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Nuclear magnetic resonance (NMR) has emerged as an effective tool in various
spheres of biomedical research, amongst which metabolomics is an important method
for the study of various types of disease. Metabolomics has proved its stronghold in
cancer research by the development of different NMR methods over time for the
study of metabolites, thus identifying key players in the aetiology of cancer. A plethora of one‐dimensional and two‐dimensional NMR experiments (in solids, semi‐solids
and solution phases) are utilized to obtain metabolic profiles of biofluids, cell extracts
and tissue biopsy samples, which can further be subjected to statistical analysis. Any
alteration in the assigned metabolite peaks gives an indication of changes in metabolic
pathways. These defined changes demonstrate the utility of NMR in the early diagnosis of cancer and provide further measures to combat malignancy and its progression.
This review provides a snapshot of the trending NMR techniques and the statistical
analysis involved in the metabolomics of diseases, with emphasis on advances in
NMR methodology developed for cancer research.
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I N T RO D U CT I O N

Metabolomics refers to the study of small metabolite molecular signatures of a cell, tissue or whole organism. According to Lindon et al.,1 metabolomics is defined as ‘the quantitative measurement of the multiparametric metabolic response of the living system to pathophysiological stimuli
or genetic modification’. Metabolomics is a cost‐effective, less labor intensive technique complementary to genomics, transcriptomics and proteomics. The technique monitors the qualitative and quantitative changes accurately as it provides an actual profile of the real‐time content of the
changes in the concentration of the metabolites. These metabolite changes are products of the metabolic pathway perturbations that are affected
by genetic, exogenous or xenobiotic factors.1 Various techniques, such as mass spectrometry (MS) [examples such as gas chromatography‐mass
spectrometry (GC‐MS), liquid chromatography‐mass spectrometry (LC‐MS), high‐performance liquid chromatography‐mass spectrometry
(HPLC‐MS), ultrahigh‐performance liquid chromatography‐mass spectrometry (UPLC‐MS), differential ion mobility spectrometry (DIMS), laser
desorption ionization‐mass spectrometry (LDI‐MS), Fourier transform‐ion cyclotron resonance‐mass spectrometry (FT‐ICR‐MS)],2 nuclear magnetic resonance (NMR), capillary electrophoresis,3-6 Fourier transform infrared spectroscopy,7-11 electrochemistry,12,13 hydrophobic interaction
chromatography,3 mass isotopomer analysis and stable isotope‐based dynamic metabolic profiling (SIDMAP),14-17 have been employed for the
detection of metabolites in different metabolomics studies.
Cancer, neoplasm and malignancy are terms used to define the abnormal and rapid growth of cells in any organ of the body which may spread
to other organs, a phenomenon also known as metastasis.18 Cancer has become one of the deadliest diseases, causing about 8.8 million deaths in
2015, with the number of incidences expected to increase by 70% over the next 20 years, according to World Health Organization (WHO) reports.
Challenges lie in the diagnosis of malignancy and in the convenient treatment of this disease with non‐invasive methods, such as the administration of drugs or vaccines. As evident from the graph generated by the GLOBOCAN web server19 (Figure 1), as well as cancer statistics reported by

NMR in Biomedicine. 2018;e3916.
https://doi.org/10.1002/nbm.3916

wileyonlinelibrary.com/journal/nbm

Copyright © 2018 John Wiley & Sons, Ltd.

1 of 21

2 of 21

RANJAN AND SINHA

FIGURE 1 Histogram showing variations in incidence and mortality of prevalent cancer forms. [Generated by the GLOBOCAN web‐server with
copyright permission from Ferlay J, Soerjomataram I, Ervik M, Dikshit R, Eser S, Mathers C, Rebelo M, Parkin DM, Forman D, Bray, F. GLOBOCAN
2012 v1.0, Cancer Incidence and Mortality Worldwide: IARC CancerBase No. 11 [Internet]. Lyon, France: International Agency for Research on
Cancer; 2013. Available from: http://globocan.iarc.fr (accessed 31/10/2017).]
the American Cancer Society,20 lung cancer is the most prevalent form, followed by breast cancer, colorectal cancer, prostate cancer, stomach
cancer, liver cancer, cervical cancer, oesophageal cancer, bladder cancer, non‐Hodgkin lymphoma and the rest. A great deal of information has
been obtained about the metabolic pathways by the profiling of genes, proteins and small molecules of cancer cells and fluids of the human body
involved in the pathology of cancer by the use of genomics, transcriptomics, proteomics and metabolomics approaches.
NMR and MS have profoundly equipped cancer researchers with tools to mine a large amount of information about the metabolome of cells,
tissues, biofluids and secretions, which can be further analysed and processed by statistical methods and bioinformatics. These techniques provide
accurate information about individual metabolites in disease samples and these help in the visualization of molecular details. A combination of
NMR and MS methods can be utilized as complementary techniques for metabolomics.21 High‐resolution one‐dimensional (2D) and two‐dimensional (2D) NMR experiments have paved the way for the profiling and quantification of the cancer metabolome, with advantages including the
accurate identification of the altered metabolite in question. With the advent of NMR technologies, such as relaxation measurements, 2D J‐
resolved experiments, fast and ultrafast NMR methods, high‐resolution magic angle spinning (HR‐MAS) and sensitivity enhancement with dynamic
nuclear polarization (DNP), there has been a tremendous development in the area of cancer metabolomics, as these methods provide greater accuracy and sensitivity in a shorter time. These NMR methods, combined with chemometric measurements by databases, bioinformatics and statistical analyses, can be used to answer many questions about metabolic pathway alterations in cancer cells and their surroundings.
Many previous reviews have provided exquisite detail about NMR‐based metabolomics in cancer research. In this review, a general outline of
NMR methodology is presented, together with details of statistical analysis for cancer metabolomics.
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SAMPLE PREPARATION FOR NMR ANALYSIS

