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Background: Metabolomics is a well-established rapidly developing research field involving quantitative and
qualitative metabolite assessment within biological systems. Recent improvements in metabolomics technolo-
gies reveal the unequivocal value of metabolomics tools in natural products discovery, gene-function analysis,
systems biology and diagnostic platforms.
Scope of review:We review here some of the prominent metabolomics methodologies employed in data acquisi-
tion and analysis of natural products and disease-related biomarkers.
Major conclusions: This review demonstrates that metabolomics represents a highly adaptable technology with
diverse applications ranging from environmental toxicology to disease diagnosis. Metabolomic analysis is
shown to provide a unique snapshot of the functional genetic status of an organism by examining its biochemical
profile, with relevance toward resolving phylogenetic associations involving horizontal gene transfer and
distinguishing subgroups of genera possessing high genetic homology, as well as an increasing role in both elu-
cidating biosynthetic transformations of natural products and detecting preclinical biomarkers of numerous dis-

ease states.
General significance: This review expands the interest in multiplatform combinatorial metabolomic analysis. The
applications reviewed range from phylogenetic assignment, biosynthetic transformations of natural products,
and the detection of preclinical biomarkers.
© 2014 Elsevier B.V. All rights reserved.
1. Introduction

Metabolomics, also referred to as metabolite profiling, is the as-
sessment of metabolites within a biological system and has a well-
established history [1–3]. Metabolomics platforms frequently com-
bine NMR with MS [4] and when a set of defined metabolites is
being analyzed a technique known as “targeted” metabolomics is
performed. Typically, targeted metabolomics is utilized to detect
the relative concentrations of no more than 200 predetermined
analytes in a sample. Without a priori knowledge of metabolite tar-
gets, a much more comprehensive “untargeted” metabolomics ap-
proach is required. In untargeted metabolomics, biological samples
are most often processed through an initial liquid chromatography
(LC) or gas chromatography (GC) phase and subsequently subjected
toMS analysis. Using this technique, thousands of metabolites can be
detected in a single eluate, and it is this global approach that is
1 662 915 6975
n).
leading the way to major revelations in our understanding of cell bi-
ology, physiology and medicine [5].

Novel MS and NMR imaging technologies and computational tools,
have provided the means to obtain rapid accurate global assessment
of metabolite conditions within an organism [6]. These advances have
allowed us to utilize metabolomics technology to discern phylogenetic
associations between a few individuals or entire populations, with
greater precision than genetic analysis alone, andmade possible the dis-
covery of numerous disease biomarkers that have improved prognosis
by early detection of cancer, diabetes and cardiovascular disease [7].
Metabolomics methods have provided snapshots of cellular activity
used to investigate the epigenetic effects of environmental variations
[8] and plant metabolite analysis has been employed to elucidate the
ecological effects of climate change [9].

While metabolite analysis has been conducted for decades, recent
improvements in metabolomics technologies reveal the unequivocal
value of metabolomics tools in gene-function analysis, systems biology
and diagnostic platforms [10]. Newbiological challenges are continually
presenting a greater need for rapid responses from the scientific com-
munity. With cases of new drug resistant microbial infections being re-
ported on an increasingly regular basis, there is a constant demand for
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Table 1
Adapted and reprinted with permission from lecture information provided by James K.
Hardy Ph.D., at the University of Akron, OH 44325.

Detector Type Compound applications Sensitivity Dynamic range

FID D Hydrocarbons 5 pg/s 107

TCD ND Universal 400 pg/mL 106

ECD ND Halogenated 0.1 pg/s 104

NPD D Nitrogen
Phosphorus

0.4 pg N/s
0.2 pg P/s

104

FPD D Sulphur
Phosphorus

20 pg S/s
0.9 pg P/s

S 103

P 104

PID ND Ionizable by UV 2 pg/s 107

Flame Ionization Detector (FID), Thermal Conductivity Detector (TCD), Electron Capture
Detector (ECD), Nitrogen Phosphorous Detector (NPD), Flame Photometric Detector
(FPD), Photo Ionization Detector (FID), Hall Electro Conductivity Detector (HECD), Fourier
Transform IR (FTIR), Destructive (D), and Non Destructive (ND).
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expeditious production of novel safe and effectivemedicines. A substan-
tial concerted effort is paramount if we are to obtain the knowledge re-
quired to provide the best treatments and prognosis. With advanced
NMRandMS tools and state-of-the-art data analysis, rapid accurateme-
tabolite profiles will continue to enhance metabolomics data reposito-
ries and lead to new drug therapies, more effective diagnostics and
improved disease prognosis.

2. Background

The seeds of metabolomic science were officially planted when
Devaux and Horning published research on “metabolite profiles” they
derived from gas chromatography/mass spectrometry (GC/MS) analy-
ses of human urine and tissue extracts [11]. An almost immediate inter-
est in utilizing metabolite profiles to diagnose disease followed [12].
During the 1970s metabolomics studies were expanded across a broad
range of activities including: novel techniques for detection and elucida-
tion of insect hormones [13], natural products exhibiting streptomycin-
like functionality extracted frommarine algae [14] and chemotherapeu-
tic agents derived from plant extracts e.g., Hyptis tomentosa [15]. In the
early 1980s work on automating metabolite analysis began to appear
[16] and in the mid-1980s metabolite profiling research using NMR
and HPLC platforms were published [17–19]. In 1991, a global metabo-
lite analysis approach was used to assess the mode of action (MOA) of
herbicides in barley using GC/MS [20]. By the turn of the century, re-
search and cooperationwithin the scientific community led to advances
in metabolomics technologies and extraction methods promoting de-
velopment ofmetabolite databases likeMETLIN [21], which are bringing
us closer to a global assessment of the human metabolome [22].

3. Instrumentation and tools

Metabolomics platforms primarily fall into five general categories;
(GC × MS), (LC × MS), (MS), (NMR) and (Integrated Applications).
Analytical tools have been developed providing fast, comprehensive
data that is annotatable, quantitative and reproducible. A general
overview of some of the more prominent metabolomics methodolo-
gies relating to sample preparation, data acquisition and analysis is
presented.

