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I. Introduction
Advances in apparatus design and overall technology are 
increasingly enabling deeper reporting of the metabolome. In a 
single LC-MS analysis of a metabolite extract, several thousand 
features may be detect, depending on the ion intensity or signal-
to-noise thresholds in place for downstream data processing. The 
challenge is to recognize each one of these in a high-throughput 
manner to obtain relevant biological in order from comparative 
samples, predominantly in the context of biomarker discovery. In 
a recent study of Cyanothece sp. ATCC 51142 metabolite extracts, 
784 facial appearance were reproducibly observed across both 
columns of a dual-column tube LC system, but only 12 of these 
(1.5%) were structurally acknowledged in a 150 min separation 
(unpublished data). This illustrates both the weakness and weakness 
of LC-MS based metabolic profile and metabolomic studies for 
biomarker discovery, i.e. high-efficiency separations coupled with 
responsive ESI-MS enables deep coverage of the metabolome 
and the detection of many candidate biomarkers. However, the 
structures of applicant biomarkers may not be easily elucidated, 
particularly if they are novel and in print work on the compound 
class is unavailable or a priori information is lacking otherwise. 
Thus, the greater than ever sensitivity of today’s technology allows 
for deeper delving into the metabolome, but also results in a higher 
proportion of features remaining structurally unidentified. The 
following section tourist attractions the tools available for the 
structural elucidation of candidate biomarkers utilizing LC-MS-
based approach.

II. Accurate Mass Capacity
Mass spectrometers with relatively low mass resolution, such 
as single and triple quadrupole MS, usually measure the mass 
to charge ratio of an ion to the nearest whole number. However, 
instruments such as TOF, Orbitrap™, and FTICR MS (review in] 
and) are capable of accumulation resolutions of 10,000, 60,000, 
and 105–106 , respectively, and can result in mass measurement 
errors ≤ 3 ppm, 1 ppm, and 0.1 ppm, respectively, during infusion-
based analyses in combination with internal calibration. From 
such accurate mass capacity, candidate empirical formulae of 
detected species may be determined based on the mass defect, or 
the difference flanked by the masses of the individual isotopes for 
a given element and the nominal mass (which is equivalent to the 
integer of protons and neutrons combined). One or more empirical 
formulae may be generate for each metabolite feature, based on 
the achieved mass measurement accuracy (MMA) and the mass 
of the detected species; larger m/z result in a higher quantity of 
candidate empirical formulae, as more combination of elements 
can be combined to achieve the intention mass.
Aharoni et al. recently utilized APCI and ESI in positive and 
negative modes attached with FTICR MS in untargeted metabolic 
fingerprinting studies of strawberry fruit expansion and identified 
changes in the levels of known fruit metabolites. Metabolite 
extracts were introduced with no chromatographic division, 
and data was acquire over 100 – 1,000 m/z with internal mass 
calibration, resulting in the recognition of over 5000 unique 
monoisotopic masses. Empirical formula were calculated after 

