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1 | INTRODUCTION: THE
CHALLENGE OF ANNOTATION
AND IDENTIFICATION IN MASS
SPECTROMETRY IMAGING (MSI)

MSI is an analytical technique capable of spatially
resolving the chemical composition of biological tissues
(Buchberger et al., 2018). Over recent years, MSI has
become a key technique in diverse fields such as
biochemistry, pharmaceutics, and medical diagnostics
(Patti et al., 2012; Ren et al., 2018; Schulz et al., 2019;
Vaysse et al., 2017). Its use in metabolomics, the study of
small molecules in biological specimens (Clish, 2015), is
of particular interest as metabolites serve a wide variety
of biological purposes such as structural, signaling,
immune modulators, endogenous toxins, and environ-
mental sensors (Wishart, 2019).

To draw meaningful biological and diagnostic conclu-
sions from MSI experiments, the mass to charge (m/z) ratios
obtained need to be traced back to unique compound
identifications. This is a nontrivial task considering that
spectra in mass spectrometry (MS) are often cluttered with
signals from isotopes, adducts, in-source fragments, multiple-
charges, matrix, and other exogenous compounds. It is
estimated that monoisotopic endogenous peaks only repre-
sent 5% of the MS signals in an MSI experiment (Wang
et al., 2019). This is particularly challenging in metabolomics
since matrix signals and in-source fragments are densely
concentrated in the low mass range (Baquer et al., 2020;
Janda et al., 2021). The vast amount of MS signals leaves
research groups using MSI around the world struggling with
the question: “What are we detecting in MSI experiments?”

Workflows for identification of compounds by
other MS-based techniques such as gas or liquid
chromatography-mass  spectrometry (GC-MS and
LC-MS) mostly rely on chromatographic separation,
followed by MS analysis and often MS/MS experiments.
However, these workflows cannot be directly applied to
MSI experiments:

(1) MSI lacks chromatographic separation: GC-MS and
LC-MS use chromatographic columns to separate
compounds by their chemical properties (such as
polarity) (Lisec et al., 2006; Pitt, 2009) and use
retention times (RT) as complementary information
to aid compound identification. This information is
not available in MSI experiments (Amstalden van
Hove et al., 2010; Buchberger et al., 2018; Yagnik
et al., 2013).

(2) Most MSI experiments are only performed in Full MS
scan: multiple isobars and isomers with different
chemical, physical and functional properties can
be associated with a given monoisotopic mass

(Kyle et al., 2016). Tandem mass spectrometry (MS/
MS) can distinguish them by their fragmentation
spectra (McLafferty, 1981). Similarly, ion mobility
instruments use ion drift times to facilitate the
identification of isomers (Mesa Sanchez et al., 2020).
In MSI it is still not routinary to perform MS/MS
fragmentation and ion mobility separation on-tissue in
an untargeted fashion (Amstalden van Hove et al., 2010;
Buchberger et al., 2018; Yagnik et al., 2013).

On the flip side, peak annotation in MSI experiments is
statistically more robust given the higher number of data
points (each pixel contains a unique spectrum). Spatial
correlations between different ion MS signals add statistical
confidence to ion annotations (Sementé et al., 2021).

This complex analytical context calls for well-
designed experimental strategies and automated
software-based solutions to perform robust molecular
annotation and identification in MSI metabolomics.

In this review, we explain how each step of the
sample preparation and acquisition process influences
annotation and identification, from artifacts that may be
introduced during sample preservation, to the use of
orthogonal techniques like LC-MS/MS with the same
tissue. Later, we discuss how different bioinformatics
tools annotate and identify compounds in MSI experi-
ments. We specifically target tools for small molecule
applications such as lipidomics and metabolomics. This
review offers an analytical background for the bioinfor-
matician to understand the influence of each experi-
mental step on annotation and identification. In turn,
analytical chemists will discover the possibilities that
bioinformatics offers to support compound annotation
and identification in MSI. We also point out how the MSI
community struggles to communicate confidence levels
for identification and lacks a standard format to report
annotations and identifications. As a solution, we
propose to adopt the five level scheme by Schymanski
et al. (2014), and we draft a file format annex to imzML
based on mzTab-M (Hoffmann et al., 2019) to report
annotations and identifications in MSI.

2 | THE NEED FOR REPORTING
STANDARDS IN MSI

2.1 | A word about the terms annotation
and identification

According to the Metabolomics Standards Initiative, a
nonnovel molecule is considered “identified” when its
experimental data is compared to a standard by at least
two types of orthogonal data (for instance, RT and MS/
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MS), while a compound would be considered “anno-
tated” if identification is not achieved (Sumner
et al., 2007). A common problem in metabolomics (Salek
et al., 2013) and MSI scientific articles is that the terms
annotation and identification are sometimes used inter-
changeably, at times even accompanied by the adjectives
“putative” or “tentative.” This confusion impedes the
comparison of different annotation/identification strate-
gies and the interpretation results.

To seize the impact of this problem in the MSI
community, we reviewed the usage of the terms
“annotation” and “identification” in 58 papers published
in the last 5 years (Supporting Information: Table S1)
dealing with annotation/identification from several
perspectives (bioinformatics, experimental protocol,
instrumental, and application).

We found that 52% of the papers use the term
“identification” to refer to exact mass matching at least
once (when “annotation” should be used). Moreover, the
adjectives “putative” and “tentative” are used in 31% of
the papers. When they appear, they accompany the terms
annotation and identification indistinctly to refer to exact
mass matching.

2.2 | Adaptation of identification
confidence levels for MSI

Communicating the degree of confidence in compound
identification is essential to avoid misinterpretation of
the results, and to compare identification strategies.
While the MSI community has its own initiative for
improving standardization and reproducibility (MAL-
DISTAR, https://www.maldistar.org/), at the moment
the aims of this initiative do not include the definition of
guidelines for reporting the confidence of compound
annotation and identification. Besides, current reporting
standards for mass spectrometry imaging (Gustafsson
et al., 2018; McDonnell et al., 2015) do not explicitly
mention identification confidence levels. The 2015
guideline proposed by McDonnell et al. (2015) defines
the minimum reporting standards for identifications as
(1) experimental and theoretical m/z, (2) mass tolerance,
(3) MS/MS on-tissue, and (4) orthogonal measurements
(i.e., LC-MS/MS). However, this scheme does not
communicate different degrees of confidence in MSI
identifications and annotations.

On the other hand, the metabolomics community
does have well-accepted guidelines for communicating
identification confidence based on the four-level system
suggested by the Metabolomics Standards Initiative in
2007 (Sumner et al., 2007). In 2014, Schymanski et al.
(2014) proposed a five level system to rank levels of

confidence in identification: (Level 1) Confirmed struc-
ture matched against a reference standard (MS, MS/MS,
and RT); (Level 2) Probable structure matched against
literature or library spectrum (MS, MS/MS, and RT);
(Level 3) Tentative candidates matched against literature
or library spectrum (MS, MS/MS, and RT); (Level 4)
Unequivocal molecular formula (MS with adduct and
isotope information); (Level 5) Exact mass (MS). Later,
Schrimpe-Rutledge et al. (2016) expanded the model by
proposing the use of orthogonal techniques, such as
nuclear magnetic resonance (NMR) or ion mobility, to
reach level 2 and level 3 identifications.

The scheme of five confidence levels used in metabo-
lomics (Schrimpe-Rutledge et al, 2016; Schymanski
et al., 2014) shown in Supporting Information: Figure S1
could be adopted to report identification confidences in
MSI experiments. As the information obtained by MSI is
different from the data collected by common metabolomics
techniques (usually based on chromatographic separation),
we suggest the adaptation of the five level system to report
identification confidence in MSI experiments as described
below. The strategies to achieve the different confidence
levels mentioned in this section are described in detail in
Sections 3 and 4.

Level 1 Confirmed structure: Reporting exact mass,
unequivocal molecular formula, and a single confirmed
structure. At this level, a unique structure is confirmed
by comparing all experimental data from Levels 2-5 to
reference standards. The use of reference standards for
confirming identifications in MSI may include spotting
the standard on the glass slide or substrate, on a replicate
tissue, or spiking a homogenized replicated tissue.
Alternatively, one can perform LC-MS/MS measure-
ments of tissue homogenates or microdissection of the
tissue to compare against standards dissolved in solvents
or in tissue extracts (matrix-matched comparison). The
discrimination of isobaric and isomeric species is one of
the major challenges of MSI, since it cannot rely of the
chromatographic separation of these species. As
described in a recent review (Bednafik et al., 2022), there
are several strategies to discriminate isomers in MSI,
including ion activation and chemical derivatization, ion
mobility spectroscopy, and tandem MS analysis directly
on tissue, among others.

Level 2 Probable structure: Reporting exact mass,
unequivocal molecular formula, and a single possible
structure. This level is achieved when only one
unambiguous possible structure results after following
the procedures described in Level 3.

Level 3 Tentative candidates: Reporting exact mass,
unequivocal molecular formula, and a list of possible
structures. This level requires information complemen-
tary to the MS measurement that can be obtained using
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orthogonal data, obtained during the MSI experiment
(like ion mobility or MS/MS fragmentation) or by
orthogonal techniques such as LC-MS/MS on homoge-
nized tissues, or complementary molecular imaging
techniques. If MS/MS is used, the obtained experimental
spectra are matched against experimental, in silico or
literature libraries.