Biofluids, such as blood plasma, serum, urine, saliva, cerebrospinal fluid, prostatic secretions, seminal fluid, follicular fluid, bronchoalveolar lavage
fluid (BALF), exhaled breath condensate (EBC), bile, faecal extracts and tissue/cell extracts, of cancer biopsy samples, as well as cancer cell lines,
have been subjected to study by NMR for metabolite profiling.22-24 For NMR experiments, minimal sample preparation is required. Five‐millimetre
NMR tubes are normally used to contain samples for analysis by NMR spectrometers. Other than these, 1–3‐mm‐diameter tubes25,26 and
SHIGEMI tubes with a solid glass base25,27 are also used. For microflow probe, samples are injected directly into a 5‐μL stainless steel loop.28
For solid‐state studies, such as HR‐MAS, zirconia rotors of different sizes (1.3, 2.5, 3.2, 4.0 and 7.0 mm) are used for general purposes. Samples
of biofluids are usually recorded at pH 2.5 or pH 7.2.25
Blood consists of a cellular component, as well as a liquid component known as plasma. Blood plasma is generally used for metabolite analysis,
studied as such, or after the removal of blood clotting factors and other proteins known as blood serum. For blood plasma collection, the anticoagulant heparin is added to blood samples and centrifuged. To obtain serum, blood without anticoagulant in the sample vial is kept on ice for some
time to clot.1,29 Larger molecules such as proteins in the blood plasma give broad resonances in the 1H NMR spectrum, which obscure the small
molecule NMR resonances. These proteins are responsible for metabolic flux as a result of enzymatic activity in blood plasma.1,30 Therefore, it is
recommended to deproteinize blood serum for the observation of small metabolite resonances. To remove protein content, precipitation by solvents, such as acetonitrile, perchloric acid, acetone, etc., is used to obtain hydrophilic fractions, followed by ultra‐filtration using a suitable molecular weight cutoff (MWCO) Centricon. For the observation of the hydrophobic fraction, methanol/chloroform extraction can be used.30
Deuterium oxide is added to these samples prior to the acquisition of NMR spectra in order to obtain a field frequency lock.29
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Metabolomics studies involving urine samples require minimal processing. Deuterated phosphate buffer can be added to the urine samples,
containing at least 0.05% w/v concentration of sodium azide.29
The NMR spectra of cerebrospinal fluid samples are recorded after centrifugation and the addition of deuterium oxide.31,32 In a similar fashion, saliva, prostatic secretions, bile juice, EBC and BALF samples are prepared for NMR experiments.
Faecal material is treated with acetonitrile and agitated, after which it is subjected to filtration by centrifugation in 0.2‐μm cellulose acetate
filter centrifuge tubes, followed by lyophilization and successive dissolution of the extract in potassium buffer containing deuterium oxide.33
Tissues, cell lines and tumor biopsy samples are frozen until they are processed by grinding in a mortar and extraction by acetonitrile or
perchloric acid to obtain polar metabolites. To obtain both polar and lipophilic fractions, methanol/chloroform extraction is performed. Deuterium
oxide is added to the lyophilized extracts containing polar metabolites, and deuterated chloroform is used to solubilize lyophilized lipophilic
extract.22,29
To study the dynamic movement of metabolites, the stable isotope technique is an emerging method in which 1H, 13C, 15N and 31P nuclei are
used to track metabolites by NMR spectroscopy.34-36 Compounds containing these labelled nuclei are used in the media for the culture of cell lines.

3
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A variety of NMR experiments and their combinations, together with suitable statistical methods, are available for efficient and reproducible metabolic profiling, metabolic footprinting/fingerprinting and quantification. Successive steps for an efficient metabolomics analysis by NMR are mentioned below.

3.1

|

Shimming of the NMR magnet

Shimming of the current coils of the magnet for samples requires special attention to maintain a homogeneous magnetic field over the sample.
This is achieved by the tuning of shim coils in different planes (combination of Z, X and Y coils). In general, Z coils (Z1, Z2, Z3, Z4 and Z5) are tuned
to shim for biological fluid samples. For a further enhancement of shimming, X and Y coils are also used together with Z coils. A review by Chmurny
and Hoult37 provides a complete guide to efficient shimming. Nowadays, auto‐shimming is inbuilt in the instrument.

3.2
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NMR spectral acquisition

Proton 2D experiments are the quickest and easiest NMR method to explore the metabolite content in a sample. A variety of metabolites can be
identified by knowing the chemical shifts at which the peaks occur and via comparison with an NMR spectral library. For most biofluids, 2D NMR
suffers from poor resolution. For efficient resolution of metabolite peaks, 2D and three‐dimensional (3D) NMR experiments are utilized. J‐resolved
spectroscopy (JRES) simplifies 2D 1H spectra by its projection of a 2D experiment measuring J coupling in one dimension corresponding to the
proton in the other dimension.38 Correlation spectroscopy (COSY) is a common method to identify coupled 1H nuclei. Popular variants of COSY
are COSY‐90 and COSY‐45. Double quantum‐filtered correlation spectroscopy (DQF‐COSY) resolves the spectra with a definite spin network of
metabolites through J‐coupling. Total correlation spectroscopy (TOCSY) uses pulse sequences that can disperse magnetization over entire spin
systems. Its variants include selective TOCSY and fast Hadamard TOCSY (using Hadamard transformation instead of Fourier transformation).39
These 2D NMR spectra aid in the identification of metabolites.
Most metabolites in biological pathways have a carbon backbone which can be detected by
peaks which can be resolved by

13

C experiments, as

13

C NMR. 1H spectra have many overlapping

13

C has a chemical shift range 20 times greater than that of 1H. All scalar couplings are

1

removed by H decoupling. Water suppression is also not required in the detection of

13

C resonances. Therefore, it can effectively recognize

metabolites in a metabolic pathway. Although time‐consuming, it can provide efficient metabolite identification in combination with 1H NMR
using 2D

13

C NOESYPR (nuclear Overhauser effect spectroscopy with presaturation),40 CPMGPR (Carr–Purcell–Meiboom–Gill presaturation),41

INEPT (insensitive nuclei enhanced by polarization transfer) and DEPT (distortionless enhancement by polarization transfer) pulse sequences.42
For a better resolution and measurement of different parameters, 2D experiments are used. Some of the fastest methods to record multidimensional experiments by a decrease in acquisition time are single‐scan NMR,43-45 non‐linear sampling (NLS),46 projection reconstruction47,48 and
SOFAST‐HMQC.49 1H–13C heteronuclear single‐quantum coherence (HSQC) correlates 1H (attached to
50-52 1

the indirect dimension using one‐bond heteronuclear coupling.

13

C) in the direct dimension to

13

C in

13

H– C heteronuclear multiple quantum correlation (HMQC) also serves

the same purpose and also involves the manifestation of 1H–1H homonuclear J‐coupling.50 1H–13C heteronuclear multiple bond correlation
(HMBC) measures the correlation between 1H and carbons which are two to three bonds away.53 For accurate quantification, measurement of
J‐coupling between 1H and
54,55

coefficients.

13

C can be used. Diffusion‐oriented spectroscopy (DOSY) distinguishes compounds on the basis of their diffusion

Adequate double‐quantum transfer experiments (ADEQUATE) are used to detect spin–spin coupling between pairs of carbon

atoms and the coupled proton. Incredible natural abundance double‐quantum transfer experiments (INADEQUATE) yield one‐bond correlation
through spin–spin coupling between carbon atoms and hydrogen.56 Some 3D experiments are also used which combine 2D methods, such as
HSQC‐TOCSY, to obtain a better resolution of the peaks and thus a better identification of the structure of metabolites. These multidimensional
methods mentioned above provide a more accurate picture of metabolite identity.57
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To improve the detection of small molecules, solvent suppression methods are required so that the peaks exhibiting small concentrations can
be visualized. Weak radiofrequency (RF) irradiation methods, such as presaturation (PRE‐SAT180),58 gradient‐based methods with pulse
sequences like shaped pulses W3, W4, W5 variants of WATERGATE,59 excitation sculpting,60 MEGA61and SOGGY,62 and combined methods,
such as WET,63 are used for this purpose. Several improved variants of these pre‐processing methods, such as radiation damping‐related methods,
suppression of ‘far‐away’ solvent, NMR relaxation differentiation, such as WEFT, water‐PRESS and WATER, enhanced presaturation methods,
such as PURGE,64 NOESYPR,40 CPMGPR, enhanced WATERGATE methods, such as WGRAF, motion/diffusion experiments such as PGSTE–
WATERGATE, multi‐resonance suppression, such as SLP, and PGSE diffusion methods, such as CONVEX, are used to obtain solvent suppression
in 2D 1H NMR.65-67 For multidimensional experiments, combinations of pulse sequences, such as WATERGATE and presaturation, are used. Post‐
processing methods for the removal of solvent signals include the use of hardware frequency filters, as well as software procedures, such as time
domain methods or frequency domain methods, as mentioned in previous reviews.67
To suppress broad resonances occurring as a result of slow tumbling of larger molecules, the T2 relaxation time is optimized in the CPMG pulse
sequence.29,65,67,68 NOESYPR40 and Hahn spin echo (HSE) methods can also be used for this purpose.41,61,67 Apart from the simple 1D NMR
methods mentioned above, 2D NMR experiments can also be performed for 1H and

