Exploring Disease through Metabolomics
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etabolites serve critical roles in biology due
M to their involvement in cellular and physi-

ological energetics, structure, and signaling.
Fatty acids contribute, for instance, to all three of these
central processes through fatty acid metabolism, cellu-
lar membrane formation, and nuclear receptor activa-
tion, respectively. Similar functions can be delineated
for different types of metabolites, such as amino acids,
sugars, and many other metabolite classes. Unlike RNA
and proteins, metabolites are not directly coded into the
genome. Instead, metabolites are products of cellular
and physiological metabolism, a product of the bio-
chemistry and biochemical pathways used by a cell or
tissue to promote survival. As a result, analysis of the
metabolome—the total collection of metabolites in a
cell, tissue, or organism—reveals changes in specific
metabolites, and also provides a read-out of differences
in the underlying metabolic pathways, which can be
used to better understand biological mechanisms.

At the turn of the 20th century, Garrod developed his
famous “one gene, one enzyme” hypothesis while trying
to understand changes in urine metabolite levels asso-
ciated with the inborn error of metabolism, alkaptonuria.
Garrod was able to detect metabolic differences before
the advent of modern analytical techniques because
alkaptonuria results in dysregulated tyrosine metabo-
lism causing the urine of patients to turn black upon
standing (2, 2). A number of inborn errors are now
known which, if detected early enough, can sometimes
be treated. For example, phenylketonuria causes dys-
regulated phenylalanine metabolism and the symptoms
of this disease can be blunted by a diet low in pheny-
lalanine; this motivated the development of a mass
spectrometry (MS)-based screening test for newborns
that is broadly used (3). These examples highlight the
importance of being able to measure metabolites lev-
els in vivo for understanding and, eventually, treating
disease. The need for broad metabolome analysis in-
spired the development and application of metabolom-
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ABSTRACT Metabolomics approaches provide an analysis of changing metabo-
lite levels in biological samples. In the past decade, technical advances have
spurred the application of metabolomics in a variety of diverse research areas
spanning basic, biomedical, and clinical sciences. In particular, improvements in
instrumentation, data analysis software, and the development of metabolite data-
bases have accelerated the measurement and identification of metabolites.
Metabolomics approaches have been applied to a number of important problems,
which include the discovery of biomarkers as well as mechanistic studies aimed at
discovering metabolites or metabolic pathways that regulate cellular and physi-
ological processes. By providing access to a portion of biomolecular space not cov-
ered by other profiling approaches (e.g., proteomics and genomics), metabolom-
ics offers unique insights into small molecule regulation and signaling in biology.
In the following review, we look at the integration of metabolomics approaches in
different areas of basic and biomedical research, and try to point out the areas in
which these approaches have enriched our understanding of cellular and physi-
ological biology, especially within the context of pathways linked to disease.
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ics approaches, which aimed to be rapid methods for
the guantitation of metabolites directly from cells and
tissues.

Modern metabolomics methods attempt to extend
the breadth and depth of metabolome analysis to yield
insights into biological mechanism and disease (4—6).
An early example of a metabolomics experiment—albeit
many years prior to the invention of the term—can be
traced to the work of Linus Pauling in the late 1960s and
early 1970s (7-9). In this research the stated goal was
to use metabolic measurements as a window into un-
derlying differences in human genetics related to dis-
ease. It was thought that measurements of changes in
metabolite levels associated with any disease would re-
veal the molecular etiology of the disease, as exempli-
fied by Garrod’s work. In these early studies, metabolo-
mics measurements were restricted to breath and urine
vapor because they relied on using gas—liquid partition
chromatography (GLPC) as the analytical platform (8).
While GLPC was able to characterize 250 and 280 peaks
in a chromatogram from breath and urine, respectively,
the metabolome coverage was insufficient to obtain any
meaningful data about disease. Thus, one of the power-
ful driving forces in the field of metabolomics has been
the development of new technologies, primarily in mass
spectrometry and data analysis, that provide more
depth and breadth than has ever been available to the
scientific community.

While the biologist has long had access to general
tools to study biopolymers (DNA, RNA, protein) within
the cell, metabolites have proved counterintuitively to
be more challenging class of biomolecules to analyze
broadly (10). Importantly, the same twenty amino acids
make up the vast majority of proteins, and these shared
building blocks provide proteins with related physico-
chemical properties that enable general analytical tools
(e.g., SDS-PAGE) to be developed. By contrast, the sim-
plicity of metabolites masks the vast differences in their
chemical properties, which contribute to the difficulty
of building general tools analogous to the methods
used for biopolymers. Consequently, analytical ap-
proaches for metabolite analysis have tended to divide
the metabolome into pools of molecules with similar
properties, such as hydrophobic or hydrophilic mol-
ecules, that enable a single analytical approach to be
used (11-13). In the past few years, improvements in
chromatography, mass spectrometry, and small mol-
ecule identification have propelled metabolomics for-

VINAYAVEKHIN ET AL.

ward as a general approach, alongside proteomics and
genomics, in the biological sciences (10, 14, 15).

