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ScienceDirect
Challenges, progress and promises of metabolite
annotation for LC–MS-based metabolomics
Romanas Chaleckis1,2, Isabel Meister1,2, Pei Zhang1,2 and
Craig E Wheelock1,2
Accurate annotation is vital for data interpretation; however,
metabolite identification is a major bottleneck in untargeted
metabolomics. Although community guidelines for metabolite
identification were published over a decade ago, adaptation of
the recommended standards has been limited. The complexity
of LC–MS data due to combinations of various
chromatographic and mass spectrometric acquisition methods
has resulted in the advent of diverse workflows, which often
involve non-standardized manual curation. Herein, we review
the parameters involved in metabolite reporting and provide a
workflow to estimate the level of confidence in reported
metabolite annotation. The future of metabolite identification
will be heavily based upon the use of metabolome data
repositories and associated data analysis tools, which will
enable data to be shared, re-analyzed and re-annotated in an
automated fashion.
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Metabolomics and sample complexity
The metabolome refers to the complement of small
molecules (usually <1500 Da [1]) present in cells, tissues
and body fluids. Hundreds to thousands of well-known
primary metabolites can be found across species due to
shared core metabolic pathways among organisms (e.g.,
glycolysis, TCA cycle) [2]. However, there is a multitude
of secondary metabolites that are not directly involved in
the development, growth or reproduction of the organism,
which display a high degree of structural variability. Many
of these metabolites are produced by plants and microbes
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as means of communication and warfare [3]. Upon ingestion by other organisms, these metabolites are further
modified resulting in a concomitant increase in the structural diversity [4]. Accordingly, the number and structural
variety of metabolites constitutes a significant analytical
challenge in terms of detection and annotation.
Liquid chromatography (LC) coupled to mass spectrometry (MS) has become an established technique for metabolomics studies due to high sensitivity [5–7]. Targeted
approaches can measure and potentially quantify specific
classes or groups of metabolites, while untargeted
approaches aim to acquire as much metabolic information
as possible. Although the accuracy, resolution and speed
of the instrumentation for LC–MS metabolomics have
improved over the last decade, covering the complexity of
the metabolome remains a major challenge. An individual
sample can contain thousands to tens of thousands of
metabolites with diverse chemical structures of varying
concentration [8]. For example, >20 000 features can be
detected in a single metabolomics run; however, the
number of reported metabolites is usually at least an
order of magnitude lower [9]. The experimental design,
including sample extraction and choice of the LC and MS
methods, inherently favors the detection of certain categories of metabolites. In addition, many of the signals
detected from the LC–MS system are artifacts from
sample collection and handling as well as adducts, complexes and fragments of metabolites [10]. High abundant
signals are often traced back to concentrated metabolites
such as glucose (4 mM in blood), creatinine (10 mM in
urine (Figure 1)), salts (e.g., 140 mM sodium in blood),
chemicals introduced during sampling (e.g., EDTA in
plasma collection at high mM) or system contaminants (e.
g., plasticizers). Individuals can evidence variable levels
of specific compounds and their associated metabolites
due to diet (e.g., anserine, trimethylamine-N-oxide), lifestyle (e.g., cotinine, caffeine), disease (e.g., 1,5-anhydroglucitol), and/or therapeutic status (e.g., paracetamol)
[5,11–15]. This complexity is further confounded by
variations in the individual microbiome composition.
Finally, usually more than two thirds of the detected
peaks are of low abundance, a fraction of which are
potentially significant, but not yet reported metabolites
(Figure 2). The proportion of the peaks in the different
abundance categories depends very much on the sample,
its preparation protocol, LC–MS method as well as data
processing cut-offs and settings. Our estimation is on the
optimistic side, with reported numbers being lower (e.g.,
www.sciencedirect.com
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3D plots of urine LC–MS metabolomics data measured on a HILIC column in positive ionization mode as described in Naz et al. 2017 [32]. (a)
Overview of the chromatographic data (RT 0–15 min, 100–300 m/z). The large peak indicated by the arrow is creatinine. Note the noise signals and
busy regions in the chromatography. (b) 10-Fold zoom-in (RT 0–15 min, 150–300 m/z) of panel A. Plots were generated using MZmine 2 software
[54]. RT: retention time.

the high, medium, and low abundant peaks are 1, 7 and
92% in the respective categories [16]).

