E.G.; from the Robert T. and Judith B. Hale Fund for Pancreatic Cancer, Perry S. Levy Fund
for Gastrointestinal Cancer Research and Pappas Family Research Fund for Pancreatic
Cancer to C.S.F.; from the Burroughs Wellcome Fund, Damon Runyon Cancer Research
Foundation, the Smith Family and the Stern Family to M.G.V.H.; and from NIH/NCI grant
K07 CA140790, the American Society of Clinical Oncology Conquer Cancer Foundation, the
109

Howard Hughes Medical Institute and Promises for Purple to B.M.W. M.G.V.H. additionally
acknowledges support from P30- CA14051 and PO1-CA117969, and major support for this
project was provided by the Howard Hughes Medical Institute to B.M.W. and the Lustgarten
Foundation to C.S.F., M.G.V.H. and B.M.W.

AUTHOR CONTRIBUTIONS
All authors participated in the analysis and interpretation of data. C.W., C.B.C., P.K., C.Y.,
Y.B., M.K.T. and B.M.W. performed the statistical analyses of the human data. C.B.C., M.K.T.,
S.S.T., T.J.W., R.E.G. and B.M.W. evaluated the platform for analysis of plasma metabolites in
large cohort studies. C.B.C., J.R.M., A.S. and K.P. performed metabolite profiling experiments.
P.K., Y.B., M.K.T., S.S.T., S.O., M.J.S., E.L.G., Z.R.Q., D.A.R., J.M., H.D.S., J.M.G., B.B.C., S.L., J.W.-W.,
J.E.M., M.N.P. and C.S.F. assisted in data acquisition, management and interpretation from
the four cohort studies. J.R.M. and M.E.T. conducted all mouse experiments with assistance
from B.P.F., S.M.D., T.P., A.Y., T.L.D. and A.C.K. J.R.M, C.W., C.B.C., C.S.F., M.G.V.H. and B.M.W.
designed the study and drafted the manuscript with input from all authors.

110

SUPPLEMENTARY TABLES AND FIGURE
Supplementary Table la Baseline characteristics of pancreatic cancer cases and matched controls
Cases
(N = 453)

Controls
(N = 898)

Age (range), years

63 (40-81)

62 (40-85)

Female sex

298 (65.8)

592 (65.9)

Characteristict

P-value

0.19

Race / ethnicity
White

406 (89.6)

825 (91.9)

Black

14 (3.1)

19 (2.1)

2 (0.4)

7 (0.8)

31 (6.9)

47 (5.2)

79 (17.4)

158 (17.6)

NHS

124 (27.4)

246 (27.4)

PHS

76 (16.8)

148 (16.5)

WHI

174 (38.4)

346 (38.5)

66.4 ( 3.6)

66.4 ( 3.8)

0.87

26.4 ( 4.8)

25.9 ( 4.6)

0.09

19.7 ( 33.6)

19.5 ( 22.7)

0.84

Never

192 (42.4)

406 (45.2)

Past

200 (44.1)

383 (42.6)

Current

57 (12.6)

103 (11.5)

Missing

4(0.9)

6(0.7)

120 (26.5)

210 (23.4)

0.19

26 (5.7)

30 (3.3)

0.02

30 (6.6)

38 (4.2)

0.04

21 (5.4)

22 (2.5)

0.03

106 (23.4)

n/a

162 (35.8)

n/a

185 (40.8)

n/a

346 (76.4)

691 (77.0)

5.14

5.11

Hispanic
Other / Missing
Cohort Study
HPFS

Height, inches
Body mass index, kg/M

2

Physical activity, MET-hr/week
Tobacco use

Alcohol intake ( 1 drink/day)
Diabetes reported at blood collection
Reported diabetes or HbAlc 6.5% at
blood collection
Diabetes reported after blood
collection
Blood collection to cancer diagnosis
2 - <

5 years

5 - < 10 years
10 years
Fasting samples ( 8 hours)
%

Hemoglobin Aic,

111

0.16

Plasma insulin, ulU/ml

6.37

4.63

<0.001

Plasma proinsulin, pM

9.95

8.16

<0.001

Plasma C-peptide, ng/ml

2.01

1.75

0.06

t Continuous variables presented as mean ( standard deviation), categorical variables as number of subjects
(%), and circulating markers as median values. Cases and controls matched on year of birth ( 5 years),
cohort (HPFS, NHS, PHS, WHI; which also matches on sex), smoking status (never, past, current, missing),
fasting status (<8 hours, >8 hours), and month/year of blood collection.
Abbreviations: HbAlc, hemoglobin Aic; HPFS, Health Professionals Follow-up Study; MET-hr/wk, metabolic
equivalent task-hours per week; n/a, not applicable; N HS, Nurses' Health Study; PHS, Physicians' Health
Study; WHI, Women's Health Initiative
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Supplementary Table lb Baseline characteristics of control participants from four prospective cohorts
Nested Control Participants
Characteristict
HPFS

NHS

PHS

WHI

No. of control participants

158

246

148

346

Median follow-up time
(years)

15.9

20.3

27.3

12.2

65 (48-81)

60(43-69)

54(40-85)

67(50-79)

0 (0)

246 (100)

0 (0)

346 (100)

White

151 (95.6)

244 (99.2)

128 (86.5)

302 (87.3)

Black

0 (0.0)

2 (0.8)

1 (0.7)

16 (4.6)

Hispanic

0(0.0)

0(0.0)

2(1.4)

5(1.5)

Other/missing

7 (4.4)

0(0.0)

17 (11.4)

23 (6.6)

70.1 ( 2.8)

64.5 ( 2.5)

70.3 ( 2.6)

64.5 ( 2.9)

25.8 ( 3.2)

25.5 ( 4.5)

24.5 ( 2.4)

26.9 ( 5.6)

39.5 ( 35.4)

17.6 ( 19.1)

10.3 ( 6.5)

15.5 ( 15.8)

Never

64 (40.5)

100 (40.7)

63 (42.6)

179 (51.8)

Past

78 (49.4)

107 (43.4)

62 (41.9)

136 (39.3)

Current

16 (10.1)

39 (15.9)

23 (15.5)

25 (7.2)

Missing

0 (0)

0 (0)

0 (0)

6(1.7)

61 (38.6)

54 (22.0)

34 (23.0)

61 (17.6)

100 (63.3)

198 (80.5)

47 (31.8)

346 (100)

7 (4.4)

8(3.3)

0 (0.0)

15 (4.3)

9(5.7)

11 (4.5)

1 (0.7)

17 (4.9)

3(2.0)

8 (3.4)

5 (3.4)

6(1.8)

Hemoglobin Aic,

5.17

5.20

5.35

5.02

Plasma insulin, ulU/ml

6.46

4.35

6.39

3.99

Plasma proinsulin, pM

10.96

6.83

12.41

7.27

Plasma C-peptide, ng/ml

2.09

1.61

1.91

1.69

Age (range), years
Female sex
Race / ethnicity

Height, inches
Body mass index, kg/M

2

Physical activity, MET-

hr/week
Tobacco use

Alcohol ( 1 drink/day)
Fasting samples ( 8
hours)
Diabetes reported at blood
collection
Reported diabetes or

HbAlc 6.5%

%

at blood collection
Diabetes reported after
blood
collection
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t Continuous variables presented as mean ( standard deviation), categorical variables as number of subjects
(%), and circulating markers as median values
Abbreviations: HbAlc, hemoglobin Alc; HPFS, Health Professionals Follow-up Study; MET-hr/wk, metabolic
equivalent task-hours per week; NHS, Nurses' Health Study; PHS, Physicians' Health Study; WHI, Women's
Health Initiative
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Supplementary Table 2 Plasma metabolites and risk of pancreatic cancer diagnosis ranked by association Pvalue

isoleucine

Metabolite
Category
Amino acid

No.
453

Cases
Mean (SD)t
2536121.2
(724054.4)

No.
898

leucine

Amino acid

453

3690427.8

898

Metabolite

valine

Amino acid

453

acetylglycine

Amino acid

453

urate

Others

453

2-aminoadipate

Amino acid

453
453

alpha-

Organic

hydroxybutyrate

acids

tyrosine

Amino acid

453

phenylalanine

Amino acid

453

glycine

Amino acid

453

lactate

Organic
acids
Bile acids

453

Others

453

Organic
acids
Organic
acids
Bile acids

453

Amino acid

453

creatine

Amino acid

453

cotinine

Amino
ketones
Others

453

Amino acid

453

Amino acid

453

Others

453

taurodeoxycholate/ta
urochenodeoxycholate
alphaglycerophosphate
isocitrate
aconitate
glycodeoxycholate/gl
ycochenodeoxycholate
glutamine

phosphoethanolamin
e
glutamate
N-monomethylarginine
sorbitol

(944736.3)
4227132.1
(880053.4)
27964.1
(17648.6)
49254251.3
(11425147.1)
53029.2
(26567.8)
782973.3

898
898
898
898
898

453
453

453

39562.6
(10245.6)
4564565.8
(955519.3)
15310.2
(5131.3)
24481339.9
(13467987.2)
157568.8
(219475.4)

898

154410.1
(88053.6)
2090094.7
(1023739.7)
1272065.3
(607921.4)
514256.5
(525535.2)

898

4701728.5
(848064.8)
1170977.7
(555493.1)
76479.2
(185538.8)
3468.4
(3575.1)
303354.9
(194739.0)
35885.6
(9403.4)
4479676.4
(4003646.9)

898
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3506938.3

(842478.2)
4055065.0
(789918.5)
32289.7
(26359.0)
48310698.6
(11929406.0)
49220.2
(20753.6)
726342.4

P-value*
2.13x10-5
1.00x10-4

6.30 x10-4
0.0048
0.0071
0.0096
0.0124

(297413.3)

(341462.7)

452

Controls
Mean (SD)t
2380433.0
(638657.1)

898
898
898
897

898
898
898

898
898
898
898
898
898

38197.4
(9442.8)
4443050.0
(891194.9)
16177.7
(6005.7)
23441411.1
(13071009.3)
163936.7
(429286.7)

0.0133

146580.0
(79597.5)
2027036.5
(1020581.0)
1238441.1
(594274.6)
507945.5
(691807.8)

0.0393

4772928.6
(785310.8)
1219988.6
(564352.6)
68309.6
(189951.5)
3802.9
(4092.3)
284609.6
(166810.7)
35179.2
(8329.2)
4440302.7
(5053922.6)

0.0140
0.0228
0.0233
0.0343

0.0396
0.0462
0.0551

0.0524
0.0534
0.0672
0.0722
0.0745
0.0775
0.0825

uridine

Others

453

Hydroxyphenylacetate
trimethylamine-Noxide
proline

Organic
acids
Amines

453

Amino acid

453

anthranilic acid

453

aminoisobutyric acid

Tryptophan
metabolites
Amino acid

alanine

Amino acid

453

serine

Amino acid

453

thiamine

Vitamins

453

dimethylglycine

Amino acid

453

hippurate

Others

453

asparagine

Amino acid

453

chenodeoxycholate/d
eoxycholate
taurocholate

Bile acids

443

Bile acids

417

arginine

Amino acid

453

putrescine

Amines

445

pyroglutamic acid

Amino acid

453

2-hydroxyglutarate

Organic
acids
Organic
acids
Organic
acids
Organic
acids
Others

453

Carnitine &
acylcarnitines
Organic
acids
Tryptophan
metabolites
Amino acid

453

malate
succinate
adipate
salicylurate
butyrobetaine

3-methyladipate
/pimelate
kynurenic acid
ornithine

453

453

453
453
453
453

453
453
453

6978784.3
(2245881.3)
61126.6
(164931.1)
180819.1
(109006.4)
8641267.9
(2210658.8)
2965.6
(4384.0)
14676.2
(7729.3)
1237534.6
(316323.8)
351624.0
(99220.8)
5625.5
(6075.0)
173447.9
(70701.5)
2717928.7
(3223021.2)
10064.7
(4791.6)
561042.0
(597058.2)
55852.4
(117111.8)
785994.4
(354692.1)
52764.6
(22812.3)
48912.7
(37567.7)
397011.9
(229420.1)
3300682.3
(1469222.3)
7483600.1
(2959814.6)
215311.6
(89437.5)
15946972.6(3
3988779.4)
542239.0
(158844.7)
43095.5
(21475.6)
9852.4
(24423.5)
728166.2
(344724.4)
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898
897
898
898
898
898
898
898
898
898
898
898
877
835
898
884
898
898
898
898
898
898
898

897
898
898

7123330.7
(2218254.4)
52440.5
(27320.0)
174909.4
(128365.2)
8463084.1
(2220098.2)
2701.6
(1584.7)
15744.9
(9887.9)
1208487.3
(308007.2)
358523.5
(100223.1)
6753.4
(22954.5)
168753.7
(75572.3)
2878571.7
(3248715.2)
9998.8
(4386.3)
544865.3
(670896.3)
58556.7
(176423.2)
792206.1
(328509.9)
54484.0
(23057.9)
46386.7
(24051.3)
386810.3
(229518.8)
3203888.1
(1328056.6)
7345709.1
(2803256.1)
215054.8
(137676.7)
15217854.4
(34464414.1)
551670.2
(152823.1)
42916.2
(31149.2)
8911.8
(13193.3)
718113.2
(337781.8)

0.0853
0.0905
0.0977
0.1089
0.1123
0.1241
0.1341
0.1464
0.1536
0.1611
0.1734
0.1809
0.1962
0.2020
0.2160
0.2497
0.2731
0.2837
0.2857
0.2938
0.3295
0.3366
0.3424

0.3518
0.3674
0.4000

cis/trans
hydroxyproline
threonine
quinolinate

Amino acid

453

Amino acid

453

beta-

Organic
acids
Organic

hydroxybutyrate

acids

1-methylnicotin-

Amino

amide

ketones

methylmalonate

453

glycocholate

Organic
acids
Bile acids

4-pyridoxate

Vitamins

453

citrulline

Amino acid

453

pipecolic acid

Amino acid

453

fumarate/maleate/al

Organic

453

pha-ketoisovalerate

acids

creatinine

Amino
ketones
Tryptophan
metabolites
Amino acid

453

453

lysine

Carnitine &
acylcarnitines
Amino acid

aspartate

Amino acid

453

betaine

Amines

453

carnitine

Carnitine &
acylcarnitines
Tryptophan

453

kynurenine
N-carbamoyl-betaalanine
acetylcarnitine

indoxylsulfate

99106.5
(48378.8)
509056.6
(150602.9)
385352.5
(317962.7)
498876.5

453
453
453

898
898

116868.5
655311.2
(441941.2)
252407.8
(332316.5)
1072216.7
(4699598.1)
147180.3
(39550.9)
97828.2
(107374.4)
743589.1

453

898

453
453

2750235.2
(654569.8)
142690.7
(32371.5)
8257605.9
(2007754.4)
4851446.3
(863831.9)

453

453

3586759.1

898
898
898
898
898
898

thyroxine
methionine sulfoxide

Amino acid

453

49865.2
(22779.4)
8072.1
(5488.1)
5484.7
(1608.1)
6482.8

453
453

898
898
898
898

898
898
898
898

898

Others

453

3-hydroxyanthranilic
acid

Tryptophan
metabolites

450

_

508740.3
(466314.4)
4785.0
(2386.2)
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0.4739
0.5192

101465.6

0.5374

640614.9
(321091.3)
267084.9
(557126.6)
792563.0
(3033747.8)
147750.6
(38189.8)
105263.1
(141058.9)
757776.6

0.5440
0.5790
0.5977
0.6050
0.6136
0.6160

1432184.0
(331353.2)
644456.1
(211890.8)
9673.3
(3913.7)
8123924.9
(2650395.8)

0.6200

2729577.0
(630195.9)
144891.3
(31449.6)
8289786.3
(2003020.4)
4865507.6
(808147.3)

0.7200

3587217.1

0.7717

0.6487
0.6806
0.7158

0.7238
0.7376
0.7368

(2426602.9)

869
898
898
898

49648.9
(23457.3)
7913.7
(5263.3)
5508.3
(1628.1)
6352.5

0.7858
0.7948
0.7975
0.8069

(4921.6)

(6467.5)

uracil

0.4003
_

(507601.2)

(2238154.3)

438

0.4002

(190063.4)

(341280.7)

1421426.1
(267077.3)
645342.9
(193446.4)
9736.9
(4137.2)
8191136.6
(2864510.8)

96687.1
(45273.2)
514840.7
(149359.6)
380068.0
(287341.3)
468508.8
(599993.4)

(280210.1)

Organic
acids
Amino
ketones
Amino acid

allantoin

898

(790579.9)

metabolites

xanthurenate

898

898
896

486242.1
(206654.8)
4648.5
(2105.7)

0.8114
0.8716

citrate

Organic
acids

453

38142108.5(1
1350355.2)

898

38317587.3
(13119943.5)

0.8807

histidine

Amino acid

453

1654037.3(40
6776.6)

898

1668866.2
(541035.3)

0.9245

methionine

Amino acid

453

164677.6

898

163869.0

0.9501

453

(42123.4)
357333.2

898

(40423.5)
358531.7

0.9506

asymmetrical and

Amino acid

symmetrical

(81082.5)

(81033.8)

dimethylarginine

choline

Amines

453

pantothenate

Vitamins

453

phosphocreatine

Amino acid

392

tryptophan

Amino acid

453

4778945.5
(997883.1)
2074041.9
(2732622.9)
64405.2
(35393.3)

207946.0
(52492.0)

898
898
775

898

4758057.6
(965918.3)
1999015.0
(2621350.4)
65625.9
(34725.7)

206910.3

0.9522
0.9555
0.9752

0.9777

(48052.9)

P-value of the log transformed metabolite as a continuous variable in conditional logistic regression models
conditioned on matching factors and adjusted for age at blood draw (years, continuous), fasting time (<4, 4-8,
8-12, >12 hours, missing) and race/ethnicity (White, Black, other, missing).
*

t Peak areas by liquid chromatography-tandem mass spectrometry
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Supplementary Table 3 Odds ratios for pancreatic cancer by quintiles of prediagnostic branched chain
amino acids

Model*
1
Isoleucine
No. cases/
controls
Median, ptM
OR (95% CI)
Leucine
No. cases!
controls
Median, ptM
OR (95% CI)
Valine
No. cases/
controls
Median, ptM
OR (95% CI)
Total BCAAs*
No. cases/
controls
Median, ptM
OR (95% CI)

Quintile of Plasma Metabolite
3
4
2

P-valuet
5

66/179

78/178

75/181

111/179

123/181

56.9

69.4

77.2

87.5

106.9

1.0

1.32 (0.891.96)

1.23 (0.821.85)

1.84 (1.232.73)

2.11 (1.403.18)

72/181

77/179

79/179

98/179

127/180

109.4

130.6

145.1

163.8

197.3

1.0

1.17 (0.791.73)

1.25 (0.831.87)

1.53 (1.022.29)

2.08 (1.383.13)

77/181

82/179

68/180

85/179

141/179

163.0

194.1

213.3

233.3

271.6

1.0

1.15 (0.781.68)

0.95 (0.641.41)

1.01 (0.751.63)

2.00 (1.372.92)

73/180

79/180

76/179

89/180

136/179

332.6

395.8

439.2

480.0

574.0

1.0

1.19 (0.801.75)

1.16 (0.781.73)

1.26 (0.851.87)

2.13 (1.433.15)

2.13x10-s

1.00x10-4

6.30x10-4

7.04x10-5

* Odds ratio (95% confidence interval) from conditional logistic regression models conditioned on matching
factors and adjusted for age at blood draw (years, continuous), fasting time (<4, 4-8, 8-12, >12 hours,
missing) and race/ethnicity (White, Black, other, missing)
t Test for trend calculated by entering the log-transformed metabolite as a continuous variable in logistic
regression models
t Sum of the concentrations of the three circulating branched chain amino acids, isoleucine, leucine and valine
Abbreviations: BCAAs, branched chain amino acids; CI, confidence interval; OR, odds ratio
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Supplementary Table 4 Partial Spearman correlation coefficients between metabolites and covariates
among nested cohort controls!