3.1. GC–MS approaches

The earliest research on “metabolite profiling”was published in the
early 1970s by Horning and Devaux, describing their multi-component
analysis of steroids and urinary drug metabolites using GC/MS tech-
niques [11]. GC/MS technology continued to be developed from exten-
sive research studies in the 1980s [23]. With GC/MS platforms, several
hundred metabolites can be identified within a sample and some of
the major advantages of GC/MS are reliable standard operating proce-
dures (SOPs) for experimental design and sample and data analysis,
which have been developed over its significant history in metabolite
profiling [10].

GC/MS is highly selective; relatively inexpensive and provides re-
producible analysis with an added advantage of comprehensive struc-
tural databases [24] for GC/MS metabolite identification. A wide
variety of GC instruments are available in a multitude of creative
combinations, each providing specific analytical qualities. While
standard GC/MS platforms have been used successfully to elucidate
novel metabolites [25], utilizing two-dimensional chromatography
techniques further enhance metabolite quantification [26] and give
metabolomics platforms even greater analytic capability [27]. Meta-
bolomics studies require accurate, global metabolite assessment
with the highest throughput possible. This need to achieve rapid
comprehensive analysis, has inspired the development of novel mul-
tidimensional metabolomics platforms.
GC platforms are designed according to the types of compounds
being studied as well as the sensitivity required for analysis. Typical
specifications for the most common types of GC detectors are provided
in Table 1 below.

The most advanced GC metabolomics platforms include GC− Ion
Trap/MS, GC–Time of Flight/MS (GC–TOF/MS), GC/tandem mass spec-
trometry (GC/MS/MS), and multidimensional GC/GC/MS. In a study of
the effects of celastrol treatment in human cervical cancer cells, Hu
et al. [28] combined a GC–Ion Trap/MS based metabolomics platform
with multivariate statistical analysis and devised a rapid, effective
methodology to simultaneously screen multiple metabolic pathways
for characteristic anti-cancer drug perturbations.

3.2. LC-MS approaches

Liquid chromatography-mass spectrometry (LC-MS) is the most
widely used technology in metabolomic analysis, due to its ability
to separate and detect a diverse range of molecules with unparal-
leled sensitivity [23]. LC-MS platforms are also highly versatile, by
coupling various liquid chromatography and mass spectrometry
technologies, a myriad of component configurations with unique ca-
pabilities are possible [29–31].

Commonly employed liquid chromatographic methods used in
metabolomic analysis include: normal-phase, reverse-phase, and
hydrophilic interaction liquid chromatography. Normal-phase liquid
chromatography (NPLC) readily separates highly non-polarmetabolites
(e.g. fatty acids, sterols, triacylglycerols, etc.), reverse-phase liquid chro-
matography (RPLC) is better suited for the separation of metabolites of
medium to lowpolarity (e.g. alkaloids,flavonoids, glycosylated steroids,
phenolic acids, etc.), and hydrophilic interaction liquid chromatography
(HILIC) can separate a broad range of metabolites depending upon the
bonded-phase of chromatographic media used (e.g. amino bonded, cat-
ionic boned, zwitterionic bonded, etc.) [23,30,31]. Chromatographic
versatility extends beyond the plethoric selection of column separation
media available, when utilizing ultra-high performance, capillary or
multidimensional liquid chromatography. Ultra-high performance liq-
uid chromatography (UPLC) employs a short column with small diam-
eter particle size (b2 μm)packingmaterial and can operate at pressures
of 5000 psi, for short elution times, but at the expense of separation re-
solving power [23,31]. Capillary liquid chromatography incorporates
much longer capillary columns, which significantly increase the resolu-
tion of chromatographic separation but necessitate increased analysis
time [23]. Multidimensional liquid chromatography (MDLC) combines
two or more of the preceding chromatographic modes to enhance me-
tabolite separation [30,31].

In an LC-MS metabolomics platform, the series of metabolites pro-
duced by chromatography are subsequently exposed to an ion source
which dissociates them into ionic derivatives required formass analysis.
Common ionization sources include atmospheric pressure chemical
ionization (APCI), atmospheric pressure photoionization (APPI), fast



Fig. 1. Relative ionization capabilities of APCI, APPI, and ESI sources. Figure obtained/mod-
ified from reference [31]. Reprinted with permission from B. Zhou, J.F. Xiao, L. Tuli, H.W.
Ressom, LC-MS-based metabolomics, Mol. Biosyst. 8 (2012) 470–481. Copyright 2012
Royal Society of Chemistry.
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atom bombardment (FAB) and electrospray ionization (ESI). For
metabolomics-based studies, ESI is by far the most common ionization
source due to its ability to ionize both polar and semi-polar compounds
of within a wide molecular weight range (Fig. 1) [31].

Mass spectrometers are broadly categorized as Fourier transform ion
cyclotron resonance (FTICR), orbitrap, quadrupole and time of flight
(TOF). FTICR mass spectrometers determine the mass-to-charge ratio
(m/z) of ions, with a mass accuracy in the parts per billion range,
based on the cyclotron frequency they exhibit while in a fixedmagnetic
field [32]. Orbitrap mass spectrometers possess a thin inner electrode
and a cylindrical outer electrode [33]. A static voltage is applied to the
inner electrode and ion (m/z) is assessed by measuring the frequency
of harmonic oscillations observed when electrostatic attraction to the
inner electrode is balanced by centrifugal forces [33]. Orbitraps are
Fig. 2. System level metabolite analysis by capillary-RPLC-IT-TOF-MS/MS of S. oneidensis, N5000
[29]. Reprintedwith permission fromY. Shen, R. Zhang, R.J. Moore, J. Kim, T.O.Metz, K.K. Hixson,
chromatographic peak capacities of 1000–1500 and capabilities in proteomics and metabolom
relatively inexpensive analyzers and offer mass accuracy in the low
parts per million range [33]. Quadrupole analyzers are linear ion traps
which utilize both quadrupole rods to radially confine ions and on-
end electrodes to confine ions axially [34]. Quadrupoles tend to be the
least expensive ion traps and are often employed in tandem with
other analyzers [35]. TOF spectrometers determine (m/z) by measuring
the specific time ions accelerated through electric fields of preset
strength require to reach a detector and are far less destructive to sam-
ples than other spectrometric methods [36].

Hybrid/tandemmass spectrometers are constructed by using two or
more of the previous mass analyzers in the same LC-MS system. For
metabolomics studies, TOF and quadrupole mass analyzers are most
commonly used, due to their ability to provide the accurate high mass
resolution of MS/MS analysis [31,37].