Metabolite annotation: importance and
current standards
In order to convert LC–MS data into biological information, metabolites need to be annotated and the number
of data processing tools is continuously growing [17,18].
Usually a single compound identity is chosen over
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Abundance distribution of the peak intensities and availability of MS/
MS spectra in metabolome data.
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several other valid possibilities for enrichment and pathway analyses (e.g., CHEMRICH [19], MetaboAnalyst
[20]) or integration with other omics data sets. A correct
annotation therefore is pivotal. For LC–MS-based metabolomics, several criteria are used for metabolite identification, including AM (accurate mass), RT (retention
time), MS/MS (fragmentation pattern), and information
on the study design (Figure 3). In order to assess the
confidence of an annotation, the Metabolomics community proposed defined metrics [18,21,22]. Briefly, level
0 is the strongest level of annotation and includes
stereochemistry discrimination, followed by level 1 that
requires the use of a chemical standard and at least two
orthogonal techniques (e.g., AM and RT). Level 2 is
confirmation by a class-specific standard, and level 3 by
one parameter (e.g., AM), while level 4 is the featurelevel without annotation. However, the existing standards are not rigorously adhered to [23] and the current
level 1 description is insufficient to reflect the full range
of annotation efforts beyond its minimal requirements
(e.g., AMRT and MS/MS and ion ratio). Depending on
the field, there have been efforts for more explicit
reporting standards (e.g., plant metabolomics [24]), especially including the handling of MS/MS information for
compound identification. At the metabolomics community-level; however, a coordinated update is still pending, adding confusion in an already highly technical and
demanding research field. The field would benefit from
increased requirements from publishers and funding
agencies to follow the recommended reporting standards
as well as to make the data available in public
repositories.
Current Opinion in Biotechnology 2019, 55:44–50
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Figure 3
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A common annotation pipeline. Different pieces of information are
used to compile a short list of candidate compounds. The final
metabolite identities are reported following inspection and curation of
the data.

Why are AM and RT not sufficient in
untargeted metabolomics?
Current high-resolution Time-of-Flight and Orbitrapbased mass spectrometers have low to sub-ppm error
[25], enabling high precision in estimating AM from
which the elemental composition can be determined.
AM is usually the core component for compound annotation (Figure 4a). However, even a sub-ppm accuracy
alone is insufficient for unambiguous formula generation
[26] and already a relatively simple formula such as
glutamine (C5H10N2O3) can have over one million theoretical structures [27]. Secondly, for some compounds, the
molecular ion that is generally used for formula generation and structure elucidation is minor, with an in-source
fragment being more prominent [28]. In the case of
untargeted metabolomics, including possible in-source
fragmentation and adducts dramatically expands the
number of potential candidates. Finally, the routine
method for formula generation, usually with the elements
C, H, O, N, P and S, eventually Cl, Na and K, might be
insufficient for annotating an unknown. When sampling
at the population level, exogenous and rare compounds
can reach mM concentrations in some samples and
become detectable by metabolomics. For example, selenium-containing metabolites, such as selenoneine, have
been measured in human blood due to consumption of
Se-containing fish [29]. Given the diversity of secondary
metabolism, especially when accounting for widely
unknown microbial contributions, there are often several
plausible metabolite candidates.
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Annotation at level 1 confidence can be achieved if RT is
included as an orthogonal parameter to MS, which
requires the use of chemical standards. In order to address
this need, an increasing number of commercial chemical
libraries have become available (IROA, MetaSci, Merck).
This has significantly reduced the resource-consuming
endeavor of constructing in-house AMRT libraries. In the
case where confirmation by a chemical standard is not
feasible, metabolite annotation can be supported by RT
predictions based upon modelling [30] and on
‘projections’ to similar LC methods [31]. Among other
limitations, modelling-based RT predictions usually need
an already characterized chromatographic system and RT
projections only work well for similar LC methods. The
major challenge regarding the use of RT for untargeted
metabolomics annotation is the high number of closely
eluting compounds. In fact, maximizing the number of
compounds that can be monitored within a single analytical run inevitably results in a crowded chromatogram
(Figure 1). The problem is that RTs in some LC–MSbased methods (e.g., HILIC — hydrophilic interaction
liquid chromatography) are not stable enough to provide
sufficient resolution for closely eluting compounds; even
minor differences in chromatographic conditions (e.g.,
pH, matrix effects) can result in RT shifts and affect
compound elution order. Consequently, using AM and
RT alone for compound annotation does not always
unequivocally identify a single candidate [32,33]. As a
matter of fact, the evaluation of the RT parameter for
compound annotation involves not only reporting the
deviation to the RT of chemical standards, but also
monitoring closely and potentially co-eluting same m/z
from multiple compounds in the sample (Figure 4b).