Variable
Isoleucine
Leucine

Physical
HbAlc
Activitypetd

Isoleucine

Leucine

Valine

Age

BMI

1.00

0.91*

0.84*

-0.07*

0.17*

-0.11*

0.22*

1.00

0.85*

-0.11t

0.17*

-0.08*

1.00

-0.07*

0.22*

1.00

Valine
Age (years)

Insulin

Proinsulin

0.19*

0.35*

0.26*

0.26*

0.18*

0.33*

0.24*

-0.09*

0.24*

0.20*

0.34*

0.25*

0.05

0.12t

0.06

0.08*

0.03

0.09*

1.00

-0.13t

0.17*

0.38*

0.42*

0.46*

1.00

-0.06

-0.16*

-0.10

-0.15*

1.00

0.18*

0.24*

0.31*

1.00

0.54*

0.74*

1.00

0.61*

)

Body-mass
index
(kg/M 2
Physical
activity
(METhr/wk)
Hemoglobin
Alc (%)
Plasma Cpeptide
(ng/ml)
Plasma
insulin
(ulU/mL)
Plasma
proinsulin
(pM)

et

1.00

t Adjusted for cohort (HPFS, NHS, PHS, WHI; which also adjusts for sex) and fasting time (<4, 4-8, 8-12, >12
hours, missing)
*P < 0.05; tP < 0.01; *p< 0.001
Abbreviations: BMI, body-mass index; HbAlc, hemoglobin Aic; HPFS, Health Professionals Follow-up Study;
MET-hr/wk, metabolic equivalent task-hours per week; NHS, Nurses' Health Study; PHS, Physicians' Health
Study; WHI, Women's Health Initiative
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Supplementary Table 5a ROC curve analysis for risk prediction of pancreatic cancer
Model*
Base model
+ Body-mass

index, physical activity, and history of diabetes

+ Body-mass index, physical activity, history of diabetes, and
circulating BCAAs (isoleucine, leucine, valine)

AUC

P

0.56

Referent

0.59

0.06

0.63

0.003

Base model includes: age at blood collection (continuous), cohort (HPFS, NHS, PHS, WHI; which also
accounts for sex), race/ethnicity (white, black, other/missing), smoking status (never, past, current, missing)
and fasting time (<4, 4-8, 8-12, 12 hours, missing). Subsequent models also include the noted covariates.
*

Abbreviations: AUC, area under the curve; BCAAs, branched chain amino acids; ROC, receiver operating
characteristic
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Supplementary Table

5b Net reclassification improvement for risk prediction of pancreatic cancer

(i) Predicted risk among cases and controls using the base model and the base model plus circulating BCAAs
Predicted risk from base model*
OR

2

Predicted risk from base model + circulating
BCAAs (isoleucine, leucine, valine)t

OR< 2

OR

2

OR<2

No. (%) cases

12 (4.5)

256 (95.5)

34 (12.7)

234 (87.3)

No. (%) controls

20 (3.8)

511 (96.2)

37 (7.0)

494 (93.0)

No. (%) total

32 (4.0)

767 (96.0)

71 (8.9)

728 (91.1)

* Conditional logistic regression conditioned on matching factors and adjusted for race/ethnicity, body-mass
index, physical activity and history of diabetes

t Conditional logistic regression conditioned on matching factors and adjusted for race/ethnicity, body-mass
index, physical activity, history of diabetes, and circulating branched chain amino acids (isoleucine, leucine,
valine)
(ii) Net reclassification for pancreatic cancer cases with inclusion of circulating branched chain amino acids
Base model + circulating BCAAs (isoleucine, leucine, valine)
ORO2

OR<2

OR ! 2

9 (3.4)

3 (1.1)

OR<2

25(9.3)

231(86.2)

Base model
Net reclassification for pancreatic cancer cases: (25 / 268) - (3 / 268) = 8.2%

(iii) Net reclassification for controls with inclusion of circulating branched chain amino acids
Base model + circulating BCAAs (isoleucine, leucine, valine)

ORO2

OR<2

OR ! 2

14 (2.6)

6 (1.1)

OR<2

23(4.3)

488(91.9)

Base model
Net reclassification for controls: (6 / 531) - (23 / 531) = -3.2%
Abbreviations: BCAAs, branched chain amino acids; OR, odds ratio
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Supplementary Table 6 Odds ratios for pancreatic cancer by prediagnostic plasma levels of branched chain
stratified by time between blood collection and cancer diagnosis
Time from
blood
collection to
cancer

Isoleucine

Leucine

Valine

Total BCAAst

No. cases

/
controls

Extreme
Quintilest

Per Extreme
S.D. Quintilest

Per
S.D.

Extreme
Quintilest

Per
S.D.

Extreme
Quintiles Per S.D.

t

diagnosis*

0-<2 years+

40/79
1.59
(0.416.10)

OR (95%
C )

0.60

P-value

2-<5years

0.51

1.61
2.58
1.67
3.98
(1.26 (1.11-6.00) (1.20(1.602.23)
2.15)
9.91)
0.0005
0.002

P-value

(0.611.44)

(0.415.07)

(0.671.67)

0.87

0.73

1.47
4.63
(1.14(2.0210.65)
1.89)
0.003

1.62
4.34
(1.22(1.8210.35)
2.15)
0.001

1.16
(0.941.42)

1.29
2.51
(1.03(1.294.88)
1.61)
0.03

1.16
(0.951.42)

1.15
1.22
(0.93(0.642.31)
1.42)
0.11

162 /321

OR (95%
C )
P-value
>10 years

(0.29-4.39)

106/210

OR (95%
CI)
5-<10 years

1.094197 1.15 1.12 0.94 1.43 1.05
(0.71- (0.40-9.78) (0.711.69)
1.86)

1.34
2.75
1.34
2.64
(1.06(1.09- (1.40-5.42)
(1.315.32)
1.66)
1.69)
0.006
0.02

1.41
(0.76-2.60)

1.14
(0.911.42)

1.72
(0.90-3.29)

0.16

185/367

OR (95%
CI)
P-value

1.12
1.25
(0.91(0.652.39)
1.36)
0.14

1.45
0.72-2.91)
0.14

0.09

* Odds ratio (95% confidence interval) from conditional logistic regression models conditioned on matching
factors and adjusted for age at blood draw (years, continuous), fasting time (<4, 4-8, 8-12, >12 hours,
missing) and race/ethnicity (White, Black, other, missing). P-value for trend calculated by entering the logtransformed metabolite as a continuous variable in logistic regression models

t Odds ratios (95% CI) for the comparison of the fifth quintile to the first quintile (referent) for the circulating
branched chain amino acids

* Sum of the concentrations of the three circulating branched chain amino acids, isoleucine, leucine and valine
Cases were diagnosed with pancreatic cancer <2 years after blood collection and therefore these cases and
their matched controls were not included in the primary analysis population
Abbreviations: BCAAs, branched chain amino acids; CI, confidence interval; OR, odds ratio; S.D., standard
deviation
Supplementary Table 7 Characteristics of participants within the blood collection cohort and the full cohort
for HPFS, NHS and PHS*
NHS

HPFS
Characteristict
No. subjects

Blood

PHS

cohort

Full
cohort

Blood
cohort

Full
cohort

Blood
cohort

Full
cohort

18,065

46,311

32,399

110,873

14,916

22,071
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0

0

100

100

0

0

61.5

62.0

57.0

57.0

53.8

53.8

93.4
0.4

90.9
0.9

98.4
0.8

97.0
1.9

87.0
0.7

84.4
0.9

%

Female sex, %
Mean age, years
Race/ethnicity,

White
Black
Other / Missing

6.1

4.2

0.8

1.1

12.3

14.7

25.9

26.0

25.5

25.8

24.7

24.8

5.0

6.8

12.7

18.5

10.1

11.1

Past

45.7

44.6

41.4

38.0

40.1

39.3

Never

49.3

48.6

45.7

43.2

49.7

49.5

0

0

0.2

0.2

0.2

0.2

5.0

4.8

4.5

5.3

2.3

2.4

Mean body-mass index, kg/M 2
%

Tobacco use,

Current

Unknown
History of diabetes, %

* All participants in WHI provided a blood sample, so there is no distinction between the blood collection
cohort and full cohort in WH I.

t Blood collection was performed from 1993 to 1995 for HPFS participants and from 1989 to 1990 for NHS
participants. Therefore, participant characteristics were obtained from the 1994 questionnaire in HPFS and
the 1990 questionnaire in NHS. Blood collection was performed at study enrollment for PHS participants.
Therefore, participant characteristics were obtained from the baseline questionnaire in PHS.
Abbreviations: HPFS, Health Professionals Follow-up Study; NHS, Nurses' Health Study; PHS, Physicians'
Health Study; WHI, Women's Health Initiative
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Supplementary Table 8 Overview of blood collection and storage conditions in four prospective cohorts

Cohort

Blood
Collection
Dates

Blood
Collection
Location

HPFS

1993-1995

Local

NHS

1989-1990

PHS
WHI

Processing into
Components

Plasma Tube
Anticoagulant

Storage
Conditions

After shipment at central
processing center

EDTA

Liquid nitrogen
freezers

Local

After shipment at central
processing center

Heparin

Liquid nitrogen
freezers

1982-1984

Local

Before shipment by
participant

EDTA

-82'C freezers

1994-1998

Clinic

Before shipment in clinic

EDTA

-70'C freezers

Abbreviations: HPFS, Health Professionals Follow-up Study; NHS, Nurses' Health Study; PHS, Physicians'
Health Study; WHI, Women's Health Initiative
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Supplementary Table 9 Plasma metabolites and mean coefficients of variance measured by liquid
chromatography-tandem mass spectrometry

Metabolite

Category

Amines
(N=4)

Amino acids
(N=35)

Mean Coefficient of
ce
of
Van
Variance (%)*

betaine

7.6

choline

7.3

putrescine

25.0

trimethylamine-N-oxide

7.6

acetylglycine

12.2

alanine

9.3

aminoisobutyric acid

11.8

arginine

9.6

asparagine

9.4

aspartate

17.6

asymmetrical and symmetrical dimethylarginine

11.5

cis/trans hydroxyproline

9.4

citrulline

9.1

creatine

8.9

dimethylglycine

10.2

glutamate

7.7

glutamine

8.3

glycine

10.7

histidine

9.1

isoleucine

8.7

leucine
lysine

8.5

methionine

8.9

methionine sulfoxide

14.8

N-carbamoyl-beta-alanine

11.8

N-monomethyl-arginine

13.0

ornithine

9.6

phenylalanine

9.7

phosphocreatine

19.5

pipecolic acid

10.2

proline

7.5

pyroglutamic acid

19.6

serine

9.1

threonine

7.3

thyroxine

11.2

tryptophan

6.8

tyrosine

10.5

9.0
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Amino Ketones

(N=4)

Bile acids
(N=5)

Carnitine and
acylcarnitines
(N=3)

Organic acids
(N=16)

Tryptophan
metabolites
(N=5)

Vitamins
(N=3)

Others
(N=8)

valine

7.3

2-aminoadipate

20.1

allantoin

14.2

cotinine

10.1

creatinine

7.0

1-methylnicotinamide

8.5

chenodeoxycholate/deoxycholate

19.4

glycocholate

11.6

glycodeoxycholate/glycochenodeoxycholate

17.3

taurocholate

23.5

taurodeoxycholate/taurochenodeoxycholate

11.9

acetylcarnitine

9.4

butyrobetaine

9.4

carnitine

7.5

aconitate

11.9

adipate

21.3

alpha-hydroxybutyrate

7.7

beta-hydroxybutyrate

6.7

citrate

9.0

fumarate/maleate/alpha-ketoisovalerate

19.4

hydroxyphenylacetate

15.0

isocitrate

10.3

lactate

5.0

malate

13.8

methylmalonate

14.3

quinolinate

17.9

succinate

22.4

xanthurenate

23.3

2-hydroxyglutarate

17.7

3-methyladipate/pimelate

22.9

anthranilic acid

17.9

indoxylsulfate

9.5

kynurenic acid

19.2

kynurenine

11.2

3-hydroxyanthranilic acid

17.3

pantothenate

14.5

thiamine

16.1

4-pyridoxate

15.3

alpha-glycerophosphate

12.5

hippurate

10.8

phosphoethanolamine

19.2
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11.4

salicylurate

sorbitol

6.4

uracil

18.8

urate

18.1

uridine

6.9

To measure platform reproducibility, 6 plasma pools were randomly interspersed with case and control
participant samples as blinded quality control (QC) samples. Coefficients of variance (CV) were calculated for
the plasma pools and averaged to calculate the mean CV for each metabolite.
*
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Supplementary Table 10 Association of previously identified predisposing factors for pancreatic cancer and
circulating branched chain amino acids among study controls
Study

Cohorts

Exposure

Association with
Pancreatic Cancer

Association with
Total BCAAs*

Fuchs et al.(Fuchs
et al, 1996)

HPFS, NHS

Cigarette smoking

Increased risk
among current
smokers

Mean: Current
smoker = 448.8 piM;
Past smoker =
456.5 ptM; Never
smoker = 447.9 ptM;

Michaud et
al.(Michaud et al,
2001)

HPFS, NHS

Body-mass index
Physical activity

Increased risk
among obese
Increased risk
among sedentary

Height

Increased risk with
taller height

Schernhammer et
al.(Schernhammer
et al, 2004)

NHS

Aspirin uset

Increased risk with
regular long-term
aspirin use

Wolpin et
al.(Wolpin et al,
2007)
Michaud et
al.(Michaud et al,
2007)
Wolpin et
al.(Wolpin et al,
2009)

HPFS, NHS, PHS,
WHI

Plasma IGFBP-1

HPFS, NHS, PHS,
WHI

Plasma C-peptide

HPFS, NHS

ABO blood typet

Decreased risk with
higher plasma
IGFBP-1
Increased risk with
higher plasma Cpeptide
Increased risk with
non-0 blood type

Wolpin et
al.(Wolpin et al,
2012)
Bao et al.(Bao et al,
2013)

HPFS, NHS, PHS,
WHS, WHI

Plasma 25hydroxyvitamin D

HPFS, NHS, PHS,
WHS, WHI

Plasma adiponectin

Wolpin et
al.(Wolpin et al,
2013)

HPFS, NHS, PHS,
WHS, WHI

Plasma insulin

Plasma proinsulin

Hemoglobin Alc

Decreased risk with
higher plasma
25(OH)D
Decreased risk with
higher plasma
adiponectin
Increased risk with
higher plasma
insulin
Increased risk with
higher plasma
proinsulin
Increased risk with
higher hemoglobin
Aic

P = 0.43
Spearman r = 0.20;
P <0.0001
Spearman r = -0.08
; P = 0.02
Spearman r = 0.09;
P = 0.006
Mean: Long-term
user = 455.7 pM;
Non-user = 452.2
[tM; P = 0.83
Spearman r = -0.26
; P < 0.0001
Spearman r = 0.24;
P < 0.0001
Mean: 0 blood type
= 461.0 ptM; Non-O
blood type = 460.2
VM; P = 0.93
Spearman r = -0.05;
P = 0.20
Spearman r = -0.39
; P <.0001
Spearman r = 0.37;
P < 0.0001
Spearman r = 0.31;
P < 0.0001
Spearman r = 0.28;
P < 0.0001

For categorical variables, total BCAAs were compared with t-test and one-way ANOVA. For continuous
variables, Spearman correlation coefficients were adjusted for age, cohort (HPFS, NHS, PHS, WHI; which also
adjusts for sex) and fasting time (<4, 4-8, 8-12, :12 hours, missing).
*

t Aspirin classification available only for NHS participants. Self-reported ABO blood type available only for
HPFS and NHS participants
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Abbreviations: BCAAs, branched chain amino acids; HPFS, Health Professionals Follow-up Study; IGFBP-1,
insulin-like growth factor binding protein-1; NHS, Nurses' Health Study; PHS, Physicians' Health Study; WHI,
Women's Health Initiative; 25[OH]D, 25-hydroxyvitamin D
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Supplementary Table 11 Mean (standard deviation) of circulating BCAAs among pancreatic cancer cases by
cancer stage at diagnosis

Disease Stage at Diagnosis
Metastatic

P-value*

Advancd

Unknown

Localized

No. of cases
Isoleucine, ptM

64
86.9 (20.9)

105
88.2 (28.2)

189
85.9 (23.6)

95
88.9 (26.3)

0.77

Leucine, ptM

161.0 (37.1)

159.5 (43.1)

159.3 (40.2)

162.9 (43.4)

0.91

Valine, ptM

220.0 (42.4)

227.9 (54.0)

226.1 (42.1)

228.0 (51.3)

0.71

Total BCAAs, pM

467.9 (96.1)

475.6 (121.8)

471.3 (101.7)

479.8 (117.6)

0.90

*P-value calculated by one-way ANOVA
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Supplementary Table 12 Modeling fractional contributions to plasma BCAAs from short and long-term
pools.
(A) Leucine
Formulas:

Long Term Pool

Fed % Labeled) x Relative Fed Pool Size
(Fasted % Labeled~

=

Short Term Pool

Color Key:

=

Relative Fed Pool Size - Long Term Pool

s

s

Control Mice

0 090

0 079

O 066

0 047

0 06R

0.050

0.053

0.838

1.084

0.044
1.118

0.856

1.052

0.799

1.137

0.067
.6

0.066
,6

0 691
1744

%

Data
Fasted % Label
1/(Fasted
Label)
Fed % Label
Fed Pool Size

0.049
0.985

0.963

0.893

1.095

1,006

Statistics
1/(Fasted % Label)
Fed % Label
Fed Pool Size
Assumed Correlation Coefficients
rAB
rAC
rBC

0
0
0

Transformation of Variance
Jacobian for A*B*C

0:64O775

Covariance Matrix

Model Output
Long Term Pool
Short Term Pool
SD of Mean (both)

Value
0.675648261
0.324351739
0.056641395

P-value vs. KP-/-C

0.017002849

0.948413283

KP-/C Mice
0074
007

0A179
.09

0.068
OW

0.073
.7

0.078
,7

0.077
.7

0.049
1.076

0.055
1.322

0.058
1.267

1.891

1.684

1.583

ea n

t-test adiusted

%

Data
Fasted % Label
1/(Fasted
Label)
Fed % Label
Fed Pool Size
Statistics
1/(Fasted % Label)
Fed % Label
Fed Pool Size

Assumed Correlation Coefficients
rAB
rAC
rBC

1.015

a of mean

0
0
0

Transformation of Variance
Jacobian for A*B*C
Covariance Matrix

Model Output
Long Term Pool
Short Term Pool
SD of Mean (both)

Value
0.981850079
0.33265255
0.115117843

P-value vs. KP-+0.017002849

0.948413283
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1.206

1.372

1.046

1.035

0.824

(B) Valine
Long Term Pool =

Formulas:

Fed % Labeled
) x Relative Fed Pool Size
%
(Fasted% Labeledi

Short Term Pool = Relative Fed Pool Size - Long Term Pool

s

Color Key:

Control Mice
A A0t9

flARR

0083

flA)R3

0.072

0.076

0.074

0088

0.053

0.051
1.139

0.056
1.177

0.050
1.213

1137

0.789

0085

0072

0.076

0.074

%

Data
Fasted % Label
1/(Fasted
Label)
Fed % Label
Fed Pool Size

1.180

0.727

0.856

1.087

0.689

1.176

0.823

Statistics
1/(Fasted % Label)
Fed % Label
Fed Pool Size
Assumed Correlation Coefficients
rAB
rAC
rBC

0
0
0

Transformation of Variance
Jacobian for A*B*C
Covariance Matrix

Model Output
Long Term Pool
Short Term Pool
SD of Mean (both)

P-value vs, KP-/ C

Value

0.660170236
0.339829764

0.011837429
0.,675775606

0.049991235

KP-C Mice
%

Data
Fasted % Label
1/(Fasted
Label)
Fed % Label
Fed Pool Size
Statistics
1/(Fasted % Label)
Fed % Label
Fed Pool Size

U.Ubo
1.281

U.I!b5
1,257

-

U.UO't

1.372

1,937

0.982

1.546

'' '"

^ ^

Assumed Correlation Coefficients
rAB
rAC
rBC

1.773

0
0
0

Transformation of Variance
Jacobian for A*B*C
Covariance Matrix

Value
1.043650222
0.27610806
0.143923827

P-value vs. KP

/

Model Output
Long Term Pool
Short Term Pool
SD of Mean (both)

0.011837429
0.675775606
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1.051

1.020

1.073

1.141

0.774

Supplementary Table 13 Amino Acid Fragments Used for Isotope Quantification
Metabolite

Carbons

Formula

m/z range

Leu

123456

C 1 4 H 3 2 0 2 NSi 2

302-310

Val

12345

C1 3 H 3 00 2 NSi 2

288-296
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Metabolites measured by LC-MS
metabolomics platform
(N = 133)

Exclude metabolites
with poor stability on
processing delay
(N = 32)

Exclude metabolites
with mean CV >25%

(N = 13)

Exclude metabolites
with missing data for
>10% of participants
(N = 5)

Metabolites included in analysis
of pancreatic cancer risk
(N = 83)

Excluded metabolites:
- Poor stabilitywith processingdelay (32): taurine, cystathionine, gamma-aminobutyric acid, histamine,

serotonin, 5-hydroxyindoleacetic acid, triiodothyronine, niacinamide, alpha-glycerophosphocholine,
inositol, glucose, fructose/glucose/galactose, glucuronate, fructose 6-phosphate, ribose-5phosphate/ribulose-5-phosphate, phosphoenolpyruvic acid, phosphoglycerate, pyruvate, alphaketoglutarate, oxalate, adenine, 2'-deoxyadenosine, AMP, cyclic AMP, ADP, GDP, GMP, hypoxanthine,
xanthine, xanthosine, inosine, 5'-adenosylhomocysteine,
- Mean CV 25% (13): indole-3-propionate, acetylcholine, glycerol, sucrose, UDP, UDPgal actose/UDP-gl ucose, inosinic acid, cytidine, cytosine, CMP, gentisate, lactose, sarcosine.
- Missing datafor

>l

of participants(5): 5-hydroxytryptophan, sebacate, benzoate, phosphocholine,

suberate

Supplemental Figure 1. Flow diagram of plasma metabolites measured and
analyzed in the nested pancreatic cancer case-control population. Schematic demonstrating
the 83 metabolites chosen for analysis in participants from four prospective cohort studies.
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ABSTRACT
Oncogenic signaling has been associated with metabolic changes in cell culture, but how
specific signals influence metabolism in different tissue contexts remains an open question
as tissue-of-origin can play an important role in dictating the metabolic phenotypes of
tumor cells (Hu et al, 2013; Yuneva et al, 2012). We recently found that pancreatic ductal
adenocarinoma (PDAC) and non-small cell lung cancer (NSCLC) models driven the
introduction of tissue specific mutations in Kras and Trp53 results in opposite changes in
plasma BCAA levels opposite changes in plasma BCAA levels (Mayers et al, 2014). We
hypothesized that these differential changes in plasma BCAAs might reflect a difference in
BCAA utilization by tumors arising in each tissue despite common genetic events involved
in the initation of each cancer. Consistent with different BCAA fate in these cancers,

13

C

stable isotope tracing revealed increased incorporation of BCAAs into tissue protein in
NSCLC tumors, with minimal incorporation of BCAAs in PDAC tumors. NSCLC tumors also
displayed increased generation of u-ketoisocaproate, the transamination product of
leucine, suggesting BCAAs may act as a nitrogen source in NSCLC, a finding further
supported by gene expression analysis. Deletion of BCAA transaminase (Bcat) isoforms in
syngenic NSCLC cells prevented proliferation in vivo in lung and pancreatic tissue, but not
in vitro. Thus, despite identical oncogentic mutations, mouse models of NSCLC and PDAC
utilize BCAAs differently and provide further insight into how these different cancers
influence circulating levels of these amino acids.
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INTRODUCTION
Cancer is a disease characterized by the inappropriate proliferation of malignant cells
(Hanahan &Weinberg, 2011). This imposes a set of metabolic demands to support
replication that differ from the metabolic demands of quiescent cells (Cairns et al, 2011). In
particular, while non-proliferating cells require metabolism to generate energy and
maintain homeostasis (Khairallah, 2003; Lemons et al, 2010), proliferating cells must also
acquire or synthesize biomass de novo for the creation of an entirely new, independent
daughter cells (Cairns et al, 2011; Vander Heiden et al, 2009).

To support this need for new biomass generation, proliferating cells shift their metabolism
to increase nutrient uptake and divert intermediates into biosynthetic pathways
(Deberardinis et al, 2007; Deberardinis et al, 2008; Hsu & Sabatini, 2008). Studies in cell
lines have begun to define how common cancer promoting mutations contribute to these
metabolic changes. For example, constitutively active Ras signaling increases glucose and
glutamine consumption to support anabolic processes involivng the pentose phosphate
pathway and tricarboxylic acid (TCA) cycle (Gaglio et al, 2011; Vizan, 2005; Ying et al,
2012). More recent studies have also revealed that mutant Ras transformed cells scavenge
extracellular protein and lipids to meet the metabolic demands of proliferation (Commisso
et al, 2013; Kamphorst et al, 2013).

The relatively homogenous nature of culture systems, however, in which cell lines more
closely resemble each other rather than their original tumor tissue (Mehrian Shai et al,
2005), fails to address how nutrient conditions present in different tissue contexts further
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constrain metabolism. Nutrient availability can varies widely between tissues in vivo, and
nutrient availability may be further complicated by changes in tumor vasculature
(Helmlinger et al, 1997; Hirayama et al, 2009; Vaupel et al, 1989). The potential for
environment to alter metabolic phenotypes in cancers is highlighted by the notion that
scavenging of extracellular material can serve as a major nutrient source when glucose,
glutamine and amino acids are limiting (Commisso et al, 2013; Kamphorst et al,
2013) (Davidson et al, unpublished). Thus, nutrient dependence in vivo may be markedly
different from that observed in culture for the same cancer cells.

Consistent with this idea, recent work has demonstrated that tumor metabolic gene
expression most closely resembles the tissue of origin for that tumor (Hu et al, 2013), and
that the same oncogenic driver can cause different metabolic phenotypes in different
tissues (Yuneva et al, 2012). Furthermore, we found that pancreatic ductal adenocarcinoma
(PDAC) initiated by activating Kras mutations and deletion of Trp53 is associated with
increased plasma branched-chain amino acid (BCAA) levels resulting from increased whole
body protein turnover, while a model of non-small cell lung cancer (NSCLC) driven by the
same genetic lesions displays the opposite changes in plasma BCAA levels (Mayers et al,
2014). Based on these studies, we hypothesized that the distinct plasma BCAA changes
might reflect a difference in the utilization of these amino acids by these tumors and sought
to investigate the metabolic fate of BCAAs in each context.
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RESULTS
To investigate how tissue-of-origin for a tumor influences BCAA metabolism, we utilized
LSL-KraSG12 D/+; Trp53flox/flox (KP) mice. To generate syngenic models of PDAC and NSCLC,

we combined these alleles with either the Pdx-1-Cre allele (KP-/-C model) (Bardeesy et al,
2006) or delivered viral Cre to the lung via inhalation (DuPage et al, 2009), respectively, on
a C57B6/J background. These mouse models are designated PDAC and NSCLC throughout
the studies described below.

We first confirmed that levels of BCAAs in the plasma changed in each model as reported
previously (Mayers et al, 2014). Consistent with previous studies, five-week-old mice with
early PDAC (Fig la) show increased levels of plasma BCAAs, whereas mice with early
NSCLC, eight weeks post-infection, show a decrease in plasma BCAA levels (Fig 1b).
Implantation of PDAC cells into syngeneic hosts failed to reproduce the plasma BCAA
elevations seen with autochthonous PDAC tumors (Mayers et al, 2014). In contrast,
implantation of a NSCLC cells into the lungs of syngeneic mice recapitulated the BCAA
depletion seen in the autochthonous NSCLC model (Fig 1c). This finding suggests that the
decrease in plasma BCAA levels might be the direct result of NSCLC cancer cell autonomous
changes in whole body BCAA metabolism.

To directly explore tissue-specific differences in BCAA metabolism, we fed mice an amino
acid defined diet in which 20% of leucine and valine were

3C-labeled

for one week. These

feeding studies were begun at seven weeks of age in PDAC mice and 12 weeks postinfection in NSCLC mice. In both cases, tumor bearing animals and controls attained similar
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Figure 1 (cont) Differences in plasma BCAA levels in PDAC and NSCLC reflect tumor-specific differences in
BCAA uptake and catabolism. (a) Mean plasma BCAA concentration ( s.e.m.) in five-week-old PDAC mice and
controls (n=8 control, n=6 PDAC). (b) Mean plasma BCAA concentration ( s.e.m.) eight weeks post-infection
in NSCLC mice and controls (n=7 control, n=11 NSCLC). (c) Mean plasma BCAA concentration ( s.e.m.) in
mice four weeks after subcutaneous implantation of syngenic NSCLC cell line (n=6 control, n=7 LGSP1). (d)
Mean relative ion counts ( s.e.m.) by LC-MS analysis of fully-labeled, free BCAAs in the tumors and control
tissues of PDAC and NSCLC mice, at eight-weeks-old and 13 weeks post-infection respectively, following one
week of 13 C-BCAA containing diet (n=4 control and n=4 PDAC; n=4 control and n=4 NSCLC). (e) Diagram of
leucine catabolic pathway. Red labels indicate metabolites measured by mass spectrometry analsysis. KIC =
a-ketoisocaproate. (f) Mean relative ion counts ( s.e.m.) by GC-MS analysis of fully-labeled BCAAs from
protein acid hydrolysates of the tumors and control tissues of PDAC and NSCLC mice, at eight-weeks-old and
13 weeks post-infection respectively, following one week of 13 C-BCAA containing diet (n=4 control and n=4
PDAC; n=4 control and n=4 NSCLC). (g) Mean relative ion counts ( s.e.m.) by LC-MS analysis of fully-labeled
KIC in the tumors and control tissues of PDAC and NSCLC mice, at eight-weeks-old and 13 weeks postinfection respectively, following one week of 13C-BCAA containing diet (n=4 control and n=4 PDAC; n=4
control and n=4 NSCLC). (h) Mean M+2 fractional labeling ( s.e.m.) by GC-MS analysis of citrate in the tumors
and control tissues of PDAC and NSCLC mice, at eight-weeks-old and 13 weeks post-infection respectively,
following one week of 13C-BCAA containing diet (n=4 control and n=4 PDAC; n=4 control and n=4 NSCLC).
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enrichment (Fig 2a). Strikingly, while there was a trend toward

decreased BCAA uptake in PDAC tumors relative to normal pancreas, NSCLC tumors took
up significantly more labeled BCAAs than normal lung (Fig 1d).

There are several potential fates of BCAAs in tissues. BCAAs can be directly incorporated
into protein or reversibly transaminated by branched chain amino acid transaminase
(Bcat) isoforms to produce a branched chain a-ketoacid (BCKA) (Fig le). If not reaminated
or excreted, BCKAs can be oxidatively decarboxylated by the branched chain keto acid
dehydrogenase (Bckdh) complex to initiate further oxidation of the carbon skeleton (Fig
le) (Harper et al, 1984). In concordance with their increased uptake, NSCLC tumors
incorporated significantly more BCAAs into protein than control lung, while PDAC tumors
incorporated less labeled BCAAs relative to control pancreas (Fig if and Fig 2c-d).
Examining downstream metabolites in BCAA catabolism revealed that NSCLC tumors had
more labeled a-ketoisocaproate (KIC), the leucine-derived BCKA, while a change in ccketoisocaproate was not evident in PDAC tumors (Fig 1g). Interestingly, there was no
change in levels of BCAA-derived metabolites downstream of the Bckdh step in either
NSCLC or PDAC (Fig 2e), with evidence of decreased BCAA-derived carbon entry into the
tricarboxylic acid (TCA) cycle in PDAC (Fig 1h and Fig 2e-f). Together these data indicate a
potentially unique role for BCAA uptake and transamination in the context of NSCLC,
without evidence for an increase in further BCAA-derived carbon metabolism.

To further to examine the capacities of lung and pancreatic tumors to catabolize BCAAs, we
performed quantitative RT-PCR on NSCLC and PDAC tumors and their respective normal
152

a

b

Pancreas - Plasma
0

Lung - Plasma
0.15.

2.5-

15-

2.5U)

2-0-

0

0

0.10.
.0

(D

LL

0

0.05U

O 00-

+

M

1.0-

4

C

0.05*
LL
1

10

0

It

4

f

.111

-0

CU

U
0)
C6U

control

0

NSC*C

02

0.4
0.2

o4

,

.04
*

Control
PDAC

.03

002
0.01

0.05

Lung

0.8

Leu

0.05

W

0.04

0.03

06
0.4

M Control

0.2

= NSCLC

a m

0.0
M+0

0b

Control
SNSCLC

Val

P ancrea s

10

10

Lung

0

a
0.0.

0.8
0.6

* Control
1 PDAC

$X

z0

Val M+5 Leu M+6

Leu

CU

0,5

r

c 0.5

W

0.006
Val

0

1

P=0.01

P 0009

0.0007
1.0.

0.05-

P = 0007

1

P

010.

tos

Pan creas

20

1 5-2

LL

-

C
0
0)

j

0.0-

5
0

015-

P=0.1

a

Val M+5 Leu M+6

e

Lung Tissue Protein

P=0.0004

0
a- 0.5mU
0)

+

0.00"

0 ContrW|
PDAC |
M TL

Val M+5 Leu M+6

*

0

0 06

d

P=0005

S

0

Val M+5 Leu M+6

Pancreas Tissue Protein

0.10-

0.5.

Control|
1 NSCLC

0.00.

15-

1.0.

W
0

Vat M+5 Leu M+6

0. 15 mi

Z

0.05.
U

00-

Val MA+5 Leu M+6

C

0

1.01.5

SControl
V PDAC |

0

00

0

2.0-

+

10-

*

0

M+1 M+2 M+3 M+4 M+5 M+6

0.02
0.01
Iuu
.oon
.00

MID

0ert

ZIP
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uptake and catabolism. (a) Mean ( s.e.m.) fractional plasma enrichment (left panel) and relative ion counts of
fully labeled BCAAs (right panel) in eight-week-old PDAC mice following one week of 13 C-BCAA containing
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13C-BCAA containing diet (n=4 control and n=4 NSCLC). (c) Mean ( s.e.m.) fractional enrichment of labeled
BCAAs (left panel) and relative ion counts of total BCAAs (right panel) in protein hydrolysates of tumors and
control tissue from eight-week-old PDAC mice following one week of 13 C-BCAA containing diet (n=4 control
and n=4 PDAC). (d) Mean ( s.e.m.) fractional enrichment of labeled BCAAs (left panel) and relative ion
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mass isotopomer distribution of citrate for PDAC (top panel, n=4 control and n=4 KP/-C) and NSCLC (bottom
panel, n=4 control and n=4 NSCLC).
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tissues. Consistent with the increased BCAA uptake and KIC generation observed in our
13C-BCAA

feeding studies, NSCLC tumors had increased expression of the main BCAA

transporter Slc7a5 (also called the neutral amino acid transporter Lati) and increased or
unchanged levels of Bcat and Bckdh isoforms (Fig 3a). In contrast, PDAC tumors down
regulated these same genes (Fig 3b), with the expression changes also generally reflected
at the protein level (Fig 3c-d). Finally, consistent with the increased KIC observed in NSCLC,
we found inhibition of Bckdh complex activity in lung tumor as indicated by an increase in
inhibitory Ser293 phosphorylation (Fig 3c).

The expression changes observed in PDAC are not unique to this model, as the related KPC
mouse model (Hingorani et al, 2005), which utilizes a common point mutation of Trp53,
showed similar changes in expression (Fig 4a). These decreases do not appear to be a
consequence of the relative acellularity of PDAC tumors (Biankin et al, 2012; Feig et al,
2012), as sorted tumor cells showed decreased expression of genes involved in proximal
BCAA catabolism relative to whole tumor extracts (Fig 4b). Consistent with neither lung or
pancreas cancers relying on downstream oxidation of BCAA-carbon, the expression of
enzymes involved in this process was not markedly different between PDAC and NSCLC,
with decreases in some genes observed relative to control tissues (Fig 4c-d). In contrast,
glycolytic gene expression was increased in both tumor types (Fig 4e-f), a finding
&

consistent with known increases in glycolytic flux in each tumor (Friess et al, 1995; Hsu
Sabatini, 2008; Kubota et al, 1990; Nolop et al, 1987; Warburg & Posener, 1924).

154

b

a
Lung
Lug

4

4 0.002

2.0

MControl
NSCLC

.[Z

03

e
Pancreas
Control

15

P =0.02

r""

P=0_00

C')

P

PDAC

P=0.048

03

P=0J004

a? 1.0
CL)

41

0.5

41)

0

0.0
Slc7a5 Bcatl

Bcat2 Bckdha Bckdhb

C

d

Lung
Con

Con

Con

Con

Slc7a5 Bcatl

NSCLC NSCLC NSCLC NSCLC

Bcat2 Bckdha Bckdhb

Pancreas
Con

Con

Con

Con

PDAC

PDAC

PDAC

SIc7a5

Bcati

I

-*

low

*00

"

&cat2
Bckdha
BdcHs

HspMoI

u

qW*S0~~~~~ga

WF

.....

PDAC

SLC7A5
BCAT2

BCAT1
KL411

BCKDHA
BCKDHB
DBT
DLD
ACADS
ACADM
IVD
ACADSB
ACAD8
HADHA
EHHADH
ECHSI
HADH
HSD17BIO
ACAAI
ACAA2
HADHB
PCCA
PCCB
MCEE
MUT
HIBCHHIBADHALDH6A1
ALDH2
ALDH3A2
ALDH181
ALDH7A1
ALDH9A1
AOX1
ABAT
MCCC1
MCCC2
AUH
HMGCL
OXCT1
OXCT2
ACAT2
ACAT1
HMGCS1
HMGCS2

4
f0

4
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(a) Mean relative expression ( s.e.m.) of BCAA metabolic pathway genes in NSCLC tumors and normal lung
(n=6 control and n=6 NSCLC). (b) Mean relative expression ( s.e.m.) of BCAA metabolic pathway genes in
PDAC tumors and normal pancreas (n=7 control and n=5 PDAC). (c) Western blotting of BCAA metabolic
pathway genes in representative NSCLC tumors and normal lung. (d) Western blotting of BCAA metabolic
pathway genes in representative PDAC tumors and normal pancreas. (e) Comparison of BCAA metabolic
pathway gene expression in human NSCLC and PDAC tumors to their adjacent paired normal tissues. Overall
expression of the pathway is significantly decreased in PDAC (P<0.0001).
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To ascertain whether similar changes in gene expression were also found in human
cancers, we examined expression of BCAA catabolic enzymes in NSCLC and PDAC relative
to normal tissue. These studies revealed a striking overlap with the changes in the mouse
tissues, with increased expression of the upstream catabolic genes in NSCLC and a broad
and down regulation of genes involved in BCAA catabolism in PDAC (P < 0.0001 for
pathway) (Fig 3e).