Level 4 Unequivocal molecular formula: Reporting
exact mass and unequivocal molecular formula. This
requires the integration of MS information such as
isotopes, adducts, and/or in-source fragments. In MSI,
the annotation of isotopes, adducts, and in-source
fragments benefit from the high number of sampling
points over the tissue. The spatial correlation of signals
(not available in other MS methods) ensures robust Level
4 annotation.

Level 5 Exact mass of interest: Reporting only the exact
mass of the compound, together with the mass tolerance
of the MSI method. Unable to distinguish between
different molecular formulas within the mass tolerance
of the method.

3 | INFLUENCE OF THE SAMPLE
PREPARATION AND SPECTRA
ACQUISITION PROCEDURES FOR
MOLECULAR ANNOTATION AND
IDENTIFICATION

This section covers the influence of experimental
procedures in compound annotation and identification
in MSI It describes experimental strategies regarding
sample preparation, instrumental setups, and combina-
tions of MSI with other techniques. It provides a solid
analytical background for bioinformaticians working in
MSI annotation and identification. For a deeper explana-
tion of MSI experimental procedures, the reader is
referred to more extensive reviews (Amstalden van Hove
et al.,, 2010; Buchberger et al, 2018; Chatterji &
Pich, 2013; Gode & Volmer, 2013; Norris &
Caprioli, 2013). Table 1 contains a compendium of the
principal effects in annotation/identification of all the
procedures and instruments covered in this section.

3.1 | Effects of the sample preparation
in MSI annotations and identifications

Sample preparation is a critical step in any MSI
experiment, as it largely influences which compounds
will be ionized and detected. Proper sample preparation
will also reduce ion suppression, adduct formation,
matrix interferences, and in-source fragmentation.

Besides, the use of calibrants improves the mass axis
calibration and increases the confidence of annotations
by exact mass.

3.1.1 | Sample preservation
Sample preservation is the first decision that affects an MSI
experiment, as it determines what type of compounds will
remain in the tissue. There are three main preservation
options: formalin-fixed paraffin-embedded (FFPE) tissues,
fresh-frozen tissues, and formalin-fixed frozen tissues.
FFPE tissues have been the gold standard for the
fixation and storage of samples for histopathological
analyses. FFPE tissues can be preserved at room
temperature for years without degradation and are easy
to section and transport thanks to the wax embedding.
Nevertheless, paraffine induces ion suppression during
the ionization process in MSI, and formalin fixation
(which cross-links proteins together) hampers the
desorption/ionization of proteins and peptides. More-
over, both compounds contaminate the spectra by adding
more signals. Thus, the use of FFPE tissues for MSI
requires the removal of the paraffine before MSI analysis
(by a series of xylene and ethanol washing steps); and the
reversal of the cross-linking of proteins (by antigen
retrieval protocols). These washing steps lead to the loss
of lipids and metabolites, thus FFPE tissues are better
suited for peptide and protein analysis by MSI (Hermann
et al., 2020; Ly et al., 2016; Wisztorski et al., 2010).
Fresh-frozen tissues have the advantage of stopping
postmortem decay (autolysis) without using any chemi-
cal agent that may induce changes in the tissue. In
principle, this allows the preservation of all the molecu-
lar species in the tissue, thus enabling the detection of
metabolites, lipids, and proteins. This makes fresh-frozen
the standard sample preservation for MSI. Nevertheless,
fresh-frozen samples are costly to store, as they require
—80°C freezers to avoid the rapid deterioration in room
temperature. This makes the sample vulnerable to power
outages and mechanical failures in the closing door.
Formalin-fixed frozen tissue is a combination of both
previous approaches. In this case, the sample is fixed by
formalin, but it is stored as fresh-frozen tissue without
paraffin embedding. Heat-induced antigen retrieval
protocols can be used to avoid metabolite loss
(Groseclose et al., 2008), but formalin may reduce the
ionization yield of amine-containing lipids, and generate
[M + HSO,4]- adducts (Vos et al., 2019). Using this
sample preservation, it is possible to measure compounds
in all mass ranges although with lower effectiveness than
fresh-frozen tissues for the low mass range (Pietrowska
et al., 2016).



ANNOTATION AND IDENTIFICATION IN MSI

WILEY—L32

TABLE 1 Summary of the principal effects of experimental steps in compound annotation and identification in MSI

Procedure

Effect in annotation/identification

Sample preservation

FFPE tissue

Formalin-fixed fresh-frozen tissue

Fresh-frozen tissue

On-tissue sample treatment

On-tissue enzymatic digestion

On-tissue chemical derivatization
Matrix application (only for MALDI sources)

Organic matrices

Reactive matrices

Isotopically labeled matrices

Inorganic matrices

Spraying matrix deposition

Sublimation matrix deposition

Sputtering matrix deposition

Stable isotope labeling

SIL matrices

Ion source

MALDI

DESI

Severe contamination of the spectra.
Requires deparaffinization.
Suitable for protein and peptide detection.

Formalin may suppress the ionization of amine-containing lipids and introduce
[M + HSO,]- adducts.

Suitable for sampling all families of compounds but less effective than fresh-frozen in
the low mass range.

No chemical changes in the tissue.
Risk of shattering and degradation during transport.
Suitable for sampling all families of compounds.

Proteins are broken down into their peptides, which are easier to ionize and detect
than intact proteins.

Peptides are used to elucidate possible proteins.

Enzymes hydrolyze proteins in specific bonds.

Added moieties increase ionization efficiency and the mass of targeted compounds.

Introduce matrix signals in the low mass spectra region and matrix adducts.
Matrix selection influences which ionization polarity should be used.

More selective measurement.
Act as derivatization agents.

Controlled isotopic pattern used to annotate matrix signals and matrix-endogenous
adducts.

Introduce fewer matrix signals.
In general, produce more fragmentation peaks.
Some inorganic matrix peaks can be used as calibrants.

Small amount of matrix used.
Solvent required for desorption of some molecules (such as proteins).
Higher risk of analyte delocalization.

More matrix amount required.
More homogenous layer and less analyte delocalization.

Requires inorganic material.
More homogenous layer and less analyte delocalization.

Shift matrix signals to uncover endogenous signals.
Distinct isotopic pattern that helps annotation.

Requires matrix, which might contaminate the spectra.

Broad mass range (up to several kDa).

Common spatial resolution range from 100 to 10 um.

Both ionization polarities (influences type of adducts).

MALDI-2 increases sensitivity.

t-MALDI increases routine spatial resolution to 1 um and below.

Minimal sample preparation (dopants may be added to the spray solvent).
Preference for detecting low molecular weight molecules.

Spatial resolution range from 200 to 20 pum.

Both ionization polarities (influences type of adducts).

(Continues)
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TABLE 1 (Continued)

Procedure Effect in annotation/identification
SIMS « Minimal sample preparation.
« Suitable for detecting low molecular weight molecules (hard ionization).
« Highest spatial resolution (sub um).
« Both ionization polarities (influences type of adducts).
LA-ICP » Used to map atomic composition.

Mass analyzer

TOF .
FTICR .
Orbitrap .

Combining MSI with other analytical techniques

MS/MS .

LC-MS and LC-MS/MS .

Spatial resolution range from 200 to 10 um.

Theoretically unlimited mass range.
Mass resolution increases as m/z increases.
Fastest scan rate.

Ultrahigh mass resolution for low-weight compounds.
Mass resolution decreases linearly as m/z increases.

Very-high mass resolution for low-weight compounds.
Mass resolution decreases linearly as m/z increases.

Structural hypothesis using fragments of precursors.
Fragmentation patterns may be poor quality or precursor intensity is too low.
MS/MS libraries mostly contain [M + H]* fragmentation patterns.

Most common approach for identification.

Chromatographic separation allows better spectra interpretability.

Can use homogenization of the sample or other related biofluids.

LCM allows the LC-MS analysis of specific tissue regions.

Usually, Electrospray Ionization (ESI), may generate different adducts than MSI.

IMS « CCS can be used to resolve isomeric species and get structural information.

Multimodal molecular imaging « Vibrational spectroscopy can determine functional groups.
« Fluorescence microscopy enables labeled imaging.
» Registration of images is required.

Reference standards

In-solution « Easy sample preparation.
» Fails to capture matrix effects, ion suppression effects, and endogenous adducts.

On-tissue « Easy sample preparation.
« Captures matrix effects, ion suppression effects, and endogenous adducts.
« Low extraction efficiency. The standard only interacts with the surface.

Tissue mimetics « Complex sample preparation.
« Captures matrix effects, ion suppression effects, and endogenous adducts.
« High extraction efficiency.
« Loses spatial context.

3.1.2 | On-tissue enzymatic digestion
of intact proteins

MSI analysis of intact proteins is usually restricted to
those molecules below 25kDa (although some matrix-
assisted laser desorption/ionization [MALDI]| matrices
like ferulic acid can extend this range; Mainini
et al., 2013), thus classical top-down proteomic strategies
may not be efficient in MSI. Thus, on-tissue enzymatic
digestion is included in most protein identification

routines, which allow larger proteome coverage identifi-
cation. This bottom-up approach is based on spraying or
spotting enzymes (usually trypsin) over the tissue to
cleave the proteins into their peptides, followed by an
incubation step (Cillero-Pastor & Heeren, 2014; Diehl
et al., 2015). Besides trypsin, other enzymes can be used
to digest proteins, such as the enzyme peptide-N-
glycosidase F for N-glycan profiling (Drake et al., 2018).
Sequencing the detected peptides by common MS/MS
approaches can help both identify and spatially locate
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proteins directly on the tissue. Previous reviews on
protein identification in MSI (Mascini & Heeren, 2012;
Ryan et al., 2019) have covered this topic in depth.