Modern Approaches to Metabolomics. The typical
workflow for any metabolomics experiment requires
three key steps: metabolite isolation, metabolite detec-
tion, and data analysis (Figure 1). As mentioned, me-
tabolite isolation is often accomplished while simulta-
neously fractionating the metabolome into pools of
molecules with similar properties. For example, the
analysis of lipids commences with the organic extrac-
tion of tissues, which acts to isolate these metabolites
for analysis and to separate hydrophobic molecules
away from hydrophilic metabolites. The metabolites of
interest will determine the exact conditions used for the
metabolite extraction step, as well as the conditions for
the analysis of the metabolites. The two predominant
analytical methods that have been employed for me-
tabolite analysis are mass spectrometry (MS) and
nuclear magnetic resonance (NMR) spectroscopy.

NMR provides a rapid, nondestructive method to look
broadly at changes in metabolite levels in vitro or in vivo.
For example, NMR metabolomics was used to profile
urine from humans to study the secondary metabolism
of drugs. The goal was to identify patterns within the
urine prior to acetaminophen administration that might
be predictive of the manner in which that individual
would metabolize the drug (16). Urine analysis by NMR
revealed that the levels of sulfated acetaminophen were
inversely correlated with the levels of sulfated para-
cresol (p-cresol). These results suggested a mechanism
whereby p-cresol and acetaminophen would compete
for sulfation and, as a result, higher p-cresol levels
would lead to lower levels of sulfated acetaminophen.
More importantly, since p-cresol is a product of bacte-
rial metabolism of tyrosine in the gut, these experiments
reveal the interplay between gut bacteria and second-
ary drug metabolism, a result that would have only been
evident through metabolome analysis. In another inter-
esting example, T. cylindrosporum, an insect pathogen,
was grown under different culture conditions and ana-
lyzed by 2D-NMR. Researchers were able to detect and
structurally characterize a new class of fungal metabo-
lites, taking advantage of the ability of NMR to produce
detailed structural information (7). In addition, strides
have been made to couple NMR to liquid chromatogra-
phy (LO and the sensitivity of NMR can also be im-
proved through the implementation of capillary NMR
methods (18-22).
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Figure 1. Overview of metabolomics approaches. A) The typical metabolomics workflow has three key steps: metabolite isolation,
metabolite detection, and data analysis. B) Depending on the type of data analysis, metabolomics data can be used to phenotype
samples (i.e., cluster groups of samples based on similar metabolic profiles), to reveal differences in specific metabolic pathways,
and to identify differences in specific metabolites or enzymes between samples.

While the speed and ability of NMR structural charac-
terization is unmatched, the improved sensitivity and
resolution of mass spectrometry (MS) permits greater
metabolome coverage and has resulted in a higher us-
age of MS-based metabolomics techniques. In some
cases, MS-based metabolomics is performed without
chromatography. Instead, samples are directly infused
into the mass spectrometer and the resulting spectra
can be used to identify individual metabolites or over-
all patterns associated with a particular sample. For
example, an approach developed by Gross and col-
leagues, termed shotgun lipidomics, uses direct infu-
sion of lipid extracts from biological samples to mea-
sure the abundance and acyl chain distribution of a
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number of important lipid classes, including phospho-
lipids and triglycerides (23, 24). To complement these
extremely high-throughput direct infusion methods, hy-
phenated MS-based metabolomics approaches, such
as gas chromatography (GC)-MS and LC-MS, have been
developed. By resolving complex samples chromato-
graphically, ion suppression by competing metabolite
ions can be minimized, leading to improved coverage of
the metabolome.

