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Abstract

Untargeted metabolomics aims to quantify the complete set of metabolites within a biological
system, most commonly by liquid chromatography/mass spectrometry (LC/MS). Since nearly the
inception of the field, compound identification has been widely recognized as the rate-limiting
step of the experimental workflow. In spite of exponential increases in the size of metabolomic
databases, which now contain experimental MS/MS spectra for over a half million reference
compounds, chemical structures still cannot be confidently assigned to many signals in a typical
LC/MS dataset. The purpose of this Perspective is to consider why identification rates continue to
be low in untargeted metabolomics. One rationalization is that many naturally occurring
metabolites detected by LC/MS are true “novel” compounds that have yet to be incorporated into
metabolomic databases. An alternative possibility, however, is that research data do not provide
database matches because of informatic artifacts, chemical contaminants, and signal redundancies.
Increasing evidence suggests that, for at least some sample types, many unidentifiable signals in
untargeted metabolomics result from the latter rather than new compounds originating from the
specimen being measured. The implications of these observations on chemical discovery in
untargeted metabolomics is discussed.

Introduction

The last few decades have seen an increasing number of ‘omic technologies become
available to profile biological systems.! One such approach, referred to as metabolomics,
aims to provide quantitative comparisons of metabolite concentrations between samples.
Metabolomics offers some unique advantages relative to the other profiling strategies
available, thereby making it highly complementary. First, metabolite concentrations provide
a direct readout of biochemical activity.2 A change in one or more metabolite levels signifies
an alteration in phenotype. In the context of cellular metabolism, metabolite concentrations
typically change as a result of modified enzyme activity or differences in the rates of nutrient
consumption and excretion. When profiling genes and proteins, in contrast, enzyme
activities and nutrient-exchange rates can only be inferred.3 Second, most biological
processes depend upon metabolism.* Metabolomics provides an opportunity to better define
these relationships between cellular functions and biochemical pathways, some of which are
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likely to be unexpected. From a human disease perspective, such knowledge may reveal new
therapeutic targets.®> From the point of view of metabolic engineering, it could contribute to
increased cellular production of therapeutics and biofuels, improved crop yields, better
strategies for renewable energy, as well as other potential advances in synthetic biology.6-°

A defining attribute of a metabolomic experiment is which metabolites it assays. In theory,
the metabolome describes the complete set of all metabolites in a biological system.10 In
practice, however, measurement of the entire metabolome in a single experiment is not
possible. A challenge, which represents both an exciting opportunity for chemical discovery
and an intimidating analytical burden, is that the size of the metabolome is not well defined.
Metabolites, typically recognized as the small molecules in cells, may be taken up directly
from the environment or produced through endogenous transformation processes. Although
the latter can potentially be predicted from genes or proteins, the former is only limited by
the chemicals that the biological system encounters. Human tissues and biofluids, for
example, contain metabolites derived from the specific foods, drugs, hygiene products, and
pollutants to which a person is exposed (the so-called “exposome™).11 12 Without a list of
molecules present in a sample, metabolome coverage is difficult to quantitatively evaluate.
Regardless of the size of the metabolome, it is clear that no single profiling experiment can
be truly comprehensive for even known metabolites because of the physicochemical
diversity of small molecules.13 Experimental methods that are optimal for analysis of
hydrophobic metabolites are generally not well suited for analysis of hydrophilic
metabolites, and vice versa.1* Attempting to assay as many metabolites as possible in one
experiment is an approach known as “untargeted metabolomics”. Although a humber of
analytical platforms can be used to perform untargeted metabolomics, liquid
chromatography/mass spectrometry (LC/MS) is the most commonly applied and will be the
focus of our attention here.

One Author’s Reflection (G.J.P.)