Since the reactions for protein digestion are per-
formed in solution, the tissues need to be covered by
solvents containing the digestive enzymes, which can
lead to the delocalization of the peptide products.
Solvent-free solutions can avoid peptide delocalization,
for instance by the use of plasmonic thermal decomposi-
tion/digestion (Zhou & Basile, 2017). This process uses
continuos wave laser excitation and gold nanoparticles to
decompose proteins at known locations (C-terminus of
aspartic acid and at the N-terminus of cysteine) and since
this is a dry technique, product peptides retain their
original location on the tissue.

3.1.3 | On-tissue chemical derivatization
Some compounds are difficult to detect using MSI due to
their low ionization efficiency, ion suppression, low
concentration, and/or small molecular weight. Sample
preparation steps (i.e., the proper matrix selection in
MALDI MS or solvent selection in desorption electro-
spray ionization MS [DESI]-MS) might alleviate this
concern. On-tissue chemical derivatization applies re-
agents over a tissue section to modify the chemical
structure of specific compounds and enhance their
detectability, by adding moieties with specific properties.
For instance, adding a charged moiety often counteracts
low ionization efficiency problems. Ion suppression due
to low molecular weight can also be avoided by the
reaction of the target compound and a derivatization
molecule, which increases the analyte m/z ratio. All
these mechanisms alter the detectability of specific
compounds and therefore, the capacity of annotating
and identifying them. Harkin et al. review concrete
examples of these procedures (Harkin et al., 2021). For
instance, pyrylium salts react selectively with primary
amines in neurotransmitters, thus they can be incorpo-
rated into matrices (Shariatgorji et al., 2015) or synthe-
sized as bromopyrylium to introduce a distinctive
isotopic pattern only in targeted neurotransmitters
(Shariatgorji et al., 2020). Additionally, the induced
epoxidation of peracetic acid has been used to localize
the C=C bonds in unsaturated fatty acids, allowing the
discrimination of isomeric fatty acid (Zhang et al., 2021);
and Giard's reagent P has been used to label N-glycans in
FFPE tissue samples, increasing the sensitivity of the
tissue samples characterization (Zhang et al., 2020).
Chemical reagents can also be used to promote a
specific adduct of relevant biological molecules that are
present in low concentration in tissues. For instance,

Duncan et al. added silver ions to the solvent for
nanospray desorption electrospray ionization MSI to
enhance the ionization of prostaglandins as silver
adducts, which allowed their monitoring directly on
mice tissues (Duncan et al., 2018).

3.1.4 | Matrix selection and deposition
in MALDI MSI

In MALDI MSI, matrices are compounds that assist the
desorption/ionization of analytes from the tissue. Most
common applications use small organic compounds as
matrices that are either sprayed or sublimated over the
tissue (Gemperline et al., 2014). MALDI matrix applica-
tion techniques should ensure good homogeneity of the
deposited layer and minimize in-tissue compound
delocalization to get high-quality images.

The selection of appropriate matrices and optimiza-
tion of the deposition method greatly affect the outcome
of MALDI MSI analysis and the annotation and
identification of analytes.

Matrices may introduce undesired effects that clutter
the mass spectra and hamper compound annotation,
such as matrix clusters, matrix adduct formation, and
detector saturation. This is a particular issue in the low
mass range where matrix-metabolite adducts can explain
a considerable amount of non-annotated peaks (Janda
et al., 2021). Lipidomics and metabolomics identification
routines are very sensitive to the matrix method used
(Fernandez et al., 2011; Thomas et al., 2012).

The selection of the matrix will define the ionization
polarity mode. For instance, MALDI matrices with an
acidic group (like benzoic acid and cinnamic acid
derivatives) are mostly used in positive ionization mode,
while matrices that are basic and contain amino
functions tend to be used in negative ionization mode.
The ionization mode will favor the detection of specific
compounds, for example, lipids with a polar headgroup
like phosphatidylcholines will be detected in positive
mode, while glycerophosphoinositol will have better
ionization yield in negative mode (Leopold et al., 2018).
To increase the coverage of the lipidome, several research
groups opt for the use of matrices and acquisition modes
that allow dual polarity MALDI MSI analysis on the
same sample (Huang et al., 2020; Kaya et al., 2018;
Li et al., 2019).

Developing new matrices is a hot research field in MSI.
While classical first-generation matrices like alpha-Cyano-
4-hydroxycinnamic acid and 2,5-Dihydroxybenzoic acid
are still widely used, the design of second-generation and
reactive matrices (simultaneously a derivatization reagent
and a matrix) allow the selective desorption/ionization of



2% | WiLEY

BAQUER Er AL.

specific analytes. The analytes of interest are detected with
higher signal-to-noise ratios and sometimes present
specific spectra features (such as a distinctive isotopic
pattern) that facilitate their annotation and identification.
Reactive matrices can also aid discriminating between
isomeric compounds, such as the reactive matrix benzo-
phenone, that serves both as ionization promoter and as
derivatization reagent to selectively functionalize
unsaturated phospholipids (Wildchen et al., 2019). The
reviews by Zhou et al. and Calvano et al. provide an
excellent reference on selective matrices for MSI metabo-
lomics and lipidomics (Calvano et al., 2018; Zhou
et al., 2021).

On the other hand, inorganic nanoparticles (NPs) (of
gold and silver, among others), as well as some metal-
oxides (TiO,, CeO,, etc.), have been proposed as an
alternative to organic matrices for the analysis of small
molecules by MSI (Abdelhamid, 2018; Basu et al., 2019).
They often produce fewer matrix clusters and adducts,
leading to a cleaner background spectrum. Additionally,
their distinctive carbon-free isotopic pattern and easily
identifiable peaks can serve as internal calibrants during
data processing (Niziot & Ruman, 2013; Rafols &
Castillo, 2018; Rafols et al., 2018).

Matrix deposition is one of the most important sample
preparation steps toward the production of high-quality ion
images. Researchers use different techniques to apply
matrices onto the target tissue, including spray (Khatib-
Shahidi et al., 2006; Norris et al., 2007) and sublimation
(Hankin et al, 2007; Thomas et al., 2012) for organic
matrices, and sputtering for NPs (Dufresne et al., 2013;
Rafols et al., 2018). The spray method is based on applying
the matrix solution into the tissue section manually
(DeKeyser et al., 2007; Ye et al., 2013) or using automated
spray devices allowing controllable solvent flow rate and
matrix layers number (Gemperline et al., 2014; Mounfield &
Garrett, 2012; Phan et al, 2016). Sublimation is a dry
deposition technique (the transition of one chemical
substance from the solid phase to the gas phase without
passing through the intermediate liquid phase), in which
matrices are sublimated and deposited under reduced
pressure and specific elevated temperature parameters,
leading to the deposition of dry matrix layer on tissue target
(Hankin et al., 2007; Nakamura et al., 2017). However,
sublimation alone is not sufficient for the ionization of some
compound species, such as proteins, therefore a rehydration
or recrystallization step is needed to promote the integration
of these molecules with the matrix crystals (Yang &
Caprioli, 2011).

Sputtering is a thin film deposition process where
inorganic NPs or metal-oxide targets (such as gold or
silver) are bombarded with high-energy ions in a vacuum
chamber resulting in the condensation of the target

atoms on the substrate tissue section as thin layers
(Hansen et al., 2019; Ogrinc Potoc¢nik et al., 2014).

3.1.5 | Stable isotope labeling (SIL)

SIL consists of the synthesis of compounds containing
atoms with artificial isotopic abundances highly dis-
similar to the ones that occur in nature. Common isotope
labels include '3C, '°N, and deuterium (°*H). This
technique has many applications in several aspects of
MSI (Grey et al.,, 2021) such as tracing of drugs and
metabolites (Eckelmann et al., 2018; Ellis et al., 2021).
Additionally, the labeled compounds introduced in the
sample can be used as internal standards to normalize
signal intensity (Barry et al., 2019; Chumbley et al., 2016)
and provide quantitative results (Grey et al., 2019).

For annotation, one of the most relevant applications is
SIL MALDI matrices. By isotopically labeling the matrix,
their background signals can be shifted and uncover relevant
endogenous signals. Additionally, their distinct isotopic
pattern can be exploited to develop more robust annotation
tools. As an example, Shariatgorji et al. (2012) managed to
shift the matrix peaks by using deuterated CHCA to uncover
and annotate several neurotransmitters.

3.2 | MSI image acquisition

Mass spectrometers intrinsically affect the annotation
and identification procedures, as they determine which
species of ions will be generated in the ion source, and
the m/z resolving power and accuracy. The parts of the
mass spectrometer that affect the annotation/identifica-
tion process are the ion source, responsible for the
desorption and ionization of the molecules, and the mass
analyzer, responsible for the determination and counting
of the m/z ratio of the ions. Figure 1 shows a broad
comparison between the main ion sources and mass
analyzers.

3.2.1 | Ion source

The ion source induces the desorption of the analytes
from the tissue, and the ionization of compounds that
will be transferred into the mass analyzer. Depending on
the polarity of the electrical field applied in the ion
source, the ions formed will be positive (usually
protonated adducts and adducts with cations, such as
Na* and K*) or negative (like deprotonated adducts and
adducts with anions, such as CI7). The different
technologies result in differences in the mass range
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analyzed, the number of charges of the produced ions,
the amount of in-source fragments generated, and the
sensitivity to detect low concentration compounds.
Spatial resolution and sensitivity are related concepts,
as increasing the spatial resolution results in decreasing
the ablated area and therefore, reduces the sensitivity. In
MSI, the most used ion sources are MALDI, DESI,
secondary ion mass spectrometry (SIMS) and laser
ablation inductively coupled plasma (LA-ICP).