In this vein, targeted GC-MS analysis of wild-type
and mutant strains of potato plants identified numer-
ous metabolites and was able to detect and quantify
changes in amino acids, carbohydrates, and organic ac-
ids (25). Similarly, LC-MS methods also permit the de-
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tection and quantification of metabolites from biologi-
cal samples, including larger, less volatile metabolites
that would be difficult to analyze by GC-MS. Methods
based on LC-MS aim to measure hydrophilic or hydro-
phobic metabolites, since the physicochemical proper-
ties of these pools differ substantially. Indeed, Rabinow-
itz and others have developed methods for the analysis
of hydrophilic metabolites using LC-MS (26), while a
number of other laboratories, including a large group as-
sociated with the LIPID MAPS initiative (27), have devel-
oped methods to target hydrophobic metabolites.
Broadly speaking, MS based metabolomics experi-
ments are performed in either the targeted or untar-
geted mode, depending on what type of information is
required (Figure 2). Targeted analysis refers to metabo-
lome analysis that focuses on specific metabolites and
typically uses internal standards and multiple reaction
monitoring (MRM) for absolute quantitation. By contrast,
untargeted analysis scans across the entire mass range
and measures the amount of a metabolite based on the
ion intensity in the mass spectrometer (i.e., the area un-
der the curve of the peak in the LC-MS chromatogram)
to enable relative quantitation between two compared
sets of samples. To be sure, this quantitation is subject
to certain limits since phenomena such as ion suppres-
sion can disrupt accurate quantitation. Moreover, ad-
ducts of certain metabolites,
such as sodium and ammo-

KEYWORDS

lons: Here, referring to charged metabolites (e.g.,
[M-+H]* and [M—H]") detected by mass
spectrometry.

lon suppression: A phenomenon in electrospray
jonization mass spectrometry (ESI-MS) where
metabolites are competing for ionization. As a
result, lowering amount of signals is observed
for the competing metabolites.

Metabolome: The total collection of metabolites
in a cell, tissue, or organism.

Metabolomics: A comparative analysis of
metabolome levels under different conditions.

Targeted metabolomics: Quantitative studies of
a defined set of known metabolites. In this
type of analysis, experiment is generally
performed using multiple reaction monitoring
(MRM) or internal standards for absolute
quantification.

Untargeted metabolomics: Relative quantitation
of broad range of metabolites, both knowns
and unknowns, in different sample sets.
Generally, information about metabolite levels
in a sample is reported in terms of fold
changes relative to the levels in other
samples.
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nium salts, can increase the
complexity of the data set,
but these adducts can typi-
cally be filtered relatively
easily. Thus, while an untar-
geted metabolomics experi-
ment should contain much
of the information found in a
targeted experiment, the
use of an internal standard
during targeted measure-
ments typically leads to bet-
ter quantitation. As a general
rule, then, one should fol-
low up any untargeted profil-
ing measurement with a tar-
geted quantitative analysis
in order to corroborate the
observed difference in ion
signal intensity. Additionally,
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targeted approaches increases their sensitivity and en-
ables the detection of ions that are missed by untar-
geted analyses. Ultimately, the application will dictate
which approach is better suited to the final goals of a
project.

Another important technical advance has been the
development of software tools for the analysis of metab-
olomics data to enable the quantitation and identifica-
tion of ions within LC-MS data sets. For example, the
program XCMS overcame several hurdles by its ability
to align, quantify, and statistically rank ions between
sets of LC-MS metabolomics data sets (28, 29). Thus,
the development of XCMS enabled the speedy detec-
tion and relative quantitation of ions between numer-
ous samples. After detection, the next step in a metab-
olomics experiment requires the identification of
metabolites, especially in an untargeted experiment. In
terms of metabolite identification, the recent develop-
ment and improvement of metabolite databases such
as METLIN (30), LIPID MAPS (31), and others have im-
proved metabolite identification from its ion signature.
Metabolites are typically identified by matching the ion
signature to an entry in the database (Figure 2). In cases
where no match can be found, suggesting that the ion
may correspond to a novel metabolite, additional strat-
egies for structural elucidation become necessary
(Figure 2).

For example, metabolomics analysis of mice lacking
the enzyme fatty acid amide hydrolase (FAAH) identi-
fied a set of ions regulated by this enzyme in the ner-
vous system and peripheral tissues that did not corre-
spond to any known metabolite. The combination of
accurate mass and tandem mass spectrometry led to
the hypothesis that these compounds were N-acyl tau-
rines (NATs), whose structures were confirmed by
chemical synthesis of a standard (32). Improvements
in MS technology, especially instruments capable of ac-
curate mass and tandem MS experiments (33-35), are
making structure elucidation easier every day. Moreover,
as novel metabolites are discovered and introduced
into the currently available databases, the automated
conversion of LC-MS data into lists of metabolites will
become easier.

In total, these technical advances have now ex-
tended the coverage of metabolomics approaches to en-
able the use of these methods in basic, biomedical,
and clinical research.
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Figure 2. Mass spectrometry based metabolomics approaches and metabolite identification. A) In a targeted metabolom-
ics experiment isotopic standards are added for the absolute quantitation of metabolites, while in an untargeted analysis
changes in all metabolites are measured by scanning a broad mass range (e.g., m/z 100—1500) and relative metabolite
levels are quantified by ion intensity. B) Accurate mass can provide molecular formula candidates for compound identifi-
cation using metabolite databases. C) When the ion is believed to correspond to a novel metabolite, additional analytical
experiments, such as mass spectrometry (tandem MS shown) and NMR, must be performed to characterize its structure.