13

C using NOESY,COSY, TOCSY, homonuclear decoupling

and heteronuclear decoupling pulse sequences. 1D projections of these 2D experiments can be further harnessed to achieve a better resolution
and hence, a better identification of the metabolite peaks.69 Other experiments, such as selective 2D COSY, can also be performed in which the
pulse is applied to selective resonances to determine their coupling partners, which can be used for selective metabolite identification.70 Selective
2D TOCSY can also provide information about the entire spin systems and interaction between their respective protons.39,71

3.3
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Metabolic flux analysis

For the analysis of changes in metabolic pathways, metabolic flux analysis is an efficient method.72 It involves strategies, such as the stable isotope
technique, which harness many of these multidimensional experiments for other nuclei, such as

15

N,

31

P and

19

F (as well as 1H and

discussed previously), to provide an effective measure of metabolic flux in cells caused by a number of active metabolic pathways.

13

C as

14,16,36

For

the tracking of 13C nuclei, 2D COSY73 and 2D 1H–13C HSQC74 are regularly used. Statistical correlation spectroscopy (STOCSY) can also be utilized for metabolite flux analysis.75 Software, such as Metaboanalyst, PAPi, MetPA, IMPaLa, MPEA, etc., uses compound information from KEGG,
MetaCyc or the Human Metabolome Database (HMDB) for enrichment analysis, compound mapping and metabolite networking.76 Chemical shift
to metabolic pathways (ChemSP) is another method for metabolic pathway analysis, which detects active metabolic pathways by monitoring
changes in the chemical shifts of metabolites obtained in multidimensional NMR experiments.77
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Solid‐state NMR and HR‐MAS

For solid samples, such as bones, gallstones, cartilage and other soft tissues, solid‐state NMR has proven to be a beneficial method for tracking
changes in the levels of organic and inorganic compounds.78-84 Methods developed for the measurement of interactions between molecules, such
as heteronuclear and homonuclear dipolar coupling, quadrupolar coupling and chemical shift anisotropy, provide a great deal of information about
the environment around the atoms.85,86 Spin half‐nuclei, such as 1H, 13C, 15N and 31P, are commonly targeted in experiments such as cross‐polarization, 2D heteronuclear correlation (HETCOR), rotational echo double resonance (REDOR), double quantum–single quantum correlation experiments (DQ‐SQ), DUMBO, SUPER, and so on.87,88 These solid‐state NMR methods utilize MAS (at 54°44') to remove line broadening by
homonuclear dipolar coupling and chemical shift anisotropy. Static acquisition is preferred for the measurement of chemical shift anisotropy
and dipolar coupling.89
HR‐MAS is a solid‐state technique for the study of semi‐solid samples, such as tissue biopsies, organ sections, small microorganisms or cell
cultures, in which the sample is subjected to MAS.21,90 Metabolite fingerprints can be effectively visualized by making corrections for the anisotropy of the microenvironment around the cells that may affect the metabolite using methods such as QM‐QUEST, which utilize combinations of
quantum mechanical simulations and quantitation algorithms.91,92 Micro‐coil probes are advancements in the HR‐MAS technique which can provide seven‐fold enhanced sensitivity in a few hundred nanogram quantities of samples. For a better understanding of HR‐MAS techniques, several
earlier reviews might prove to be helpful.93,94

3.5
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Hyperpolarization and DNP

Newer techniques, such as hyperpolarization and DNP, work in a direction to increase the sensitivity of NMR.83 Hyperpolarization is a method to
increase the sensitivity by altering the polarization of nuclear spins through an alteration in the thermal equilibrium polarization of the sample
molecules.95 Two methods to achieve this sensitivity enhancement include polarization transfer from noble gases, such as 3He or
exchange,

96

129

Xe, via spin

and para‐hydrogen‐induced polarization (PHIP), in which polarization transfer by para‐hydrogen to organic molecules is used to

enhance sensitivity.97
DNP allows sensitivity enhancement through polarization transfer from electron spins to nuclear spins at low temperatures. Newer developments, such as dissolution DNP combined with cross‐polarization, are contributing in terms of sensitivity and accuracy.98-100

RANJAN AND SINHA

4

5 of 21

P R O C E S S I N G O F A C Q U I R E D N M R SP EC T R A

|

The acquired NMR spectra in their raw form need to be processed so that they may be correctly compared and validated for further analysis.101
Raw NMR data are processed by standard protocols of direct or inverse Fourier transformation. A standard protocol to process NMR spectra is
described below.

4.1

|

Zero filling and apodization

Zero filling is performed to increase the number of data points if the digital resolution is low, i.e. the difference between data points in the frequency domain is large. In general, apodization is performed for signal‐to‐noise enhancement using methods such as match filter apodization.
Other methods of apodization include double apodization and sine bell apodization.102,103

4.2
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Phase and baseline correction

Phase correction is applied to keep peaks in a positive and symmetrical pattern with respect to the baseline in order to obtain accurate peak integration.104 Phase correction is performed at two levels: the zero‐order correction, which is applicable to all peaks in a spectrum, and the first‐order
correction, which is chemical shift dependent. These corrections can be applied using different processing software.
Baseline correction is performed so as to correct the distortions which affect peak intensity and, as a result of which, the peak assignment and
integration accuracy might be compromised. Baseline correction in the frequency domain is a preferred choice over time domain correction
methods as it is easier to subtract the estimated baseline correction from the measured spectrum than to reconstruct distorted data points at
the start of the free induction decay in the time domain by methods such as extrapolation, oversampling or removal of the dead time by optimization of the acquisition time.105,106 Baseline correction can be performed using either of these methods,107 including iterative polynomial
fitting,108 asymmetric least‐squares smoothing (ALS),109 robust estimation procedure,110,111 locally weighted scatter plot smoothing (Lowess)
fit,112 B‐splines,112 B‐splines with penalization (P‐splines)113 or mixture model application. Baseline correction is now performed on automated
interfaces, such as acquisition and processing software for Varian, Bruker, etc., which provide multiple options for automated baseline corrections
by many of the above methods. The Chenomx NMR suite uses robust estimation procedures to obtain accurate baseline correction when all the
individual peaks can be taken into account for this purpose. It also provides a linear shim correction using a direct or inverse Fourier transformation of a well‐resolved single peak, usually a peak from the methyl group of 4,4‐dimethyl‐4‐silapentane‐1‐sulfonic acid (DSS), sodium 3‐
(trimethylsilyl) propionate‐2,2,3,3‐d4 (TSP) or tetramethylsilane (TMS).