MALDI sources ionize the sample using a pulsating
laser (usually UV or IR) inside a vacuum or low-pressure
chamber with the assistance of the previous matrix
deposition. The laser strikes the sample and generates a
plume of charged ions that are directed to the mass
analyzer. MALDI sources tend to produce low fragmen-
tation and singly charged ions (Jaskolla & Karas, 2011;
Karas et al.,, 2000), which enable the ionization of
metabolites (Stoeckli et al., 2007), lipids (Ziillig &
Kofeler, 2021), peptides (Phillips et al, 2019) and
proteins (Piga et al., 2019), and usually achieve spatial
resolutions in the range of 100-10 um and close to 1 um
with specific setups (Hansen & Lee, 2017; Kompauer

et al.,, 2017, Wildchen et al., 2020). In recent years,
enhanced versions of MALDI sources have been pro-
posed, like MALDI-2 (Heijs et al., 2020; Soltwisch
et al.,, 2015), which increases the sensitivity of the
MALDI source by adding a second postionization laser
that ionizes the neutral molecules in the ion plume;
transmission MALDI (t-MALDI) (Steven et al., 2019;
Trimpin et al., 2009; Zavalin et al., 2012, 2015), which
increases the lateral resolution up to 1 um and below by
changing the laser focus geometry; and more recently
t-MALDI-2 (Bien et al., 2021; Dreisewerd et al., 2022;
Niehaus et al., 2019), which combines the benefits of
both improved designs.

DESI sources produce ions at atmospheric pressure
conditions directing a spray of charged microdroplets
directly into the tissue. DESI sources require minimal
sample preparation. They are commonly used to analyze
small molecules and lipids, but bigger compounds like
peptides and proteins can also be analyzed (Towers
et al., 2018), although most solvents used with DESI
denature proteins, affecting the three-dimensional struc-
ture (Hale & Cooper, 2021). Typically, DESI sources
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achieve spatial resolutions in the range of 200-20 um
(Claude et al., 2017; Ifa et al., 2007; Nguyen et al., 2018;
Towers et al., 2018; Zhang et al., 2020) and are known to
produce little fragmentation and singly charged ions
(Towers et al., 2018).

SIMS sources bombard samples using an ion beam,
ionizing molecules from the sample surface and ejecting
them into the vacuum environment but, due to the high
energy of the beam, SIMS sources easily cause the
fragmentation of the molecular ions (Yoon & Lee, 2018).
Currently, SIMS sources provide the greatest spatial
resolution for MSI, reaching the nanometer scale
(Gamble & Anderton, 2016), but have less sensitivity,
as the area ablated is lower than other technologies.
Applications of SIMS sources are principally focused on
small metabolites and lipids (Touboul & Brunelle, 2016)
and require minimal sample preparation.

LA-ICP sources use an inductively heated plasma to
atomize molecules ablated from a specific region,
generating atomic composition maps over the sample.
LA-ICP is generally used to track metals in biological
sections with a spatial resolution between 200 and 10 pm
(Becker et al., 2011, 2012; Pornwilard et al., 2013; Sabine
Becker, 2013). In terms of fragmentation, LA-ICP
fragments all the compounds in the sample to their
atomic composition, resulting in null preservation of
precursor ions.

3.2.2 | Mass analyzer

The mass analyzer detects the ions generated by the source,
determines their mass-to-charge ratio, and composes the
spectrum at each sample position or pixel of the image.
There are three parameters that influence the identification
of compounds for each mass analyzer: (1) mass range, the
lowest and highest m/z that the mass analyzer can detect; (2)
mass accuracy, the difference between the measured m/z of
an ion and the real m/z (usually specified in ppm); and (3)
mass resolution, the ability to distinguish ions separated by
small m/z values, often defined as the m/z of a peak divided
by the peak width at 10% or 50% of peak height. The most
common mass analyzers in MSI systems are time-of-flight
(TOF), Fourier-transform ion cyclotron resonance (FTICR),
and Orbitrap.

TOF mass analyzers are vacuum tubes in which ions
travel through an electric field to the detector. The longer
the tube, the higher the mass resolution of the spectra, as
the ions have more time to gain distance between them
during the flight. Despite this, TOF mass analyzers tend
to have lower mass resolution compared to other mass
analyzers used in MSI, as enhancing it implies an
increase in the physical size of the whole MSI system

and in the sampling time. With reflectron set-ups, the
mass resolution can be increased, but it remains lower
than other analyzers. Moreover, TOFs are very suscepti-
ble to temperature changes, as the metal tube may suffer
expansions and contractions that affect the mass
accuracy of sampled ions. On the other hand, TOF
analyzers do not have a theoretical upper m/z detection
limit like other mass analyzers (Xian et al., 2012), and
their mass resolution increases along the mass range.
TOF mass analyzers are extensively used with MALDI
ion sources to image almost any kind of compounds,
with a preference for compounds in the high mass range
like peptides and proteins, with a typical upper limit of
m/z 30,000 (Spengler, 2015). Common set-ups of TOF
mass analyzers are MALDI-TOF, MALDI-TOF/TOF,
MALDI-Q-TOF, and TOF-SIMS.

FTICR mass analyzers use a magnetic field to resonate
the ions into cyclotron orbits and transduce the orbiting
frequencies into m/z using the Fourier Transform. These
mass analyzers are built around powerful magnets; the
stronger the magnetic field, the greater the mass resolution,
reaching values of up to 1,600,000 at m/z 400 for a 21T
magnet (Bowman et al., 2020) with mass accuracies below
1ppm. FTICR mass analyzers are used to analyze all
families of compounds, but preferably not higher than m/z
3000, as the mass resolution decreases as the my/z ratio
increases (Almeida et al.,, 2015) and the magnetic field and
sampling time required to detect these ions are high. Still,
there are examples of high mass protein MSI investigations
up to m/z 30,000 using a 15T FTICR mass analyzer with a
mass accuracy below 10 ppm and transients close to 4 s per
pixel (Dilillo et al., 2017). Common set-ups of FTICR mass
analyzers are MALDI-FTICR and DESI-FTICR.

Orbitrap mass analyzers use electrically charged ion
trap cells to excite the ions into orbits. The longitudinal
movement of the orbits contains the information of the
cyclotron frequencies of each ion, which can be
converted to mass using the Fourier transform. Orbi-
traps achieve high mass resolution values by increasing
the electric field. With Orbitraps it is possible to analyze
a wide range of compounds but, as FTICR, high mass
compounds are typically excluded as the mass resolu-
tion decreases by the square root of the m/z ratio and
require long sampling times and strong fields to
compensate for this (Bielow et al., 2017). Common set-
ups of Orbitrap mass analyzers are DESI-Orbitrap and
MALDI-Orbitrap.

All mass analyzers are often calibrated before
acquisition to obtain accurate m/z measurements. The
calibration consists in tuning the electronic parameters
of the instrument to modify the m/z axis according to
different calibration curves built upon measured calibra-
tion standards. The calibration standards are liquid
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mixtures of highly purified molecules designed for
positive and/or negative mode in a particular mass
range. Different strategies to obtain calibration curves are
used depending on the time of the standard application
and the mass analyzers (Smith et al., 2012). In terms of
standard application, internal calibration consists
of mixing calibration standards directly with the sample
of interest, while external calibration consists of measur-
ing the standards alone (Muddiman & Oberg, 2005).
When FT-ICR or Orbitrap instruments are used, it is
convenient to use an abundance dependent calibration
curve, as different amount of ions inside the ICR cell
produce varying frequency shifts, resulting in different
mass errors at each sampling point (Easterling et al., 1999;
Gorshkov et al., 2010; Zhang et al., 2005).

3.3 | Combinations of MSI with other
analytical techniques (Levels 2-3
identification)

To ensure high levels of confidence in molecular
identification with MSI, a common strategy is to examine
the tissue with additional or orthogonal techniques
(those based on fundamentally different principles).
LC-MS and tandem mass spectrometry (MS/MS) are
the most used confirmatory techniques. Recently, ion
mobility has been included in commercial MSI instru-
ments to provide an additional dimension for metabolite
analysis and resolve isomers (Lacki et al., 2021; Meier
et al., 2015, 2020). Finally, the combination of different
imaging techniques coupled to MSI has been used to
improve the identification process. Multimodal imaging
combines non-destructive orthogonal analysis like
immunohistochemistry, immunofluorescence, or vibra-
tional spectroscopy imaging techniques with MSI (Iakab
et al., 2021; Tuck et al., 2021).

331 | MS/MS

MS/MS uses a combination of ion traps, mass analyzers,
and fragmentation chambers to measure fragments of
molecules and reveal their structure. The typical setup is
two consecutive mass spectrometers separated by a
fragmentation chamber. The first mass spectrometer is
in charge of recording the ionization product of an ion
source that keeps the precursor compounds with low
fragmentation. Later, some of the precursor ions are
directed to a collision chamber to achieve a controlled
fragmentation. The resulting fragments are registered in
a second mass analyzer to obtain the fragmentation
spectra of all the selected precursors. By knowing the

precursor m/z value and examining the fragmentation
spectrum, it is possible to provide hypotheses about the
structure of the compound and hence its identification.