Application of Metabolomics. Metabolomics, like
other global profiling approaches (genomics and pro-
teomics), enables researchers to study biology by a
hypothesis-generating approach that relies on an initial
observation obtained via profiling (10). Metabolomics
approaches complement standard biochemistry, molec-
ular biology, and physiology to reveal new insights into
the molecular pathways underlying biological pro-
cesses. For example, metabolomics approaches have
been applied to the discovery of new biomarkers and,
more importantly, to try to gain a better understanding
of the molecular etiology of disease (36, 37). The data
from a metabolomics experiment can be analyzed in a
variety of ways depending on the type of information de-
sired (Figure 1). The overall pattern of changes in the
metabolome can be interpreted as a molecular pheno-
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type with which to categorize samples (38). In addition,
changes in specific metabolites can be used as diagnos-
tic markers or to reveal a dysregulated pathway for fur-
ther study. To date, there have been a number of stud-
ies, applied to a variety of organisms, that have used
metabolomics data to understand the role of pathways
and metabolites in cells, tissues, and organisms. For the
purpose of this review, we have focused on recent work
studying problems in biomedical research and have di-
vided studies based on these research areas related to a
specific disease: metabolic disease, cancer, infectious
disease, and regenerative medicine.

Metabolic disease. Metabolic disease is an obvious
choice for the application of metabolomics because
many of the underlying causes of these diseases are
thought to result from dysregulation in small molecule
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A Underlying Physiological Pathway

(Metabolite)
Glycolysis Lipolysis Proteolysis  Ketogenesis
(Lactate) (Glycerol) (Amino Acids)  (B-OH-B)

—

Proteolysis and Lipolysis
Pathways Predictive of Insulin Sensitivity

B sc

HF/BCAA HF
Lean Lean j Obese

Insulin Resistant Insulin Resistant
(insulin resistance

reversed by rapamycin)

Insulin Sensitive

Figure 3. Metabolomics in the study of metabolic disease. A)
Metabolomics analysis was used to establish a metabolic signa-
ture for glucose response in humans. Initial analysis of plasma
from healthy subjects undergoing glucose challenge revealed di-
agnostic metabolite changes in four insulin-dependent pathways:
lactate in glycolysis, glycerol in lipolysis, amino acids in prote-
olysis, and B-hydroxybutyrate (3-OHB) in ketogenesis. When this
insight was investigated in insulin-resistant subjects, Leu/lle
levels and glycerol levels were confirmed to be highly predictive
markers of fasting insulin levels and insulin sensitivity. B) Molec-
ular profiling of lean and obese human subjects revealed that
differences in branched chain amino acid (BCAA) levels correlated
with insulin resistance. The finding was later tested in rats fed
standard chow (SC), a high fat diet supplemented with BCAA (HF/
BCAA), or a high fat (HF) diet. As expected, animals on SC were
lean and insulin-sensitive, while animals on the HF diet were
obese and insulin-resistant. Interestingly, rats on the HF/BCAA
diet were lean but insulin-resistant. Mechanistic studies sug-
gested that BCAAs were acting through the mammalian target of
rapamycin (mTOR).

metabolism. In one elegant example, Shaham and col-
leagues performed an LC-MS-based metabolomic analy-
sis of plasma from two independent cohorts of sub-
jects undergoing glucose challenge to discover
reproducible changes in 18 plasma metabolites, some
expected and others unexpected (39) (Figure 3).
Changes in the metabolome revealed differences in
four physiological pathways, including enhanced glu-
cose metabolism, decreased lipolysis, ketogenesis, and
proteolysis, which are all insulin-regulated pathways.
This link to insulin action prompted subsequent ex-
periments that measured changes in these 18 metabo-
lites in subjects with impaired glucose tolerance. Univa-
riate and multivariate data analysis revealed that
changes in Leu/lle levels, markers for proteolysis, and
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glycerol, a marker for lipogenesis, were highly predic-
tive of fasting insulin levels. In doing so, this data sug-
gests insulin-dependent pathways-other than glucose
uptake and gluconeogenesis-are also important in insu-
lin resistance, providing a much broader view of the
changes associated with insulin resistance in vivo. Fu-
ture studies based on these results will provide greater
detail into the mechanisms that connect these meta-
bolic changes to insulin resistance and, in doing so,
might reveal additional courses for therapeutic interven-
tion. More generally, this example highlights the value
of metabolomics analysis in improving our understand-
ing of the underlying molecular pathways of disease.