4.3

|

Alignment, binning and integration

Alignment or warping of the NMR spectrum is performed to adjust the peak shifts among a collection of NMR spectra which may have arisen as a
result of factors such as instrumental errors or changes in pH, temperature, salt content or dilution, although this step is not required for absolute
quantification as warping might affect the peak area. The easiest method for global alignment is spectral referencing, where the signal from an
internal reference used for a type of sample is set to 0 ppm.
For multivariate analysis, these peak shifts may serve as an important factor as they may be used for the classification of groups. Therefore,
changes in local chemical shifts are monitored and other methods of local alignment, such as interval correlated shifting (icoshift), correlation optimized warping (COW), peak alignment by beam search (PABS), the fuzzy warping method, progressive consensus alignment of NMR spectra
(PCANS), generalized fuzzy Hought transformation (GFHT), hierarchical cluster‐based peak alignment (CluPA), variable reference alignment
(VRA),114 partial linear fit (PLF), peak alignment using reduced set (PARS), peak alignment by genetic algorithm (PAGA), dynamic time warping
(DTW), SpecAlign, Bayesian approach for alignment (BAA), peak alignment by PCA (PAPCA), parametric time warping (PTA), peak alignment by
fast Fourier transform (PAFFT), variable reference alignment (VRA)114 or recursive segment‐wise peak alignment (RSPA), are applied as per
requirement.115 Signal enhancement by spectral integration (SENSI) is an advanced technique based on peak alignment and integration of the
1

H spectrum for a fast metabolite annotation by lowering the signal‐to‐noise ratio in 13C NMR by integration of a large number of spectra.116,117
Binning or bucketing is performed in order to divide the spectrum into fragments so that these fragments can serve as units of integration for

quantitative and statistical analysis. The area under each bin is calculated and integrated to obtain the total spectral area, which represents the
original spectrum minus the minor peak shifts. Equidistant binning methods, such as binning of 0.04 ppm, as well as non‐equidistant binning
methods, such as adaptive‐intelligent binning, Gaussian binning,118 adaptive binning using wavelet transform119 and dynamic adaptive binning,
are also used.120
Integration of the binned spectra is carried out to determine the area under the peaks and to calculate the relative ratio between two peak
areas for quantification, which is discussed in a separate section in this review.121
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Normalization and scaling

Normalization involves rendering the variations arising from dilution comparable between the samples of a group by multiplying each of the spectra by a constant. The constant term can be calculated in several ways. The standard method is integral normalization, also known as constant sum
normalization, in which the integrated intensity, taken as a constant, is applied to normalize the individual spectra. Other methods include probabilistic quotient (PQ) normalization, histogram normalization, group aggregating normalization, weight normalization and volume normalization.122
Scaling is performed to check the higher intensity peaks of metabolites so that the variations in their intensities do not influence the selection
of significant metabolites for statistical analyses. Mean‐centring, autoscaling, Pareto scaling, range scaling, vast scaling and level scaling are some
of the scaling methods, to name a few. Transformation methods, such as log transform and Box–Cox transformation, are other pre‐processing
methods to reduce non‐normality and heteroscedasticity in data analysis having a constant standard deviation.122

4.5
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Databases and software for NMR spectral processing

The Human Metabolome Database (HMDB), Biological Magnetic Resonance Data Bank (BMRB), Platform for RIKEN Metabolomics (PRIMe), Magnetic Resonance Metabolomic Database (MRMD), Metabolomics Database of Linkoping, Sweden (MDL), NMRShiftDB, MetaboID, ChenoMx NMR
Suite Profiler, Madison‐Quingado Metabolomics Consortium Database (MQMCD) and Birmingham Metabolite Library Nuclear Magnetic Resonance (BML‐NMR) are popular for the acquisition of information on metabolites for the assignment of peaks in NMR spectra.123 The automated
assignment of peaks in NMR spectra can be achieved using interfaces, such as MetaboID124 and ChenoMx NMR Suite profiler. Examples of software used for pre‐treatment and subsequent processing of NMR spectra include PERCH,125 MVAPACK,126 MestReNova,127 NMRProcFlow,128
Automics129 and ChenoMx NMR Suite processor.123
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Q U A N T I F I C A T I O N O F M ET A B O L I T E S

The quantification of metabolite peaks can often be of special importance when it comes to comparison between groups or knowing the exact
concentration of metabolites in disease samples, and it can provide an indication about the metabolic flux. The concentration of metabolites is
indicated by the intensity of the metabolite peak, which depends on the number of resonances of the particular nuclei that contribute to the intensity of the peak.130 This relation is given as:
Ix ∝Nx

(1)

Ix ¼ K s ⋅Nx

(2)

This can also be written as:

where Ix is the intensity of the peak for a certain resonant nucleus, Nx is the number of nuclei contributing to that resonance and Ks is the spectrometer constant which depends on certain factors: pulse excitation, repetition time and broad‐band decoupling.
Relative quantification is a method to find the concentration of molecules by utilizing Equation 3:
Mx Ix Ny
¼ ⋅
My Iy Nx

(3)

Absolute quantification can be performed using two methods. The first method employs an assay which assigns and measures impurities present in the sample, which can be subtracted from the actual spectra to obtain the pure concentrations of metabolites.
Another method for absolute quantification is comparison with the integral area of a pure standard. The following expression calculates the
purity of the metabolites:
Px ¼

Ix Nstd W std
⋅
⋅
⋅Pstd
Istd Mstd W x

(4)

The quantification of small molecule metabolite peaks in an NMR spectrum requires a reference compound for which the concentration is
predetermined. For 1H NMR experiments, TSP,131 TMS and DSS132 are most commonly used as internal references. Hexamethyldisiloxane,
4,4‐dimethyl‐4‐silapentane‐1‐ammonium trifluoroacetate (DSA)133 and 1,4‐bis(trimethylsilyl) benzene (BTMSB)134,135 are among the other
options as calibration standards applicable to all samples containing polar metabolites, except for lipophilic samples containing organic solvents,
where TMS is generally used as a reference. These reference standards can either be added directly to the samples, or coaxial glass tube inserts
are used to contain these reference standards that can be used externally. There are also reports of using the NMR solvent as a reference standard, by which smaller concentrations of metabolites (greater than 75 μM) can also be measured.136 The latest technology for referencing, electronic reference to access in‐vivo concentrations (ERETIC), has proved to be useful as a synthetic signal for reference, although it is not as sensitive
as internal referencing.137,138 Nowadays, digital referencing or quantification by artificial signalling (QUANTAS) is employed, which uses a
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software‐generated signal for referencing.139 Pulse into gradient (PIG) is a method, like that of ERETIC, in which a low‐level, exponentially damped
RF signal is introduced near the primary RF channel, which serves as external standard.140 The bulk magnetic susceptibility (BMS) is another
advanced method for referencing.141
Alteration in the longitudinal relaxation time (T1), as well as the spin–spin relaxation time (T2), can alter the repetition time and therefore the
intensity of peaks, for which several correction methods are continually being developed.68
The addition of an incremented standard concentration to the same volume of sample and further dilution, for which a curve is plotted
between the peak area and concentration of the standard added, is another quantification method. The concentration of the analyte in the sample
can be derived by the extrapolation of this curve.142
A calibration curve for a particular analyte, using standard samples of known concentration and plotting these concentrations versus intensity/
area, can also be used as a quantification method for NMR spectra.143
Quantification can also be performed on the basis of the measurement of heteroatom coupling using the 1H–13C HSQC spectrum.51,144 The
cross‐peak volumeVο from a 2D HSQC can be given by:

V ο ∝ηο T H1 ; T H2 ; d1 ζ ο ðJC‐H ÞCο

(5)


where η° is the correction factor depending on the relaxation parameters of the proton resonances T H1 ; T H2 and the relaxation delay d1, ζ°(JC − H) is
the correction factor for J‐coupling between the heteroatoms 1H and

13

C and C° is the molar concentration of the metabolite.

MetaboQuant and rNMR are computational tools for quantification.145,146
A 2D 1H–13C HSQC spectrum of human urine is shown in Figure 2(A) which contains peaks for arginine, alanine, lysine and other metabolites.
Of these, two peaks of arginine and one peak for each of alanine and lysine are utilized for linear regression analysis for concentration measured
by 2D 1H–13C HSQC versus concentration measured by gravimetric methods, as shown in Figure 2(B). Linear regression analysis shows that the
quantification method by 2D 1H–13C HSQC is 90% accurate. For a faster acquisition, 2D HSQC combined with non‐linear sampling147 and forward maximum entropy (FME) reconstruction148,149 shows a concentration measurement with comparable accuracy to the uniform sampling
method, as illustrated in Figure 3.144 In this figure, the 2D HSQC spectra for urine with uniform sampling (a) and with non‐linear sampling
(NLS) and FME (c) are shown. A considerable reduction in time for the acquisition of 2D data can be achieved with a similar signal‐to‐noise ratio.
The cross‐sections of these 2D spectra at different 1H chemical shifts are shown in (b) and (d). Regression curves are also shown for spike‐in
experiments in which the added concentration is plotted versus the recovered concentration for peaks such as alanine, hippurate and glycine under
conditions of uniform sampling (e) and NLS with FME (f).
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STATISTICAL ANALYSIS OF NMR DATA

The purpose of metabolomics is to identify changes in metabolic pathways by the detection of any alteration in the metabolite profile. The main
approaches for metabolomics are metabolite target analysis, metabolic profiling, metabolic flux analysis and metabolic fingerprinting or
footprinting. These approaches work in three steps: pattern recognition, metabolite identification and biomarker validation.150

FIGURE 2 Two‐dimensional (2D) 1H–13C heteronuclear single‐quantum coherence (HSQC) spectra together with linear regression curves. (A)
Two‐dimensional 1H–13C HSQC spectrum of human urine. Glycine, Creatinine, Glutamine, Alanine, Lactate are identified metabolites. (B) Linear
regression curve obtained between gravimetric concentration and concentration of various metabolites using 2D 1H–13C HSQC. [Reprinted with
permission from Rai RK, Tripathi P, Sinha N. Quantification of metabolites from two‐dimensional nuclear magnetic resonance spectroscopy:
application to human urine samples. Anal Chem. 2009;81(24):10232–10238. Copyright 2009 American Chemical Society.]
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FIGURE 3 Two‐dimensional 1H−13C heteronuclear single‐quantum coherence (HSQC) spectrum of lyophilized human urine sample recorded
with (a) relaxation delay of 13 s and (b) cross‐sections at different 1H chemical shift. (c) Two‐dimensional 1H−13C HSQC spectrum of human
urine sample recorded with non‐linear sampling (NLS) and forward maximum entropy (FME) reconstruction with a relaxation delay of 2 s. (d)
Cross‐sections at different 1H chemical shift. Results of spike‐in experiments performed in the lyophilized human urine sample. Regression curves
for various peaks by (e) 1H−13C HSQC spectroscopy recorded with a relaxation delay of 13 s. (f) 1H−13C HSQC spectroscopy recorded with a
relaxation delay of 2 s and NLS with FM reconstruction. The best‐fit straight‐line equation and R2 values are shown. [Reprinted with permission
from Rai RK, Sinha N. Fast and accurate quantitative metabolic profiling of body fluids by nonlinear sampling of 1H–13C two‐dimensional nuclear
magnetic resonance spectroscopy. Anal Chem. 2012;84(22):10005–10011. Copyright 2012 American Chemical Society.]

6.1

|

Statistical models based on continuous and discrete responses

Statistical analysis categorizes information obtained from NMR data into groups with the variable in question, thus comparing the groups to determine this factor in relation to a phenomenon occurring in the studied groups, and validating it as a key player or affecting factor of that particular
phenomenon.151 It involves response variables in the dataset which can be discrete or continuous for regression as well as classification. These
variables are used to create models which predict important metabolites on the basis of responses. Some of these models include multiple linear
regression (MLR), also called ordinary least squares (OLS),152 K‐nearest neighbours (KNN),153 linear or quadratic discriminant analysis (DA),154 random forests155 and support vector machines (SVM).156 Bilinear models to reduce the dimensionality of the dataset include principal component
analysis (PCA),157 partial least squares (PLS),158 soft independent modelling of class analogies (SIMCA)159 and discriminant analysis with shrunken
covariance (DASCO).160 Trilinear models present a multidimensional model as they decompose data in every possible dimension; they include
methods such as parallel factor analysis (PARAFAC).161
On the basis of the number of variables, statistical analysis can be of two types: univariate and multivariate. Both of these approaches are
used in different cases according to the number and types of variable analysed.25,162

6.2

|

Univariate analysis

Univariate analysis is the simplest statistical tool in which one variable at a time is taken into account for comparison between different groups in a
dataset. Univariate statistical analysis is either descriptive or inferential. Descriptive methods include measures of central tendency, such as the
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mean, median, mode or standard deviation, as well as measures of dispersion, such as the coefficient of variation. Inferential methods include
Student's t‐test,163 Wilcoxon's signed‐rank test,164 Mann–Whitney U‐test,165 Bonferroni correction of t‐test,166 one way or two‐way analysis
of variance (ANOVA),167 Monte Carlo assignment,168 Fischer's exact test,169 chi‐squared test,170 etc.