downstream data dispensation to yield chemically meaningful 
combinations of C, H, O, N, P, and S with mass errors < 1 
ppm, and empirical formulae were query against a compound 
database for possible metabolite discovery. Similarly, Oikawa 
and colleagues introduced metabolite extract in both positive and 
negative ESI modes into FTICR MS in a metabolic phenotyping 
study of Arabidopsis seedlings bare to various herbicides. Of 
1560 unique monoisotopic ample identified in the study, 284 were 
tentatively assigned metabolite identifications following queries of 
candidate empirical formula against a metabolite species database. 
Tentative identifications, such as shikimic acid 3-phosphate (Δm 
2.8 ppm), trihydroxy flavanol (Δm −2.5 ppm), and icaritin-3-
rhamnoside (Δm −1.3 ppm), were confirmed or refuted through 
under attack MS/MS studies utilizing sustained off resonance 
irradiation-collision induce dissociation. It should be noted that 
the MMA obtained in FTICR MS studies is strong-minded in part 
by the gadget scan speed, which is dependent on the target ion-
population position in the FTICR cell. For infusion-based studies, 
the scrutinize speed is not an issue and can be several second long. 
However, for LC-based studies, the target ion-population should 
be set such that look into speeds are sufficiently long enough 
to keep up high MMA but not so long that only a few scans 
are obtain for low-abundance species; FTICR MS should not be 
coupled with fast LC separation, where LC peak widths of only 
a few seconds are typical. Such metabolic fingerprinting studies 
described higher than are very high throughput, requiring only a 
few minutes to pull together data per sample; however, because 
the sample constituents were not alienated prior to introduction 
to the MS, ionization containment may limit the coverage of the 
metabolome. In addition, a single empirical formula could be 
assigned to only partially of the detected monoisotopic masses 
in the former study, and positive metabolite identities were more 
easily assigned to monoisotopic masses up to 300 m/z, due to 
multiple empirical formulae at superior mass values. Despite 
the high mass resolution, the outstanding masses could not be 
unambiguously assigned to metabolites, although their putative 
empirical formulae provide approaching into the chemical class 
to which they may be in the right place (eg. C6H12O6 assigned 
as only a hexose). The authors point out that while the empirical 
formula of an unknown metabolite is a commanding and specific 
clue to its identity, it cannot provide unambiguous identification 
due to the opportunity of structural isomers and that orthogonal 
and complementary data are required. Indeed, our own tentative 
metabolite identifications in human being plasma (Table 1) are 
a result of harmonizing data from accurate mass measurements, 
targeted MS/MS studies, and assessment of elution times and 
mass spectra to authentic principles, as applicable. Accurate mass 
capacity should therefore be considered as one piece of the puzzle 
when authentic principles for otherwise tentatively identified 
metabolites are engaged.

III. Mass Dimension Accuracy of Cautiously Identified 
Human Plasma Metabolites
Metabolites were extract from human plasma using cold (−20°C) 
methanol (4:1, v/v) with concomitant protein rain and removal 
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via centrifugation. extract were dried in vacuo, reconstituted in 
water, and analyze using capillary LC coupled with Orbitrap MS 
detection over a mass variety of 100–1000m/z. Metabolite masses 
were strong-minded by averaging the mass spectrum across the 
full-width at half-maximum for the equivalent LC peaks. Further 

validation of tentative identifications was made by comparison of 
theoretical and experiential isotopic distributions (see Fig. 1) and 
by using under attack MS/MS data and comparison to authentic 
standards, as appropriate (Unpublished data).

Table 1: Mass Dimension Accuracy of Cautiously Identified Human Plasma Metabolites
Metabolite Observed m/z Predicted m/z Mass error (ppm)
Tryptophan 205.0971 205.0977 2.9
Riboflavin 377.1456 377.1461 1.3
Tetradecanoylglycerophosphatidylcholine 468.3090 468.3090 0.0
Pentadecanoylglycerophosphatidylcholine 482.3245 482.3246 −0.3
Hexadecenoylglycerophosphatidylcholine 494.3255 494.3246 −1.7
Hexadecanoylglycerophosphatidylcholine 496.3394 496.3403 1.8
Heptadecenoylglycerophosphatidylcholine 508.3414 508.3403 −2.2
Heptadecanoylglycerophosphatidylcholine 510.3558 510.3559 0.3
Octadecatrienoylglycerophosphatidylcholine 518.3260 518.3246 −2.6
Octadecadienoylglycerophosphatidylcholine 520.3393 520.3403 1.9
Octadecenoylglycerophosphatidylcholine 522.3566 522.3559 −1.3
Octadecanoylglycerophosphatidylcholine 524.3711 524.3716 0.9
Eicosapentaenoylglycerophosphatidylcholine 542.3246 542.3246 0.0
Eicosatetraenoylglycerophosphatidylcholine 544.3387 544.3403 2.9
Eicosatrienoylglycerophosphatidylcholine 546.3549 546.3559 1.9
Docosahexaenoylglycerophosphatidylcholine 568.3396 568.3403 1.2
Docosapentaenoylglycerophosphatidylcholine 570.3574 570.3559 −2.5
Bilirubin 585.2701 585.2713 2