Additionally, results garnered from metabolomics ex-
periments can also facilitate subsequent mechanistic
studies to identify a causative relationship, if any, be-
tween changes in metabolite levels and disease. An ex-
ample of this overall approach was recently provided by
Newgard and colleagues who used a broad molecular
profiling approach, which included LC-MS-based metab-
olomics, to identify differences in branched chain amino
acid (BCAA) metabolism that correlated with insulin re-
sistance (40) (Figure 3). The molecular profiling was per-
formed using 74 obese and 67 lean human subjects
and many of the expected differences were seen, such
as elevated leptin levels in obese samples, which con-
firmed the quality of the samples and robustness of
their analytical methods. Multivariate analysis of the
data, using principal component analysis (PCA), identi-
fied molecules that could best distinguish between lean
and obese subjects. PCA analysis revealed that BCAAs,
aromatic amino acids, and short chain acyl camitines
(C3 and C5) provided metabolic signatures that could
distinguish lean and obese samples.

To test whether any of these metabolites directly con-
tribute to insulin resistance, experiments were later de-
signed to study the effect of BCAAs, introduced through
diet, on insulin resistance in rats. Rats were placed on
three different diets in these studies: standard chow
(SO, high fat (HF), and high fat-BCAA (HF/BCAA). In
terms of weight gain, the HF/BCAA rats were more simi-
lar in weight to the SC rats than they were to the HF
group, which was attributed to lower caloric intake for
the HF/BCAA group. However, the HF/BCAA group was
as insulin resistant as the HF group. Moreover, when ca-
loric intake between HF and HF/BCAA groups was nor-
malized (i.e., less food for the HF rats), the HF group was
no longer insulin resistant, which suggests that the
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BCAAs in the diet were contributing to the insulin resis-
tance phenotype. The mechanistic hypothesis devel-
oped from these observations was that changes in BCAA
levels were contributing to differences in insulin sensi-
tivity through mTOR signaling, a known regulator of insu-
lin resistance (41). Indeed, treatment of rats with the
mTOR inhibitor, rapamycin, was able to improve glu-
cose tolerance in HF/BCAA rats but had no effect in the
HF group. In total, this study demonstrates the contribu-
tion of BCAAs, especially on a HF diet background, to
the development of insulin resistance. Furthermore, this
example highlights the value of metabolomics ap-
proaches in developing and testing new mechanistic
models of disease through the discovery of signaling
molecules and pathways-in this case BCAA signaling
through mTOR.

Cancer. One of the advantages of metabolomics is
its ability to analyze metabolites from any source, re-
gardless of origin. Ramanathan and colleagues applied
a targeted LC-MS-based metabolomics analysis to a se-
ries of engineered cancer cell lines that were progres-
sively more tumorigenic due to the introduction of 1, 2,
3, or 4 oncogenes (telomerase, small and large T anti-
gen, and oncogenic H-ras) (42) (Figure 4). In addition,
these studies measured metabolic states in the pres-
ence of small molecules, selected to inhibit specific
metabolic and nutrient-sensing pathways, to create a
multidimensional matrix that could interpret the
changes in cellular metabolism as a function of gene ex-
pression or small molecule levels. Changes in glucose
uptake and oxygen consumption in these cells could be
assessed by changes in metabolite levels and by treat-
ment with small molecule pathway inhibitors, revealing
the dependence of a cell line on a particular metabolic
pathway. In total, the work of Ramanathan correlated
the emergence of aerobic glycolysis, the Warburg effect,
with the expression of known oncogenes and the emer-
gence of the tumorigenic state in these cells (43). In do-
ing so, they have established that changes in cancer cell
metabolism are downstream of these oncogenes and,
as a result, might be potential targets for the develop-
ment of novel therapeutics.

Evidence that aerobic glycolysis is a potential thera-
peutic target in cancer has been demonstrated in a re-
cent study which revealed that the M2 isoform of pyru-
vate kinase is responsible for the switch to aerobic
glycolysis (44). Indeed, inhibition of the M2 isoform re-
duces aerobic glycolysis and inhibits tumorigenic capa-
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bility of cancer cells, as evidenced by reduced tumor for-
mation during xenograft studies. These results establish
the importance of aerobic glycolysis in sustaining tu-
mor growth and demonstrate that the M2 isoform of the
pyruvate kinase is a potential target for the develop-
ment of novel chemotherapeutic agents. More gener-
ally, metabolic pathways are gaining increased atten-
tion for their role in cancer as recently demonstrated by
the description of the R-(2)-hydroxyglutarate as an onco-
metabolite (45).