These alternatives in LC-MS component configuration introduce a
clear source of variation in the metabolomics data obtained. This is
then further compounded by analytical conditions such as an elution
gradient or isocratic solvent system, ionization mode used (positive or
negative) and mass scan range (e.g. 50–1500 m/z vs. 100–1000 m/z)
[31]. However, it is the flexible nature of LC-MS technology that is also
its greatest advantage. The extreme diversity of metabolite chemo-
physical properties or concentration, within a sample, precludes global
assessment by any single analytical technology [38]. The ability to cus-
tomize parameters to separate, detect, or even target awide range of di-
verse molecules at low concentrations (e.g. pg mL−1), makes LC-MS an
ideal tool for metabolomic analysis [29,39].

An excellent example of system level metabolomic analysis is in the
study of Shewanella oneidensis by Shen et al. [29], in which over 5000
metabolites were detected from a single experiment utilizing a
capillary-RPLC-IT-TOF-MS/MS platform (Fig. 2). The potential for high-
data output by LC-MS analytical methods makes it ideal for system
level evaluation fromwhich the datamay then be analyzed bymultivar-
iate methods (e.g. principal component analysis (PCA)) or by high-
order network based analysis [40].
metabolites detected, 100–1500m/z scan range. Figure obtained/modified from reference
R. Zhao, E.A. Livesay, H.R. Udseth, R.D. Smith, Automated 20 kpsi RPLC-MS andMS/MSwith
ics, Anal. Chem. 77 (2005) 3090–3100. Copyright 2005 American Chemical Society.

image of Fig.�2
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3.3. MSI based approaches

MS utilized in metabolomics studies is commonly based on
assessing metabolite mass combined with one of several sample in-
troduction techniques. One distinct advantage of utilizing MS analy-
sis is the ability to obtain a mass accuracy of less than 1 ppm. In the
full-scan mode, the mass spectrometer performs comprehensive
analysis of all ions in a sample, within a predetermined range
(e.g., 100–1000 Da). These data can include millions of data points,
requiring processing into individual components. Most metabolomics
MS platforms analyze samples initially processed by liquid chromatog-
raphy (LC-MS) or gas chromatography (GC–MS) techniques. These in-
terfaces are complimentary and overlapping analyte data provide
corroboration when these techniques are combined.

3.4. NMR-based approaches

Recent studies have shown impressive advances in biochemical
analysis with NMR. Most nuclei in a biological sample possess a nuclear
spin, which allows for convenient, rapid analysis with NMR spectrosco-
py, and a multitude of multidimensional experiments have been de-
signed. Given the abundant and ubiquitous presence of 1H in most
metabolites, one-dimensional (1D) 1HNMRspectroscopy is the primary
source of NMR-based metabolomics data. Unfortunately, metabolite
analysis by NMR platforms alone does not match the sensitivity of MS
based platforms, but the highly reproducible, quantitative results of
NMR, ensure it will remain extremely valuable in biochemical studies,
especially when combined with MS based techniques.

3.4.1. NMR-based diagnostic metabolomics
The informative analytical techniques of NMR and MS combined

with systemic statistical analyses are a promising approach for amyriad
of metabolomics-based studies. The application of NMR-based metabo-
lomics is extremely diverse, ranging from elucidating environmental
toxicology to identifying human diseases, since NMR-based research is
more reproducible, nondestructive and embraces a wider dynamic
range.

For example, rabies is a deadly viral infection of the central nervous
system (CNS) and currently there are no antiviral drugs clinically
available for treatment. O'Sullivan et al. [41] elucidated the mecha-
nisms of rabies pathogenesis employing NMR-based metabolomics.
They examined cerebrospinal fluid (CSF) collected from rabies in-
fected patients over the course of their disease (survivors and non-
survivors) and discovered three distinct stages of rabies progression.
Fig. 3. (A) OSC-PLS-DA score plot, and (B)Monte Carlo Cross Validation (MCCV) prediction resul
samples from 42 control dogs and 40 dogs with TCC. Figure obtained from reference [44]. Repri
LC-MS metabolomic data, Bioanalysis 4 (2012) 541–554. Copyright 2012 Future Science Group
Several metabolites associated with energy metabolism and cell vol-
ume control, which distinguished rabies survivors from non-
survivors, were elucidated via the quantification from NMR spectra
of the CSF samples. This metabolomics approachmay cast light on fu-
ture therapy for this incurable disease.

Another case study employing NMR techniques examines CSF in
order to diagnose leptomeningeal carcinomatosis (LMC). This metasta-
sis is one of themost common complications of the central nervous sys-
tem but no satisfactory diagnostic tool has been established. In the
aforementioned study, Cho et al. [42] utilized a high-resolution magic
angle-spinning (HR-MAS) probe which is optimal for obtaining a
high-quality NMR spectrum with a limited CSF sample volume
(~40 μL). Their procedure for establishing a metabolomic profile was
to gather representative NMR spectra for normal, three-day LMC and
seven-day LMC rat models, to identify severalmetabolites (LMCmarker
metabolites) reported to be present in CSF including lactate, glucose,
total creatine and acetate, and to analyze the spectra utilizing the
Wilcoxon rank sum tests. Analysis of the LMC marker metabolites
using the normalized average spectra of the relevant peaks (See Fig. 7
in the reference 42), especially in conjunction with glucose and t-crea-
tine levels, could readily diagnose LMC samples. This NMR-based meta-
bolomics approach for LMC diagnosis could be meaningful because it
only requires 40 μL of CSF which is offered from routine CSF sampling.
Indeed, CSF samples could be further utilized to provide clinicians and
patients with more accurate and fast diagnosis for LMC than current
methods such as magnetic resonance imaging (MRI) which possesses
low resolution for the application.