Ten years ago, | used to entice chemistry students to pursue a research career in
metabolomics by highlighting the thousands of leads from metabolomic data that | argued
might represent new naturally occurring compounds in human serum. By that time, we had
spent several years analyzing human serum with untargeted metabolomics. After attempting
to remove isotopes and well-known adducts from the LC/MS data, we were left with over
twelve thousands peaks having a unique combination of retention-time and m/z values (so-
called “features”).1® Strikingly, MS and MS/MS data for the overwhelming majority of these
features did not provide a match in any of the major metabolomic databases (METLIN,
LipidMaps, HMDB, and MassBank). Even when we turned our attention to a well-
characterized model organism, £. coli, we obtained an equally small number of chemical
identifications.1® Given that MS/MS databases contained most of the metabolites included in
conventional biochemistry textbooks, | was excited by the notion that there were potentially
thousands of metabolites detected by LC/MS-based metabolomics that had not yet been
reported, possibly produced by promiscuous enzyme activity or enzymes with unknown
function.16-20
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Flashing forward to current times, I still show prospective graduate students a pie chart to
illustrate the number of features that we can identify in a typical untargeted metabolomic
experiment. Even for E. coli, the proportion that we have structurally characterized remains
strikingly small relative to the overall size of the dataset (i.e., just a few percent). From a
bird’s-eye view, it may not look like we have made much progress. Indeed, the pie charts |
have been showing for the last ten years do not look all that different. Yet, my interpretation
of the data has evolved considerably. The goal of this Perspective is to outline developments
that have contributed to shifts in my thinking about what, superficially, appears to be the
same general set of structural identifications. As T.S. Eliot wrote, “And the end of all our
exploring Will be to arrive where we started And know the place for the first time.”21

Defining the unknown

The term “unknowns” is often used in the field of metabolomics, but its meaning depends
upon context.22 Generally speaking, an unknown is a feature in a metabolomic dataset for
which an identity has not yet been assigned. Theoretically, every feature in a dataset starts as
an unknown. After data processing, some unknowns will be identified (e.g., amino acids,
central carbon metabolites, etc.) by using typical informatic pipelines. Many unknowns will
remain unidentified after standard data processing, meaning that they do not return a match
in the metabolomic databases or libraries searched. One possible reason why an unknown
does not return a match is because it represents a compound that has not yet been entered in
the database or library searched. These unknowns could correspond to novel compounds
whose chemical structures have not yet been previously described in the literature, but that is
not necessarily the case. In fact, a major goal of this Perspective article is to present evidence
that often these unknowns do not represent novel compounds, at least for the samples most
commonly analyzed in our laboratory. Rather, many unknowns do not return matches
because they are redundant signals, artifacts, and contaminants that are not included in
metabolomic databases and libraries (vide infra).23 Other unknowns may arise from unique
metabolites that have not yet been incorporated in the databases or libraries searched, but
these compounds may still be well-studied chemicals. Consider an example when a drug
metabolite is detected from a patient sample. Although the drug metabolite may not be in
metabolomic databases, there could be a large body of research describing the chemical. It
would be inappropriate to describe this drug metabolite as a novel compound.

Equivocating the term “unknown” with “unknown metabolite” or “novel compound” can be
highly misleading. First, an unknown is an unidentified feature. Multiple features will be
derived from the same metabolite or compound.24 An unidentified feature could be
redundant for a metabolite already identified. Second, some features may be the result of
informatic errors and chemical contaminants.2 It should not be assumed that an unidentified
feature is biologically meaningful. Third, the number of unknowns in a metabolomic dataset
is a function of the informatic methods being applied. When only small databases and
libraries are searched, for example, then more unknowns will remain. Thus, the number of
unknowns in any particular study is likely to be more indicative of the informatic workflow
and experimental techniques being applied rather than the potential for discovery of
previously unreported metabolites.
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A lesson learned

In 2012, our enthusiasm for discovering previously unreported compounds with LC/MS-
based metabolomics was high. A feature with an 77/z of 809.1550 captured our attention. We
observed it in almost all of the biological samples we had evaluated in negative ion mode,
ranging from £. colito human tissue. At the time, accurate-mass searches in metabolomic
databases provided no matches. Although it is typical that many features do not return
database matches, our interest in this particular signal was piqued by a statistically
significant increase in its intensity in a subset of transformed mammalian cells. We
speculated that, whatever the identity of this signal, it may be relevant to the metabolism of
some cancers.