6.3

|

Multivariate analysis

Multivariate statistical analysis involves the use of either of two approaches: unsupervised or supervised.171 Each of these approaches provides
utility for a different purpose and is not comparable. In an unsupervised approach, there is no assumption of any pattern or trend of data grouping
and variables, and each part of the data is analysed to find it. This approach is used to obtain an overview of the data to define clusters and outliers
and, as a result, important metabolites to be considered for further analysis.
PCA is a non‐parametric unsupervised method which allows the reduction of data dimensionality and volume, making analysis easier, with
variants such as probabilistic PCA (PPCA) and multiple probabilistic PCA (MPPCA) providing greater accuracy. A PCA depiction consists of a score
plot which discovers groups and a loading plot which determines the variables that separate the groups. In PCA, a number of correlated variables
are replaced by uncorrelated variables, also known as principal components, which retain required information in the data to be analysed.172
Cluster analysis is another unsupervised analysis method which groups the original dataset. Two types of cluster analysis, K‐means clustering173 and hierarchical clustering,174 can be utilized for comparison between groups. K‐means clustering is a partitioned form of clustering around
a central vector that represents each cluster, and each subject is centred on the mean of the corresponding cluster. Fuzzy K‐means clustering is a
variant of K‐means clustering.175 Fuzzy c‐mean clustering is an advanced form of K‐means clustering that defines the shape and size of the cluster,
as each data point belongs to multiple clusters, and this extent is measured in its membership value.176 Hierarchical clustering offers a hierarchically arranged analysis in the form of a dendrogram of the nested clusters.
An unsupervised method, such as the self‐organized map (SOM), allows the connection of nodes (vectors having the same dimension as the
input vector) by neighbourhood functions which helps to visualize clusters in the data. Neighbourhood functions are a type of Gaussian function
which defines the region of influence of the input pattern on SOM.177
On the contrary, in a supervised analysis, a prior knowledge of some pattern is rectified using statistical methods, which may give rise to a new
pattern of data or confirm the hypothesized pattern. It establishes an association between predictors and variable to predict an outcome. To select
appropriate predictors, wrapper, filter and embedded methods are used. To evaluate the fitness and predictive power of the model, root‐mean‐
square error regression (RMSE)178 and the receiver operating curve (ROC)179 are used for validation. For further validation, resampling and reuse
of data are carried out using PLS. Canonical variates analysis (CVA) and SVM are some of the frequent algorithms used for supervised analysis.
PLS is a linear regression method in the form of:

Y−Xβ þ ε

(6)

where Y may be a vector or matrix response variable, X is the design matrix with rows for observations and columns for variables, β is a vector for
the parametric coefficient and ε is the random error vector.
This method is effective when informative responses, such as sample‐specific responses, are available. For a single continuous response, PLS
regression is a favourable method.158 For a discrete response, PLS in combination with DA is used. For simultaneous continuous and discrete
response, canonical PLS is used. Orthogonal PLS (OPLS) and OPLS‐DA separate out orthogonal variations in responses X component‐wise. Other
variations of PLS include power PLS, which focuses on explanatory variables correlated with the response, and sparse PLS, which makes the directionality vector a sparse variable for a better prediction and improved interpretation.
Canonical variate analysis (CVA) and the extended version (ECVA) are supervised methods to extract and compress data with high dimensionality.180 They can also be combined with DA for collinear data.
SVM is a method for finding a gap between two separate groups in a p‐dimensional space where a subject is a row variable in a matrix, the gap
margins being defined by support vectors. SVM can also be used in regression analysis.156
Apart from the above discussed multivariate methods, pathway analysis methods, such as over‐representation analysis and enrichment score
analysis, are often used.
For metabolic flux analysis, a time course data analysis using ANOVA for the time domain, in combination with visualizations from PCA, SOM,
heat maps and Hierarchial Cluster Analysis (HCA), can be used.

6.4

|

Statistical NMR

A recent method, named statistical correlation spectroscopy (STOCSY), uses a correlation matrix computed by 2D NMR spectra in combination
with supervised or unsupervised methods for a faster and highly accurate statistical analysis.181 A STOCSY plot for metabolite analysis of host
(Pseudomonas aeruginosa)–phage (filamentous phage pf1) interaction is shown in Figure 4(A), in which the correlation matrix has been calculated
from 36 time series spectra and a contour plot with 1H NMR projection has been plotted.75 Figure 4(B) shows the correlation plot in which the
agmatine peak is chosen as a driver peak; positive correlation is shown for other metabolite peaks and negative correlation for glucose peaks,
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FIGURE 4 Statistical correlation spectroscopy (STOCSY) plots and graphical representation of STOCSY. (A) STOCSY plot of infected samples.
The correlation matrix is calculated from 36 time series spectra and is plotted as a contour plot, with the 1H one‐dimensional (1D) NMR
spectra as projection with r > 0.97. (B) STOCSY plot calculated from the correlation of the data points corresponding to the maximum of the
agmatine proton resonance at δ = 2.991 ppm for 31−36 h (top) and 25−30 h (bottom) of growth of the infected culture (a). The figure shows
strong positive correlation, with most of the metabolites appearing during phage infection, whereas there is negative correlation with glucose
resonances in the final stage of growth. Arrow represents the selected driver peak of agmatine. Graphical representation of the metabolic pathway
perturbations in the polyamine biosynthetic pathway (b). This plot shows the variation in metabolic profile for two successive time series with
respect to the metabolite agmatine. [Reprinted with permission from Sonkar K, Purusottam RN, Sinha N. Metabonomic study of host–phage
interaction by nuclear magnetic resonance‐ and statistical total correlation spectroscopy‐based analysis. Anal Chem. 2012;84(9):4063–4070.
Copyright 2012 American Chemical Society.]
which are tracked against time for infection to occur. This correlation plot elucidates the agmatine biosynthesis pathway which is activated when
Pseudomonas aeruginosa is infected with filamentous phage pf1.
An alternative method similar to STOCSY is ratio analysis NMR spectroscopy (RANSY), which makes use of the ratio of the intensity and integral area of multiple spectra.182 Another variant of STOCSY is statistical homogeneous cluster analysis (SHOCSY), which chooses subsets of
homogeneous 1H spectra to reduce variations.183 Subset optimization by reference matching (STORM) provides subset optimization of reference
matching in a three‐step algorithm that consists of subset matching, STOCSY of the subset and reference matching.184

6.5

|

Validation

Validation is an important aspect of any statistical analysis as it confirms the outcomes of statistical analysis at a certain level of significance. For
multivariate analysis, there are two types of validation method; these are categorized according to the distribution of the dataset: cross‐validation
and test set validation. Cross‐validation divides the dataset into equal parts that are subjected to further statistical methods for validation.185 Test
set validation separates out a part of the dataset, known as the test set, and analyses it to be compared with the main dataset. Bootstrapping ,
jackknifing, randomization of response variables and permutation tests, such as rotation tests, are commonly used for validation, although there
are several other randomized methods available for validation.171

6.6

|

Software for statistical analysis

For statistical analysis of the metabolomics NMR dataset, there are many software programs available, such as Metaboanalyst,186
MetaboHunter,187 Metabominer,188 Metabolab,189 Amix tool‐kit, Knowitall metabolomics190 and Unscrambler. Some of these software programs
are freely available online.
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C A N CE R M E TA B O L O M I C S

A number of studies elucidating cancer metabolomics using NMR methods have been performed. Studies by NMR methods and statistical analyses for the four most prevalent types of cancer are summarized in Table 1. Most studies employ standard 2D 1H NMR profiling with 2D 1H–1H
TOCSY, J‐resolved and 1H–13C HSQC for solution samples, 1H HRMAS for tissue samples, as well as other advanced methods mentioned in