In MSI, MS/MS analysis can be performed in some
instruments either by sampling consecutive slides in MS/
MS mode (Dueiias et al., 2017) or adjacent regions in the
same slide (Zhan et al., 2021), which can be a problem
when analyzing very localized compounds or limited
sample material. Common set-ups are based on TOF/
TOF and Q-TOF devices, commonly used for top-down
proteomics (Alam et al., 2012; Xu et al., 2019; Ye
et al., 2014).

To overcome these limitations, new methods have
been investigated in recent years. Multiplex MSI has
achieved to overlap scans of MS and MS/MS in the same
location using a spiral pattern and proved successful
in 10 um high-spatial-resolution imaging of maize leaf
cross-sections in both the high and low mass ranges for a
variety of metabolites (Hansen & Lee, 2017; Perdian &
Lee, 2010; Yagnik et al., 2013). Ellis et al. developed an
automatic structural identification workflow consisting
of parallel acquisition of a MALDI-Orbitrap instrument
with an ion trap (IT)-MS/MS (Ellis et al., 2018). Lanekoff
et al. coupled a nano-DESI source with a high-resolution
Q-Exactive Orbitrap and a higher-energy collision-
induced dissociation (HCD) cell to identify and image
isobaric and isomeric species combining the MSI and the
MS/MS data (Lanekoff et al., 2013). Finally, Fu et al.
were able to analyze and image by tandem MS the
molecular products of natural biosynthesis of rubryno-
lide and rubrenolide in Amazonian trees using a TOF-
SIMS and a triple ion focusing time-of-flight (TRIFT)
analyzer with a precursor selection window of a
monoisotopic ion, which allow the parallel and lossless
collection of MS and MS/MS data (Fu et al., 2018).
Tandem MS on tissue can help discriminating isomers of
lipids due to their differential fragmentation. For
instance, (Takeo et al., 2019) used tandem MS (MS?) to
discriminate between structural isomers of some steroids,
after applying on-tissue chemical derivatization tech-
niques to enhance their ionization efficiency.

Despite all the efforts, MS/MS is rarely used with MSI
data as many commercial instruments still do not include
this option. Moreover, the concentration of precursors is
limited to the area covered by the scans, which might be
low for some compounds (unless strategies to promote
their ionization are considered).

3.32 | LC-MS

LC-MS incorporates chromatographic separation before
the mass analyzer. RT allows differentiation of the
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compounds based on criteria other than m/z, like polarity
or compound size. Most LC-MS systems use tandem MS
and can provide fragmentation information on the
analytes.

The combination of LC-MS with MSI is one of the
most common approaches used to identify and spatially
visualize a compound in all kinds of metabolomics and
lipidomics experiments (Garate et al.,, 2020). The
identification workflow usually consists of homogenizing
some of the tissue samples to identify as many
compounds as possible with the LC-MS instrument
(Baijnath et al., 2016; Ntshangase et al., 2019; Shobo
et al., 2016). Later, the identified compounds are
searched in the MSI spectra by exact mass matching.

Other approaches combine LC-MS with laser-capture
microdissection (LCM), which allows the isolation and
compound profiling of specific cells or tissue regions of
interest (ROIs) determined by MSI (Marialaura Dewez
et al., 2019; Dilillo et al., 2017). This approach ensures
that the LC-MS identifications come from the same
region in the tissue that was mapped by MSI.

3.3.3 | Ion mobility spectrometry (IMS)

IMS is a technology that separates ions according to their
size, shape, and weight by directing and colliding them
into a chamber filled with an inert gas. The collision
cross-section (CCS) value is computed from the time
each ion takes to reach the end of the chamber. In
combination with MS, IMS can be used as an additional
dimension of information to resolve isomeric species,
improve selectivity, and get structural information of
compounds, including metabolites (Lapthorn et al., 2013).
Sans et al. reviewed an extensive amount of applications
and advances combining MSI and IMS for biological
applications (Sans et al., 2018).

3.3.4 | Multimodal molecular imaging
Other molecular imaging techniques can provide the
orthogonal chemical information needed to provide
structural identification of m/z features (Porta Siegel
et al., 2018).

Vibrational spectroscopy imaging techniques (i.e.,
Raman and FT-IR) measure the energy scattering and
absorption of different lasers to determine functional
groups and other chemical features (Harrison &
Berry, 2017). This structural information is rarely enough
to fully resolve isomers, but it can be used to discard
candidates and achieve Level 3 annotation. As an
example, Lasch and Noda (2017) applied Raman, FT-IR,

and MSI to study the composition of the hamster brain.
They could identify and spatially locate several lipids by
the spectral correlation between Raman bands (for
instance, bands 548 and 703cm™ for cholesterol) and
m/z features (m/z 369.30 for [Cholesterol-H,O + H]™).

Fluorescence microscopy techniques enable imaging
of specific compounds by labeling them with fluorescent
probes (Lichtman & Conchello, 2005). Cyclic or multi-
plexed immunofluorescence images the same sample
with dozens of different fluorescent probes (Lin
et al., 2016). Highly selective fluorescent probes (Dong
et al., 2020; Li et al., 2011; Uslu et al., 2017) can target
specific isomers and enable Levels 3-2 annotation. For
instance, Fuchs et al. (2018) monitored the biodistribu-
tion of the anticancer drug sunitinib and its metabolites
in rabbit liver tissue using fluorescence to measure the
total amount of the drug, and MSI to characterize in situ
the presence of its metabolites.

3.4 | Validation against reference
standards in MSI (Level 1 identification)

According to the system for reporting identification
confidence in MSI (Section 2.2), to achieve Level 1
identification (highest level of confidence), the experi-
mental data (MSI and orthogonal technique of choice)
has to be matched against a reference standard. One
common strategy in MSI experiments is to homogenize
the tissue, spike it with the reference standard of the
compound of interest, and measure it with LC-MS/MS
(Baijnath et al.,, 2016; Ntshangase et al., 2019; Shobo
et al., 2016). Using LCM, the tissue homogenates can be
obtained from specific tissue ROIs selected by MSI
(Marialaura Dewez et al., 2019; Dilillo et al.,, 2017).
Nevertheless, even when using LCM, homogenizing the
tissue leads to the loss of the spatial information provided
by MSI. Additionally, due to differences in their
ionization, LC-MS/MS and MSI data may not be directly
comparable (i.e., the analytes of interest may form
different adducts in each system, etc.). An alternative
technique to LCM is liquid extraction surface analysis
mass spectrometry (LESA-MS), which combines micro-
extraction in the liquid phase directly from the tissue
with nano-electrospray MS. While it is considered a low
spatial resolution technique (generally aprox. 1 mm), it is
a valuable complement to high spatial resolution
techniques (like MALDI-MSI), since it provides addi-
tional information for identification of compounds in situ
without the need to homogenate the sample. This
technique has been successfully applied for instance to
monitor drugs and drug metabolism on mice organs
(Eikel et al., 2011; Swales et al., 2015).
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Full confirmation of MSI identifications requires
strategies to measure reference standards directly in
MSI. Most of the developments in this area have been
conducted for the study of synthetic drugs and their
metabolites in situ (Buck et al., 2015; Groseclose
et al., 2015) but they are largely applicable to endogenous
neurotransmitters (Shariatgorji et al., 2014), metabolites
(Pirman et al., 2013), lipids (Jadoul et al., 2015), and
peptides (Zhang et al., 2013). In general there are three
strategies (Rzagalinski & Volmer, 2017; Unsihuay
et al., 2021): (1) “in-solution” (2) “on/under tissue” and
(3) “mimetic tissue.”

The “in-solution” strategy is the most straightfor-
ward of the three, as the standard is spotted directly on
the substrate next to the sample. This method will
inform about isotopic patterns, general adducts, matrix
adducts, and in-source fragments that can be formed
with the analyte of interest during the MSI experiment.
However, it fails to capture endogenous adduct forma-
tion and ion suppression effects. As an example, the in-
solution strategy was used for identifying the drug
Erlotinib and its metabolites in rat tissue sections
(Signor et al., 2007).

The “on/under tissue” strategy alleviates these
limitations by spotting the standard beneath or on top
of the tissue. Normally, this is performed on a control
tissue, preferably a consecutive slice. If allowed by the
application (i.e., in synthetic drug applications),
the control tissue should be blank and not contain
the endogenous compound to be compared to the
reference standard. As a variation of this approach,
some studies apply the standard mixed with the
MALDI matrix. As an example, the “on-tissue”
approach has been used to identify the drug paclitaxel
in the study of pleural tumors (Giordano et al., 2016),
glutathione in ovarian tissue (Nazari et al., 2018), and
raclopride and SCH 23390 in rat brain tissue
(Goodwin et al., 2011).

Finally, the “mimetic tissue” approach relies on
homogenizing the tissue and spiking it with the
standard. This mixture is then deposited on the MSI
slice and treated with the same sample preparation
protocol. This approach provides a more realistic
scenario on how the analyte behaves during the MSI
experiment, as the standard is fully mixed within the
sample. One drawback is that it fails to capture
differences in matrix and suppression effects across
anatomical regions. The mimetic tissue approach has
been successfully used for identifying the drugs
lapatinib and nevirapine in rat liver (Groseclose &
Castellino, 2013), GSH in human ocular lens tissue
(Grey et al., 2019), and clozapine and norclozapine in
rat liver (Barry et al., 2019).

4 | BIOINFORMATICS
STRATEGIES FOR ANNOTATION
AND IDENTIFICATION IN MSI

In this section, we discuss automated data processing
strategies for annotation and identification in MSI. We first
start by discussing the importance of preprocessing to
ensure robust annotation and identification. Later, we
provide a wide picture of the basic principles in the
development of software-based annotation and identifica-
tion. We close the section with a comprehensive compari-
son of twelve software tools developed in the last 5 years.