MS/MS strengths and limitations
By contrast to AM alone, the MS/MS fragments originating from the same molecule can be used to elucidate the
chemical formula and structure and therefore contribute
to the discrimination of closely eluting compounds. In
data dependent targeted MS/MS approaches, ions are
isolated in a narrow (1–4 Da) window before fragmentation, while data independent acquisition techniques
gather MS/MS spectral information over a broader or full
mass range [34]. For data independent acquisition, specific tools (e.g., MS-DIAL [35], MetDIA [36]) are needed
to deconvolute the MS/MS spectra. In addition, in-source
fragmentation spectra from MS1 can be obtained by
CAMERA or RAMclust [37,38] providing additional
annotation support. Compound identification using MS/
MS spectra has been greatly facilitated by the growing
number of spectral databases, algorithm improvements
and user-friendly software [18,39]. For example, software
such as MS-FINDER enables the user to easily interrogate several databases [40]. However, multiple challenges
remain for performing a MS/MS search in spectral databases. First, each molecule has an optimal fragmentation
energy, which might not be the one applied in the data
www.sciencedirect.com
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Step-by-step workflow to assess the confidence of compound identification. Confidence in metabolite identification is established by fulfillment of
the indicated criteria. (a) Accurate mass is the starting point for compound identification. Higher ppm errors suggest technical issues or false
annotation. (b) Retention times are highly dependent on the LC method used. Better chromatographic separation provides increased confidence in
the annotation. (c) MS/MS spectra are a powerful way to verify the identity of a compound. The comparison depends on many factors, therefore
in practice an overlap of several major fragments between library and experiment can be used as minimum requirement. (d) Sample information
can provide important information for strengthening the confidence in compound annotation. Metabolite identification criteria are indicated by the
symbol of the eye, and the caution symbol indicates experimental parameters that should be considered when annotating metabolites.
Abbreviations: MS, mass spectrometry; LC, liquid chromatography; IS, internal standard (e.g., isotopically labeled amino acid); RP, reversed
phase; HILIC, hydrophilic interaction liquid chromatography; S/N, signal to noise ratio; QC, quality control.

acquisition. In other words, the further the experimental
fragmentation energy from the optimum, the less informative the spectra. Moreover, small molecules (<150 Da)
often generate few and rather generic fragments making
the interpretation difficult. Finally, the majority of the
www.sciencedirect.com