Bladder cancer diagnosis is another example where NMR-based
metabolomic analysis can provide an exceptionally sensitive and specific
non-invasive monitoring approach [43]. Metabolomics enables analysis
of a significant number of small molecules in one step, which presents
vast potential for exploring marker compounds to monitor a treatment
response and recurrence in patients suffering from bladder cancer [44].
Zhang et al. [44] profiled themetabolites in urine of dogswith transition-
al cell carcinoma (TCC) which was verified to be similar with human in-
vasive bladder cancer [45] and control dogs utilizing NMR and statistical
analysis methods. For the NMR approach, dog urine was stabilized with
phosphate buffer to produce adequate 1H NMR spectra and twenty-one
metabolites were subsequently de-replicated by comparison of the
acquired and reported NMR spectroscopic data. Consecutively, all the
NMR spectra were analyzed by orthogonal signal correction pretreated
partial least squares-discriminant analysis (OSC-PLS-DA) to discover
the significant difference between the urine of dogs with TCC from
healthy controls. The predictions for the true class assigned models and
ts of the PLS-DAmodel plotted as sensitivity vs 1-specificity utilizing the 1HNMR spectra of
nted with permission from S. Hnatyshyn, P. Shipkova, Automated and unbiased analysis of
.

image of Fig.�3
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permutedmodels were visualized utilizing a Receiver Operating Charac-
teristic (ROC) space (Fig. 3B) to further validate the analysis (i.e., OSC-
PLS-DA analysis). The permuted model resulted in a clustered pattern
at the center of the ROC, which indicates no discrimination. The true
class assignedmodels displayed high sensitivity and specificity, verifying
the classification capacity of the employed statistical model.

A review of the patent literature reveals an increasing number of
metabolomics-based applications, with the majority being focused
toward clinical disease detection. Inmost clinical cases, the earlier thedis-
ease is diagnosed the greater the patient's prognosis improves. This is es-
pecially true of cancers arising from four major sites: lung, colorectum,
breast, and prostate [46].

Targeting lung cancer Imaizumi et al. [47] patented a screening
method where by a patient's blood sample would be screened for the
whole amino acid profile and analyzed by multivariate analysis to dis-
criminate between lung cancer and specific stages. Approximately half
of all lung cancers are detected at such a late stage they are inoperable,
but if detected at clinical stage IA the mean patient survival rate nears
90%. Their process is non-invasive and allows for the potential detection
of lung cancer before any of the usual clinical markers are apparent [47].

Fedorak and Wang [48] patented a diagnostic screen for colorec-
tal cancer and colorectal polyps by metabolomic analysis of 69 me-
tabolites in a patient's urine sample. Their screen is non-invasive
and can potentially detect colorectal cancer at a much earlier stage
than current methods such as fecal occult blood tests or colonoscopy
[48]. Their improved screening method has the potential to help cur-
tail morbidity rates from colorectal cancer, a leading cause of cancer
morbidity [49]. Raftery et al. [50] patented a method for the early de-
tection of biomarkers indicative of breast cancer from a patient's
serum sample. An integrated analytical approach employing two-di-
mensional gas chromatography -mass spectrometry and nuclear
magnetic resonance was used to obtain a metabolic profile of the
patent's serum which was then analyzed by multivariate statistical
methods targeting a mixture of 40 metabolites [50].

Targeting prostate cancerWeinberger et al. [51] filed a patent detail-
ing a metabolomics screening procedure in which patient blood serum
was subjected to combinatorial instrument screening (e.g. HPLC-MS
and NMR) to assess 221 specific metabolites as biomarkers for the diag-
nosis of prostate cancer [51]. The most important similarity that these
methods have for the detection of the four major cancer sites are that
they are non-invasive and can potentially detect at a much earlier
stage in the cancer's progression than currently used methods.

Other metabolomics-based patents targeting disease diagnosis of
non-cancerous origin include the screen developed by Lundin and
Weinberger [52] to assess kidney disease by screening blood and
urine samples for a mixture of biomarkers consisting of two amino
acids, two acylcarnitines and two biogenic amines [52]. Their screen al-
lows for disease staging, as well as early stage detection. Additionally,
Cezar [53] patented a method for non-invasive analysis of multiple
biofluids (e.g. amniotic fluid, blood, plasma, urine, etc.) formetabolomic
signatures indicative of autism. PCA identified 6000 statistically signifi-
cant metabolic features between autistic and non-autistic controls of
which they further focused by use of LC-ESI-TOF-MS and HILIC (still
allowing for the use of alternative instrumentation formetabolite profil-
ing) on 98HILIC specificmetabolites and 47 C18 specificmetabolites for
screening [53]

3.4.2. NMR-based plant metabolomics
Plant metabolome-based drug discovery is challenging because of

the inclusion of a complex matrix consisting of many uncharacterized
secondary metabolites with a wide dynamic range of variations of
major compounds, minor compounds, polarity, boiling and melting
points, etc. To address this demand, NMR-based metabolomics
could be instrumental in comprehensive qualitative and quantitative
analyses of the vast metabolites originating from plants because repro-
ducibility is thought to be the most critical prerequisite for formulating
metabolomics-based drug discovery research. Furthermore, NMR-
based metabolomics could be more useful in deciphering complex
plant metabolisms when they are assessed in combination with multi-
variate data analysis. Pan et al. [54] demonstrated an application of
NMR-based metabolomics with the combination of multivariate data
analysis for the quantitative analyses of monoterpenoid indole alkaloid
(MIA) from Catharanthus roseus, which has been shown to produce vin-
blastine through the MIA pathways. The authors designed two types of
a transgenic plant overexpressing ORCA3 (Octadecanoid-derivative
Responsive Catharanthus AP2-domain), a key regulator of several
crucial genes in MIA biosynthesis including DXS, AS, TDC, STR and
D4H, and co-overexpressing ORCA3 and G10H (geraniol 10-
hydroxylase), which catalyzes the first step of the MIA biosynthesis
pathway. Metabolites from each overexpressing plant tissue were
measured and analyzed utilizing NMR and a multivariate analysis
method, PLS-DA (Fig. 4B). While the 1H NMR spectra of the co-
overexpressing transgenic plant and the control possessed a high de-
gree of homology (Fig. 4A), in-depth analysis of the spectra datasets
employing squares-discriminant analysis (PLS-DA) revealed a distinct
metabolomic separation between the co-overexpressing transgenic
plant and control (Fig. 4B). Additional PLS-DA loading plot analysis
found that signals of alanine, glutamic acid, arginine, glucose, sucrose,
2,3-butanediol, quercetin-3-O-glucoside, strictosidine, vindoline and
catharanthine were up-regulated in the ORCA3- and G10 co-
overexpressing transgenic plant, while the controls displayed enhanced
levels of threonine, secologanin, 2,3-DHBA, chlorogenic acid, 4-O-
caffeoyl quinic acid, malic acid and fumaric acid. These metabolic dis-
criminations suggest that ORCA3 and G10H co-overexpression en-
hancement of MIA biosynthesis could affect other metabolic pathways
in C. roseus metabolism.