Colorectal cancer

Breast cancer

Fisher's exact test,
Wilcoxon sample test
PCA, PLS‐DA, OPLS‐DA

1D 1H(ES), 2D 1H–1H COSY,
2D 1H–1H TOCSY
1D 1H NMR (CPMG), 2D 1H–1H
TOCSY, 2D JRES, 2D
1
H–13C HSQC

Exhaled breath
condensate
Plasma

PCA, PLS‐DA, OPLS‐DA

Student's t‐test,
OPLS‐DA, PLS

1D 1H (NOESY)

1D 1H (CPMG, NOESY), 2D
1
H–1H TOCSY, 2D JRES,
2D 1H–13C HSQC
1D 1H HRMAS, 2D HRMAS‐COSY,
1D 1H NMR (solution state),
2D 1H–1H TOCSY,
2D 1H INADEQUATE,
2D DQF‐COSY, 2D JRES, 31P NMR

Urine

Serum

PCA, OPLS‐DA,
Welsh's t‐test, PLS, SVM, CA

Wilcoxon–Mann–Whitney test,
PLS‐DA, ANOVA
PCA, PLS‐DA, OPLS‐DA,
HCA, STOCSY

1D 1H (CPMG), 2D Fast
Hadamard TOCSY,
2D DQF‐COSY, 2D 1H–13C
HSQC, 2D pJRES

1D 1H NMR (NOESY)
1D 1H NMR with water
presaturation, 1D 1H
(NOESY), 2D 1H–1H

Serum

Urine

Faecal extract

Tissue/tissue extracts/
cell line extracts

PCA, PLS‐DA, OPLS‐DA,
Mann–Whitney U‐test,
LDA, SOM

PCA, PLS‐DA

H HRMAS, SIRM (2D 1H–13C
HSQC), 1D 1H (solution‐state NMR),
2D 1H–1H
TOCSY, 2D1H–13C HSQC

Tissue/tissue extract

1

Fisher's exact test,
Wilcoxon sample test
PCA, OPLS‐DA, ANOVA

1D 1H NMR, 2D 1H–1H
TOCSY, 2D 1H–1H COSY
1D 1H NMR, 2D 1H–1H
TOCSY, 2D 1H–13C HSQC

Sputum/saliva

Serum

PCA, PLS‐DA, OPLS‐ DA

1D H NMR, 2D H– H
TOCSY, 2D 1H–13C HSQC

1

Urine

1

Statistical
methods used

Lung cancer

1

NMR experiments used

Biological
samples
used

Summary of prevalent cancer studies by nuclear magnetic resonance (NMR)‐based metabolomics

Type of
cancer

TABLE 1

Lactate, glucose, acetate, acetoacetate,
hydroxybutyrate, pyruvate, alanine, aspartic acid,
betaine, carnitine, citric acid, creatine, creatinine,
glutamic acid, glutamine, glycerol, glycine,
histidine, isoleucine, lactic acid, leucine, lysine,
methanol, methionine, ornithine, phenylalanine,
proline, pyruvic acid, serine, threonine,
tryptophan, valine, propylene, mannose,
phosphocholine, hypoxanthine
Urea, hippurate, glycerol, butyrate,
carnitine, galactarate
Butyrate, leucine, isoleucine, valine, acetate, proline,
cysteine, xylose, galactose, arabinose,

Creatine, acetate, succinate, lactate, pyroglutamate,
formate, isoleucine, sucrose, leucine, asparagine,
urea, glucose, ethanolamine, dimethylamine,
4‐hydroxyphenylacetate, creatinine, alanine,
hippurate, uracil, valine
Formate, histidine, proline, choline, tyrosine,
3‐hydroxybutyrate, lactate, phenylalanine,
lysine, N‐acetylcystine, glutamine
Lactate, succinate, phosphatidylcholine, glucose,
inositol, taurine, glycine, ascorbate, creatine,
glycerolphosphoethanolamine, nucleoside phosphates,
UDP‐sugar esters, myo‐inositol,
NADP, NAD, ATP, ADP

Hippurate, trigonelline, phenylacetylglycine,
α‐hydroxyisobutyrate, N‐acetylglutamine,
creatinine, citrate, β‐hydroxyisovalerate
N‐acetyl sugars, propionate, lysine, acetate,
lactate, glucose
2‐Aminobutyrate, isopropanol, 2‐oxoglutarate,
threonine, 4‐hydroxybutyrate, methionine,
creatinine, dimethylamine, citrate
Propionate, ethanol, acetate,
acetone, methanol
Acetate, alanine, citrate, formate, glucose,
glutamine, histidine, tyrosine, methanol, valine,
sphingomyelin, phosphatidylcholine, leucine, lysine,
tyrosine, threonine, aspartate,
N‐acetylglycoprotein, lactate, pyruvate,
β‐hydroxybutyrate
Lactate, glycerophosphocholine ,phosphocholine,
taurine, glutathione, uridine di‐phosphate, glucose,
phosphoethanolamine, acetate, lysine,
methionine, glycine, myo‐inositol, scyllo‐inositol

Metabolites altered in malignant conditions
(identified using NMR)

(Continues)

33,216,217

215

210-214

200,203-209

200-202

199,200

35,197,198

193-196

192

193

192

191

Reference
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(Continued)

LR, Pearson's correlation
coefficient, Student's t‐test

1D 1H with WATERGATE
suppression, 2D 1H–1H COSY,
2D 1H–13C HSQC, 1D 13C
1D 1H HRMAS, 1D 1H
(NOESY, CPMG), 2D 1H–31P HMBC

1D 1H NMR

Seminal fluid/
prostatic secretion

Tissue/tissue extract/
cell culture extract

Serum

ANOVA, DFA‐PCA

Mann–Whitney U‐test, HCA

PCA, PLS‐DA

PCA, OPLS‐DA, PLS‐DA

Statistical
methods used

1D 1H with water
presaturation

TOCSY, 1H–1H COSY,
1
H–13C HSQC, 1H–13C HMBC
1D 1H HRMAS
(NOESY, CPMG), 2D JRES,
2D 1H–1H COSY

NMR experiments used

Urine

Tissue/tissue extract/
cell culture extract

Biological
samples
used

Citrate, choline, phosphatidylcholine,
glycerophosphatidylcholine,
glycerophosphatidylinositol, lactate, taurine,
glucose, tyrosine, aspartate, glutamate, alanine,
UDP sugar conjugates, triacylglycerol, mucins,
myo‐inositol
Glycine, sarcosine, alanine, xanthine, pyruvate,
citrate, creatine, creatinine, 3‐methylhistidine,
hypoxanthine

Myo‐inositol, phosphocholine, spermine,
citrate, glutamine, alanine, lactate,
hydroxybutyrate, valine, leucine, sarcosine
Citrate, myo‐inositol, spermine

dimethylglycine, propionate, proline,
lactate, glutamate, glutamine
Lipids, choline containing compounds, taurine,
scyllo‐inositol, glycine, polyethyleneglycol,
polyethanolamine, lactate, phosphocholine, glucose

Metabolites altered in malignant conditions
(identified using NMR)

232

225,228-231

225-227

222-224

218-221

Reference

ADP, Adenosine Diphosphate; ATP, Adenosine Triphosphate; DFA‐PCA, Discriminant Function Analysis‐Principal Component analysis; LDA, Linear Discriminant analysis; LR, Linear Regression; NAD, Nicotinamide
adenine dinucleotide phosphate; NADP, Nicotinamaide adeneine dinucleotide phosphate; UDP, Uridine Diphosphate.