Lipid profiling can also reveal pathways capable of
regulating cancer cell phenotypes. Chiang and co-
workers utilized an untargeted LC-MS-based metabolo-
mics platform to measure changes in the lipidome of
cells treated with an inhibitor against the human lipase
KIAA1363 (46) (Figure 4). This enzyme was originally
identified as an invasiveness-related serine hydrolase
due to its marked upregulation, measured by activity-
based proteomics, in a series of invasive cancer cell
lines derived from multiple tissues. Metabolomic analy-
sis of KIAA1363-inhibited cells revealed that this en-
zyme regulates cellular levels of monoalkylglycerol ether
(MAGE) levels. Prior work had identified MAGE lipid lev-
els as being strongly elevated in neoplastic tumors (47),
but this was the first report of an enzyme that regu-
lated MAGE levels in cancer cells. Connecting these lip-
ids to an enzymatic activity-especially one that could be
inhibited-enabled testing of the hypothesis that this
pathway might be involved in a signaling pathway that
caused invasiveness.

Treatment of SKOV-3 cells, an invasive ovarian can-
cer cell line, with virus containing an shRNA against
KIAA1363 resulted in a cell line with appreciably lower
levels of KIAA1363, and correspondingly lower levels of
MAGEs, which indicated that KIAA1363 is the rate-
determining step in the production of MAGE in these
cell lines. Subsequent experiments revealed that cell
lines with lower KIAA1363 activity were less invasive in
vitro and, more importantly, showed attenuated growth
in vivo during a xenograft experiment in mice. These ex-
periments established the importance of the KIAA1363-
mediated metabolic pathway in cancer cell pheno-
types, including growth in vivo. This study highlights
the value of untargeted metabolomics to discover bio-
logically important metabolic pathways, and identify
natural small molecules, MAGEs, that can regulate cellu-
lar phenotypes.
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Figure 4. Application of metabolomics approaches to cancer research. A) The addition of oncogenes, such as telomerase
(hTERT), large T antigen (LT), small T antigen (ST), and H-Ras transform a fibroblast cell into a tumorigenic state. Ra-
manathan and colleagues analyzed these engineered cells using an LC-MS based metabolomics approach to reveal that
cells start to depend more on aerobic glycolysis as they become more tumorigenic. B) Chiang and co-workers utilized an
untargeted LC-MS-based metabolomics approach to establish a link between the monoalkylglycerol ether (MAGE) pathway
and KIAA1363, an uncharacterized invasiveness-related hydrolase. KIAA1363 regulates the production of MAGEs, and in-
hibition of this enzyme attenuates invasiveness in vitro and slows tumor growth in vivo. C) Metabolomics analysis of clini-
cal samples from patients with prostate tumors by Sreekumar and colleagues revealed numerous metabolites associated
with benign, prostate cancer, and metastatic prostate cancer. Further investigation showed that addition of sarcosine to
benign prostate cell lines could promote invasiveness and inhibition of sarcosine production in invasive cell lines would re-

duce invasiveness.

In our final example of metabolomics applied to can-
cer, metabolomic analysis of clinical prostate cancer
samples by Sreekumar and colleagues identified sar-
cosine as a biomarker and potential contributor to pros-
tate cancer progression (48) (Figure 4). This study be-
gan by looking at metabolites in 262 clinical samples
from patients with prostate cancer. The overall metabo-
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lite profile provided a fingerprint that could distinguish
between benign prostate, cancerous tissue, and pros-
tate cancer that had already metastasized. More specif-
ically, metabolomic analysis identified six metabolites,
such as sarcosine, uracil, and proline, that increased in
the progression from benign tissue to a metastatic tu-
mor. Sarcosine was selected for further study because

www.acschemicalbiology.org



its structure, N-methylglycine, integrated information
from amino acid metabolism and single carbon metabo-
lism (methylation), which were thought to be important
in cancer cell metabolism. Detailed quantitation con-
firmed the original measurements and showed a dra-
matic increase in sarcosine levels when comparing be-
nign to cancerous and metastatic tissues. Moreover,
sarcosine levels from urine performed better than pros-
tate specific antigen (PSA) in predicting cancer in the ex-
amples used in this paper.