Taken together, the gene expression and tracing data suggest that NSCLC tissue might
utilize BCAAs as a source of nitrogen in vivo. To determine whether BCAA catabolism
might be limiting for NSCLC tumor cell proliferation in vivo, mice with and without NSCLC
were fed an isonitrogenous, amino acid defined diet with two times the normal dietary
levels of BCAAs (Mayers et al, 2014). Increasing plasma BCAA via dietary intervention
failed to enhance growth of implanted syngenic NSCLC tumor cells (Fig 5a) or alter
progression of an autochthonous NSCLC arising in the KP model (Fig 5b).

To determine whether BCAAs can be limiting for NSCLC proliferation in vitro, we developed
a modified version of Dulbecco's Modified Eagle Media (DMEM) containing levels of
nutrients found in human plasma (Albritton, 1952). Supplementation of this base media
with increased levels of BCAA enhanced growth of NSCLC, but not PDAC cell lines (Fig 5c).
To determine whether BCAA catabolism was important as a source of nitrogen in these
cells, we cultured NSCLC cells in the presence of stable-isotope labeled 1sN-leucine. After 24
hours of culture, NSCLC cell lines compared to PDAC cell lines showed increased amounts
of 15 N-labeled (M+1) glutamate, a direct product of Bcat action on leucine, as well as
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aspartate (Fig 5d). Increased Bcat activity in NSCLC was also reflected by an increase in the
levels of reaminated

14 N-leucine

(M+0) (Fig 5e).

Since rapidly proliferating cancer cells need to accumulate new biomass for the generation
of daughter cells, we conducted long-term labeling experiments to access the fate of BCAAderived nitrogen in NSCLC and PDAC cell lines. After four days of labeling, several NSCLC
cell lines displayed increased incorporation of 15N-labeled amino acids into protein relative
to PDAC cells (Fig 5). Increased contribution of BCAA-derived nitrogen was also observed
in several nucleotide species in NSCLC compared with PDAC cells (Fig 5g).

While these studies indicate that BCAA-derived nitrogen can contribute to biomass to a
greater degree in NSCLC cell lines compared with PDAC lines, whether this contribution is
required to for proliferation remains unclear. To directly address this question, we used
the CRISPR-Cas9 mediated genome editing system with a guide sequence (sgRNA)
targeting a homologous exon sequence for both Bcat (1 and 2) isoforms. Using this
approach, a double knockout clone (Bcat null) was generated (Fig 6a-b), and tracing studies
with

15N-leucine

and ' 3 C-leucine confirmed functional knockout of Bcat activity in these

cells (Fig 6c-d). Importantly, despite loss of both Bcat isoforms, these cells grow as well as
the parental and a vector control infected cell line in vitro (Fig 6e). However, when
implanted into lung or pancreatic tissue in vivo, however, these cells fail to form tumors. In
the lung only one of 13 transplants grew out, compared to 23 of 23 control cell transplants
(P < 0.0001, chi-square test) (Fig 6). When transplanted into the pancreas only one of five
transplants formed a tumor, compared with all five control transplants, and the one Bcat
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Figure 6 CRISPR-Cas9 mediated double knockout of Bcatl and Bcat2 inhibits growth in vivo but not in vitro.
(a) Sequence analysis of Bcatl and Bcat2 of Bcat null from syngenic LGSP1 NSCLC cell line following sgRNA
targeting with CRISPR-Cas9 system. (b) qPCR analysis of expression of Bcatl and Bcat2 in Bcat null shows no
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13
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Bcat null cell lines in vitro. (f) Lung orthotopic implantion and (g) pancreatic orthotopic implantation of
control infected and Bcat null cell lines demonstrates double knockout cells do not readily form tumors in
vivo.
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null implantation that formed a tumor was less than 5% of the volume of the smallest
control tumor measured (Fig 6g). Taken together, these data argue Bcat activity is required
for NSCLC growth in vivo in both lung and pancreatic tissue.

DISCUSSION
Cancer cells in vivo must acquire available nutrients to build biomass and fuel uncontrolled
proliferation (Mayers &Vander Heiden, 2015). Growing cells need to accumulate amino
acids, both to make protein and as source of nitrogen for nucleotide and de novo amino acid
synthesis. Recent work has shown that macropinocytosis, a process used by mutant RAS
cells to engulf and then metabolize large extracellular molecules including protein, serves
as a key source of amino acids in PDAC (Commisso et al, 2013). This process, however,
appears to be far less active in mutant RAS transformed NSCLC cells in vivo (SMD & MVGH
unpublished data). Our findings suggest that in contrast to PDAC, NSCLC rely on uptake of
free amino acids from plasma and can use BCAAs as an important source of nitrogen.
Changes in plasma BCAAs likely best reflect this predilection, as the liver regulates levels of
these amino acids (Brosnan, 2003; Matthews et al, 1993), and therefore increased use by
lung tumors may be responsible for the decreased BCAAs found in the plasma of mice with
NSCLC. Furthermore, as BCAAs are among the most abundant amino acids in plasma (Blau,
2003; Mayers & Vander Heiden, 2015), metabolism of these amino acids might also
contribute to tumor progression as the inability to transaminate BCAAs appears to
dramatically affects lung tumor growth in vivo.
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Interestingly, while the most abundant plasma amino acid, glutamine, serves as a critical
nitrogen and carbon source substrate in culture (Eagle et al, 1956) (Deberardinis et al,
2007; Deberardinis et al, 2008), initial work in vivo in both glioblastoma and NSCLC,
indicates that glutamine contribution to cancer cell metabolism in vivo can be small (Maher
et al, 2012; Marin-Valencia et al, 2012; Sellers et al, 2015)(SDM & MGVH unpublished data).
Our data indicate that in NSCLC tumors, BCAAs might serve as an important nitrogen donor
for de novo amino acid and nucleotide biosynthesis. The relatively unique increase in Bcat
activity in NSCLC tumors cells suggests that this may be a potential target for this cancer.

While we note differences in the metabolism of BCAAs in vitro, the absolute magnitude of
this difference is not large and may reflect metabolic convergence of cell types under
culture conditions (Mayers & Vander Heiden, 2015; Mehrian Shai et al, 2005). Given the
differences in carbon metabolism and expression of BCAA catabolic genes between NSCLC
and PDAC tumors in vivo, we are tracing 15 N-leucine fate in both NSCLC and PDAC tumors
to determine how the in vivo tissue environment influences BCAA nitrogen fate, and further
understand the dependence of NSCLC tumors on Bcat expression.

We are also working to generate additional double Bcat knockout NSCLC cells as a well as
syngenic Bcat knockout PDAC cells. Orthotopic implantation studies of these mutant cells
into both the pancreas and lung will help to further elucidate the relative roles played by
tissue-of-origin and local environment in dictating the metabolic phenotype for these
different mutant Kras driven cancers. Studies are also ongoing using CRISPR-Cas9 to induce
total Bcat knockout together with introduction of mutant Kras and Trp53 deletion to
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initiate autochthonous NSCLC tumors. In addition to further examining the importance of
Bcat activity in vivo, the results of this study will also explore the metabolic differences
between tumors derived from cell lines and those that arise spontaneously in the models.
As personalized medicine and tumor sequencing play a larger role in the clinical
management of cancer (Garraway, 2013; Van Allen et al, 2014), understanding how tissue
context influences metabolism will be critical to exploit the metabolic dependencies
conferred by the same oncogenic mutations in different tissues.

METHODS
Experimental Mice. All studies were approved by the MIT committee on animal care
(IACUC). All experimental groups were assigned based on genotype. All animals were
numbered and experiments conducted blinded. After data collection, genotypes were
revealed and animals assigned to groups for analysis. The experiment was not randomized.

KPC: Experimental KPC mice were male mice on a pure C57B6/J, heterozygous for the
conditional lox-stop-lox KraSG12D allele, heterozygous for the conditional lox-stop-lox
Trp53R172H allele and expressed Cre-recombinase under control of the Pdx-1-promoter
(Tg(Ipf1-cre)1 Tuv) (Hingorani et al, 2005). Littermate controls lacked either the LSLKrasG12 D allele, the Cre allele, or both. Control mice were sacrificed at the same time as their
tumor-bearing littermates.

KP-1C (PDAC): Experimental KP-/-C mice were male mice on a pure C57B6/J background,
heterozygous for the conditional lox-stop-lox KrasG12D allele, homozygous for loxP sites
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flanking exons 2-10 of Trp53 and expressed Cre-recombinase under control of the Pdx-1promoter (Tg(Ipf1-cre)1Tuv) (Bardeesy et al, 2006). Littermate control mice lacked either
the Cre-recombinase allele, LSL-KraSG1 2D allele, or both. Cancer cell lines derived from
these mice were used for syngenic implantation studies. For FACS sorting study, mixed
background male mice with the KP-/-C alleles plus a LSL-tdTomato reporter gene expressed
under control of the Rosa-26 promoter (Gt(ROSA)26Sor tm9(CAG-tdTomato)Hze/+) were used.

Non-small cell lung cancer: Experimental NSCLC mice were male mice on a pure C57B6/J
background, heterozygous for the conditional lox-stop-lox KrasG 2D allele, homozygous for
loxP sites flanking exons 2-10 of Trp53 were administered 2.5x10 7 pfu of Cre-expressing
adenovirus intratracheally as previously described (DuPage et al, 2009; Jackson et al,
2005). High-titer adenovirus was obtained from the Gene Transfer Vector Core (University
of Iowa). Cre was administered when the mice were 8-12 weeks of age. Cancer cell lines
derived from these mice were used for syngenic implantation studies.

Implantation studies: Male C57B6/J mice aged 8-12 weeks at the start of the study were
used for these experiments.

Diets. StandardChow Diet: RMH 3000 (Prolab).
Amino Acid Defined Diet: 1x BCAA (TD.110839) and 2x BCAA (TD.110843) were designed in
consultation with and subsequently obtained from Harlan Teklad.
13 C-BCAA

Amino Acid Defined Diet: 20% 13 C-leucine and 20% 13 C-valine labeled diet was

based on diet TD.110839 and produced by Cambridge Isotopes and Harlan Teklad.
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15N-Leu Amino

Acid Defined Diet: 50% 15N-leucine labeled diet was based on diet

TD.110839 and produced by Cambridge Isotopes and Harlan Teklad.

Plasma for Metabolomics. Plasma was collected for each experiment approximately 5.5
hours after the onset of the light cycle at the ages indicated. Mice were anesthetized under
2% isofluorane-oxygen mixture and retro-orbitally bled approximately 4.5 hours after the
onset of the light cycle. Blood was immediately placed in EDTA-pretreated tubes and
centrifuged to separate plasma. Plasma was aliquoted and frozen at -80'C for further
analysis.

LC-MS Plasma Amino Acid Measurements. Plasma amino acids were measured by LCMS at the Koch Institute of the Massachusetts Institute of Technology (Cambridge, MA)
using methods previously described (Mayers et al, 2014). Raw data were analyzed as peak
area tops using the open-access MAVEN software tool (Clasquin et al, 2012).

GC-MS Assessment of

13

C and 1sN

Stable Isotope Labeling. Plasma polar metabolites

were extracted in ice-cold 4:1 methanol:water with norvaline internal standard (5IL
plasma in 200 ptL extraction solution). Extracts were clarified by centrifugation and the
supernatant evaporated under nitrogen and frozen at -80'C for subsequent derivitization.
Dried polar metabolites were dissolved in 20pL of 2% methoxyamine hydrochloride in
pyridine (Thermo) and held at 37'C for 1.5hr. After dissolution and reaction, tertbutyldimethylsilyl derivatization was initiated by adding 25 [L N-methyl-N-(tert-
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butyldimethylsilyl)trifluoroacetamide + 1% tert-butyldimethylchlorosilane (Sigma) and
incubating at 37'C for 1hr.

All tissues used for metabolomics analysis were snap frozen using a BioSpec Biosquezer
(#1210). To extract free polar metabolites, 10-30 mg of tissue was pulverized in liquid
nitrogen using at Retsch Cryomill (#20.749.0001) and Retsch Cryomill Grinding Balls
(#22.455.0002) for 2x 2min cycles at 25 Hz. Powdered tissue was extracted with 5:3:5 icecold methanol:water (with 13.3ng/ tL Norvaline internal standard):chloroform. Extract
was vortexted for 10min at 4'C and centrifuged at for 10min at 20,000g at 4'C in a
benchtop centrifuge (Eppendorf Centrifugre 5145R). An equal volume of the top (aqueous)
phase was removed for each sample and evaporated under nitrogen and frozen at -80'C for
subsequent derivitization. Dried polar metabolites were dissolved in 1pL/mg tissue of 2%
methoxyamine hydrochloride in pyridine (Thermo) and held at 37"C for 1.5hr. After
dissolution and reaction, tert-butyldimethylsilyl derivatization was initiated by adding
1.25 [L/mg tissue N-methyl-N-(tert-butyldimethylsilyl)trifluoroacetamide + 1% tertbutyldimethylchlorosilane (Sigma) and incubating at 60'C for 1hr.

The acid hydrolysis protocol was adapted from Antoniewicz and colleagues (Antoniewicz
et al, 2007). Briefly, acid hydrolysis of tissue proteins was performed on snap frozen
tissues by boiling 1-5mg tissue in 1mL 18% hydrochloric acid overnight at 100C. 50pL
supernatant was evaporated under nitrogen and frozen at -80"C for subsequent
derivitization. Dried hydrolysates were re-dissolved in pyridine (10pL/1mg tissue) prior
to tert-butyldimethylsilyl derivatization, which was initiated by adding N-methyl-N-(tert166

butyldimethylsilyl)trifluoroacetamide + 1% tert-butyldimethylchlorosilane (12.5 [L/1mg
tissue, Sigma) and incubating at 60'C for 1h.

GC/MS analysis was performed using an Agilent 7890 GC equipped with a 30m DB-35MS
capillary column connected to an Agilent 5975B MS operating under electron impact
ionization at 70eV. One microlitre of sample was injected in splitless mode at 270'C, using
helium as the carrier gas at a flow rate of 1mlmin- 1. For measurement of amino acids, the
GC oven temperature was held at 100'C for 3min and increased to 300'C at 3.50 Cmin- 1 . The
MS source and quadrupole were held at 230'C and 150'C, respectively, and the detector
was run in scanning mode, recording ion abundance in the range of 100-605 m/z. MIDs
were determined by integrating the appropriate ion fragments (Antoniewicz et al, 2007)
listed in Supplementary Table 4 and corrected for natural isotope abundance using an
algorithm adapted from Ferandez and colleagues (Fernandez et al, 1996).

Q-Exactive LC-MS Assessment of

13C

and 15 N Stable Isotope Labeling. Tissue samples

were collected and extracted as before. After drying the polar fraction, samples were
resuspended in ice-cold 1:1 Acetonitrile:Water mix at 10mg tissue/40[tL. LC/MS analyses
were conducted on a QExactive benchtop orbitrap mass spectrometer equipped with a
heated electrospray ionization (HESI) probe, which was coupled to a Dionex UltiMate 3000
UPLC system (Thermo Fisher Scientific, San Jose, CA). External mass calibration was
performed using the standard calibration mixture every 7 days. For

13 C-BCAA

tracing in

tissues, 2.5 [il of each sample was injected into the LC/MS. For 15 N-BCAA tracing into
nucleotides, 10 pl of each sample was injected into the LC/MS.
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LC separation was performed on a ZIC-pHILIC 2.1 x 150 mm (5 Im particle size) column
(EMD). Buffer A was 20 mM ammonium carbonate, 0.1% ammonium hydroxide; buffer B
was acetonitrile. The chromatographic gradient was run at a flow rate of 0.150 ml/min as
follows: 0-20 min.: linear gradient from 80% to 20% B; 20-20.5 min.: linear gradient from
20% to 80% B; 20.5-28 min.: hold at 80% B.

The mass spectrometer was operated with the spray voltage set to 3.0 kV, the heated
capillary held at 275'C, and the HESI probe held at 350*C. The sheath gas flow was set to 40
units, the auxiliary gas flow was set to 15 units, and the sweep gas flow was set to 1 unit.
For 13C-BCAA tracing in tissues, the MS data acquisition was performed in full-scan,
polarity switching mode in a range of 70-1000 m/z, with the resolution set at 70,000, the
AGC target at 106, and the maximum injection time at 20 msec. For 15 N-BCAA tracing into
nucleotides, the MS data were acquired in either positive or negative ion mode in a range of
285-385 m/z, with the resolution set at 140,000, the AGC target at 106, and the maximum
injection time at 250 msec.

Relative quantitation of polar metabolites was performed with XCalibur QuanBrowser 2.2
(Thermo Fisher Scientific) using a 5 ppm mass tolerance and referencing an in-house
library of chemical standards.

DNA Isolation and Enzymatic Digest. DNA was extracted using
Phenol/Chloroform/Isoamyl extract mix (25:24:1 pH 8.0, Sigma P3803). DNA was
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precipitated with 0.1 volumes of 3M Sodium Acetate pH 5.2 and 3 volumes isopropanol
overnight at -20'C. After pelleting and washing, DNA was resuspended in water. 20IL DNA
was mixed with 6pL 100mM Succinic Acid-NaOH 50mM CaCl2 pH5.9, 0.1pL 0.02U/ptL
Bovine Spleen Phosphodiesterase II (Sigma P9041), 0.1ptL 2000GelUnits/ptL Micrococcal
Nuclease (NEB 0247) and incubated at 37'C for 2.5 hrs. Reaction was then extracted with
90[tL 2:1 Chloroform:Methanol and the resulting methanol fraction was dried down under
nitrogen. Sample was resuspended in 50:50 Acetonitrile:Water at 100ng/[tL for Q-Exactive
Mass Spectroscopic Analysis.

RNA Extraction and Quantitative-Real Time PCR. Approximately 10-20mg of frozen
tissue was homogenized (ProScientific Pro200) in Trizol (Life Technologies) and RNA
extracted according to included protocol. RNA concentration was determined on Nanodrop
(#ND1000) and 1 tg of cDNA synthesized using iScript cDNA synthesis kit (BioRad) on an
Eppendorf Mastercycler Pro Thermocycler. Quantitative-RT PCR was carried out on 5ng of
cDNA using a final concentration of 2 tM each of forward and reverse primers
(Supplementary Table 5) with LuminoCt SYBR Green qPCR ReadyMix on a Roche
Lightcycler II qPCR machine. Samples were normalized to the geometric mean of a panel of
endogenous control genes (Supplementary Table 5) as previously described (de Kok et al,
2005; Vandesompele et al, 2002; Walker et al, 2009).