4.1 | Data preprocessing

Good quality MSI data is crucial to conduct successful
molecular annotation and identification (Norris
et al.,, 2007). As stated in the previous section, careful
analytical design is key, as it will set the boundaries of
what is possible in compound identification. But even
when the analytical procedure is carefully designed and
executed, variability due to experimental factors can
worsen data quality. Chemical noise and variations in the
intensity and exact mass of each MS feature are some of
the examples of unwanted experimental variability.
Additionally, when dealing with large samples and high
spatial resolution, MS intensities and m/z values can drift
during the long acquisition (Rafols et al., 2018). Proper
data preprocessing mitigates these negative effects and
enhances the chances of correct identification.

The typical preprocessing workflow includes the
following steps: baseline correction, noise reduction,
spectral alignment, normalization, peak picking, and
binning (Rafols et al., 2018). Depending on the experiment,
some steps may be performed in a different order or even be
omitted. The resulting processed data can come in two
forms: (1) profile data retains the continuous shape of the
spectra, as no peak picking is performed, and (2) centroid
data only retains certain features of each peak (commonly
the m/z and maximum intensity value) after peak picking.

Calibration (a form of spectral alignment) is the most
relevant step for annotation and identification, as it
increases the mass accuracy of the measured m/z. In
calibration, a list of known m/z values is used to compute
a warping function that minimizes the m/z error in the
MSI data set. The calibration m/z values can come from
reference standards spotted on the plate (phosphorus
red) (Paine et al., 2019), the matrix or ionization
promoter (Rafols & Castillo, 2018; Rafols et al., 2018),
or well-characterized endogenous compounds (He
et al., 2019). Additionally, label-free alignment can
further improve data quality. In this case, a reference
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spectrum from within the sample is used to minimize the
m/z errors between pixels.

All MSI instrumentation vendors provide in-house
software capable of performing to some extent this
preprocessing pipeline. SCIiLS (Trede et al.,, 2012) by
Bruker is one of the most widely used commercial
solutions. Several open-access alternatives such as
MSIReader (Bokhart et al., 2018; Robichaud et al., 2013),
CARDINAL (Bemis et al.,, 2015), rMSIproc (Rafols
et al., 2020), and MALDIQuant (Gibb & Strimmer, 2012)
have gained importance over recent years.

4.2 | Basic software-related principles
in annotation and identification of MSI
Figure 2 shows the general workflow of annotation and

identification software tools in MSI. Each of the steps
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increases the level of confidence and relies on different
experimental data and libraries.

There are various basic concepts to consider while
designing or choosing an annotation tool for MSI data.
How input data represent each m/z feature, the direction
of the flow of information between data and libraries,
how to match the information in the libraries, and how
to use the annotation or share them. The following
section comments on several of these topics.

4.2.1 | Working with profile versus
centroided data

Molecular annotation and identification can either be
performed on profile or centroided spectra. Profile
spectra provide richer information: (1) they Kkeep
potentially relevant small and noisy peaks, (2) they
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FIGURE 2 General steps in software annotation and identification in mass spectrometry imaging experiments. [Color figure can be

viewed at wileyonlinelibrary.com]
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retain peak shape, and (3) they enable overlapped peaks
to be recognized and eventually deconvoluted (Polanska
et al., 2012). The main problem with data in profile mode
is the higher computational load, which is oftentimes
prohibitive in terms of memory and CPU time require-
ments. For this reason, most annotation and identifica-
tion software tools work on centroided spectra. Cen-
troided mode retains only the most relevant features of a
peak (m/z and maximum intensity or peak area) to
dramatically reduce the size of the data set, which leads
to relaxed memory and CPU time requirements.

422 |
strategies

Library-centric versus feature-centric

There are two general approaches to determine chemical
composition in MSI: library-centric or feature-centric.
These approaches are applicable to both annotation
(using only exact mass matching) and identification
(combining MSI with orthogonal techniques and refer-
ence standards).

Library-centric approaches match library information
to experimental data. For each candidate compound in
the library, the algorithm will generate an in silico
theoretical spectrum (with isotopes, adducts, or ion
fragments) using the molecular formula, and will
determine its presence in the sample by matching them
against the experimental spectra (usually the mean
spectra) (Alexandrov & Bartels, 2013; Novak et al., 2020;
Tortorella et al., 2020). These approaches tend to be
computationally consuming in terms of time and
memory, as the algorithm will try to fit all the
compounds in the libraries. Besides, the results are
limited to the compounds existing in the libraries (if the
compound does not exist in the library, the associated
m/z signals will not be annotated).

Feature-centric approaches look for patterns in the
data (adducts, isotopes, or fragments) to create several
networks of related MS signals. In general, this strategy
gathers information from the data and tries to
construct isotopic patterns of unknown compounds
taking into account the spatial correlation, the inten-
sity profile, and the mass error between features (Bond
et al., 2017; Janda et al., 2021; Sementé et al., 2021).
This approach also includes using the Kendrick mass
defect (KMD) to assign families of compounds (Kune
et al., 2019). At the end of these procedures, some m/z
features are confidently annotated as monoisotopic ion
candidates, taking into account all the information
gathered, and can be searched against libraries of
compounds. These approaches tend to be faster to run
but require extra steps to assign compounds to the m/z

features. Additionally, they are less generalizable, as
they make certain assumptions about the data that
might be specific only to a certain family of com-
pounds, like the shape of the isotopic pattern due to
the elemental composition; or about the experimental
procedure, like searching for specific adducts or
labeled moieties.

4.2.3 | Isotopic pattern generation

Tools that follow the library-centric approach tend to
generate the in silico pattern of the compounds in the
libraries to compare with the spectra. This can be
achieved using in-house algorithms or with enviPat
(Loos et al.,, 2015), an R-package that generates the
profile spectrum and the centroids of sum formulas
simulating different resolving power; and Rdispo (Bocker
et al.,, 2006), an R-package that generates isotopic
patterns and elucidates molecular formulas for a
given mass.

424 | Match scores

Regardless of the approach followed (library-centric or
feature-centric) all software tools rely on several match
scores to determine the fitness of each hit. The two main
metrics are (1) spectral similarity (to compare experi-
mental data against theoretical isotopic ratios, fragmen-
tation spectra, or CCS) and (2) spatial similarity (to
determine if isotopes, adducts, and fragments are
colocalized).

The most widely used spectral similarity metrics are
Pearson's correlation (McDonnell et al., 2008), and cosine
similarity. Smets et al. proposed histogram matching as
an alternative (Smets et al., 2019). Recently, a new metric
inspired by natural language processing algorithms
(Spec2Vec) (Huber et al., 2021) has been proposed and
compared with cosine similarity, obtaining better results
in library matching fragmented molecules.

Spatial similarity can be determined using Pearson's/
Spearman's correlation, cosine similarity, hypergeo-
metric similarity measure (Kaddi et al, 2011) or
Structural Similarity Index (SSIM) (Ekeldf et al., 2018).
Ovchinnikova and Stuart (2020) used 2210 ion images
ranked by similarity by 42 MSI experts to quantitatively
compare several spatial similarity metrics. One of the
machine learning models (Pi-Model) included in their
software ColocML obtained the highest performance
(0.797 correlation to the gold standard) closely followed
by cosine similarity (0.794) and Pearson's correla-
tion (0.788).



16 of 38 Wl LEY

BAQUER Er AL.

The match score can be further refined using other
metrics such as mass error (Sementé et al.,, 2021) or
spatial chaos (Palmer et al., 2016; Tortorella et al., 2020).
Additionally, the notion of false discovery rate (FDR) has
been used to estimate the confidence of annotations
using a target-decoy approach in which the resulting
molecular formulas are compared with impossible
adduct formations (Guo et al., 2021; Palmer et al., 2016).

There is no consensus on the relationship between
different scores or how to unify them. Typically, when
multiple scores are available, each score is scaled to fit a
range of 0-1 and the product of all scores is taken as a
single metric (Baquer et al., 2020; Palmer et al., 2016;
Sementé et al., 2021; Tortorella et al., 2020).

4.2.5 | Library matching
Both in annotation and identification, it is crucial to
compare the MS signals obtained in the experiment to a
list of known compounds or references. To obtain the
highest degree of confidence in annotation, the experi-
mental data must be matched against a reference
standard. Nevertheless, reference standards are not
always available or compatible with the experimental
workflow of choice. Reference standard matching is
particularly challenging in untargeted studies, where
tens or even hundreds of compounds are analyzed at the
same time. To aid compound annotation in these cases,
several libraries compile and index thousands of previous
experimental MS and MS/MS measurements of stan-
dards from laboratories around the world. Libraries offer
a reliable, automatable, and easy-to-use substitute to real
standards. They can be considered compound-centric or
spectra-centric, depending on their content.
Compound-centric (or metadata-centric) libraries
such as HMDB (Wishart et al., 2018), ChEBI (Hastings
et al., 2016), PubChem (Kim et al, 2019) include
information such as the monoisotopic mass of the
compound, molecular formula, SMILES, Inchy Key,
molecular structure, and in some cases, other relevant
metadata such as compound origin (plant, animal,
bacterial, etc.) or even metabolic function. This first type
of library is mainly useful for exact mass matching.
Spectra-centric libraries store MS and MS/MS
spectra of thousands of compounds. Identification is
obtained by matching experimental data to the spectra
in the library. Several libraries are available for MS/MS,
some examples include METLIN (Smith et al., 2005),
NIST (Lemmon et al., 2010), and MassBank (Horai
et al.,, 2010). For ion-mobility, the most ambitious
projects include the Online Collision Cross Section
Compendium (Picache et al., 2019) and the AlICCS atlas

(Zhou et al., 2020). Most databases in this category have
been developed with traditional MS technologies in
mind (mainly LC-MS and GC-MS) and almost exclu-
sively include fragments of the [M + H]* and [M — H|~
adducts. There is a lack of databases of experimental
spectra acquired by MSI.