IV. Isotopic Allocation in Sequence
Zubarev et al. have beforehand reported that a MMA of 
approximately ±1 ppm is sufficient for influential the unique 
elemental work of art of peptides up to 700–800 Da and for 
determining the amino acid work of art for peptides up to 500–600 
Da. Peptides are fundamentally linear polymers of 20 possible 
monomers (in the unmodified state), and such determinations are 
exercises in arithmetic with finite answers. In contrast, metabolite 
structures are constrained only by the corporeal and chemical laws 
determining the stability of a fastidious structural conformation. 
It is possibly wrong to discuss the “substance difficulty” of the 
metabolome; an test of the KEGG Ligand database content in 
2003 (~10,000 entries) showed that the average composition of a 
metabolite, C 16.55 H 22.77 N 1.434 O 5.948 S 0.1539 P 0.2342, 
is not terribly different from that of a peptide C 4.938 H 7.758 N 
1.358 O 1.477 S 0.0417 (when considering only C, H, N, O, S, and 
P) or C 4.938 H 6.793 N 0.4279 O 1.774 S 0.04590 P 0.06987 when 
normalized such that C = 4.938. The only important differences 
are found in the nitrogen and phosphorous content; both nitrogen 
and phosphorous provide a negligible payment to the M+1 isotope 
at 0.03% and 0%, respectively. Thus, it is likely worse to speak of 
the “functional complexity” of the metabolome, as the rudiments 
typically comprising a metabolite may be arranged in any manner 
of functionalities. It is this useful complexity that results in the 
difficulties linked with assigning unique metabolite identifications 
based on accurate mass capacity alone.
Kind and Fiehn recently perform a rigorous in silico evaluation 
of the level of mass correctness required for unique elemental 
composition forecast for detected metabolites, enforcing strict 
chemical constraints in the strength of mind of all chemically 
possible empirical formula between a molecular mass of 20 and 

500 Da. Their calculations indicate that the higher mass limit for 
determining the unique rudimentary composition of a metabolite 
with 1–3 ppm MMA is only 126.0000 Da. Importantly, the number 
of putative experiential formulae increase rapidly above this mass 
value, and they suggest that additional constraint are needed to limit 
the number of exceptional formulae that may correspond to a given 
mass quantity. Such evaluation are enlightening in the context of 
LC-MS-based metabolic profiling and metabolomic studies for 
biomarker detection, where hundreds to thousands of metabolite 
skin may be tracked among comparative samples, depending 
on the front end disjointing efficiency and ESI sensitivity. It is 
conceivable that tens to hundreds of candidate biomarkers may be 
exposed out of such datasets, and that automated, high-throughput 
analysis of LC-MS data geared towards structural elucidation of 
biomarkers would be required to assign biological significance to 
the results. The processing of large datasets from high resolution 
mass spectrometers to reduce detected metabolite features to lists 
of monoisotopic masses is becoming more common and specific 
examples have been briefly described above. Less common are 
automated software packages geared towards producing candidate 
empirical formulae from these lists of monoisotopic masses. 
As discussed by Kind and Fiehn, additional information other 
than accurate mass measurements is required to constrain the 
list of candidate empirical formulae to a manageable number. 
They demonstrate that 64 empirical formulae are possible at a 
molecular mass of 500 when determined at a MMA of 3 ppm 
(the MMA of most commercial TOF MS utilizing internal 
calibration); further, 1045 empirical formulae can be generated 
for a molecular mass of 900 (the upper mass limit in metabolite 
profiling and metabolomics experiments is typically 1000 m/z) at 
the same MMA. However, when applying an orthogonal isotopic 
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distribution filter (i.e. matching the theoretical isotopic distribution 
of each candidate empirical formula for a given monoisotopic 
mass to the experimentally determined isotopic distribution) 
with 2% accuracy, the number of achievable empirical formulae 
are reduced to 3 and 18 for molecular masses of 500 and 900, 
respectively, at a MMA of 3 ppm. Although not strong-minded 
in that study, the number of possible empirical formulae may 
be further reduced to as few as 1 depending on the molecular 
accumulation at lower MMA. While the computational burden of 
generating putative empirical formulae for applicant biomarkers 
may not be considerably reduced through the amalgamation of 
an isotopic distribution filter into automated software algorithms 
by now utilizing accurate mass information, the downstream job 
of searching compound databases using empirical formulae can 
be drastically improved through the sheer reduction in figures. 
An example in the use of isotopic distribution to aid metabolite 
arrangement elucidation is shown in fig. 1 for four metabolites 
tentatively recognized in human plasma extracts.