3.5. Integrated approaches

The famous quote by Aristotle “The whole is greater than the sum of
its parts” is uniquely exemplifiedwhen analytical technologies are com-
bined in metabolomics studies. For example, a metabolomics study uti-
lizing GC–MS, LC-MS, data alignment software (MetMAX Beta 1.0) and
multivariate statistical analysis software (COVAIN 1.0) determined the
chemical composition of a premenstrual syndrome (PMS) medication
to be inconsistent between different pharmaceutical vendors. This inte-
grated metabolomics platform generated a high resolution summary of
the chemical composition of each medicine and provided data indicat-
ing medicinal values would vary between vendors [55].

3.6. Computational tools

The composite nature of the data resulting from metabolomics-
based analysis is sufficiently complex as to requiremethods of statistical
multivariate data analysis to interpret. PCA is the prevailing method for
reducing data dimensionality, though other data-mining techniques
such as clustering algorithms (hierarchical clustering, tree clustering,
K-means, etc.) are routinely used [56,57].With PCA, major sample com-
ponents are structured to represent the data variance in a two-/three-
dimensional coordinate scheme. This technique reveals grouping pat-
terns of samples and observational events that can visually discern out-
liers whichmay indicate those samples to be potential sources for novel
natural products and thus valuable targets for subsequent analysis [58].
The overall goal of PCA is to reduce the dimensionality of a dataset,
while retaining data quality. In datasets containing several groups of
variables, some variables often show redundant information. In mass
spectra, the variables are the intensities at specific masses. PCA reduces
the number of dependent variables in the set by replacing groups of
inter-correlated variables with a single new variable, reducing convo-
luted variables into manageable principal components. Excellent PCA
software tools are widely available, (e.g., ClinprotTool 2.0; Bruker
Daltonics) and can substantially improve the quality and efficiency of
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metabolomics platforms. In a study of Ontario ginseng (Panax
quinquefolius L.) [59], PCA analysis of 1H NMR spectra elucidated unique
biomarkers between closely-related landraces supporting possible im-
provement in quality assessment and species authentication.

4. Applications in phylogeny

Metabolomic analysis evaluates organisms at the system level with
the unique ability of providing a snapshot of the functional genetic sta-
tus of the organismby examining itsmetabolic profile. An important ap-
plication of this research is its use in further resolving phylogenetic
associations based solely upon classical genomic sequencing. A promi-
nent example would be in cases of horizontal gene transfer, commonly
seen as the transfer of peripheral genes [60–62]. A reported example of
horizontal gene transfer is the genetic cluster coding for the production
of sterigmatocystin, a highly toxic aflatoxin precursor, from Aspergillus
nidulans being identified in Podospora anserina [63].

Genomically, A. nidulans and P. anserina are highly divergent species
(Fig. 5), however Slot et al. [63] observed the existence of an intact 24
gene cluster encoding for the production of sterigmatocystin in
P. anserina that was analogous to the cluster found in A. nidulans. In ad-
dition, the extremely high degree of genetic conservation displayed by
the observed cluster in terms of both gene order and orientationwas es-
pecially interesting as they did not find similar clusters beyond the As-
pergillus lineage. By employing a phylogenetic analysis of 23 cluster
genes, they revealed six topological patterns (Fig. 6) supporting their
hypothesis that the ability of P. anserina to produce sterigmatocystin
was obtained by a horizontal gene transfer from A. nidulans. Ultimately,
Fig. 4.A: 1H NMR spectra of the co-overexpressing transgenic plant (in green) and control
(in red) lines. B: Score plot of PLS-DA of the co-overexpressing transgenic plant (Δ) and
control (■) lines. Figure obtained from reference [54]. Reprinted with permission from
Q. Pan, Q.Wang, F. Yuan, S. Xing, J. Zhao, Y.H. Choi, R. Verpoorte, Y. Tian, G.Wang, K.
Tang, Overexpression of ORCA3 and G10H in Catharanthus roseus plants regulated alka-
loid biosynthesis and metabolism revealed by NMR-metabolomics, PLoS One 7 (2012)
e43038. Copyright 2012 PLOS.
this represents an example of two otherwise metabolically dissimilar
species that would be phylogenetically clustered if assigned based
upon all or portions this horizontally transferred genomic region.

Metabolomics can also aid in discriminating phylogenetic associa-
tions in cases where genomic sequence diversity is either too low or
too similar for efficient resolution. A study by Dieckmann et al. [64] of
numerous bacteria isolated from marine sponges unequivocally re-
solved several species problematic to resolve genetically due to extreme
relatedness (e.g. 99.6% identity in 1400 bp 16S rDNA sequencing) [64,
65]. They found incorporating metabolomic analysis by use of intact
cell MALDI-TOF-MS to be effective in producing additional phenotypic
markers to quickly and reliably discriminate between species due
to their unique metabolite profile. For example, when they com-
pared the metabolomic fingerprints of Pseudoalteromonas species
and Alteromonas species there were no overlapping biomarkers
observed (Fig. 7). Furthermore,metabolomic analysis can readily differ-
entiate between Pseudoalteromonas species that are both difficult and
laborious to discriminate using classical genetic methods (Fig. 5).

In their study, Dieckmann et al. [64] mixed a portion of their bacte-
rial isolates with matrix solution and spotted directly onto a target
well of a sample plate. After allowing the sample/matrix mixture to air
dry it was analyzed byMALDI-TOF-MS. Their mass spectra data was ob-
tained using a linear delayed extraction mode and they averaged 100
sample sites along the width of the target well focusing on a mass
range of 2000–20,000 m/z.

The MS data was then analyzed by multivariate clustering. Proceed-
ing from baseline correction they ranked the detected metabolite sig-
nals relative to computed intensities: the most intense peak was set to
100%, 2000–4000 Da below 40%, 4000–10,000 Da below 10%, 10,000–
20,000 Da below 5%. A spectral grouping was defined as metabolic sig-
nals between 4000–20,000 Da being present as five or more of the
most intense signals. The resulting mass-relative intensity lists were
then used in a multivariate statistical package (Kovach Computing Ser-
vices) to construct the subsequent scatter plots and dendrograms
(Fig. 8) based upon the MALDI-TOF-MS data.