4.2.6 | Insilico libraries
With the advent of machine learning and cheminfor-
matics techniques, in silico libraries have emerged. They
typically generalize from experimental data of pure
compounds and rely on advanced algorithms to generate
relevant information of unknown or unmeasured com-
pounds. This can include information such as mono-
isotopic mass, molecular formula, chemical structure and
even MS and MS/MS spectra. Some of these in silico tools
for tandem MS include LipidBlast (Kind et al., 2013),
Sirius (Diihrkop et al., 2019), MetFrag (Ruttkies
et al, 2016), and CFM-ID (Djoumbou-Feunang
et al., 2019). For ion mobility, AIICCS (Zhou et al., 2020)
uses machine learning to predict CCS values from
SMILES. These tools should be carefully evaluated and
used in a case-by-case scenario. Blindly trusting them in
untargeted studies can lead to incorrect annotations.
One of the main limitations of these libraries for MSI is
that they tend to be trained with experimental data
obtained by LC-MS/MS experiments, where most parental
ions are fragmented as protonated adducts. Therefore,
most common in silico libraries only include fragmenta-
tion predictions of protonated molecules, which do not
represent how other adducts fragment (Al-Saad et al., 2003).
In MSI, it is common to obtain different adducts such as
sodium and potassium, depending on the sample prepara-
tion and acquisition, and for some species the protonated
adduct may not even be detected (Garate et al., 2020).

4.2.7 | Peak filtering

Peak annotation results can be used to filter out
redundant or nonbiologically relevant peaks from down-
stream statistical analyses.

A common peak filtering strategy is deisotoping
(Bond et al., 2017; Sementé et al., 2021), which consists
of localizing monoisotopic peaks in the spectra to remove
all the subsequent isotopic peaks. This eliminates
redundancy in the data, as all the isotopic peaks in a
pattern are highly correlated, and facilitates the posterior
identification of the monoisotopic peaks. In this same
line, another peak filtering strategy is de-adducting,
which consists in discovering as many adducts as
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possible for each compound to combine them as a unique
feature. The identification of adducts is mainly based on
the mass difference between them; which could lead to
the detection of false adducts since there may exist
multiple mass differences between ions that match with
several possible adducts. Additionally, the images pro-
duced by adducts are not necessarily colocalized among
them (like in the case of isotopes) because the natural
abundance of the adduct-forming elements over the
tissue sample (Hankin et al., 2011) (i.e., Na* or K* ions)
may be not homogeneous and dependent on the
tissue type.

Finally, spectra contain exogenous peaks, (coming
from the substrate, the matrix, the embedding medium,
etc.) that may be desirable to exclude from the analysis. In
the ideal case, these peaks should be annotated and
discarded, although sometimes they could be useful for
calibration purposes, like some inorganic matrix peaks
(Rafols et al., 2018). Most of the strategies behind
annotating these off-sample ion peaks are based on exact
mass matches by knowing which compounds are expected
to appear in the sample preparation (Baquer et al., 2020;
Niedermeyer & Strohalm, 2012), but there are also
software programs that rely on machine learning methods
to annotate them (Ovchinnikova & Kovalev, 2020).

4.2.8 | Data sharing and repositories

Data repositories are an essential tool for data sharing. The
vast amount of experimental data available allow two main
benefits to the community: experimental results are easily
accessible to the whole community, and the data can be
used to validate and develop software tools.

METASPACE (Alexandrov et al., 2019) is the main
repository available in MSI. To date, METASPACE holds
over 6000 experimental studies. Both the experimental
data (in.imzML; Schramm et al.,, 2012; format and
centroid mode) and resulting annotations using PySM
(Palmer et al., 2016) can be freely downloaded.

More generic repositories include Metabolights
(Haug et al., 2013) or Metabolomics Workbench (Sud
et al, 2016). Nevertheless, their coverage of MSI
experiments is rather limited. Only 50 (0.2% of all
entries) and 4 (0.25% of all entries) of their respective
entries correspond to MSI experiments.

4.3 | Specific software packages

The MSI community has dedicated their efforts to
developing several software tools for compound annota-
tion/identification of MSI data. In this section, we review

Wl LEY 17 of 38

12 current software tools to guide the readers in selecting
the most suitable ones for their application. Table 2
contains a summary of the main characteristics of each
tool including the confidence levels of the annotations/
identifications they can provide, the target features, the
output, and the general type of annotation. We have
defined three types of annotation: (1) “general annota-
tion” if all the peaks in the spectra are targeted;
(2) “specific annotation” if specific peaks (e.g., matrix)
are annotated; and (3) “identification” if MSI is
combined with MS/MS or other orthogonal techniques.

431 | Alex

Alex'? (Ellis et al., 2018) is a software for the automated
identification of lipids. It relies on a unique experimental
setup multiplexing an FTMS Orbitrap for high-mass
resolution MSI and an IT-MS/MS for data-dependent
acquisition (DDA) on-tissue fragmentation of almost
every detected m/z value. By alternating the two
acquisitions in 20 um steps, they are able to effectively
determine high-mass MSI and structural information in
situ. This tool achieves Levels 3 and 2 identification
confidence.

They rely on an in-house library that contains more
than 430k molecular lipid species and their adduct-
specific fragments. They use different adducts based on
the lipid family. To annotate a sum-composition lipid
species from the FTMS data, the peak must be present in
all three replicates and at least one fragment must be
detected by IT-MS/MS. To identify the lipid species, three
conditions must be met: (1) at least 50% of the fragments
must be detected, (2) two complementary pairs of
fragments (adding to the parental ion) must be detected,
and (3) the parental ion must be found by FTMS.

Using the MS data, they managed to annotate 165
unique sum-composition lipid species in rat brain tissue.
From these sum-compositions, they managed to struc-
turally identify 113 lipid species using the parallel IT-MS/
MS run. A total of 92% of the identified lipids could be
validated with HPLC-MS/MS.

4.3.2 | CycloBranch 2

CycloBranch 2 (Novak et al., 2020) is a standalone
software package implemented in C++ that can annotate
LC-MS, MSI, and MS/MS data independently or combine
all of them. CycloBranch 2 generates molecular formulas
from an input list of chemical elements to form a
database of compounds, optimized for peptides and some
small molecules. Later, all the molecules in the database
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(Continued)

TABLE 2

Programming
language

Input data format

Output
- Ranking scores

Installation
License

- Approach
- Library

- Annotation type

- Target features

Confidence
level

References

Name

Sementé

R/C++
- Install from github

imzML

- R objects containing isotopes

Feature centric
Modeled after

General annotation.
- Isotopes and adducts

rMSIannotation

et al. (2021)

GNU GPL v3.0

and adducts.
- (1) Linear Regression R* (2)

HMDB and Peptide

Atlas

of metabolites and

peptides.

M + 0/M + 1 ratio difference (3)

Mass error

Baquer

imzML

Library-centric
In-house

- Specific to matrix

rMSIcleanup

et al. (2020)

- Install from github

R object containing matrix

peaks

GNU GPL v3.0

clusters and PDF with spectra,

Matrix-related MS
signals

ion images and matrix clusters

- (1) Weighted Pearson's

Correlation (2) Exponential of

Euclidean distance

are tested using various rules like the nitrogen to oxygen
ratio, the Senior's rules (Kind & Fiehn, 2007) and
matching the m/z in an experimental input spectrum.
Additionally, CycloBranch 2 supports fine isotope
structure annotation, being able to resolve 34g/13C, and
4K/13C, peaks. Moreover, CycloBranch 2 includes a tool
to visualize the annotations over the MSI image
combined with multiple microscopy or histology images,
which can be shifted and adjusted manually to increase
the overlap between them. The output of the software
consists of a list of interactive tables that show the
annotations over the spectra and images.

The tool was used to annotate an MSI data set
consisting of a mixture of three commercial siderophores
standards of bis-methylthio gliotoxin, ferrioxamine, and
triacetylfusarinine C ferriform over an ITO glass.
Cyclobranch 2 predicted elemental compositions of all
three compounds reported in at least 50 spectra from a
total of 1215. Later, the peaks were searched in a library
of 709 siderophores and secondary metabolites as a
positive control.

4.3.3 | HIT-MAP

HIT-MAP (Guo et al, 2021) is an R package that
annotates peptides and proteins in high mass resolution
MSI data sets using peptide mass fingerprint analysis and
a scoring system. To annotate, HIT-MAP generates a
customized local database of digested proteolytic pep-
tides in silico from a protein sequence file in FASTA
format containing the proteome of the species under
investigation and a complete in silico digestion frame-
work. Moreover, HIT-MAP generates a decoy database to
produce FDR-controlled annotations.

To match the reference database with the experimental
data, three principal scores are used. First, the number of
peaks in the experimental isotopic pattern found in the
theoretical pattern, discarding those peaks below 2.5% of
the most intense isotopic peak; second, the intensity profile
of the patterns; and third the mass error between peaks.
Once a list of annotated peptides is generated, protein
annotation is achieved by grouping peptides into the target
proteins computing an FDR. The output of HIT-MAP
consists of two subfolders, one containing all the
identification data and the other a summary with peptide
and protein lists as well as ion images.