We decided to invest effort into structurally characterizing the feature. In total, the project
would ultimately involve five graduate students, a postdoctoral fellow, and two professors
over a three year period. Our first step was to perform MS/MS analysis. In retrospect, had
the fragmentation pattern looked more unfamiliar, we may have abandoned the search. We
noted, however, a number of recognizable fragments in the spectra. One fragment had an
my/z of 408.01, for example, which is characteristic of molecules containing adenosine
diphosphate (Figure 1A). Moreover, after culturing mammalian cells in uniform 13C-
glucose, the feature reflected incorporation of five and ten 13C labels. The result was
consistent with synthesis of a ribose component, which is a five-carbon sugar, via the
pentose phosphate pathway. The data were compelling enough to be presented at the
American Association for Cancer Research meeting as a potentially novel metabolite whose
level was increased in some cancer cells. Discussion with conference attendees led to
speculation that the compound might be a damaged nucleotide, similar to the well-
characterized metabolites that others have investigated previously.26-29

In 2015, we determined that /7/z809.1550 was a heteromer formed through adduction of
glutamate and nicotinamide adenine dinucleotide (NAD™) in the source of the mass
spectrometer. The change in intensity we had observed was a result of varying levels of
glutamate, a constituent of the heteromer, between cell types. The fragmentation patterns
looked familiar because they were derived from glutamate and NAD*. The latter contains
two ribose moieties, explaining the shift of five and ten mass units after labeling with
uniform 13C-glucose. Given that the extracted ion chromatograms of glutamate and NAD*
only partially overlap with the separation method we applied, the profile of the heteromer’s
extracted ion chromatogram did not match the profile of either glutamate or NAD™. Thus,
the heteromer eluded our searches for redundant features of the same metabolite on the basis
of chromatographic peak shape similarity (Figure 1B).

The motivation for sharing this anecdote is to highlight that unknown features without
matches in metabolomic databases are not always biologically interesting, even when they
show a statistically significant fold-change between sample groups and have seemingly
interpretable MS/MS patterns and isotope tracing results. We tend to see only the success
stories in research publications.30: 31 Here we show the other side of the coin, where
resources are exhausted without reaching a satisfying conclusion. This example, and many
others, have taught us to think carefully about the complexity of LC/MS-based metabolomic
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data. We urge investigators to consider the roadmap of signal classifications below before
choosing to invest time in characterizing an unknown feature as a potentially novel
compound.

Understanding the challenges of compound identification

Determining the structural identity of features is usually thought of as the bottleneck of the
conventional untargeted metabolomic workflow.32-34 For convenience, we will therefore
consider steps upstream of feature identification together. These include the following
experimental steps, for which thousands of protocols have been published: sample
collection, metabolite extraction, chromatographic separation, and mass spectrometry
analysis.3>46 Additionally, prior to identification, the features must be detected from the
raw data. Feature detection and related informatic functions can be accomplished with any
number of well-established software programs.4’—21 Graphical user interfaces have been
developed for some platforms to facilitate use by investigators with limited expertise in
computer programming.52

Given the wealth of protocols available and the simplicity of applying automated software
solutions, most researchers can readily go from a biological sample to a list of features.53
Translating feature tables into metabolite names, however, is an arduous process. Without
metabolite names, the data provide minimal biochemical insight. Thus, identifying
metabolites is generally recognized as a barrier limiting progress in the field. The major
challenge is that searching a feature’s accurate mass and experimental MS/MS data against
reference libraries frequently does not return a match. Although the number of reference
MS/MS spectra curated in house may be small, the amount of reference MS/MS data that
are freely or commercially available in metabolomic databases has grown considerably in
recent years.15 54 55 Experimental MS/MS data are now available for over a half of a
million authentic compounds (e.g., standards purchased from companies such as
MilliporeSigma).>8 We estimate that this is nearly one hundred times more reference
MS/MS data than were available a decade ago. The subset of model compounds with MS"
spectra, chromatographic retention time, and collisional cross section data from ion-mobility
analyses is also expanding.5”-80 Remarkably, despite these impressive efforts, data from
thousands of features in a standard untargeted metabolomic analysis often still do not match
any of the available reference data from authentic compounds.

With the amount of reference data available, it is interesting to consider why the
identification rate of features in untargeted metabolomic data (i.e., the number of features
structurally characterized relative to the total) continues to be relatively low, even for well-
studied samples such as human plasma and E. coli. One possibility is that a large number of
features being detected correspond to small molecules that have yet to be included in
metabolomic databases and libraries.8! Alternatively, many of the features searched may fail
to return matches because they are not metabolites (e.g., artifacts and contaminants) or
because they represent metabolites that have been modified in the source of the mass
spectrometer (e.g., oligomers, adducts, fragments, etc.).23
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The relative frequency of novel compounds, artifacts, contaminants, and redundant signals
within an experiment is context dependent. Plants and fungi, for example, are likely to have
more novel compounds compared to £. coli?? Impure solvents and dirty containers, on the
other hand, will increase the number of contaminants observed in an experiment. One
contaminant can appear in a dataset as many features because of fragments, adducts,
heteromers, etc. Similarly, the application of poor data processing methods can create a large
number of informatic artifacts. Thus, although the barrier in untargeted metabolomics is
often considered to be the informatic challenge of translating features into metabolite names,
it is important to recognize that the difficulty of this identification process is highly
dependent upon steps upstream in the workflow (Figure 2). Generating a features table may
be perceived to be the “easy” part of metabolomics, but the methods applied to perform
these routine steps determine the complexity of data interpretation (Figure 3).