FACS Sorting and RNA isolation from Sorted Cells. Tumors were digested with 3mg/mL
Dispase II (Roche), 1 mg/mL Collagenase I (Sigma), and 0.1mg/mL DNAse I (Sigma) in PBS
for 30 mins at 37 degreesC. EDTA was then added to a final concentration of 10mM EDTA.
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Cells were strained through 70uM strainers and resuspended in flow cytometry staining
buffer (eBioscience). Antibodies used for staining were FAP5-Biotin at 1:100 (James
VanDeventer) and CD45-APC-Cy7 at 1:100 (BD Biosciences), and Streptavadin-BV421
at 1:30. Sytox Red (Life Technologies) was used for live/dead staining. Cell sorting was
performed with a BD FACSAria III. RNA was isolated using the Ambion RNAqueous-Micro
Total RNA Isolation Kit.

Western Blotting. Approximately 20-30mg of frozen tissue was homogenized in RIPA
buffer containing Protease Inhibitor Cocktail Tablets (Roche). Lysates were clarified by
centrifugation in a benchtop centrifuge (Eppendorf Centrifugre 5145R) at 4'C. Following
clarification, protein concentration was determined using Bradford Protein Assay Dye
(BioRad). All samples were run on SDS-acrylamide gels. After transfer to PVDF membrane
and blocking in 5% BSA, blotting was performed using primary antibodies against Slc7a5
(Bioss, #bs-10125R), Bcatl (Abcam, #ab110761), Bcat2 (Pierce Biotechnology, #PA521549), Bckdha (Novus Biologicals, #NBP1-79616), Hsp90 (Cell Signaling, #4877) and
Vinculin (Sigma, # V9131). Secondary antibodies were goat anti-rabbit-HRP and goat-anti
mouse (EMG Millipore).

Human Microarray Expression Data Sets. Microarray expression data sets for pancreatic
ductal adenocarcinoma, non small cell lung cancer, and normal tissue were obtained from
the GEO database (Barrett et al, 2011) (accession numbers GSE15471 and GSE18842). All
microarray data from the studies were obtained using Affymetrix U133 Plus 2.0 GeneChips.
The affyQCReport package from Bioconductor was used to search for poor quality chips.
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GeneChip arrays that passed quality control checks were normalized using the GCRMA
(Zhang et al, 2004) algorithm from Bioconductor. For each cancer type, tumor and normal
samples from the same study were processed together.

The limma (Smyth, 2004) method from Bioconductor, which is based on a modified tstatistic, was used to calculate differential expression of metabolic genes with results
reported as ratios on the log2 scale. P-values for differential expression were corrected for
&

multiple hypothesis testing using the Benjamini and Hochberg method (Benjamini
Hochberg, 1995), controlling for false discovery rate at 5%.

Cell Lines. Mixed background 3553T1, 393T1 and 802T4 as well as LG-SP1 C57B6/J NSCLC
cell line were gifts from Tyler Jacks. C57B6/J KPC PDAC cell lines 1242 and 1199 were gifts
from David Tuveson. C57B6/ J KP-/-C cell lines 1742 and 1802 were derived in house as
previously described (Mayers et al, 2014). Briefly, end-stage tumors were dissected from
indicated mice and mechanically chopped before trypsin disaggregation, with tumor cells
then propagated for three-to-five passages in DMEM with 10% FBS, 4 mM glutamine and
penicillin/streptomycin. Cell lines were negative for mycoplasma.

Cell Culture. ProliferationAssay. 1x10 4 cells/well were plated and switched into custom
media containing plasma levels of glucose and the amino acids in DMEM, plus 10% dialyzed
FBS and standard DMEM concentrations of micronutrients (Supplementary Table 5,
discussion in Appendix B). Media was supplemented with increasing amounts of BCAA as
indicated. Cells were refreshed daily and counted on days zero, two and four.
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Tracing Experiments. DMEM media lacking leucine was supplemented with 15 N-Leu
(Cambridge Isotopes) to the standard concentration and 10% dialyzed FBS. For 24-hr
tracing experiment, 1.5x10 5 cells were plated six hours prior to the start of the experiment.
For 96-hr tracing experiment, 1x10 4 cells were plated six hours prior. Cells were refreshed
daily with tracing media. At the time of harvest, cells were washed with normal saline and
flash frozen in liquid nitrogen prior to extraction. Cells were extracted and analyzed via GCMS as described above. For tracing into DNA, 5x10 4 cells were plated six hours prior to the
start of the experiment and grown in 15N-Leu containing media until they had achieved
80% confluency of 2x 15cm dishes (approximately 8-10 days). Cells were then trypsinized
and pelleted for DNA extraction.

sgRNA Design and CRISPR Vectors
SgRNA to Bcatl and Bcat2 was designed by identifying exon sequence homology in Bcatl
and Bcat2 followed by an NGG PAM sequence. An additional G was added to sgRNAs lacking
a 5'G for U6 transcriptional initiation. U6-sgRNA-EFS-CAS9-2A-Puro vector was digested
with BsmB1 and ligated with annealed sgRNAs.

Implantation studies. Pancreas.Orthotopic implantation studies recipient mice were
anesthetized with inhaled 2% isoflurane-oxygen mixture, a vertical incision made in the
abdomen at the left mid-calvicular line, the spleen mobilized, and 50 [tL of either PBS or
PBS containing 2.0 x 10s cells (passage 3 for each line) was injected into the tail of the
pancreas.
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Lung. Orthotopic implantation studies recipient mice were anesthetized with inhaled 2%
isoflurane-oxygen mixture. A catheter was inserted into the trachea and 50tL of PBS
containing 2.0 x 10s cells delivered.

Statistics. Appropriate statistical tests were performed where required. Two-sided
unpaired student's t-tests were performed for all statistical analyses unless otherwise
specified using Mircosoft Excel for Mac:2011 (Microsoft) or GraphPad Prism 6 (GraphPad
Software). No statistical method was used to pre-determine sample size.
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SUPPLEMENTARY TABLES
Supplementary Table 1. Human expression data comparing NSCLC to adjacent normal lung tissue
Gene ID

Gene Name

587

Gene
Symbol
BCAT2

586

BCAT1

branched chain amino-acid transaminase 1, cytosolic

IL411

interleukin 4 induced 1

593

BCKDHA

594

log2 fold change

branched chain amino-acid transaminase 2, mitochondrial

p-value

-0.90281329

7.65E-05

-1.684103972

0.00477334

branched chain keto acid dehydrogenase El, alpha polypeptide

0.232279522
-0.613720584

0.034091294
0.000701634

BCKDHB

branched chain keto acid dehydrogenase El, beta polypeptide

-0.735076396

2.48E-06

1629

DBT

dihydrolipoamide branched chain transacylase E2

-0.587540291

0.000331659

1738

-0.469580173

4.03E-08

259307

DLD

dihydrolipoamide dehydrogenase

35

ACADS

acyl-CoA dehydrogenase, C-2 to C-3 short chain

-0.877723342

1.46E-06

34

ACADM

acyl-CoA dehydrogenase, C-4 to C-12 straight chain
isovaleryl-CoA dehydrogenase

-0.928974891
-0.367787174

9.48E-10
0.000388408

acyl-CoA dehydrogenase, short/branched chain
acyl-CoA dehydrogenase family, member 8

-1.373555807
-0.519219647

4.44E-08
0.000294208

-0.584595254

0.001003697

-0.658770531
-0.048319001

0.003790345
0.745579334

3712
36

IVD
ACADSB

27034

ACAD8

3030

HADHA

1962

EHHADH

hydroxyacyl-CoA dehydrogenase/3-ketoacyl-CoA thiolase/enoylCoA hydratase (trifunctional protein), alpha subunit
enoyl-CoA, hydratase/3-hydroxyacyl CoA dehydrogenase

1892

ECHS1

enoyl CoA hydratase, short chain, 1, mitochondrial

3033

HADH

hydroxyacyl-CoA dehydrogenase

3028

HSD17B10

hydroxysteroid (17-beta) dehydrogenase 10

-0.547844188
0.160472939

0.001603
0.07307885

30

ACAA1

acetyl-CoA acyltransferase 1

-0.334432109

0.015971732

10449

ACAA2

acetyl-CoA acyltransferase 2

-0.566448642

4.78E-06

3032

HADHB

-0.246013864

0.009645609

5095

PCCA

hydroxyacyl-CoA dehydrogenase/3-ketoacyl-CoA thiolase/enoylCoA hydratase (trifunctional protein), beta subunit
propionyl CoA carboxylase, alpha polypeptide

-0.482286092

0.00036024

5096

PCCB

propionyl CoA carboxylase, beta polypeptide

-0.553229461

0.000186867

84693

MCEE

methylmalonyl CoA epimerase

4594

MUT

methylmalonyl CoA mutase

-0.769948801
-0.454059405

6.22E-05
7.59E-05

26275

HIBCH

3-hydroxyisobutyryl-CoA hydrolase

11112

HIBADH

3-hydroxyisobutyrate dehydrogenase

-0.725551273
-0.346119019

2.74E-05
0.005247236

4329

ALDH6A1

aldehyde dehydrogenase 6 family, member Al

217

ALDH2

aldehyde dehydrogenase 2 family (mitochondrial)

-1.531300679
0.017059544

7.64E-09
0.914989371

224

ALDH3A2

aldehyde dehydrogenase 3 family, member A2

-0.830408387

0.000415913

219

ALDH1B1

aldehyde dehydrogenase 1 family, member B1

-0.160216402

0.171935365

501

ALDH7A1

aldehyde dehydrogenase 7 family, member Al

-0.492505985

0.000172935

223

ALDH9A1

aldehyde dehydrogenase 9 family, member Al

-0.38849919

7.85E-06

316

AOX1

aldehyde oxidase 1

-1.714514255

0.001243926

18

3.47E-05

ABAT

4-aminobutyrate aminotransferase

-1.913909607

56922

MCCC1

methylcrotonoyl-CoA carboxylase 1 (alpha)

-0.807017307

2.65E-05

64087

MCCC2

methylcrotonoyl-CoA carboxylase 2 (beta)

-0.272774313

0.049069198
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549

AUH

AU RNA binding protein/enoyl-CoA hydratase

-0.295488655

0.052464302

3155

HMGCL

3-hydroxymethyl-3-methylglutary-CoA lyase

-0.337595694

0.004458408

5019

OXCT1

3-oxoacid CoA transferase 1

0.53705300S

0.003720935

64064

OXCT2

3-oxoacid CoA transferase 2

-0.533796167

4.OOE-06

39

ACAT2

acetyl-CoA acetyltransferase 2

0.574014232

0.000803098

38

ACAT1

acetyl-CoA acetyltransferase 1

3157

HMGCS1

3-hydroxy-3-methylglutaryl-CoA synthase 1 (soluble)

-1.309218369
0.08709899

5.31E-09
0.513755372

3158

HMGCS2

3-hydroxy-3-methylglutaryl-CoA synthase 2 (mitochondrial)

-2.009941821

0.006996665
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Supplementary Table 2. Human expression data comparing PDAC to adjacent normal pancreas tissue
Gene ID

Gene Name

587

Gene
Symbol
BCAT2

branched chain amino-acid transaminase 2, mitochondrial

0.453635541

0.003881953

586

BCAT1

branched chain amino-acid transaminase 1, cytosolic

0.807841298

0.013203348

lL411

interleukin 4 induced 1

1.554637499

1.11E-06

593

BCKDHA

branched chain keto acid dehydrogenase El, alpha polypeptide

0.226473838

0.073768274

594

259307

log2 fold change

p-value

BCKDHB

branched chain keto acid dehydrogenase El, beta polypeptide

0.405589777

0.10000218

1629

DBT

dihydrolipoamide branched chain transacylase E2

0.711942322

0.000365403

1738

DLD

dihydrolipoamide dehydrogenase

0.322748437

0.005217065

35

ACADS

acyl-CoA dehydrogenase, C-2 to C-3 short chain

-0.372841503

0.000793325

34

ACADM

acyl-CoA dehydrogenase, C-4 to C-12 straight chain

-0.446473763

0.000226808

IVD

isovaleryl-CoA dehydrogenase

-0.628354316

0.000721463

ACADSB

acyl-CoA dehydrogenase, short/branched chain

-1.695405701

2.78E-08

3712
36
27034

ACAD8

acyl-CoA dehydrogenase family, member 8

-0.056757202

0.843774235

3030

HADHA

-0.135673055

0.071471145

1962

EHHADH

hydroxyacyl-CoA dehydrogenase/3-ketoacyl-CoA thiolase/enoylCoA hydratase (trifunctional protein), alpha subunit
enoyl-CoA, hydratase/3-hydroxyacyl CoA dehydrogenase

0.78441437

0.000216506

1892

ECHS1

enoyl CoA hydratase, short chain, 1, mitochondrial

0.485018276

2.15E-05

3033

HADH

hydroxyacyl-CoA dehydrogenase

0.219528794

0.207298092

3028

HSD17B10

hydroxysteroid (17-beta) dehydrogenase 10

0.670151503

4.40E-08

30

ACAA1

acetyl-CoA acyltransferase 1

-0.628902526

3.62E-07

10449

ACAA2

acetyl-CoA acyltransferase 2

-1.39255237

1.34E-07

3032

HADHB

-0.120032456

0.109495435

5095

PCCA

hydroxyacyl-CoA dehydrogenase/3-ketoacyl-CoA thiolase/enoylCoA hydratase (trifunctional protein), beta subunit
propionyl CoA carboxylase, alpha polypeptide

-0.428606571

0.013017158

5096

PCCB

propionyl CoA carboxylase, beta polypeptide

1.421420616

2.85E-11

84693

MCEE

methylmalonyl CoA epimerase

0.19575875

0.231716118

MUT

methylmalonyl CoA mutase

-0.565339317

0.000718517

26275

HIBCH

3-hydroxyisobutyryl-CoA hydrolase

0.106494012

0.632709265

11112

HIBADH

3-hydroxyisobutyrate dehydrogenase

0.445133888

0.00299894

4329

4594

ALDH6A1

aldehyde dehydrogenase 6 family, member Al

-0.656789044

0.001646638

217

ALDH2

aldehyde dehydrogenase 2 family (mitochondrial)

-1.742763109

1.15E-12

224

ALDH3A2

aldehyde dehydrogenase 3 family, member A2

-0.923729478

0.005218013

219

ALDH1B1

aldehyde dehydrogenase 1 family, member B1

0.960176481

5.93E-06

501

ALDH7A1

aldehyde dehydrogenase 7 family, member Al

-0.272075532

0.496164225

223

ALDH9A1

aldehyde dehydrogenase 9 family, member Al

-0.162836719

0.116324462

316

AOX1

aldehyde oxidase 1

-3.32817822

3.40E-20

18

ABAT

4-aminobutyrate aminotransferase

-0.64764613

0.125137447

MCCC1

methylcrotonoyl-CoA carboxylase 1 (alpha)

0.388764727

0.051035278

MCCC2

methylcrotonoyl-CoA carboxylase 2 (beta)

1.190292844

1.38E-09

AUH

AU RNA binding protein/enoyl-CoA hydratase

-0.3176852

0.044189772

3155

HMGCL

3-hydroxymethyl-3-methylglutaryl-CoA lyase

-0.097602498

0.570041016

5019

OXCT1

3-oxoacid CoA transferase 1

0.59930603

0.009009518

56922
64087
549

177

64064

OXCT2

3-oxoacid CoA transferase 2

39

ACAT2

38

ACAT1

3157

HMGCS1

3-hydroxy-3-methylglutaryl-CoA synthase 1 (soluble)

3158

HMGCS2

3-hydroxy-3-methylglutaryl-CoA synthase 2 (mitochondrial)

-0.087938141

0.196592754

acetyl-CoA acetyltransferase 2

0.858717018

0.001369506

acetyl-CoA acetyltransferase 1

-0.823341597

3.09E-07

1.414457463

0.000322578

-0.727162773

0.005448621
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Supplementary Table 3. Amino acid composition of "Limited Media" used to extrapolate humn data us to
determine tumorogenesis in other contexts. Contains standard DMEM concentrations of all trace nutrients
Compound
CaCl2 (anh)
Fe(N03)3*9H20
MgSO4 (anh)
Phenol Red, Na
NaH2PO4*H20
Dextrose
NaCl
KCl
L-Arginine*HCL
L-Cystine*2HCl
L-Glutamine
Glycine
L-Histidine*H Cl*H20
L-Isoleucine
L-Leucine
L-Lysine*HCl
L-Methionine
L-Phenylalanine
L-Serine
L-Threonine
L-Tryptophan
L-Valine
L-Tyrosine*2Na*2 H20
Folic Acid
Riboflavin
D-Ca-Pantothenate
Choline Chloride
i-Inositol
Nicotinamide
Pyridoxine*HCl
Thiamine*HCl
NaHCO3

Weight
0.20000000
0.00010000
0.09770000
0.01500000
0.12500000
0.90000000
6.40000000
0.40000000
0.00701000
0.01960000
0.08300000
0.01540000
0.01554000
0.01200000
0.01800000
0.03398000
0.00380000
0.01000000
0.01120000
0.01390000
0.01110000
0.02880000
0.01198000
0.00400000
0.00040000
0.00400000
0.00400000
0.00720000
0.00400000
0.00400000
0.00400000
3.70000000
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g/L
g/L
g/L

g/L
g/L
g/L
g/L
g/L
g/L
g/L

g/L
g/L
g/L
g/L
g/L
g/L

g/L
g/L

g/L
g/L

g/L
g/L
g/L
g/L

g/L
g/L

g/L
g/L

g/L
g/L
g/L
g/L

Supplementary Table 4. Metabolite Fragments Used for Isotope Quantification in GC/MS analysis
Metabolite

Carbons

Formula

m/z range

Leu

123456

302-310

Val
Asp

12345
1234

C 1 4 H 3 2 0 2 NSi 2
C13 H3 0 O 2 NSi 2

Glu
Citrate

12345
123456

C 18H 40O4NSi 3
C 19H 42 0 4 NSi 3
C 26 H 55 O 7 Si4
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288-296
418-426
432-442
591-602

Supplementary Table 5. qRT-PCR Primer Sets
Gene

Forward (5' 4 3')

Reverse (5' 4 3')

Slc7a5
Bcatl
Bcat2
Bckdha
Bckdhb
Acadsb
Pcca
Auh
Hadhb
Gluti
Enol
18s*
Rpll3a*
Gapdh*
P-actin*
RplpO*
B2m*
Hprt*
Pgkl*

ATATCACGCTGCTCAACGGTG
TCGGGGAGTTGATAACAAGATCC
AAAGCATACAAAGGTGGAGACC
CTCCTGTTGGGACGATCTGG
AGTGCCCTGGATAACTCATTAGC
CCCAACCTGCTTGTCTCCTTG
TTCATACCAATGCCTAGTGGTGT
AGCTGGCTCTAGCGTGTGA
ACTACATCAAAATGGGCTCTCAG
CAGTTCGGCTATAACACTGGTG
TGCGTCCACTGGCATCTAC
CGCTTCCTTACCTGGTTGAT
GGGCAGGTTCTGGTATTGGAT
AGGTCGGTGTGAACGGATTTG
GGCTGTATTCCCCTCCATCG
AGATTCGGGATATGCTGTTGGC
TTCTGGTGCTTGTCTCACTGA
TCAGTCAACGGGGGACATAAA
ATGTCGCTTTCCAACAAGCTG

CTCCAGCATGTAGGCGTAGTC
GGTCCTCACAGCAGATCGG
CGTAGAGGCTCGTTCCGTTG
CATTGGGCTGGATGAACTCAA
GCATCGGAAGACTCCACCAAA
ATCCCTGGATCACCGATTTCT
GACAGCCTCATCCGCCATTTT
GTTCTGTTCTAACACATGGCTGA
AGCAGAAATGGAATGCGGACC
GCCCCCGACAGAGAAGATG
CAGAGCAGGCGCAATAGTTTTA
GAGCGACCAAAGGAACCATA
GGCTCGGAAATGGTAGGGG
TGTAGACCATGTAGTTGAGGTCA
CCAGTTGGTAACAATGCCATGT
TCGGGTCCTAGACCAGTGTTC
CAGTATGTTCGGCTTCCCATTC
GGGGCTGTACTGCTTAACCAG
GCTCCATTGTCCAAGCAGAAT

* endogenous controls
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ABSTRACT
Cachexia is a wasting syndrome of adipose tissue and skeletal muscle that develops in
many end stage cancers, limiting treatment options and decreasing survival (Fearon et al,
2012a). While some of the mechanisms regulating increased energy expenditure and
inappropriate tissue breakdown in end stage disease are well described (Sandri, 2013;
Tsoli & Robertson, 2013), the mediators and mechanisms responsible for initiating this
process earlier in disease remain unknown. We identified an elevation in plasma levels of
branched-chain amino acids (BCAAs) in early pancreatic cancer that was associated with
increased protein turnover and selective loss of fast-twitch muscle, a phenotype also found
in cachexia in late stage cancers (Mayers et al, 2014). To better study this process in early
pancreatic cancer, we developed a computed tomography-based imaging approach to
monitor mice and humans longitudinally and have confirmed that mice with early stage
disease display many of the tissue changes consistent with cachexia. Interestingly, this loss
of muscle and adipose tissue mass in early stage disease occurs in the absence of
hypermetabolism found in end stage disease. Consistent with these changes, we find
evidence in muscle for increased autophagy, one of the processes that could mediate
increased protein catabolism in this tissue. Finally, we have identified early elevations in
two soluble factors with established roles in muscle wasting and cachexia, Interleukin-6
(IL-6) and Activin A, that occur together with elevations in BCAA levels and muscle
depletion. Further investigation is needed to define whether IL-6 and Activin A play a
causative role in this process, but these studies begin to define the mediators of wholebody metabolic changes that precede clinically defined cachexia in pancreatic cancer.
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INTRODUCTION
Cancer-associated cachexia is a wasting disorder that typically involves dramatic losses of
fat and skeletal muscle tissue (Fearon et al, 2012b). More than 80% of pancreatic patients
eventually develop this complication (Dewys et al, 1980), limiting treatment and
decreasing survival (Fearon et al, 2012a; Tan et al, 2014). While anorexia often
accompanies tissue wasting in patients, true cachexia is driven by hypermetabolism that is
resistant to dietary intervention (Eden et al, 1984; Ovesen et al, 1993).