Perhaps most importantly, metabolomic analysis allows for the ex-
amination of emergent functional genomic responses of an organism
due to interactions with its environment which results in the develop-
ment of complex phenotypes [66,67]. Metabolomic analysis facilitates
the combined phenotypic comparison of species–environment interac-
tions with genetic approaches by providing direct links to changes in
metabolites and their originating biochemical pathways. This type of
analysis ultimately aids in elucidation of gene function and determining
effects of genetic alterations [68–70].
Fig. 5. Genomic phylogenies of evaluated fungal species. Figure obtained/modified from
reference [63]. Adapted with permission from J.C. Slot, A. Rokas, Horizontal transfer of a
large and highly toxic secondary metabolic gene cluster between fungi, Curr. Biol. 21
(2011) 134–139. Copyright 2011 Cell Press.
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Fig. 6. Cluster gene supported phylogenies. Figure obtained/modified from reference [63]. Adapted with permission from J.C. Slot, A. Rokas, Horizontal transfer of a large and highly toxic
secondary metabolic gene cluster between fungi, Curr. Biol. 21 (2011) 134–139. Copyright 2011 Cell Press.
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5. Applications in disease diagnosis

Disease, regardless of its specific origin (e.g. bacterial, viral, acute,
chronic, etc.), disrupts normalmetabolism and thus presents a potential
target for disease diagnosis. Broadly, there are two metabolomic profil-
ing strategies for this: (1) metabolic fingerprinting, the metabolites of
interest are not known a priori and diagnosis relies on pattern recogni-
tion techniques. (2) Metabolites of interest are defined a priori, verified
biomarkers, and are precisely quantified. These strategies make it
Fig. 7.MALDI-TOF-MS fingerprint analysis of Pseudoalteromonas sp. and Alteromonas sp. Figure
Kaesler, U. Szewzyk, H. Von Döhren, Rapid screening and dereplication of bacterial isolates from
Appl. Microbiol. Biotechnol. 67 (2005) 539-548. Copyright 2005 Springer Berlin Heidelberg.
possible to produce metabolic profiles to differentiate signatures from
diseased states from those of healthy controls [71,72].

As the metabolomic profile is the summation of transcriptional,
translational, environmental interactions and operates on a
measureable timescale of fractions of a second it is the most rapid and
sensitive measurement of a systems, phenotype [73]. This makes
metabolomic analysis an immensely useful tool in assessing the real-
time biochemical changes resulting from both disease progression, as
well as, therapeutic treatment. Additionally, this type of analysis can
obtained/modified from [64]. Reprinted with permission from R. Dieckmann, I. Graeber, I.
marine sponges of the Sula Ridge by Intact-Cell-MALDI-TOFmass spectrometry (ICM-MS),
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be applied towards the diagnosis if complex disease states which do not
exhibit a clear genotypic expression, an important example of which
would be Parkinson's disease [74]. Along these lines, preliminary
metabolomic profiling has been performed encompassing several dis-
eased states, such as diabetes, cardiovascular disease, Alzheimer's dis-
ease and Huntington's disease [72,75–79].

Metabolomic analysis has been applied to detect early stage bio-
marker candidates for diabetic kidney disease, which is incurable and
affects approximately 33% of type 1 diabetesmellitus patients. However,
if diabetic kidney disease is detected early enough (i.e. pre-clinically) its
progressionmay be halted. Currently diabetic kidney disease is clinically
detected by abnormally high urinary albumin excretion rates.

Using a combination of GC–MS and LC-MS analysis of urine samples,
van der Kloet et al. [80] identified a combination of 34 (from an initial
130) biomarker candidates from 52 patients. These metabolomic bio-
markers distinguished which patients would develop abnormally high
urinary albumin excretion rates from those that would not with 75% ac-
curacy (with a 5.5 year follow-up) [80]. A key observationwas that sub-
tle metabolic changes preceded clinical presentation of diabetic kidney
disease. Similar preclinical biomarkers, which may only be detectable
through holistic approaches such as metabolomic analysis, may yet be
discovered for numerous other disease states.

Cancer is a major disease class target for the development of rapid,
reliable, non-invasive, methods to detect and differentiate benign and
malignant tumors [71,72]. Metabolomic analysis using LC-MS and mul-
tivariate statistical analysis by PCA of patient serum samples allowed for
the clear separation of healthy control samples and those of confirmed
renal cell carcinoma, even differentiating between healthy/early/late
stage renal cell carcinoma [81]. Lin et al. [81] utilized both reversed
phase liquid chromatography (RPLC) and hydrophilic interaction liquid
chromatography (HILIC) coupled mass spectrometry for the separation
of a total of 2140 divergent metabolites from patient serum samples,
1384 from RPLC and 756 from HILIC. The detected metabolites were
assessed according to variable importance in the project (VIP) values,
which ultimately identified 58 biomarker candidates by RPLC and 36 by
HILIC potentially applicable towards the detection of renal cell carcinoma.
The data was subsequently analyzed by PCA and partial least squares-
discriminant analysis producing clear separation between the control pa-
tients and those with confirmed renal cell carcinoma (Fig. 9A–C).
Fig. 8. (a) Principal coordinate analysis scatterplot of metabolites from Pseudoalteromonas sp. de
Figure was obtained/modified from [64]. Reprinted with permission from R. Dieckmann, I. Gra
isolates from marine sponges of the Sula Ridge by Intact-Cell-MALDI-TOF mass spectrometry (
Heidelberg.
Furthermore, their targeted metabolomic analysis proved sensitive
enough to even discern the stage of cancer progression (Fig. 9D).

In a similar study targeting cancer, Sugimoto et al. [82] analyzed
saliva samples from 69 patients with oral cancer and 87 control pa-
tients using capillary electrophoresis time of flight-mass spectrome-
try (CE-TOF-MS) to detect biomarker candidates. They detected
3041 peaks per saliva sample, ultimately discriminating 28 metabo-
lites co-occurring in both test groups (Fig. 10). Expanding upon this
work they then included 30 breast cancer patients, 18 pancreatic
cancer patients, and 11 periodontal disease patients into their saliva
test groups. Their CE-TOF-MS analysis identified the following num-
ber of specific metabolites as potential biomarker candidates: 28 for
breast cancer, 48 for pancreatic cancer and 27 for periodontal disease
[82]. Subsequently, using a multiple logistic regression model to dis-
cern those detected peaks most applicable for discrimination be-
tween the test groups settled on 57 metabolites that showed a
significant difference (p N 0.05) between the control group and one
or more disease groups (Fig. 11) [82,83].