A map of data complexity in metabolomics

Thus far, we have discussed various types of features that commonly occur when untargeted
metabolomics is performed with LC/MS. The goal of this section is to define each and
describe their relationship to one another (Figure 4). First, we categorize features as being
either biological or non-biological. To distinguish between the two, we consider human
plasma as an example. Human plasma contains endogenous small molecules as well as
exogenous small molecules (e.g., drugs, exposure chemicals, etc.). These endogenous and
exogenous small molecules originate from the sample and therefore we consider any feature
that is derived from them to be biological. We note that, by this definition, not all biological
features represent compounds that were produced in the sample by enzymes.

In contrast, non-biological features do not originate from the sample being measured. There
are two major sources of non-biological features: artifacts and contaminants. Although the
terms artifacts and contaminants have sometimes been used interchangeably to describe
features in LC/MS data, we prefer to adopt the definitions that have been established in the
field of NMR.52 63 Artifacts are man-made signals and do not arise from actual molecules.
A common source of artifacts is distorted chromatographic baselines, which may be
improperly recognized as a feature during peak detection. Another cause of artifacts is
electronic noise from the mass spectrometer.

Unlike artifacts, contaminants do represent real chemicals. Features that arise from
contamination are not biologically relevant because the compounds were not originally
present in the sample prior to its preparation for metabolomic analysis. Frequent
contaminants include solvent impurities, chemical additives used in sample containers, and
carry over from a previous experiment. We point out that it can be experimentally
challenging to differentiate contaminant features from biological features because they can
correspond to the same compound. Palmitate, for instance, is an endogenous metabolite that
is synthesized in the cytosol of mammalian cells. It is also used commercially as a slip agent
when making plastic containers.%4 Features derived from palmitate can therefore be
biological and/or non-biological. One strategy to assess the potential conflation of biological
and non-biological signals is to analyze a blank, which helps identify background
interferences that can then be experimentally or computationally removed.
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Given that contaminants are true chemicals, they almost always show up as multiple features
in a metabolomic dataset. Here we lump all of these features together as not being
biologically meaningful. The structures of each could be individually characterized but, in
our laboratory, we usually stop with the annotation of non-biological.

Small molecules originating from a biological sample also typically produce more than one
feature.55 66 We divide these biological features into those that represent unique compounds
and those that are redundant. There are multiple causes of redundancy, also called peak
degeneracy, which we split into five categories here on the basis of the methods we use to
annotate them. (i) Isotopes: the most prevalent naturally occurring isotope in metabolomic
data is 13C. When a 13C is substituted for a 12C in a metabolite, the resulting mass shift
creates a unique feature. The extent to which 13C and other naturally occurring isotopes
contribute to feature degeneracy depends upon the sensitivity and resolving power of the
mass spectrometer being used for metabolomic analysis. Compared to the other sources of
peak degeneracy elaborated below, naturally occurring isotopes are well defined and can be
calculated from chemical formulae. (ii) Fragments: in most LC/MS-based workflows,
feature detection is performed on data collected from instruments in MS1 mode where no
fragmentation is intended.5 1deally, all features would therefore correspond to intact
metabolites, but some compounds inevitably undergo fragmentation in the instrument at a
frequency that is dependent upon the instrument’s settings. Unintentional fragmentation
(e.g., in-source fragmentation) contributes to degeneracy because a single compound breaks
into two or more pieces, each of which can produce a unique feature. (iii) Adducts: a
metabolite undergoes adduction when it interacts with another chemical species in the
source of the mass spectrometer to form an ion containing all of the metabolite’s constituent
atoms as well as an additional atom or atoms. The chemical species that the metabolite
interacts with could be a halogen, ammonium, another metabolite, or even a contaminant.
For an adduct to form, all chemical participants must be simultaneously present in the source
of the mass spectrometer. Species like halogens and ammonium form adducts with a lot of
different metabolites because they originate from solvents, glassware, etc. and are therefore
persistent throughout the entire chromatographic run. One common example is sodium
adducts, which are characterized by two mass spectral peaks (an [M+H]* and an [M+Na]*)
that are 21.9819 m/z apart. Software programs such as mz.unity take advantage of the
frequency that adducts form by looking for recurring mass differences between pairs of mass
spectral peaks throughout an experiment.88: 69 |n contrast, it is rare for a single metabolite to
form adducts with a large number of other metabolites. This is because metabolites can only
adduct with other metabolites that co-elute, as observed for the glutamate- NAD™ adduct
shown in Figure 1. Consequently, annotating metabolite-metabolite adducts necessitates the
application of unique informatic methods. For convenience, we refer to this sub-class of
adducts as its own fourth category of redundant signals. (iv) Oligomers: the sub-class of
adducts containing two or more metabolites. The oligomers can be homo or hetero in
composition, and can also be complicated by the contribution of contaminants with defined
chromatographic peak shapes. (v) Multiply charged compounds: although relatively
infrequent, one metabolite may form multiple ions with different charge states.”® As an
example, a compound can occur as [M-H]*" and [M-2H]# ions in the same experiment.
Charge states can usually be calculated on the basis of the isotopic distribution of the
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elements in the compound. Taken together, these five categories of redundancy can cause a
single metabolite to be represented as more than 100 different features in LC/MS-based
metabolomics.58