The molecular underpinnings of tissue breakdown and increased energy expenditure in
cachexia remain incompletely understood. Generally, muscle tissue breakdown occurs
through a combination of autophagy and proteasomal catabolism (Sandri, 2013). Adipose
tissue, which is depleted more rapidly than lean mass (Fouladiun et al, 2005), undergoes
increased lipolysis with a concomitant increase in P-oxidation (Ryden et al, 2008)
(Zuijdgeest-van Leeuwen et al, 2000). Brown adipose tissue (BAT), another major site of
nutrient oxidation and thermogenesis, is also activated in cachexia and contributes to the
increased energy expenditure that accompanies muscle and fat tissue wasting (Fearon et al,
2012b; Kir et al, 2014).

Cachexia affects normal fat and muscle tissues, at sites distant from the primary tumor or
metastases, indicating that the humoral factor(s) are likely involved. Initial attempts to
identify the mediator(s) responsible for driving cachexia have identified several cytokines,
including TNFQ, IL-1 and IL-6, although therapies targeting these factors in humans have
thus far proven ineffective (Fearon et al, 2012a; Penna et al, 2010). Recent work has also
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identified Parathyroid related Protein (PTHrP) as a mediator that can induce increased
energy expenditure in tumor-bearing mice in part through the activation of a thermogenic
profile and subsequent "browning" of white adipose tissue (Kir et al, 2014).

Since cachexia is accompanied by clinically observable weight loss and depletion of lean
body mass, almost all work to date has focused on investigating the processes underlying
the wasting process found in late stage disease. However, multiple overlapping pathways
regulating tissue breakdown are activated at these late time points (Fearon et al, 2012b;
Tisdale, 2009), making it difficult to identify those components responsible for initiating
the process earlier in disease. This stage of subclinical wasting necessarily precedes clinical
presentation with true cachexia. Furthermore, the established redundancy amongst the
pathways governing tissue breakdown likely contributes to the failure of single agent
therapeutic approaches that attempt to slow cachexia in end-stage patients (Fearon et al,
2012a; Penna et al, 2010).

Plasma branched chain amino acids (BCAAs) are elevated in subclinical, early pancreatic
ductal adenocarcinoma (PDAC) in both mice and humans (Mayers et al, 2014). Although
mice with early PDAC and their littermate controls weigh the same at this time point, we
found that increased turnover of peripheral protein stores is responsible for these
elevations in BCAAs. Selective depletion of fast-twitch skeletal muscle with sparing of slow
twitch muscle is also observed in PDAC animals with BCAA elevations in the plasma, a
finding consistent with tissue wasting in cachexia (Mayers et al, 2014). Based on these
observations, we hypothesized that increases in whole body protein turnover and selective
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muscle depletion might represent the initial phases of a process that precedes overt
cachexia in end-stage PDAC patients. To this end, we sought to develop tools to allow
longitudinal monitoring of tissue loss in mice as well as identification of circulating factors
that initiate this pre-cachexia state.

RESULTS
In our previous study, we obtained tissue mass measurements by sacrificing experimental
animals and weighing the tissues of interest. In humans, computed tomography (CT)
imaging can be used to quantify muscle mass as well as to examine the effects of sarcopenia
on chemotherapeutic toxicity (Prado et al, 2009) and survival with gastrointestinal
malignancies (Martin et al, 2013). Micro-CT ( CT) techniques have also been applied to
rodents for the quantification of adiposity (Judex et al, 2010; Luu et al, 2009). To confirm
our original findings of skeletal muscle depletion in mice with early PDAC, we performed
piCT imaging of the lower hindlimbs of four-week-old KP/C and control mice (Fig. la). The
fast-twitch gastrocnemius muscle comprises the bulk of this tissue and we found that
quantification of muscle volume corroborated our findings of muscle tissue loss in fourweek-old mice with early stage PDAC (Fig. 1b).

Because of animal positioning for ptCT imaging at this early time point, were only able to
obtain accurate volumes for a portion of the lower hindlimb between bony landmarks (Fig.
la). To improve our measurements at subsequent time points, we repositioned the animals
so as to get full volume quantification of the lower hindlimb (Fig. 1c). Consistent with the
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Figure 1 (cont) Muscle volumes of tumor bearing mice are smaller at four and eight weeks of age compared
to controls and can be reliably monitored longitudinally via micro-X-ray Computed Tomography ([tCT)
imaging. (a) 3D reconstruction of the imaging approach at four-weeks-of-age showing only bony structures
without cut planes, quantified region of interest for muscle volume highlighted in red. Measurements were
taken from the ankle to the distal point of visible separation of tibia and fibula. (b) Mean ( s.e.m.) muscle
volumes of four-week-old mice normalized to body weight (n=10 control, n=10 KP-/-C). (c) Images and 3D
reconstruction of modified imaging approach in eight-week-old mice to capture full leg muscle volume. (d)
Mean body weight ( s.e.m.) at eight weeks of age (n=10 control, n=10 KP+C). (e) Mean full-length muscle
volumes ( s.e.m.) of eight-week-old mice normalized to body weight (n=10 control, n=10 KP/C). (f)
Regression analysis comparing full length muscle volume measurements to lower leg muscle volume
measurements as in part (a) in eight-week-old mice (n=20). (g) Regression analysis comparing full-length
muscle volume measurements to dissected gastrocnemius muscle weight measurements in eight-week-old
mice (n=20). (h) Regression analysis comparing lower limb muscle volume measurements to total plasma
BCAA concentration in four-week-old mice (n=10 control, n=10 KPAC). (i) Regression analysis comparing
limb volume measurements to total plasma BCAA concentration in eight-week-old mice (n=10 control, n=10
KP/C).
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development of true cachexia and continued muscle depletion, eight-week-old KP+C mice
exhibited significantly muscle volume changes and also begin to lose weight at this time
point (Fig. id-e). Critically, there was a strong correlation between the muscle volume
measurements between the bony landmarks used in the four-week-old studies and the
whole leg muscle volumes (Fig. 1f, R 2=0.078, P<0.0001). One day after imaging, mice were
sacrificed and tissues weighed for comparison to [tCT measured volumes, which also
revealed a tight correlation between the two measurement approaches (Fig. 1g, R 2=0.92,
P<0.0001). The correlation between muscle volume and plasma BCAA concentration did
not reach significance, suggesting that breakdown of protein in other tissues also
contributes to the plasma BCAA changes associated with early PDAC (Fig. lh-i).

As previously discussed, adipose tissue wasting represents another critical component of
cachexia. Therefore to assess total lean body mass, including muscle and adiposity at fourweeks of age, we performed 1H-NMR in KP/C and littermate control mice (Fig 2). This
revealed a significant decrease in total body adipose tissue, with a concomitant increase in
lean mass (Fig 2a-b). A significant increase in liver mass in mice with early stage disease
(Fig. 2c) helps to reconcile this increase in lean mass with the previously described skeletal
muscle depletion. It would also counterbalance the loss of muscle tissue and serve to
explain the normal body weight in these mice at this time point.

To determine whether hypermetabolism is driving the depletion of skeletal muscle and
adipose tissue, we conducted a series of metabolic cage experiments on four-week-old KP/-C and littermate control mice (Fig. 3). For all parameters measured, the two groups were
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Figure 3 (cont) No difference in whole body metabolic parameters of four-week-old tumor bearing mice. (a)
Mean V0 2 ( s.e.m.) of four-week-old mice (n=9 control, n=7 KP/C). (b) Mean VCO 2 ( s.e.m.) of four-weekold mice (n=9 control, n=7 KP/C). (c) Mean calculated respiratory exchange ratio (RER) ( s.e.m.) of fourweek-old mice (n=9 control, n=7 KP/C). (d) Mean energy expendiature ( s.e.m.) of four-week-old mice (n=9
control, n=7 KP/C). (e) Mean activity levels ( s.e.m.) of four-week-old mice (n=9 control, n=7 KPPC). Shaded
area indicates dark cycle.
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indistinguishable, consistent with our hypothesis that these tissue mass shifts represent a
whole body metabolic state that precedes the clinical manifestations of true cachexia.

Similarly, consistent with the lack of any observable changes in whole body metabolic
parameters, we found no difference in fasting levels of insulin or the insulin counterregulatory hormones glucagon and corticosterone that might favor tissue breakdown (Fig.
4).

In the absence of increased energy expenditure driving tissue breakdown, we reasoned
that shifts in the hormonal mechanisms governing protein homeostasis in muscle and fat
tissues might be driving BCAA elevations in early PDAC. We investigated autophagy and
proteosomal activity in four-week-old mice as these catabolic mechanisms increase protein
turnover in skeletal muscle during end-stage cachexia (Sandri, 2013) (Fig. 5). Interestingly,
we observed changes in gene expression consistent with the activation of autophagy in the
gastrocnemius muscles of tumor bearing mice (Fig. 5a). This was consistent with a trend
towards increased in Lc3 conversion (Fig. Sb-d). We also investigated these mechanisms in
perigonadal (epididymal) white adipose tissue (eWAT) given the decreased size of these
depots and known role of WAT in BCAA metabolism (Herman et al, 2010). In contrast with
muscle, we observed a trend towards increased proteasomal, but not autophagy, activation
(Fig. 5a,e).

To directly assess a role for these processes in driving BCAA increases in early PDAC, we
treated four-week-old KP/C mice and littermate controls with either chloroquine (Fig. 6a198
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b, e), an inhibitor of autophagy that blocks lysosomal function, or bortezomib (Fig. 6c-d, f),
a direct proteasomal inhibitor. In both cases, the ability of these treatments to reduce BCAA
levels in KP+C mice is unclear, although KP/C mice treated with bortezomib
demonstrated the biggest change in plasma BCAA levels (Figure 60. Interpreting these
effects is complicated however, as bortezomib also exhibited significant toxicity as two of
seven animals died during treatment, the effectiveness of these treatments at inhibiting
their targets has yet to be confirmed.

Because changes in major hormones responsible for regulating whole body glucose
metabolism were unchanged (Fig. 4), we investigated whether levels of known cachexiarelated factor (Fearon et al, 2012b; Tisdale, 2009) were altered in early stage PDAC (Table
1). In this initial group, we found increases in Interleukin-6 (IL-6) and Activin A in fourweek-old mice with PDAC, a finding confirmed in a second cohort of mice (Fig. 7a-b). These
factors also continue to increase with disease progression (Fig. 7c-d). The exact source of
these factors requires further investigation, however initial studies indicate expression of
IL-6 is increased in both the livers of four-week-old mice and PDAC tumors at end stage
disease (Fig. 7e-f0. Interestingly, PDAC tumors are the only source of Activin A expression
identified to date (Fig. 70. Target tissues of Activin A, such as skeletal muscle, are known to
express and secrete Activin A that then acts in paracrine fashion (Fearon et al, 2012b),
although we did not observe significant increases in Activin A expression in gastrocnemius
muscle in KP/C mice (Fig. 7g).
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Table 1. Summary of cachexia-associated factors measured in the plasma of four-week-old micea
Factor

Controlb

1.58 0.069
Il-ic
25.17 5.22
Il-1
11-4
0.5383 0.07613
11-6
0.6608 0.2111
11-10
2.439 0.6371
11-17
1.176 0.2825
3.759 0.7387
Tnfa
0.0 0.0
Ifny
Activin A
158.1 11.91
PTHrP
223.0 4.874
a all concentrations in pg/mL
bmean s.e.m.

KP-/-Cb
1.87 0.033
24.03 4.06
0.6010 0.07048
12.25 3.737
9.752 7.395
0.7830 0.1538
4.476

0.8442

10.16
269.6

10.02
24.68
5.291

222.5
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P-value

0.002
0.87
0.56
0.003
0.29
0.26
0.53
0.28
0.002
0.95

a
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To begin to assess whether IL-6 and/or Activin A might be driving increases in protein
turnover in early stage PDAC, we performed regression analyses comparing levels of these
factors with BCAA levels and found significant correlations for both (Fig. 8a-b). There was
also a slight, but not significant trend, for smaller muscle volumes with higher plasma
levels of each factor (Fig. 8c-d). This is consistent with the previous observation that
plasma BCAAs do not reach a significant correlation with muscle volumes at early time
points (Fig. 1) and again suggests a role for additional tissues in supporting plasma BCAA
increases.

DISCUSSION
Tumor-associated cachexia, which is characterized by the hypermetabolic wasting of
muscle and adipose tissue despite adequate nutrition, is frequently a complication of end
stage disease with implications for treatment and survival (Fearon et al, 2012a; Tan et al,
2014). In PDAC in particular, a disproportionately large number of patients are affected
(Dewys et al, 1980). Whole body metabolic alterations begin earlier in PDAC development
than previously appreciated in both humans and mice, with significant changes in plasma
levels of BCAAs observed up to 10 years prior to diagnosis (Mayers et al, 2014).

We developed a method to monitor muscle volume changes over time using tCT body
composition analysis. This method can be applied to the future studies to monitor
longitudinal changes in individual mice or patients in response to interventions. We also
observe decreased adiposity and an increase in visceral mass that accompanies the known
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decrease in muscle size. These mass shifts are likely responsible for the preserved body
weights observed at these early time points in disease. Most strikingly, these changes are
consistent with the depletion of adipose and muscle mass, sparing of visceral mass and
increases in liver size observed in humans with cachexia (Tisdale, 2002; Wigmore et al,
1997), and argue for the existence of a clinically definable and previously unappreciated,
pre-cachectic state.

In cachexia, hypermetabolism in end stage disease represents a major driver of tissue
breakdown (Kir et al, 2014; Petruzzelli et al, 2014; Tisdale, 2009), something not yet
observed in our mice with early PDAC. Nevertheless, we find evidence of increased
autophagy in skeletal muscle, one of the pathways that along with increased proteasome
activity, regulates muscle wasting (Sandri, 2013). While the ubiquitin-mediated
proteasome pathway is thought play a predominant role late in disease (Khal et al, 2005),
other studies have revealed a more balanced response coordinated by the transcription
factor Forkhead Box 03a (Foxo3a) (Mammuicari et al, 2007; Zhao et al, 2007), indicating
that the mechanisms governing muscle wasting might change over the course of disease.
Choloroquine and bortezomib, inhibitors of autophagy and the proteasome respectively,
were not effective in the preliminary experiments described here, but toxicity in the case of
bortezemib, and either lack of specificity or incomplete inhibition of autophagy in the case
of chloroquine, likely contribute to lack of efficacy. Use of hydoxychloroquine, a bettertolerated and more efficacious inhibitor of lysosomal acidification and autophagy should be
explored in future studies (Mancias & Kimmelman, 2011; Sui et al, 2013).

208

To help sort out the mechanisms regulating protein turnover in these, we plan to
investigate a role for autophagy using genetic approaches in vivo. Conditional, whole-body
deletion of Autophagy related 7 (Atg7) is known to block progression of non-small cell lung
cancer in mice (Karsli-Uzunbas et al, 2014). Combining this conditional-Atg7 allele with a
muscle specific cre-recombinanse driven from the Muscle creatine kinase promoter (MckCre) and a version of the KP-/-C model, driven by Flp-recombinase (Pdx-1-Flp, Frt-Stop-FrtKraSG12 D/+, Trp53rt/frt) (Schdnhuber et al, 2014) will allow specific assessment of how

autophagy in muscle contributes to tissue breakdown in the context of PDAC. In addition to
assessing affects on plasma BCAA levels and tissue wasting, it will be interesting to
determine whether loss of autophagy specifically in skeletal muscle impacts tumor
progression and/or animal survival given the important role of this tissue in whole body
amino acid homeostasis.

Studies of tumor or immune cell-derived secreted factors have identified numerous
candidates that can contribute to tissue wasting in various contexts (Fearon et al, 2012b;
Tsoli & Robertson, 2013). Activin A, a member of the TGF-P family ligands that is thought to
act in a paracrine fashion, potently activates muscle wasting, a function that can be blocked
through the use of a decoy receptor (Zhou et al, 2010). IL-6 has much more pleotropic
effects in vivo (Kim et al, 2009; Narsale & Carson, 2014), but is known to induce autophagy
and proteasome activity via signaling through the Jak-Stat pathway. Interestingly, both IL-6
and Activin A signaling converge on Fox03a and may account for the increased expression
of autophagy-related genes observed in early PDAC (Argil6s et al, 2014).
209

Several questions remain unanswered. First, a better assessment of the relationship
between plasma BCAAs and muscle volume is needed. While we have established that
levels of Activin A and IL-6 correlate with plasma BCAAs, the relationship between these
circulating factors (and therefore BCAAs) and muscle volume is less clear and may indicate
the involvement of other tissues, such as WAT. Measurements of tissue mass at multiple
time points between four and eight-weeks of age may inform how the change in muscle
volume tracks with changes in plasma BCAAs over the same window. Protein turnover in
WAT adipose tissue could also contribute to plasma BCAA changes, as WAT is a major site
of BCAA metabolism (Herman et al, 2010). To this end, we are working to adapt the method
in humans of extrapolating whole body muscle and adipose tissue composition from a
lumbar CT section (Martin et al, 2013; Prado et al, 2009) to mice. Longitudinal imaging
studies paired with blood sampling are also ongoing in the KPC mouse model with longer
latency (Hingorani et al, 2005), along with parallel studies in newly diagnosed PDAC
patients at the Dana Farber Cancer Institute. Ultimately, we hope to tie changes in plasma
BCAA levels to levels of secreted factors and tissue wasting in real time.