Changes in sarcosine metabolism were also appar-
ent in cancer cell lines, as elevated levels of sarcosine
were measured in invasive prostate cancer lines com-
pared to noninvasive counterparts. These findings led to
the hypothesis that sarcosine levels might contribute
to cellular invasiveness. Indeed, addition of sarcosine
to noninvasive benign prostate epithelial cells led to a
dose-dependent increase in the invasiveness of the
cells. Similarly, alterations in the biosynthesis or catabo-
lism of sarcosine also caused differences in invasive-
ness, with higher sarcosine levels leading to increased
invasiveness. Lastly, analysis of gene transcription
changes upon treatment with an androgen, a known fac-
tor in prostate cancer progression, revealed changes in
the expression of enzymes in the sarcosine pathway
that could predict increased invasiveness. This
androgen-dependent regulation of the sarcosine-
regulating enzymes suggests that the sarcosine path-
way might be part of the natural progression of prostate
cancer in vivo and could potentially be a target for the
development of novel therapeutics. In total, these repre-
sentative examples highlight the utility of metabolom-
ics in understanding cellular energetics and metabolic
signaling in the regulation of cancer.

Infectious Disease. Metabolomics has also made an
impact in infectious disease. For example, metabolom-
ics has been used to study global metabolic responses
of mice to parasites (Trypanosoma brucei brucei) (49)
and viruses, such as simian immunodeficiency virus
(SIV) (50), cytolomegalovirus (CMV) (51), and hepatitis
B virus (HBV) (52). In one example, changes in meta-
bolic flux between uninfected cells and cells infected
with human cytolomegalovirus (HCMV) was used by
Munger and colleagues to assess pathways that are up-
regulated by the viral infection (51) (Figure 5). Rather
than measuring the steady state levels of metabolites,
a metabolic labeling strategy was used to measure flux
through metabolic pathways using a targeted LC-
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MS/MS metabolomics platform (53). This approach pro-
vides more information than steady state measure-
ments because it can reveal whether the changes in
the level of a given metabolite are a function of differ-
ences in the biosynthesis or the catabolism of a metabo-
lite. Since these experiments were carried out in cell cul-
ture, the authors were able to utilize a number of
different sources of labeled carbon, including *3C-
labeled glucose and **>C-labeled glutamine. There were
numerous changes in flux during HCMV infection, in-
cluding large increases into the citric acid (TCA) cycle.
One interesting finding was a large increase in flux be-
tween citrate and malonyl-CoA, which is used in fatty
acid synthesis, suggesting that free fatty acid biosynthe-
sis is upregulated during HCMV infection. Experiments
using radiolabeled glucose confirmed the upregulation
of fatty acid biosynthesis upon HCMV infection, which
represented a novel biological finding and warranted
further study into the role of this pathway in HCMV infec-
tion and replication.

Since HCMV is an enveloped virus the authors sus-
pected that changes in fatty acid metabolism might be
directly involved in viral replication. To test this hypoth-
esis chemical inhibition of the de novo fatty acid synthe-
sis pathway was used to assess the role of fatty acid bio-
synthesis in viral replication. Two enzymes in the fatty
acid biosynthetic pathway acetyl-CoA carboxylase (ACC)
and fatty acid synthase (FAS) were targeted using known
inhibitors 5-tetradecyloxy-2-furoic acid (TOFA) and trans-
4-carboxy-5-octyl-3-methylene-butyrolactone (C75), re-
spectively. Importantly, the addition of either of these in-
hibitors resulted in a dose-dependent decrease in the
viral titers of HCMV-infected cells, indicating that fatty
acid biosynthesis is critical for the efficient replication of
HCMV. More generally, the importance of de novo fatty
acid synthesis in enveloped virus production was ex-
tended to another virus, influenza A. Influenza A produc-
tion was also limited by the addition of TOFA or C75,
suggesting that the need for de novo fatty acid synthe-
sis is conserved among these two enveloped viruses;
this finding points to the possible use of inhibitors of
fatty acid synthesis as treatments for enveloped virus-
mediated infections in general. This work highlights the
ability of metabolomics approaches to identify new
pathways linked to the regulation of an infectious dis-
ease (e.g., viral replication), leading to the discovery of
new targets for therapeutic intervention.
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Figure 5. Metabolomics in infectious disease and regenerative medicine. A) Metabolic flux analysis of cells infected with human cytolomegalovirus
(HCMV) by Munger and co-workers revealed that virus-infected cells produce more fatty acids. Subsequent experiments targeted fatty acid synthase
and demonstrated that de novo fatty acid synthesis is necessary for efficient HCMV replication. B) Wang and colleagues reasoned that the smaller
size and rapid growth of mouse ES cells, in comparison to differentiated cells, was likely due to a large difference in cellular metabolism. Metabolo-
mic analysis of mouse ES cells revealed the importance of threonine metabolism in these cells through dramatic upregulation of the enzyme threo-
nine dehydrogenase. While they are able to grow in the absence of all other amino acids, mouse ES cells are uniquely dependent on threonine me-

tabolism and do not grow in the absence of threonine.