Each group of degenerate biological features represents a unique compound originating from
the sample. The feature in the group corresponding to the protonated or deprotonated
compound is likely to be the most informative for structural identification because of the
availability of reference data on [M+H]* and [M-H]~ ions relative to others.”? In our
experiences with well-studied patient and model-organism samples, a major fraction of the
“unknowns” that do not match reference data end up representing non-biological or
redundant features. Notably, however, there are a small number of features for which that is
not the case.23 Given that these unknowns have been rigorously vetted, it is reasonable to
assert that they represent true novel compounds. Notwithstanding, we still provide a couple
of caveats. First, our experimental and computational approaches to identify unique
biological compounds are evolving. As our methods for annotating data complexity continue
to improve, it is likely that some “novel compounds” will prove to be false positives.
Second, we must bear in mind that not having reference data for a particular compound may
make the metabolite “novel” to the metabolomics community but it could still be a well-
studied chemical in other fields.

Show me your credentials

Assigning features from untargeted metabolomic data to the categories listed in Figure 4 has
been a longstanding effort in the field.5% 72 The process is challenging and, at this time, not
readily automated. A complication is that, for obvious practical reasons, we seek to
categorize features without first identifying their structures. To that end, a number of
innovative approaches have been developed that rely on one or more of the following:
chromatographic peak shape, accurate mass, peak intensity across samples, MS/MS spectra,
and isotopic labeling patterns.24: 68.69. 73-79 Historically, some feature annotations (e.g.,
naturally occurring isotopes) have been easier to make than others (e.g., metabolite-
metabolite heteromers). A detailed description of available annotation methods is beyond the
scope of this Perspective, but we direct readers to a recent review by Stanstrup et al.
describing many of the associated software packages.8® For convenience, we call features
that correspond to biological molecules “credentialed”.

Recently, we sought to perform a rigorous assessment of the number of actual compounds
being measured in a representative untargeted metabolomic analysis of £. co/i.?® To
facilitate credentialing of features, we cultured £. coliin either unlabeled or uniformly 13C-
labeled media. After extracting the metabolites, we mix the samples in a defined ratio and
perform LC/MS analysis.2® The procedure introduces an isotopic signature into biological
features, but not features corresponding to contaminants and artifacts (Figure 5). We were
surprised to find that only a small fraction of the total ~25,000 features in the dataset had
appropriate isotopic signatures. After removing degeneracy from these biological features,
we initially estimated that we were measuring fewer than 900 unique compounds.23 Upon
applying some improved strategies to find degenerate features, the number of unique
compounds was further reduced to half of that. Additional investigations using different
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experimental methods and sample types, from our laboratory and others, have produced a
comparably small number of credentialed compounds in orthogonal untargeted metabolomic
experiments.81