Ultimately, the capability ofmetabolomic profiling to assess the real-
time biochemical changes may provide earlier opportunities for inter-
vention in disease progression, ideally modifying or even arresting its
course, over the current system of assessing endpoint symptoms of dis-
ease states by their clinical manifestations [75,84].

6. Utility in natural products dereplication and drug discovery

The inherently complex nature of biological extracts resulting from
the search for novel natural products gives rise to two inevitable condi-
tions: 1) they will often contain numerous constituents and 2) many of
those will be known compounds. Thus, it is extremely valuable to
screen the metabolome as early as possible in the natural product dis-
covery process to identify those extracts that are likely to possess
novel metabolites from those that are not [64]. The capability of meta-
bolomics to analyze a broad range of metabolites, at the system level,
makes it a crucial tool in the de-replication process.

Due to the extreme complexity of natural product extracts, a single
analytical method capable of profiling all metabolites of all extracts at
once is precluded [85]. However, combinatorial chromatographic and
spectroscopic techniques, such as gas and liquid chromatography,
tected byMALDI-TOF-MS. (b) 16S rDNA based phylogenetic tree of Pseudoalteromonas sp.
eber, I. Kaesler, U. Szewzyk, H. Von Döhren, Rapid screening and dereplication of bacterial
ICM-MS), Appl. Microbiol. Biotechnol. 67 (2005) 539-548. Copyright 2005 Springer Berlin
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infrared (IR) spectroscopy, mass spectrometry (MS), nuclear magnetic
resonance (NMR) spectroscopy and ultraviolet absorption (UV) spec-
troscopy, are proven efficient methods at achieving the most compre-
hensive analysis of complex extracts [57,86,87]. Hyphenated mass
spectrometry techniques are routinely used to detect hundreds of me-
tabolites within a single extract. Particularly suited towards
metabolome-based natural products characterization is matrix-
assisted laser desorption/ionization-time of flight-mass spectrometry
(MALDI-TOF-MS). MALDI-TOF-MS is an imaging mass spectrometry
technique that allows for the analysis of complex biological mixtures
and, most excitingly, allows for the capability to obtain direct visualiza-
tion of the spatial distribution of the analyte(s) within the biological
matrix [88]. Moreover, this method of data acquisition allows for the
unique chemo-spatial examination of, for example, the interplay be-
tween microorganism, both inter- and intra-species, and symbiotic as-
sociations [89]. This allows for the unambiguous determination of the
actual physical source of isolated compounds of interest.

Of distinct value in the characterization of natural products is the use
of nuclear magnetic resonance (NMR) spectroscopy, either individually
or in a tandem setting. This is due to the capacity of NMR to provide de-
tailed structural information on the individual constituents of complex
biological mixtures to a greater extent than that of the preceding tech-
niques [90]. Furthermore, an ideal feature of NMR is the nondestructive
nature of its analysis; especially important when samples are derived
from organisms that are difficult to culture or obtain [91]. However, ac-
cess to sufficiently developed andmaintained spectral databases is cen-
tral to the effectiveness of these techniques [92,93]. This highlights the
importance of the development of open access databases where
metabolomic data can be maintained and properly annotated [85].

Hou et al. [94] employed LC-MS-PCA as ameans of quickly achieving
bacterial strain de-replication in their pursuit of novel natural products.
Evaluating Micromonospora spp. and Verrucosispora spp. isolated from
tropical ascidians they observed that cultivated microbes may appear
morphologically different and possess different 16S sequences while
Fig. 9. Score plot based on (A) RPLC data, (B) HILIC data, and (C) combined data sets (■ renal ce
combined RPLC/HILLIC-MS data. (▲control patients,● T1–T2 stages,■ T3–4 stages). Figure obta
X. Yan, J. Xing, W. Hang, LC-MS based serummetabonomic analysis for renal cell carcinoma diag
2011 American Chemical Society.
still producing the same secondary metabolites. Conversely, strains
may appear identical, with identical 16S sequence homology, and pro-
duce different secondary metabolites (Fig. 12). Ultimately, as their tar-
get was novel natural products (i.e. metabolic end-products) first-pass
de-replication by use of metabolomic analysis was far more practical
than indirect genetic analysis [94].

In addition to prioritizing sources of novel natural products,
metabolomic analysis can also serve to identify novelmechanisms of ac-
tion for drugs. Birkenstock et al. [95] investigated the antibacterial ac-
tivity of triphenylbismuth dichloride (TPBC) against a series of
multi-drug resistant bacterial pathogens, such as Staphylococcus au-
reus, by quantifying the extracellular metabolites of bacterial cul-
tures by 1H NMR. What they observed in cultures treated with
TPBC was an alteration in the exometabolome indicating a TPBC in-
duced metabolic dysfunction halted glucose oxidation at the pyru-
vate level, essentially preventing core metabolic activity. By
probing the known pyruvate-pathway of S. aureus it was possible
to identify bacterial pyruvate dehydrogenase complex as the site of
action for TPBC (Fig. 13) and propose the site as a potential drug tar-
get in antibiotic-resistant bacteria [95].

The high-data output of metabolomic screening also makes it ideal
for network based analysis. The holistic nature of metabolomics allows
for the construction of systems level biological networks to be con-
structed and queried [40]. From the point of view of natural products re-
search, metabolomics derived spectral networks can readily separate
compounds by structural relatedness into discrete clusters, and allow
the focus to be on nodes which representing the most chemically
unique structures (Fig. 14) [96].

When metabolomic analysis is employed as part of a multi-
component network with correlative data from proteomic and geno-
mic analysis, it offers the potential to most closely model complex
systems. When coupled with proteomic data, such network mapping
allows for the querying of potential drugs together with potential
protein targets. When coupled with genomic data, such network
ll carcinoma patients,▲ control patients). (D) Staging of patient renal cell carcinoma from
ined/modified from reference [81]. Reprintedwith permission from L. Lin, Z. Huang, Y. Gao,
nosis, staging, and biomarker discovery, J. Proteome Res. 10 (2011) 1396-1405. Copyright
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Fig. 11.Heat-map of 57 tentative biomarker candidate peaks from 215 patients (control= 85, disease= 128) saliva samples. Columns represent individual patient and rows specific me-
tabolite. Figure obtained/modified from reference [82]. Reprintedwith permission fromM. Sugimoto, D.Wong, A. Hirayama, T. Soga, M. Tomita, Capillary electrophoresis mass spectrom-
etry-based saliva metabolomics identified oral, breast and pancreatic cancer-specific profiles, Metabolomics 6 (2010) 78-95. Copyright 2010 Springer US.