Regenerative Medicine. Stem cells have the ability
to undergo self-renewal and the capacity to differenti-
ate into a variety of cell types. As interest in stem cells
has grown, a number of studies have looked at a vari-
ety of factors involved in stem cell biology, including
genes and proteins that regulate the production, replica-
tion, and differentiation of stem cells. However, it was
not until very recently that the metabolism of stem cells
was examined by Wang and co-workers, who focused
their studies on mouse embryonic stem (ES) cells (54)
(Figure 5). Inspired by the small size and rapid cell divi-
sion associated with mouse ES cells, the authors rea-
soned that the metabolism of stem cells was likely al-
tered in comparison to differentiated cells. This idea was
tested by analyzing mouse ES cells using a targeted LC-
MS-based metabolomics platform to identify metabo-
lites specifically associated with the stem cell state. In
these experiments, mouse ES cells cultured under stan-
dard conditions were compared to mouse ES cells cul-
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tured under conditions lacking leukemia inhibiting fac-
tor (LIF), which leads to changes in growth rate and cell
morphology of the stem cells, before ultimately inducing
the cells to differentiate. One of the observations in
these experiments was an elevation in a number of me-
tabolites involved in purine biosynthesis in the ES cells
grown under standard conditions, which was not sur-
prising due to the rapid growth rate of the mouse ES
cells that would require additional DNA production.
Since purine metabolism requires sources of one-
carbon metabolism these results also suggested that
ES cells require a large flux through one-carbon
metabolism.

Subsequent gene expression analysis for proteins
known to be involved in one-carbon metabolism re-
vealed that the enzyme threonine dehydrogenase (TDH)
was elevated 1000-fold in mouse ES cells compared to
seven adult tissues. TDH oxidizes threonine to afford
L-2-Amino-3-oxobutanoic acid and this metabolite is
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then further catabolized to afford one molecule of acetyl-
CoA and one molecule of glycine (Figure 5). The impor-
tance of the TDH pathway in ES cell growth was also sup-
ported by experiments where ES cells were grown in
the absence of a single amino acid, termed “drop-out”
experiments by the authors. Remarkably, ES cells were
able to grow in the absence of all amino acids except
threonine. This effect was specific to ES cells as other
cell lines, such as Hela cells, were not sensitive to threo-
nine “drop-out”. Moreover, addition of excess glycine
to the media was not able to rescue the diminished
growth, nor was growth rescued by the presence of a
threonine derivative that was metabolized by TDH to
provide glycine but not acetyl-CoA, indicating that both
glycine and acetyl-CoA produced by TDH are necessary
for ES cell growth. Lastly, these results extended to
mouse embryos, which were also shown to be reliant
on threonine for growth.

Interestingly, while mouse ES cell and embryos re-
quire threonine to grow, humans possess an inactive
variant of the TDH enzyme. In contrast to the mouse ES
cells, human ES cells grow at a much slower rate (35 h
vs 5 h doubling time), leading the authors to speculate
that the introduction of an active form of TDH into these
human ES cells might accelerate human ES cell growth
and improve their ease of use. Thus, the discovery of the
central role that TDH plays in mouse ES cell metabo-
lism has answered important questions about the me-
tabolism of mouse ES cells, but has also raised many
important lines of inquiry regarding the inner workings
of human ES cells. Again, these important biological in-
sights were predicated on observations and hypotheses
derived from metabolomics experiments.

Future Directions. These examples demonstrate the
value of metabolomics as a global profiling tool in the
discovery of metabolites and metabolic pathways cen-
tral to biological regulation, including the regulation of
disease. As mentioned, technological advances have
brought metabolomics to the point where these tech-
niques can find general application in the biological and
biomedical sciences. Looking ahead, critical hurdles
must be overcome to drive the next phase of metabolo-
mics development and applications. In particular, im-
provements in automated metabolite identification from
LC-MS data sets will expand the number of potential us-
ers of metabolomics approaches. Once these auto-
mated approaches are improved it will also become
easier to integrate metabolomics data into systems biol-
ogy workflows, facilitating new experiments that inte-
grate metabolomics with other global profiling experi-
ments. Moreover, a systems-level treatment of
metabolomics data sets with pathway analysis soft-
ware will begin to reveal the interplay between genes,
proteins, and metabolites in cellular regulation and
signaling.

Lastly, it is evident that metabolomics methods re-
side squarely at the interface of chemistry and biology.
The discovery of new metabolites will require the chemi-
cal synthesis of these compounds for structural confir-
mation and continued biological study. The develop-
ment and application of metabolomics methods may
still be in its adolescence; however, the examples above
demonstrate that the integration of metabolomics ap-
proaches into basic and biomedical research is already
improving our understanding of biological regulation
and signaling at the cellular and organismal level, with
important applications in the study of disease.
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