As part of these studies, we are also working to establish a causative role for Activin A
and/or IL-6 in driving plasma BCAA changes and tissue wasting. Preliminary attempts to
deplete these factors with neutralizing antibodies failed and instead caused significant
rebound increases (data not shown). Future studies should therefore include more
frequent treatments and/or receptor blocking reagents instead (Penna et al, 2010; Zhou et
al, 2010). Additionally, administration of these compounds at physiologic levels, either
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alone or in combination via long-term infusion pumps to wild-type mice, will provide
complementary insight into relative contributions of each factor. Given the convergence of
the downstream TGF-P and Jak-Stat signaling pathways on Fox03a-mediated transcription
(Argiles et al, 2014), we will also investigate the relative activation of each pathway in KP-/C mice. The multifactorial nature of cachexia in patients (Fearon et al, 2012b) makes it
more likely that both Activin A and IL-6, rather than a single factor, contribute in a
meaningful way to the increased tissue breakdown observed in early PDAC.

While much of the work described in this chapter remains preliminary, the emerging data
support the existence of a defined "pre-cachexic" state that precedes the readily apparent
presentation and decline accompanying clinically defined cachexia. These phenotypes
remain subtle, but reflect the initial activation of many of the processes involved in end
stage disease. Once established, cachexia remains resistant to treatment approaches and
adversely affects patient outcomes (Dewys et al, 1980; Penna et al, 2010). By defining the
clinical picture of the steps preceding end-stage disease, we hope to facilitate earlier
diagnosis as well as intervene to prevent devastating effects on whole body metabolism
found in PDAC patients.

METHODS
Experimental Mice. All studies were approved by the MIT committee on animal care
(IACUC). All experimental groups were assigned based on genotype. All animals were
numbered and experiments conducted blinded. After data collection, genotypes were
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revealed and animals assigned to groups for analysis. The experiment was not randomized.
Experimental KP-/-C mice were male mice on an inbred C57B6/J background, heterozygous
for the conditional lox-stop-lox KrasG12 Dallele, homozygous for loxP sites flanking exons 210 of Trp53 and expressed Cre-recombinase under control of the Pdx-1-promoter
(Tg(Ipf1-cre)1Tuv) 2 0. Littermate control mice lacked either the Cre-recombinase allele, LSL-

KraSG12 D allele, or both.

Plasma Collection. Plasma was collected for each experiment at the time points indicated.
Mice were anesthetized under 2% isofluorane-oxygen mixture and retro-orbitally bled
approximately 4.5 hours after the onset of the light cycle. Blood was immediately placed in
EDTA-pretreated tubes and centrifuged to separate plasma. Plasma was aliquoted and
frozen at -80'C for further analysis. Fasting blood samples were harvested in the same
manner first thing in the morning after a 16-hour overnight fast.

LC-MS Plasma Amino Acid Measurements. Plasma amino acids were measured by LCMS at the Koch Institute of the Massachusetts Institute of Technology (Cambridge, MA)
using similar methods used for assessment of metabolites in human plasma. Raw data were
analyzed as peak area tops using the open-access MAVEN software tool (Clasquin et al,
2012).

ICT Imaging and Quantification of Muscle Volume. The CT system is a GE eXplore
CT120. The scans were conducted at 70kVp, 50 mA, 32 Ms. There were 720 views, 0.5
degrees apart over a full 360 degree rotation. Detector-level binning was used, resulting in
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isotropic voxels 50 microns per side. Total scan time was less than 5 minutes. Mice were
anesthetized with isolurane (3% for induction, 2.5% during scan) and scanned in groups of
4.

Muscle volumes were calculated as follows. A subset of the scanned volume (region of
interest, ROI) was selected to correspond to the tibia of the right hind limb, extending form
the ankle to the proximal end of the fibula. This region was process with a 3D Gaussian
filter to reduce noise. This filtered data set was used to determine the areas corresponding
to leg muscle (mask) while excluding other soft tissue that may have been included in the
ROT. This was done in Matlab using the connected components (bwconncomp) function.
Having created the mask (segmented the leg muscles from other tissues in the ROI), a
histogram of the muscle region was calculated. Voxels falling within the density range -160
to 200 Hounsfield Units (HU) were considered muscle. This was done to correct for any
overlap of the muscle mask with adjacent bone or fat (higher and lower HU values
respectively).

'H-NMR Body Composition and Metabolic Cage Studies. Measures of whole-body
energy balance, including activity, feeding, drinking and V02/VCO2
consumption/production for calculating the respiratory exchange ratio and energy
expenditure by indirect calorimetry, were made using the Columbus Labs Animal
Monitoring System with Oxymax. Mice were individually housed four days prior to the
experiment and allowed 24 hours within the metabolic cage for further acclimation prior to
data collection. Data were collected for 48 hours and 24-hour plots represent an average of
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the two-day collection at each time point. Hourly data represent the average of three
measures per mouse for each metabolic parameter during that interval. Measures of body
composition were made by proton-NMR with the Bruker-Minispec.

Tissue and body weights. For measurement of tissue weights, mice were weighed prior to
sacrifice, then indicated tissues were subsequently dissected and weighed before snap
freezing in liquid nitrogen and long term storage at -80'C. Tissue weights for each
individual mouse were normalized to the body weight of that mouse.

RNA Extraction and Quantitative-Real Time PCR. Approximately 10-20mg of frozen
tissue was homogenized (ProScientific Pro200) in Trizol (Life Technologies) and RNA
extracted according to included protocol. RNA concentration was determined on Nanodrop
(#ND1000) and 1[tg of cDNA synthesized using iScript cDNA synthesis kit (BioRad) on an
Eppendorf Mastercycler Pro Thermocycler. Quantitative-RT PCR was carried out on 5ng of
cDNA using a final concentration of 2[tM each of forward and reverse primers
(Supplementary Table 1) with LuminoCt SYBR Green qPCR ReadyMix on a Roche
Lightcycler II qPCR machine. Samples were normalized to the endogenous control gene 18s
rRNA (Supplementary Table 1).

Western Blotting. Approximately 10-30mg of frozen tissue was homogenized in RIPA
buffer containing Protease Inhibitor Cocktail Tablets (Roche). Lysates were clarified by
centrifugation in a benchtop centrifuge (Eppendorf Centrifugre 5145R) at 4'C. Following
clarification, protein concentration was determined using Bradford Protein Assay Dye
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(BioRad). All samples were run on SDS-acrylamide gels. After transfer to PVDF and
blocking in 5% BSA, blotting was performed using primary antibodies against Lc3b
(#NB600-1384, Novus Biologicals), p62 (#GP62-C, Progen Biotechnik), Gapdh (Cell
Signaling Technologies) and P-Tubulin-HRP (Abcam). Secondary antibodies were goat antirabbit-HRP and goat anti-guinea pig-HRP (EMG Millipore).

Cytokine Array and ELISAs. Plasma from four-week-old mice was assayed for IFNy, IL-1s3,
IL-4, IL-6, IL-10, IL-17, TNF-a (Eve Technologies). The following ELISAs were also used: ILla (#MLAO0, R&D Systems), Activin A (#DACOOB, R&D Systems), IL-6 (#M6000B, R&D
Systems) and PTHrP (#S-1227.0001, Bachem). Plasma insulin levels were determined
using an ultrasensitive mouse insulin ELISA kit (Crystal Chem, #90080). Plasma glucagon
and corticosterone levels were determined using mouse ELISA kits (Crystal Chem, # 81504
and 80556).

Chloroquine and Bortezomib Treatments.
Chloroquine. Four-week-old KP-/-C and littermate control mice were administered
60mg/kg/day chloroquine diphosphate (Sigma) via intraperitoneal (IP) injection for 5 days
first thing in the morning. On the fifth day, mice were terminally bled and sacrificed and
tissues dissected for weighing and further analysis.

Bortezomib. Four-week-old KP-/-C and littermate control mice were administered
0.5mg/kg every other day of bortezomib (Santa Cruza) or vehicle (0.04% ethanol in
Saline) via intraperitoneal (IP) injection for 8 days first thing in the morning. On the ninth
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day, 24hrs after the final injection, mice were terminally bled and sacrificed and tissues
dissected for weighing and further analysis.

Depleting Antibodies. Neutralizing antibodies against mouse IL-6 and Activin A (#:
MAB406 and MAB3381, respectively) were purchased from R&D systems with matched
isotype controls (#: 6-001-A and MABO02). Mice received daily injections of 2 tg
antibody/day IP. For IL-6 pilot, mice were bled approximately 2-3 hours after final dose.
For full experiments described in Figs. 9-10, mice were bled approximately 24 hours after
final antibody dose.

Statistics. Appropriate statistical tests were performed where required. Two-sided
unpaired student's t-tests were performed for all statistical analyses unless otherwise
specified using Mircosoft Excel for Mac:2011 (Microsoft) or GraphPad Prism 6 (GraphPad
Software). No statistical method was used to pre-determine sample size.
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SUPPLEMENTARY TABLE
Supplementary Table 1. qRT-PCR Primer Sets
Gene
Lc3b
Gabarapli
Bnip3l
Ctsl
Myostatin
Murf-1
Atrogen-I
Psdmll
Gluti
Alb
Crp
IL-6
Tnfa
IL-1P
Activin A
18s

Forward (5'4 3')

Reverse (5'4 3')

TTATAGAGCGATACAAGGGGGAG
GGACCACCCCTTCGAGTATC
ATGTCTCACTTAGTCGAGCCG
ATCAAACCTTTAGTGCAGAGTGG
AGTGGATCTAAATGAGGGCAGT
GTGTGAGGTGCCTACTTGCTC
GGCAGTCGAGAAGTCCAGTC
GCAGGAGGTCGAGCTATGTTT
CAGTTCGGCTATAACACTGGTG
TGCTTTTTCCAGGGGTGTGTT
ATGGAGAAGCTACTCTGGTGC
TAGTCCTTCCTACCCCAATTTCC
CCCTCACACTCAGATCATCTTCT
GCAACTGTTCCTGAACTCAACT
TCCGAAGGATGGACCTAACTC
CGCTTCCTTACCTGGTTGAT

CGCCGTCTGATTATCTTGATGAG
CCTCTTATCCAGATCAGGGACC
CTCATGCTGTGCATCCAGGA
CTGTATTCCCCGTTGTGTAGC
GTTTCCAGGCGCAGCTTAC
GCTCAGTCTTCTGTCCTTGGA
CAGCTTCGTGAGCGACCTC
TGAGAACCCAAATGCAATGCTT
GCCCCCGACAGAGAAGATG
TTACTTCCTGCACTAATTTGGCA
ACACACAGTAAAGGTGTTCAGTG
TTGGTCCTTAGCCACTCCTTC
GCTACGACGTGGGCTACAG
ATCTTTTGGGGTCCGTCAACT
GCTTTCTGATCGCGTTGAGAAG
GAGCGACCAAAGGAACCATA
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CHAPTER FIVE:
Discussion and Future Directions
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SUMMARY
Pancreatic adenocarcinoma (PDAC) is a devastating disease with an abysmal five-year
survival rate that has remained unchanged over the last several decades (American Cancer
Society, 2013; Hidalgo, 2010). One of the most striking features of PDAC is its strong
association with whole-body metabolic perturbations. Long-standing diabetes increases
the lifetime risk of developing PDAC and PDAC itself is frequently a cause of new onset
diabetes (Wang et al, 2003). Furthermore, close to 85% of patients with PDAC develop
cancer-associated cachexia, a wasting syndrome of adipose and muscle tissue in end-stage
disease (Dewys et al, 1980; Wigmore et al, 1997).

In this thesis, I initially sought to explore the relationship between PDAC and whole body
metabolic changes early in the disease course. Our studies in humans and mice revealed
that plasma elevations in the branched chain amino acids (BCAAs), leucine, isoleucine and
valine, represent the earliest observable changes associated with disease. These changes
occur concomitant with limited invasive disease in mouse models and on a time scale
consistent with the development of first fully malignant clones in humans (Yachida et al,
2010). Interestingly, BCAA elevations occur in diabetes as well (Wang et al, 2011), although
we excluded this connection as the explanation for our observation in PDAC in both
humans and mice. More detailed studies in mouse models then revealed that these plasma
BCAA elevations in PDAC are driven by increased whole body protein turnover and are
associated with selective depletion of fast-twitch muscle and sparing of slow-twitch
muscle. This latter finding is reminiscent of the pattern of tissue wasting seen in cachexia
(Acharyya et al, 2004; Lecker et al, 2004; Mendell & Engel, 1971).
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As part of this work, we asked whether plasma BCAA elevations were unique to PDAC.
Strikingly, we found that mouse models of non-small cell lung cancer (NSCLC) and sarcoma,
which are driven by the same Kras and Trp53 mutations used to model PDAC, resulted in a
decrease and no changes in plasma BCAAs respectively. Based on these data, we
hypothesized that the opposite changes seen in the plasma of mice with NSCLC resulted
from tumor cell autonomous changes in BCAA metabolism. Comparison of BCAA
metabolism in NSCLC and PDAC tumors revealed that NSCLC increase uptake and
incorporation of BCAAs into protein, whereas PDAC tumors show decreased BCAA
utilization. These differences are reflected in expression of the primary BCAA transporter
Sic7a5, and many downstream enzymes in BCAA metabolism. NSCLC tumors also generate
more BCAA-derived u-ketoacids, a finding consistent with increased transamination of
BCAAs in these tumors and suggesting that these amino acids could be an important source
of nitrogen in mutant Kras-driven lung cancer.

Nitrogen is critical for cellular proliferation as it contributes to the de novo synthesis of
non-essential amino acids and nucleotides (Lunt & Vander Heiden, 2011). Initial in vitro
experiments revealed that NSCLC-derived cell lines extracted BCAA-derived nitrogen to a
greater degree and incorporated this nitrogen into proteins and nucleic acids.
Furthermore, knocking out BCAA transaminase(Bcat) 1 and 2 inhibits growth of implanted
NSCLC cells in vivo, but not in vitro. Taken together, these emerging data highlight a
potentially critical role for BCAA-derived nitrogen in fueling the proliferation of NSCLC
tumors.
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I also studied the mechanisms regulating increased protein turnover in tissues in early
PDAC. Given the high incidence of cachexia in PDAC and the clinical challenges this
syndrome presents once established (Dewys, 1980; Fearon et al, 2012a; Fearon, 2008), we
sought to examine whether some of mechanisms governing this process in end stage
disease might begin earlier in the disease course. Initial results revealed a potential role for
autophagy in regulating muscle breakdown in early PDAC. Investigation of known
mediators of cachexia that might play a role in initiating muscle breakdown identified two
well known factors, Activin A and Interleukin-6 (IL-6), as increased early disease. Levels of
both factors correlated with plasma BCAA levels at early time points and depletion studies
are needed to understand the whether either plays a causal role in this disease.

As a final component of this project, we developed a method of longitudinally imaging mice
to quantify changes in muscle volumes using micro-Computed Tomography ([tCT) and are
now working to adapt this approach to also quantify fat mass. Using this approach, we were
recapitulated the finding that decreases in muscle mass track with BCAA elevations. This
tool can now be applied to further studies to assess the role of soluble factors and
treatment interventions and the connection to plasma BCAA levels.
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DISCUSSION
Evolution of Plasma BCAA Levels Over the Course of Disease
One of the more intriguing aspects of the longitudinal sampling and measurement of
plasma BCAAs described here is the evolution of these changes over the course of disease.
In PDAC, plasma BCAA elevations begin early and are associated with limited subclinical
cancer. In both humans and mice, these elevations continue for an extended period of time
before normalizing in the "peridiagnostic" window, between zero and two years before
diagnosis in humans or approximately one month before sacrifice in KPC mice. In humans,
this window corresponds to the development of other whole-body metabolic alterations
such as the development of new-onset diabetes (Wang et al, 2003) and overt tissue wasting
and weight loss.

Two potential and non-exclusive hypotheses might explain this eventual normalization.
One possibility is that by the time of normalization, the muscles tissue is "exhausted" and
lacks the capacity for further breakdown and release of amino acids. A similar finding is
observed in prolonged starvation in which plasma BCAA levels increase before normalizing
during the second week of starvation in humans (Adibi, 1976). Indeed the muscle weights
at end stage in our KP-/-C PDAC model weigh 20-30% less than those of control littermates,
a change that approaches the maximal possible loss of muscle tissue (A. Goldberg, personal
communication).

An alternative explanation is that initially, hormonal factors cause a degree of muscle
breakdown disproportionate to tumor mass and that as levels normalize in later in disease
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BCAA consumption by the tumor mass "catches up" with the rate of BCAA release from
muscle. This is consistent with data showing that although PDAC cells consume less BCAAs
on a per tissue weight basis, PDAC tumors substantially outweigh normal pancreata in end
stage disease.

The plasma BCAA profile over the course of disease in NSCLC mice is the mirror opposite of
that seen in PDAC mice. We found that after NSCLC tumor initiation, BCAA levels begin to
decrease and continue to fall until end stage disease at which point they normalize in the
period just prior to sacrifice. Interestingly, body weights in these mice remained
indistinguishable from their littermate controls until the final time point (data not shown).
This suggests that as NSCLC tumors grow and increase consumption of BCAAs, they do not
yet have systemic affects on protein turnover in the same manner as early PDAC tumors.
Once BCAA levels reach some minimum, however, the host may compensate by increasing
tissue breakdown and driving BCAA back up into the normal range. This phenotype is
consistent with the mechanisms driving elevations throughout early PDAC cancer and
suggests activation of the machinery responsible for increasing protein breakdown likely
occurs late in the disease course of NSCLC. Further investigation of tissue and hormonal
changes are needed, however, before establishing these links conclusively.

Timing of Tissue Depletion, BCAA Elevations and Tumors
Future work to understand how plasma BCAAs change over time and relate to changes in
tissue volumes/masses will benefit from the imaging technique developed in Chapter 4. In
PDAC, an approach would be to serially image mice and to compare the change in muscle
227

volume with the change in plasma BCAA levels at each time point. If tissue depletion
represents the primary driver of the normalization in the peridiagnostic window, the
change in muscle volume should drop to zero as plasma levels normalize. Conversely, if
muscle volumes continue to decrease as plasma levels normalize, this would suggest that
consumption of BCAAs by PDAC tumors is at least a contributing factor to this phenotype.
The same techniques could also be applied to NSCLC mice to determine if the mechanisms
responsible for muscle mass depletion early in PDAC remain inactive until late stage lung
cancer.