Fig. 12. Isolate de-replication by metabolomic analysis. (A) LC-MS-PCA score plot of 47 strains. (B) Heat-map illustrating metabolic profiles of clusters from PCA, groups 1–7.
(C) Phylogenetic tree of strains, colors correspond tometabolomic profiles. Streptomyces sp. (WMMB-328) used as an outgroup. Figure obtained/modified from reference [94]. Reprinted
with permission from Y. Hou, D.R. Braun, C.R. Michel, J.L. Klassen, N. Adnani, T.P. Wyche, T.S. Bugni, Microbial strain prioritization using metabolomics tools for the discovery of natural
products, Anal. Chem. 84 (2012) 4277-4283. Copyright 2012 American Chemical Society.

3470 D.G. Cox et al. / Biochimica et Biophysica Acta 1840 (2014) 3460–3474

image of Fig.�11
image of Fig.�12


Fig. 13. Schematic representation of the pyruvate-metabolic pathways in S. aureus. Figure obtained/modified from reference [95]. Reprinted with permission from T. Birkenstock, M.
Liebeke, V. Winstel, B. Krismer, C. Gekeler, M.J. Niemiec, H. Bisswanger, M. Lalk, A. Peschel, Exometabolome analysis identifies pyruvate dehydrogenase as a target for the antibiotic
riphenylbismuthdichloride in multiresistant bacterial pathogens, J. Biol. Chem. 287 (2012) 2887-2895. Copyright 2012 American Society for Biochemistry and Molecular Biology.
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mapping allows probing of potential downstream interactions by
perturbation of upstream nodes (Fig. 15) [40].

An example of the potential that the combinatorial genomic–
metabolomic approach has in natural products drug discovery is illus-
trated by the work of Xu, et al. [97] on the didemnins. The didemnins
are a family of cyclic depsipeptide compounds originally isolated from
the Trididemnum genus of Caribbean tunicates, with preliminary assays
showing potent antitumor activity [98]. Themost potent was didemnin
B, which represents the first natural product isolated from a marine
source to enter cancer clinical trials [99]. However, during Phase II clin-
ical trials cardiac and pulmonary toxicities precluded further evaluation
[100]. A subsequent didemnin B analogue possessing a modified side-
chain (see Fig. 16), dehydrodidemnin B (aplidine/plitidepsin), isolated
from aMediterranean tunicate in the Aplidium genus was found to pos-
sess greater antitumor activity and improved safety profile [101–103].
Fig. 14. Representative networkmapwhere nodes are based on spectral similarity. Figure obtain
massively spectacular view of the chemical lives of microbes, Proc. Natl. Acad. Sci. U.S.A. 109 (2
America.
Using the marine bacteria Tistrella mobilis, discovered to biosynthesize
didemnin B, Xu et al. [97] utilized 454 pyrosequencing to sequence the
complete genome [99]. Theydevelopedabiosynthesismodel for didemnins
based on a non-ribosomal peptide synthetase-polyketide synthase (NRPS-
PKS)modular pathway,whichwas subsequentlyused toquery thegenome
for the corollary gene cluster [97]. The mapped genome yielded one
gene cluster consistentwith their NRPS-PKS pathwaymodel [104]. Howev-
er, the product of the corresponding pathwaywasnot didemnin Bbut rath-
er the precursors didemnin X and didemnin Y (see Fig. 16).

Examining the metabolomic profile of T. mobilis cultures for
didemnin analogues by MALDI-TOF-MS imaging it was observed that
didemnin X and didemnin Y were excreted from the bacterial colonies.
Moreover, during the time-course disappearance of these metabolites
from the culture media they observed a concurrent rise in didemnin B.
It was also noted that by coupling the identified gene cluster with the
ed/modified from reference [96]. Reprintedwith permission fromM.F. Traxler, R. Kolter, A
012) 10128-10129. Copyright 2012 National Academy of Sciences of the United States of
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Fig. 15. Role of network analysis in systems approach to drug discovery. Figure obtained/modified from reference [40]. Reprinted with permission from D. Arrell, A. Terzic, Network sys-
tems biology for drug discovery, Clin. Pharmacol. Ther. 88 (2010) 120-125. Copyright 2010 Nature Publishing Group.
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observed didemninmetabolic conversion that a single gene inactivation
in the NRPS-PKS pathway would alter the downstream biosynthetic
pathway from didemnin B to dehydrodidemnin B production. They
Fig. 16. Structures of didemnins with side-chain differences from didemnin B noted in red. Fi
Kersten, S.-J. Nam, L. Lu, A.M. Al-Suwailem, H. Zheng, W. Fenical, P.C. Dorrestein, B.S. Moore, P.
Chem. Soc. 134 (2012) 8625-8632. Copyright 2012 American Chemical Society.
suggested this could provide a novel alternative to the currently
employedmulti-step synthetic routes to dehydrodidemnin B, employed
due to the scarcity of the natural supply [97].
gure obtained/modified from reference [97]. Reprinted with permission from Y. Xu, R.D.
-Y. Qian, Bacterial biosynthesis and maturation of the didemnin anti-cancer agents, J. Am.
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In summary, metabolomics represents a developing research field
involving quantitative and qualitative metabolite assessment with di-
verse applications. In particular, it is capable of system level metabolic
analysis with direct applications towards natural products discovery
and detection of disease-related biomarkers with utility in early stage
diagnosis. Metabolomics has growing utility in resolving phylogenetic
associations involving horizontal gene transfer and distinguishing sub-
groups of genera possessing high genetic homology. Additionally, meta-
bolomics is able to provide a snapshot of the functional genetic status of
an organism facilitating connections between changes in metabolites,
originating biochemical pathways and gene functions. Continued ad-
vancements in metabolomic technologies will undoubtedly yield addi-
tional improvements in the utility of metabolomics tools as applied
toward both scientific and medical research.
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