features in the LC–MS data are of low abundance (Figure 3), posing a challenge to obtain a meaningful MS/MS
spectrum. In addition, acquiring MS/MS data reduces the
time available for the MS1 scans thereby decreasing the
overall method sensitivity [41]. For smaller scale studies
Current Opinion in Biotechnology 2019, 55:44–50
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with abundant sample material, LC–MS measurements
can be repeated several times with different LC–MS
methods, but for large-scale studies methods with simultaneous MS/MS spectra acquisition are preferable [32,41].
Alternatively, only MS1 data are gathered in study samples to increase the sensitivity and in addition MS/MS
data are only obtained from pooled quality control samples. In this case, the MS/MS spectra are averaged over
the entire study and do not necessarily reflect the MS/MS
spectra in individual samples. Therefore, in order to
obtain usable MS/MS spectra for identifications, compound separation is important as well as striking a balance
between sensitivity and specificity.
Another major issue in MS/MS annotation is the lack of
reporting standards for spectral matching combined with
the complexity of parameters to report. First, a scoring for
the quality of the spectral match between experimental
and database fragments should be provided. A scoring
might already be provided within each identification
software, but it varies according to the scoring formulas
specific to each tool. For example, the number of matched
fragments versus the match in fragment intensities might
be weighted differently, hence complicating the evaluation of the spectral match quality. Also, the extent of
coverage used for spectral matching should be reported.
For a simple AM database match, smaller customized
databases simplify the annotation by reducing the choices
and thereby reducing false discovery rates [42] — at the
cost of missing less common compounds [43]. Therefore,
the choice of database to interrogate the data influences
the list of potential candidates for annotation and only
recently FDR (false discovery rate) estimation methods
have been developed [44]. Finally, the use of real-data
and/or in silico databases for spectral matching will also
have an impact on the annotation confidence. In fact, new
MS/MS identification tools are regularly benchmarked by
the CASMI challenge [45], with the combination of realdata repositories and in silico fragmentation algorithms
currently providing the best results [46]. However, reporting the source and type of spectra that were used for
annotating each metabolite is another level of complexity.
In practice, to evaluate the compound annotation, the
number of several major MS/MS fragments matching
with library spectra is important (Figure 4c); in the case
of co-eluting compounds, there is increased confidence if
a fragment specific for a particular compound is found.
Many aspects of metabolomics data processing are understood and multiple tools have been developed [17,18].
Although the standard scenarios are served well with
current software, many of the more uncommon applications require makeshift solutions and manual curation.
For compound annotation, it is especially challenging to
incorporate additional information due to study-to-study
variation in sample preparation and LC–MS techniques
(Figure 4d). In consequence, the quality of the curations
Current Opinion in Biotechnology 2019, 55:44–50

depends on the background and the experience of the
curator (Figure 2). In practice, however, assessing the
accuracy of annotation is a daunting task. There is a need
to provide clear parameters for annotation confidence for
each reported compound. In Figure 4, we provide a stepby-step workflow to assess the parameters used in the
annotation process. These parameters can be extracted
from the raw data and should be made readily available to
the research community for all published studies.

Annotation, the way forward
It remains a challenge to annotate novel compounds and
low abundant compounds with no usable MS/MS data
available in addition to AM and RT. Therefore, developing targeted extraction protocols for particular metabolite classes together with specific depletion of highly
abundant compounds (e.g., molecular imprinting [47])
could be a promising approach. In addition, the gap in
unknown compounds might be closing as more enzymatic
functions are understood. Of note, it is estimated that
>600 and >2000 protein enzymatic functions remain to
be characterized in budding yeast and humans, respectively [48]. Therefore, integrating the knowledge of metabolic networks with database searches [49] should provide more powerful identification tools. Databases used
for compound identification keep growing. For example,
the Human Metabolome Database (HMDB) currently
contains >100 000 compounds [50] and PubChem consists of 100 million compounds. Periodic re-annotation
cycles as new compounds are discovered might result in
additional information, provided that the raw data is
available to the community.
The continued improvements and automation of data
analysis workflows are expected to result in essentially
all data (re)processing being performed in the cloud. A
clear example of this future is the application of XCMS
online with support of artificial intelligence [41,51,52].
Open spectral repositories with downloadable spectra and
straightforward submission system (e.g., MassBank and
MoNa (MassBank of North America)) will play a key role
in facilitating such community efforts. For example,
experimental MS/MS data together with RT for thousands of compounds using different chromatography are
readily available for download at MoNA. In LC–MS,
integrating multiple studies analyzed with similar methods should facilitate annotation, such as BinBase for GC–
MS data [53]. Therefore, raw data sharing opportunities
(e.g., Metabolights, Metabolomics Workbench) combined with automated processing and easy to report
parameters should assist in reporting the annotation confidence level. In the coming years, we expect the metabolite annotation to become less of a burden to researchers
due to improvements in software tools and the growth of
databases with the contribution of the whole research
community.
www.sciencedirect.com
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