The exact stage of PDAC tumorigenesis that corresponds with initial plasma BCAA
elevations remains unknown. Using the KP-/-C model, we found elevations occurring
concomitantly with limited invasive disease, but this does not rule out the possibility that
earlier stage lesions such as high grade PanINs might also drive the phenotype. High
resolution 3D-ultrasound can be used to reliably quantify PDAC tumor volumes in mice
(Olive et al, 2009; Westphalen & Olive, 2012) and applying this approach in parallel to the
serial tCT imaging for body composition and blood sampling in KPC mice might allow us to
relate tumor-specific information to the whole-body metabolic changes in a more precise
way. Similarly, thoracic tCT of NSCLC mice can be used to quantify tumor volumes (DuPage
et al, 2009; Karsli-Uzunbas et al, 2014) that can then be related to tissue volume changes
and plasma BCAA profiles.

Efforts to connect the evolving disease burden chronologically to changes in peripheral
tissue mass and plasma BCAAs could benefit patients. Given that plasma levels of BCAAs
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normalize in the peridiagnostic window, these are unlikely to be useful markers for
diagnosis at the time points when PDAC is typically diagnosed now. Since more than 80%
of patients with PDAC present with incurable disease (Vincent et al, 2011), elevations
found earlier in disease together with tracking other clinical parameters altered early in
PDAC could help improve early dectection and the likelihood of successful clinical
intervention.

Factors Inducing Tissue Depletion and BCAA Elevations in PDAC
Identifying the soluble factors responsible for inducing the increase in peripheral protein
turnover in early stage PDAC might represent another indicator to help identify patients
with subclinical disease. Although numerous factors contributing to the tissue wasting of
cachexia have been identified (Fearon et al, 2012b; Tsoli & Robertson, 2013), no work to
date has definitively identified those factor(s) responsible for initiating this process.
Indeed, it is likely that different cachexia factors arise at different points in tumor
progression, and following these changes over time might help elucidate the roles different
factors play in the initiation or maintenance of wasting as well as providing insight in to
natural evolution of the interplay between tumor and host. This hypothesis might also
explain why targeting of individual mediators in established cachexia associated with latestage disease has proven unsuccessful (Penna et al, 2010). By the time of intervention,
targeting a single component is unlikely to reverse the activation of the multiple
overlapping and reinforcing signaling pathways in established cachexia (Tisdale, 2009).
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Our work has identified increases in early PDAC of two known cachexia associated factors,
Activin A and IL-6, which have the potential to serve as the initiators of tissue depletion.
Preclinical work has suggested the successful blockade of Activin A signaling through the
Activin Receptor IIB can inhibit and even reverse the muscle wasting associated with
cachexia in preclinical models (Zhou et al, 2010). IL-6 blockade has proven less fruitful, but
this might again stem from the later time point at which these therapies were attempted
(Penna et al, 2010).

Further work is needed to establish causative roles for Activin A and IL-6 in tissue
breakdown in early PDAC. Despite published reports using the same reagents and dosages
as described in here (LaSpina et al, 2008; Liang et al, 2006), treatment with neutralizing
antibodies targeting Activin A and IL-6 failed to decrease plasma levels of these factors.
Thus, better reagents, including better neutralizing antibodies, the aforementioned decoy
receptor for Activin A (Zhou et al, 2010) or IL-6 Receptor blocking reagents (Penna et al,
2010) are needed. In fact, our finding that injecting IL-6 and Activin A neutralizing
antibodies can actually cause rebound increases in levels of these factors further supports
the idea that targeting their receptors might be a more viable option to intervene in
patients.

Potential Sources of Secreted Factors in PDAC
Whether or not Activin A and/or IL-6 represent the factors initiating protein breakdown in
early PDAC, the tissue source of each cytokine also remains unknown. Using qPCR, we
found increased expression of both in established whole PDAC tumors. We also observed
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increased IL-6 expression in the liver in early disease. Interestingly, although Activin A is
typically thought to be produced locally at the target tissue and to act in an auto- and/or
paracrine fashion to regulate protein breakdown (Fearon et al, 2012b), we found no
evidence for increased Activin A expression in muscle.Consistent with the tumor as a
source of these secreted factors, we found that levels of Activin A and IL-6 both increase
with increasing tumor burden. There are many cell types in PDAC tumors including cancer
cells, fibroblasts, stellate cells and immune and inflammatory cells (Hidalgo, 2010) that
might secrete these factors. Work in other contexts has identified pancreatic stellate cells
as a source of Activin A (Lonardo et al, 2011; Ohnishi et al, 2003), while numerous cell
types have been shown to produce IL-6 within established tumors (Zhang et al, 2013). How
these findings apply to nascent tumors, however, is unknown. Examining changes in the
expression of these factors in sorted tumor cell populations could address this question.

Mechanisms Governing Tissue Depletion and BCAA elevations
Protein turnover in muscle is regulated by a combination of autophagy and proteasomal
activity (Bonaldo & Sandri, 2012; Sandri, 2013). Our initial work suggests the autophagylysosomal arm is playing the more central role in early disease, although a role for the
proteasome also remains possible. Given the difficulties of studying autophagy in vivo
(Klionsky et al, 2012), better experimental paradigms to are needed to properly investigate
these processes.

Initial studies examining the roles of autophagy and the proteasome required overnight
fasting and produced variable results using western blot to track Lc3-I conversion to Lc3-II
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and p62 degredation. This demonstrates the technical difficulty of these studies given that
these methods are reported to be among the more robust markers for monitoring
autophagy in vivo (Klionsky et al, 2012). We also attempted the following protocol: eighthour daytime fast, followed by two hour pulse feed at the onset of the dark cycle, followed
by a second 12-hour fast. The hope with this approach was to "synchronize" the animals as
one might cells in a dish. This produced somewhat more consistent results on western blot,
although in both control and PDAC tumor bearing mice autophagy was close to maximally
activated. Future studies then, might involve a less lengthy second fasting period of closer
to six to eight hours.

Pharmacologic and genetic inhibition will help dissect the contributions of autophagy and
the proteasome to BCAA elevations and tissue mass changes. Utilizing the more potent
hydroxychloroquine as an inhibitor of autophagy as well as slightly modifying the
bortezomib treatments to reduce toxicity may provide clearer indicators of the role each
process plays in the regulation of protein turnover in early disease. Using a modified
version of the KP-/-C mouse model that relies on the Flp-recombinase system and frt sites
in place of LoxP sites will also allow us to use Cre-mediated recombination to knockout
autophagy genes in peripheral tissues and assess the effects of these deletions on the BCAA
and muscle phenotypes observed in early PDAC.

Examining upstream mediators of muscle proteolysis, the Forkhead box transcription
factor family member FoxO3a regulates the expression of the all major players, including

Lc3 and Bnip3 in autophagy and E3 ligases Murfi and Atrogin-1 (Mammucari et al, 2007;
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Sandri et al, 2006; Sandri et al, 2004; Zhao et al, 2007). Interestingly, the TGF-@ and Jak-Stat
signaling pathways downstream of the Activin A and IL-6 receptors both converge on the
activation Fox03a (Argiles et al, 2014), bolstering the likelihood that these mediators play
a central role in early disease. Furthermore, their synergistic signaling cascades might
imply that signaling through both pathways is required to get protein turnover and BCAA
elevation. Definitive evidence of activation of these pathways and Fox03a itself is currently
lacking in the PDAC models, but it will be interesting to see how altering levels of IL-6 and
Activin A affects signaling to Fox03a in muscle tissue.

Development of an in vitro System for Studying Protein Turnover
Although we have developed robust tools for monitoring plasma BCAA and muscle volume
changes longitudinally in animals that can be used in the proposed studies discussed above,
the challenges and variability introduced by working in vivo necessitates the development
of a reliable in vitro system for testing hypotheses rapidly. Primary myoblasts
differentiated in culture to myotubes can be a useful system for assaying the ability of
soluble factors to induce protein breakdown (Kir et al, 2014). This system could be used to
test Activin A and IL-6 activity alone and in combination if a causal role is found in mouse
models.

Additional modifcations to the system might help reveal greater insight in to the
mechanisms governing tissue breakdown. For example, labeling of myoblasts with
radioactive BCAAs prior to treatment with proteolysis inducing factors might help reveal
those factors most likely to contribute to BCAA elevations in vivo. Additionally, the ability of
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either proteasomal or autophagy inhibitors to block BCAA release and halt cellular wasting
in the context of soluble proteolysis factors would also inform our knowledge about those
pathways most responsible for regulating tissue turnover.

BCAAs and PDAC Progression
The metabolic fate of BCAAs in NSCLC seems relatively clear. BCAAs themselves can be
directly incorporated into protein or transaminated to produce a branched chain aketoacid and glutamate. The BCAA-derived nitrogen on glutamate is then passed along via
additional transamination reactions to other amino acids for incorporation into proteins or
to contribute the generation of nucleotides, the latter occurring primarily through the
generation of aspartate.

The metabolic fate of BCAAs in PDAC is less clear, but likely restricted to use in protein.
Although PDAC tumors utilize significantly less BCAAs per gram of tissue for protein
synthesis and oxidation to TCA intermediates than control pancreas, this does not
necessarily imply that BCAA do not contribute to PDAC progression. Other fates of BCAAs
not directly assessed here might also be critical. For example, leucine-derived carbon could
contribute to de novo fatty acid or cholesterol synthesis and valine-derived carbon could
contribute to TCA cycle anapleurosis (Boroughs & DeBerardinis, 2015). To this end,
ongoing studies using the CRISPR-Cas9 system to target Bcat isoforms or branchedchain aketoacid dehydrogenasesubunit El a (Bckdha) in cell lines might reveal a dependency on
these enzymes for PDAC cells in vivo or in vitro. Additionally, we are setting up to begin
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culturing normal and malignant pancreatic organoids (Boj et al, 2015), which will be used
for knockout and tracing studies.

In the absence of a role for BCAAs in PDAC, however, the most likely explanation is that
plasma BCAA elevations serve as a marker of peripheral protein breakdown. In this case,
the fates of the other amino acids released from the muscle are unclear. One possibility is
that they are taken up and metabolized by liver or incorporated into acute phase proteins,
whose synthesis is increased in many forms of cancer and also end-stage cachexia (Argiles
et al, 2014). Consistent with this, BCAAs are among the most over-represented in muscle
tissue relative to acute phase proteins (Reeds et al, 1994) and would therefore remain the
in plasma in the absence of another sink (Brosnan, 2003; Cynober, 2002; Harper et al,
1984). There is evidence that PDAC tumors can catabolize proteins via macropinocytosis to
obtain amino acids (Commisso et al, 2013), and non-BCAA amino acids could be
catabolized directly by the growing tumor. Consistent with this model, examination of
amino acids levels in human PDAC suggests that non-essential amino acids are more
limiting than essential amino acids, including BCAAs (Kamphorst et al, 2015). Both of these
possibilites are non-exclusive and consistent with preliminary data showing an overnight
fast in tumor-bearing PDAC mice results in depletion from plasma of almost all amino acids
except the BCAAs.

Additional studies are needed to begin to tease out these different possibilities. One
possibility is to test whether diets with increased levels of BCAAs (Mayers et al, 2014) can
hasten PDAC progression in the KP-/-C and KPC models. Tracing experiments directly
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examining alternative fates of BCAAs in vivo and in organoids, as well as efforts to trace the
fate of other free amino acids in PDAC mice (Israelsen et al, 2013; Maher et al, 2012; MarinValencia et al, 2012) and to quantify the contribution of peripheral protein stores to acute
phase protein synthesis using the pre-labeled mice described in Chapter 2 (Mayers et al,
2014) will be useful as well. Applying genetic approaches like the CRISPR-Cas9 system
and/or existing conditional knockout models of Bcat2 (She et al, 2007) or Bckdha (B. Kahn,
personal communication) to the autochthonous PDAC models will also yield insight into
the importance of even a small amount of flux through the BCAA catabolic pathway.

Metabolic Heterogeniety in PDAC
The cellular heterogeneity of PDAC tumors presents another potential confounding factor
to identifying a role for BCAA catabolism. The relatively small number of cancer cells
means that signal from other populations in the tumor might mask the metabolic
phenotypes of the actual malignant cells. This cellular milleu makes identifying the cell
type(s) actually responsible for the decrease in BCAA incorporation reported here
challenging. Complicating things further, numerous investigations have shown metabolic
cooperativity between normal host and cancer cells in other tumor settings (Guillaumond
et al, 2013; Nieman et al, 2011; Sonveaux et al, 2008; Zhang et al, 2012).

To begin to tease apart these complicated interactions, we have developed a flow
cytometry-based sorting scheme that allows for the separation of tumor cells, immune cells
and activated fibroblasts from whole PDAC tumors as described in Chapter 4. Initial qPCR
studies indicate that levels of BCAA catabolic enzymes in the sorted tumors cells generally
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reflect patterns seen in the whole tumor. Nevertheless, more detailed studies on additional
BCAA genes and other catabolic pathways as well as measurements of protein levels via
western blot will be needed to confirm these observations. It will also be interesting to see
how much expression of metabolic pathway genes correlates across cell types. With that
caveat that gene expression does not necessarily reflect pathway activity or flux, it will also
be important to develop tools that give a functional readout of the metabolic pathways
active in these different populations.

FINAL PERSPECTIVE
The expansion of research into how metabolic alterations fuel cancer cell proliferation
utilizing in vitro culture systems has yielded incredible insight into the effects of different
oncogenes and the regulation of metabolic pathways. Attempts to translate our
understanding of these changes into successful therapeutics, however, will require
recognition of the caveats associated with culture models and to more rigorously
investigate metabolic alterations in the in vivo context.

Cancer cells in vivo interact extensively with normal host cells both local and distant. For
example, our studies have revealed subtle alterations in whole-body metabolic regulation
from the earliest stages of pancreatic cancer. While more extreme versions of these shifts
have long been appreciated in end stage disease with cachexia, the recognition that these
changes occur much early than previously appreciated has been critical. Indeed, our follow
up studies demonstrate that several of these changes are measureable with non-invasive
approaches and could be used to help identify and diagnose disease earlier.
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The metabolic profiles of normal cells in vivo also vary dramatically based on their
functions and access to blood flow. Given these distinct starting points, it is perhaps
unsurprising that studies by our lab and others have started to reveal the powerful effect
tissue-of-origin has on the metabolic phenotypes displayed by same oncogenic mutations
in vivo. Furthermore, the homogenous nature of cell culture systems and supraphysiologic
nutrient levels in media makes identifying and investigating these differences challenging
in vitro. Thus, a focus on tool development, such as the stable-isotope diets described here,
to ask questions about cancer metabolism in intact animals might more clearly identify
distinct phenotypes of tumor cells and yield more practical knowledge about how best to
target these characteristics in treating patients.
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APPENDIX A:
Development of Cell Culture Media

A version of this appendix has been published: Famine versus feast: understanding the
metabolism of tumors in vivo. Trends Biochem Sci. (2015) 40:130-140.
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Early cell culture media required supplementation with large amounts of serum such that
detailed investigation of growth requirements in vitro remained impractical. In 1955-56,
Harry Eagle and colleagues outlined, for the first time, the specific amino acids vitamins, salts
and other nutrients that enabled the continued culture of two cell lines, adult mouse
fibroblasts and HeLa cells, with minimal added serum (Eagle, 195Sa; Eagle, 1955b; Eagle et al,
1956). These studies formed the basis for the original standardized media formulation that
became known as Basal Medium Eagle (BME) (Chapter 1, Table 1). Two observations stand
out from these studies. The first is that glutamine was considered separate from other amino
acids and equivalent to glucose as a requirement for proliferation in culture. The second is
that although the optimal concentrations of amino acids to support growth were determined
empirically, concentrations were deliberately kept close to the physiologic ranges reported
by Albritton (Albritton, 1952; Eagle, 1955a).

Additional work over the next several years by Eagle and colleagues led to the development
of minimal essential media (MEM) (Eagle, 1959). This media, which allowed for the culture of
additional cell lines, contained two-fold or greater increases in the amino acids included in
BME (Chapter 1, Table 1). These changes were intended to more closely conform to the
amino acid composition of total protein in cultured human cells (Eagle, 1959). In 1960,
Marguerite Vogt and Renato Dulbecco, in their studies of the interactions between the
polyoma virus and embryonic cells, further modified MEM to include four-fold the
concentration of amino acids and vitamins described by Eagle (Vogt & Dulbecco, 1960). This
media, now known as DMEM (Dulbecco's Modified Eagle Medium), which also contains
glucose at five-times the concentration that is normal in blood (Chapter 1, Table 1), has
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become a standard culture media used today.

In a manner analogous to Eagle's studies of the previous decade, George Moore and
colleagues at the Roswell Park Memorial Institute (RPMI) undertook a similar effort with the
primary focus on the development of culture medias for both normal and transformed blood
cells. This work spawned a large series of similar medias, including RPMI 1640 (Moore,
1967), which was originally designed for the culture of normal primary leukocytes and has
become another workhorse of modern tissue culture. RPMI differs mainly from DMEM in the
number of added amino acids (Chapter 1, Table 1).
Since these early studies, there have been many additional modifications to generate
specialized media, although in large part these are all based on the pioneering and
painstaking work of Eagle and Moore, with the major differences in most cases being the
addition of new growth factors and hormones. It is now possible to grow some cells in
completely defined (serum-free) media, however the nutrient composition is still based on
the classic formulations.
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More than a decade ago Rangarajan and Weinberg intoned, "mice are not small people,"
when discussing the use of mice to model human cancer (Rangarajan & Weinberg, 2003).
However, mice remain a powerful tool to study cancer with their ease of genetic
manipulation, relatively short generation time and many physiologic similarities with
humans. Nevertheless, there are important species-specific differences. Spontaneous
cancers in mice have both a different natural history and tissue spectrum than humans
(Rangarajan & Weinberg, 2003). Introduction of tissue-specific pro-neoplastic genetic
alterations are powerful tools to model tumorigenesis in an organ, and while these often
recapitulate many pathological features of the human disease there are also differences
including far less genetic heterogeneity among tumor cells in mice. Additionally, the sevenfold higher metabolic rate in rodents (Ames et al, 1993) may play a role in how tissues
respond to the genetic changes and the altered signaling pathways that are found in human
cancers.

Nutrient handling can also differ dramatically across mammalian species. Although mice
and rats are commonly used to study type-2 diabetes, rodents show differences from
humans in glucose metabolism at every level from glucose-regulatory transcription factors
to mechanisms of insulin secretion to the primary tissue of glucose disposal
(Chandrasekera & Pippin, 2014). Unsurprisingly, amino acids also display species-specific
differences in their requirement for protein synthesis and the relative catabolism of
individual amino acids across tissues (Harper et al, 1984; Harper, 1994). These differences
in macronutrient handling are likely a consequence of the fact that mammalian species
consume diets with very different compositions. Failing to account for these metabolic
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differences could affect the translatability of findings when different species are used as a
research tool to study metabolism and its impact on disease (Chandrasekera & Pippin,
2014).

Despite these caveats, important insight can be gained from mouse models of human
cancer and provide a powerful tool to study cancer metabolism in vivo. Both humans and
mice have the same elevations in branched chain amino acids (BCAAs) initiated by early
stage pancreatic cancers, and the ability to study this phenotype in mice uncovered that
this change in amino acid levels reflects increased protein turnover (Mayers et al, 2014).
Similarly, detailed studies of glucose metabolism of human glioblastomas in mice showed
nearly identical phenotypes to what was observed in tumors of patients with glioblastomas
(Maher et al, 2012; Marin-Valencia et al, 2012). Given the complexity of intra-operative
studies to gain metabolic insight on human tumors in vivo, the concordance with findings in
animal studies argues that true mechanistic insight into human disease can be gained from
more tractable experiments using mouse models. Careful validation of phenotypic findings
in each species enhances the likelihood that mechanistic dissection of phenotypes in mice
will be informative for improved patient care.
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