Prostate cancer

Type of
cancer

TABLE 1
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previous reviews.233,234 For statistical analysis, the most common method is PCA, combined with PLS, OPLS and DA. Alteration in metabolic profiling also occurs when we use different types of sample. Different metabolic pathways are active in different types of cancer.235 Profiling of urine,
sputum, serum, EBC, tissues and tissue extracts (aqueous as well as hydrophobic fractions), faecal extracts and seminal secretions provides indications of alterations in major metabolic pathways. Profiling of each type of sample indicates different types of variation. Metabolite profiling of
urine indicates alteration in metabolic pathways, such as amino acid metabolism, as well as nicotinamide and metabolism, together with the metabolism of microorganisms found in samples. Sputum profiling indicates alterations in carbohydrate and amino metabolism. Serum and plasma profiling indicate changes in carbohydrate, lipid and amino acid metabolism. EBC mainly consists of volatile organic compounds formed during
propanoate, amino acid, lipid and inositol phosphate metabolism and metabolites resulting from the metabolism of microorganisms. Faecal extract
profiling may indicate changes in carbohydrates, such as pentose and amino sugars, lipids, amino acids and gut microflora metabolism. Seminal
secretions exhibit changes in amino acid and energy metabolism.
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C O N CL U S I O N

With the advent of advances in NMR methodology, the field of metabolomics is experiencing a growth spurt. This review briefs the general procedure for the performance of metabolomics in disease conditions. A detailed description of each of the methods for NMR spectral acquisition,
processing and statistical analysis is beyond the scope of this review and can be found in the referenced articles.

ABBREVIATIONS USED
2D/2D/3D

one‐/two‐/three‐dimensional

ADEQUATE

adequate double quantum transfer experiments

ALS

asymmetric least‐squares smoothing

ANOVA

analysis of variance

BAA

Bayesian approach for alignment

BALF

bronchoalveolar lavage fluid

BCAA

branched chain amino acid

BML‐NMR

Birmingham Metabolite Library Nuclear Magnetic Resonance

BMRB

Biological Magnetic Resonance Data Bank

BMS

bulk magnetic susceptibility

BTMSB

1,4‐bis(trimethylsilyl) benzene

ChemSP

chemical shift to metabolic pathways

CluPA

cluster‐based peak alignment

COSY

correlation spectroscopy

COW

correlation‐optimized warping

CPMGPR

Carr–Purcell–Meiboom–Gill presaturation

CVA

canonical variates analysis

DA

discriminant analysis

DASCO

discriminant analysis with shrunken covariance

DEPT

distortionless enhancement by polarization transfer

DIMS

differential ion mobility spectrometry

DMA

Dimethyl Acetamide

DNP

dynamic nuclear polarization

DOSY

diffusion‐oriented spectroscopy

DQ‐SQ

double quantum–single quantum correlation experiments

DQF‐COSY

double quantum‐filtered correlation spectroscopy

DSA

4,4‐dimethyl‐4‐silapentane‐1‐ammonium trifluoroacetate

DSS

4,4‐dimethyl‐4‐silapentane‐1‐sulfonic acid

DTW

dynamic time warping

DUMBO

Decoupling Uses Mind Boggling Optimization

EBC

exhaled breath condensate

ERETIC

electronic reference to access in‐vivo concentrations

FME

forward maximum entropy

FT‐ICR‐MS

Fourier transform‐ion cyclotron resonance‐mass spectrometry

GC‐MS

gas chromatography‐mass spectrometry

GFHT

generalized fuzzy Hought transformation
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HCA
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Hierarchial Cluster Analysis

HETCOR

heteronuclear correlation

HMBC

heteronuclear multiple bond correlation

HMDB

Human Metabolome Database

HMQC

heteronuclear multiple quantum correlation

HPLC‐MS

high‐performance liquid chromatography‐mass spectrometry

HR‐MAS

high‐resolution magic angle spinning

HSE

Hahn spin echo

HSQC

heteronuclear single‐quantum coherence

icoshift

interval correlated shifting

INADEQUATE

incredible natural abundance double‐quantum transfer experiments

INEPT

insensitive nuclei enhanced by polarization transfer

JRES

J‐resolved spectroscopy

KEGG

Kyoto Encyclopedia of Genes and Genomes

KNN

K‐nearest neighbours

LC‐MS

liquid chromatography‐mass spectrometry

LDI‐MS

laser desorption ionization‐mass spectrometry

Lowess

locally weighted scatter plot smoothing

MDL

Metabolomics Database of Linkoping, Sweden

MLR

multiple linear regression

MPPCA

multiple probabilistic PCA

MQMCD

Madison‐Quingado Metabolomics Consortium Database

MRMD

Magnetic Resonance Metabolomic Database

MWCO

molecular weight cutoff

NLS

non‐linear sampling

NMR

nuclear magnetic resonance

NOESY

nuclear Overhauser effect spectroscopy

NOESYPR

nuclear Overhauser effect spectroscopy with presaturation

OLS

ordinary least squares

OPLS

orthogonal partial least squares

PABS

peak alignment by beam search

PAFFT

peak alignment by fast Fourier transform

PAGA

peak alignment by genetic algorithm

PAPCA

peak alignment by PCA

PARAFAC

parallel factor analysis

PARS

peak alignment using reduced set

PCA

principal component analysis

PCANS

progressive consensus alignment of NMR spectra

PHIP

para‐hydrogen‐induced polarization

PIG

pulse into gradient

PLF

partial linear fit

PLS

partial least squares

PPCA

probabilistic PCA

PQ

probabilistic quotient

PRIMe

Platform for RIKEN Metabolomics

PTW

parametric time warping

QUANTAS

quantification by artificial signalling

RANSY

ratio analysis NMR spectroscopy

REDOR

rotational echo double resonance

RF

radiofrequency

RMSE

root‐mean‐square error regression

ROC

receiver operating curve

RSPA

recursive segment‐wise peak alignment

SENSI

signal enhancement by spectral integration
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SHOCSY
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statistical homogeneous cluster analysis

SIDMAP

stable isotope‐based dynamic metabolic profiling

SIMCA

soft independent modelling of class analogies

SIRM

Stable Isotope‐Resolved Metabolomics

SOM

self‐organized map

STOCSY

statistical correlation spectroscopy

STORM

subset optimization by reference matching

SUPER

Separation of Undistorted Powder patterns by Effortless Recoupling

SVM

support vector machines

TMA

Trimethylamine

TMAO

Trimethylamine N‐oxide

TMS

tetramethylsilane

TOCSY

total correlation spectroscopy

TSP

sodium 3‐(trimethylsilyl) propionate‐2,2,3,3‐d4

UPLC‐MS

ultrahigh‐performance liquid chromatography‐mass spectrometry

WHO

World Health Organization
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