It is important not to equate the number of unique compounds being detected in one LC/MS-
based metabolomic experiment to the total size of the cellular metabolome, or the total size
of the small-molecule exposome.12 Even though untargeted metabolomics is often said to be
global and comprehensive, it has long been recognized that metabolite coverage is highly
dependent upon experimental conditions.36: 82 Data from credentialing experiments do not
indicate that the metabolome is smaller than anticipated, but rather indicate limitations in the
experimental coverage of existing LC/MS protocols.38 Indeed, among the hundreds of
unigue compounds that we have credentialed, there are some that likely represent novel
compounds. We also want to point out that while we have focused on the protonated and
deprotonated feature of unique biological compounds, we are not suggesting that all of the
remaining features be discarded. To the contrary, these features can provide valuable
insights. Some examples include leveraging knowledge of informatic artifacts to improve
software performance, identifying potentially contaminated laboratory equipment, selecting
vials and solvents that lead to the fewest number of non-biological interferences, and using
in-source fragments to facilitate identification of metabolites.”8: 83-88

Concluding remarks

We have been evaluating the same set of £. coli samples by LC/MS-based metabolomics for
nearly a decade. Remarkably, despite impressive increases in the availability of reference
data and informatic tools, the percentage of features that we have structurally identified is
not strikingly different now relative to when we started. What is different, however, is our
perception of why the identification rate is low. While we still believe that there are novel
compounds to characterize in our £. coli datasets, the potential we see for chemical
discovery has decreased as our understanding of the complexity of metabolomic data has
increased.

In our experiences, there are one to two orders of magnitude more metabolomic features
than there are unique compounds in a sample.23 We have found that it is challenging for us
to structurally identify many of these features by matching them to reference data in
metabolomic libraries because they do not correspond to unique metabolites. Instead, they
represent artifacts, contaminants, and degeneracy, with the latter sometimes causing a single
metabolite to appear as more than 100 different features in the data. The frequency of non-
biological and redundant features are heavily influenced by experimental methods and data-
processing strategies. Thus, although feature identification is often recognized as the rate-
limiting step of metabolomics, its difficulty is at least partly determined by steps upstream of
data interpretation, which are dangerously easy to perform with suboptimal procedures.

The perspective that we have provided here has been shaped by our experiences with
relatively well-studied samples (e.g., £. coli, mammalian cells, mice, patients, etc.) and
commonly applied metabolomic methods. We acknowledge that other sample types and
methods could lead to results that are different from those we have discussed. Nonetheless,
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structurally identifying a novel compound requires considerable time and resources. We urge
researchers to be judicious in which features they chose to pursue. We have learned the hard
way that just because a feature is statistically elevated in a sample group, produces familiar

M

S/MS spectra, and has a seemingly interpretable isotope tracing result does not mean that

it is necessarily biologically interesting.
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glutamate
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\ NAD*

retention time

Experimental data from the heteromer of glutamate and NAD™* (/7/2809.1550 in negative-

ion mode). (A) MS/MS spectra from glutamate, NAD *, and the glutamate-NAD *

heteromer. Fragments detected in both the glutamate and heteromer MS/MS spectra are

colored red. Fragments detected in both the NAD™ and the heteromer MS/MS spectra are
colored blue. (B) Chromatographic profile of glutamate, NAD *, and a glutamate-NAD *
heteromer.
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Figure 2:
General workflow for performing untargeted metabolomics with LC/MS. The green light

indicates steps that are automated and straightforward to perform. The red light indicates
steps that are slow and challenging.
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Figure 3:
Free-energy analogy for translating features into metabolite identifications. The process is

not automated and therefore never spontaneous. When the steps that are colored green in
Figure 2 are done rigorously, however, then structurally identifying features requires less
“activation energy (Ey)”. This is because the frequency of artifacts, contaminants, and
redundant features is decreased.
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Figure 4:
Roadmap of the composition of an untargeted metabolomic dataset. The relative frequency

of each type of feature from a representative experiment in our laboratory is shown by the
histogram on the right. Redundancies due to multiple-charge states are omitted because of
their infrequency. We note that the specific number of features in any one category may vary
with experimental method, processing software, sample type, etc.
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Figure5:

Schematic of an isotope-based credentialing approach. Labeled and unlabeled samples are
mixed at either a 1:1 ratio (top) or a 1:2 ratio (bottom). 12C signals are only credentialed if
they have a partner peak whose apex is in the blue box in both cases. The x-dimension of the
blue box represents m/z and is set based on carbon number. The y-dimension of the blue box
represents intensity and is set based on the ratio used for mixing.
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