Fig. 1: Comparison of Hypothetical and Experimental Isotopic 
Distributions for Four Person Plasma Metabolites

V. Targeted MS/MS Studies and De Novo Structural 
Elucidation
The use of high-resolution accumulation spectrometers in 
combination with isotopic allocation filtering can significantly 
reduce the number of candidate empirical formulae, as discussed 
above. arrogant that the empirical formulae are strong-minded 
from the M+H species of the detected metabolites and not based 
on ions resulting from in-source fragments or adducts (eg. 
sodium, potassium, or ammonium), then the formulae may be 
queried against obtainable metabolite and complex databases 
such as the Kyoto information bank of Genes and Genomics 
(KEGG) Ligand database (http://www.genome.jp/kegg/ligand.
html), the U. S. National Institutes of physical condition 
PubChem database (http://www.ncbi.nlm.nih.gov/entrez/query.
fcgi?CMD=search&DB=pccompound), or the Chapman & Hall/
CRC Dictionary of ordinary Products (http://www.chemnetbase.
com/scripts/dnpweb.exe?search+nbCQhALmG71) database. 
Such an move toward may lead to successful identifications for 
those metabolites that encompass been previously characterized, 

but may prove unproductive for novel biomarkers. Researchers 
then have the alternative of formulating chemical structures from 
the drinkable (based on accurate mass and isotopic distribution) list 
of experimental formulae, which would be a laborious task with 
automated software. Benecke et al.  have previously urbanized 
software, MOLGEN, for the automated age group of all the 
stereoisomers of a given empirical formula; Kind and Fiehn recently 
utilized MOLGEN in an in silico evaluation of an experimental 
formula query against common metabolite and compound 
databases, and the an assortment of databases queried returned 2 to 
181 matches for the molecular formula C15H12O7 (equivalent to 
a pentahydroxyflavone). However, MOLGEN generated 788,000 
stereoisomers for the same molecular formula, highlighting the 
difficulties faced when trying to structurally recognize a novel 
biomarker that may have been until that time uncharacterized. For 
such biomarkers, targeted MS/MS analyses may be obligatory to 
augment accurate mass and isotopic giving out information, in 
order to arrive at more accurate identifications. The preponderance 
of LC-MS instruments with MS/MS capabilities make use of 
Collision-Induced Dissociation (CID) for molecular division, 
during which intra-molecular vibrational energy redeployment 
occurs prior to bond cleavage. Thus, the weakest bonds in the 
target particle tend to dissociate preferentially, consequential in 
product ions corresponding to neutral losses of water, amine, or 
carbon dioxide in MS2 experiments. While such well-designed 
group information is significant for identifying metabolite 
features, multiple stage MS experiments (MS3, MS4, etc.) 
may be necessary to generate sufficient data for total structural 
elucidation. While alternative fragmentation approach such as 
Electron Ionization (EI), Electron Capture Dissociation (ECD), 
and Electron Transport Dissociation (ETD), are obtainable, they 
either are not easily coupled with LC (in the case of EI) or are 
not agreeable to the analysis of singly charged metabolite ions 
(in the case of ECD and ETD). Thus, the accomplishment rate of 
determining metabolite structures based on CID disintegration 
data will ultimately depend on the experience of the individual 
researcher, the availability of in-house or public fragmentation 
libraries of the same or comparable class of compounds, and the 
substance nature of the metabolite itself, in terms of the richness 
of the disintegration data produced. Indeed, there are relatively 
few accomplishment stories in the literature concerning the de 
novostructural elucidation of candidate biomarkers exclusive of a 
priori knowledge of the chemical class of the target molecule. 
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