434 | LipostarMSI

LipostarMSI (Tortorella et al., 2020) is a commercial
software for targeted and untargeted MSI data analysis
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with automated annotation of lipids, metabolites, and
drug metabolites. It annotates by accurate m/z ratio
matching within user-defined tolerances in libraries of
compounds like the HMDB or LIPID MAPS. In-house
libraries are also supported. Each hit to the database is
ranked based on a mass score (proximity to the
theoretical mass), an isotopic pattern score (compliance
to theoretical intensity ratios and mass distances), and
chaos score (spatial distribution of the m/z density
image).

The software also allows the inclusion of MS/MS data
to reach higher levels of confidence in identification.
Each experimental MS/MS spectra can be compared to
fragmentation libraries or to in silico fragments produced
by a set of proprietary lipid fragmentation rules. In
addition to the scores used in annotation, a new fragment
score is introduced. This score is based on (1) the
percentage of theoretical fragments found in the experi-
mental data, and (2) the ratio between experimental and
theoretical fragment intensities. Each theoretical frag-
ment can be labeled as “mandatory” or “recommended”
either manually or based on user-defined intensity
thresholds. This allows the fragment score to only focus
on relevant fragments.

The output of the software consists of a list of
compounds assigned to each m/z ratio and ranked by the
LipostarMSI score. Each annotation/identification is
color-coded based on the confidence of annotation.
Green indicates successful structural identification,
orange indicates the presence of conflicts that need to
be manually reviewed and approved; and red indicates
unsuccessful identification. Finally, after approving
correct identifications, all adducts assigned to the same
compound are merged in a unique identification.

4.3.5 | Mass2adduct
Mass2adduct (Janda et al., 2021) is an R tool that follows
a feature-centric approach to automatically annotate
common alkali metal adducts, matrix adducts, and
isotopes. The tool computes the mass difference between
all m/z feature pairs available in the data set and plots
them in a histogram. The most common mass differences
are matched against a list of common adducts to
determine their identity. Finally, the Pearson's correla-
tion of each candidate adduct to their parental ion is used
to discard unlikely adducts. Bonferroni correction and
false-discovery rate analysis based on g-value cutoff are
applied to Pearson's correlation values.

To validate their approach, they conducted on-tissue
tandem MS on mouse brain tissue using DHB as the
matrix. They focused on four pairs of m/z values with a

mass difference of 136.016 Da (DHB-H,0) and found that
they showed identical MS/MS fragments.

They showcase their annotation tool on several tissue
types, sources, mass analyzers and two matrices (DHB
and CHCA). Comparable [M+Na]* and [M+K]*
adduct frequencies were found across tissue types and
experimental setups. Abundant matrix peaks were found
for DHB (up to 30% of the total amount of features).
CHCA was less abundant (up to 10% of all features).

As a final validation, they compare their results to
METASPACE (Alexandrov et al., 2019). Out of the
604 m/z features annotated as matrix adducts by Mas-
s2adduct for a mussel data set, a total of 103 were
annotated as metabolites by METASPACE. This high-
lights that matrix adducts can cause false-positive
annotations and they should be taken into account for
library searches. They also conclude that exact mass
matching is not enough for identification and the use of
orthogonal techniques is required.

43.6 | massPix

massPix (Bond et al, 2017) is an R package that
combines data analysis functionalities with deisotoping
and exact mass matching against generated lipid
libraries. The deisotoping algorithm finds monoisotopic
ions (M + 0) and removes the first and second isotopes
(M+1 and M+2) which are within a calculated
proportion of M + 0. To achieve lipid annotation, first,
a library of lipids is generated by combining common
fatty acids, lipid head-groups and adducts; and second,
the M + 0 ions previously found are matched against the
generated library. The output consists of various CSV
files with annotations.

4.3.7 | MSKendrickFilter

MSKendrickFilter (Kune et al., 2019) is a python
software capable of exploiting the benefits of KMD
analysis to classify chemically related compounds in their
corresponding families. It is based on the conversion of
exact mass measurements to a Kendrick Mass (KM) scale
(linear conversion factor computed with the nominal
and exact mass of a reference molecule of choice).
With this transformation, the mass of the reference
molecule—which is usually a repeating block in a bigger
structure like CH, in lipids—does not contribute to the
decimal part of the KM, which contains only information
of the other elements of the molecular structure. The
KMD is later obtained by subtracting the rounded KM
from the KM (Kune et al., 2019). Their results show how
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using CH, as a reference molecule, different tetraalk-
ylammonium, lipids, and lipopeptides families can be
identified. When using C,H4O as a reference molecule,
different polymers groups could be separated. Their
results were validated on bacteria cocultures and brain
tissue sections.

438 | OffsampleAl

OffsampleAl (Ovchinnikova & Kovalev, 2020) is an
artificial intelligence approach to recognize ion images
localized outside of the sample (off-sample). The authors
initially compiled a database of 23,238 ion images from
87 public MSI data sets manually labeled as on-sample
and off-sample by five experts (using a custom web app).
This database is used as a validation for the three
algorithms proposed. The two first methods proposed,
the “Spatio-molecular biclustering method” and the
“molecular colocalization method” rely on the spatial
correlation between ions and clustering of pixels to
identify off-sample ions. The top-performing method is
based on a deep residual learning approach trained on
part of the gold standard.

439 | pySM (METASPACE)

Palmer et al. (2016) proposed a novel approach to
annotate metabolite data in MSI with a confidence
estimation approach. Using the compound-specific data-
bases selected by the user, as well as a list of possible
adducts, a list of all possible monoisotopic molecular
matches is compiled. These molecular matches are then
ranked based on the so-called metabolite-signal match
score (MSM score), a composite score that relies on three
metrics: (1) the “spatial chaos metric” quantifies the
informativeness of the monoisotopic peak (2) the
“spectral isotope metric” indicates the degree of similar-
ity between the theoretical isotopic pattern and the
experimental one and (3) the “spatial isotope metric”
indicates the degree of similarity between the ionic
images for all isotopes.

The MSM score values will depend largely on the
sample at hand, making it difficult to specify a stable
MSM cutoff. This is addressed using an FDR value
estimation using a Target-Decoy approach. The main
database with normal adducts is referred to as the Target
database and it is extended with a Decoy database of the
same size. In this case, the decoy is composed by
randomly selecting implausible adducts. For each search
in the Target database (using plausible adducts) a search
in the Decoy database is conducted (using implausible

adducts). All hits, from both the target and the decoy
databases, are ranked based on MSM. The number of
Decoy hits and Target hits above a certain MSM cutoff is
used to estimate the FDR. This allows converting an
MSM cutoff to a much more easily interpretable FDR
cutoff.

pySM is currently integrated in the online annotation
platform METASPACE (Alexandrov et al., 2019), which
allows users to submit high-resolution data sets to be
annotated using four libraries: CoreMetabolome (an
in-house library), HMDB (Wishart et al., 2018), Lipid-
Maps (Sud et al, 2007) and SwissLipids (Aimo
et al.,, 2015). Moreover, METASPACE allows sharing
the results online by storing all data online, both the MSI
data and the annotations, and includes options for
privacy and teamwork. METASPACE contains nowadays
close to 6000 downloadable MSI data sets, being one of
the biggest MSI data repositories in the world.

4.3.10 | ReSCORE METASPACE

Some strategies try to extract more information from the
annotations and identifications rather than only speculat-
ing with the identity of peaks for MSI data sets. One of
them is annotation rescoring, which implies a verification
step after the initial annotation to increase the precision of
the workflow. In this line, C. Silva et al. (2018) applied this
strategy with METASPACE (Alexandrov et al., 2019) to
increase the FDR of the target-decoy approach. The
strategy consists of various recursive iterations of selecting
some of the annotations with higher scores from the target
set and some annotations from the decoy set to train a
linear classifier using a collection of 34 features extracted
for each annotation. At each iteration, the annotations are
rescored using the linear classifier until a certain number
of iterations is reached. The result of this procedure
increases the number of annotated compounds for a given
FDR in METASPACE.

4.3.11 | rMsSIannotation

rMSlannotation (Sementé et al., 2021) is an annotation
workflow integrated into the MSI processing R package
rMSIproc (Rafols et al., 2020) and implemented in C++.
The algorithm annotates monoisotopic ions from metab-
olites and peptides by directly searching in the spectra
peaks that accomplish three rules: spatial correlation,
isotopic mass distance, and intensity profile of the
isotopic pattern, which can be extracted with confidence
thanks to the great number of sampling points in an MSI
experiment. To avoid direct searches in libraries,
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rMSlannotation uses a previous modelization of the
intensity profiles of different compounds found in the
HMDB (Wishart et al., 2018) and the Peptide Atlas
(Desiere, 2006), which allows the prediction of variations
in the intensity profile along the m/z axis. After detecting
monoisotopic peaks, the algorithm groups them creating
networks of adducts using spatial correlation as a
criterion. The output of the algorithm consists of
different R structures containing all the annotations in
tables, information about the isotopic patterns, and the
adduct networks. Moreover, it retrieves structures to
facilitate the inclusion or exclusion of monoisotopic and
isotopic peaks from the data analysis and there are
visualization options included in rMSIproc.

43.12 | rMSIcleanup

rMSIcleanup (Baquer et al., 2020) is an R package that
annotates matrix-related signals in MSI data sets. It
annotates them by computing all the theoretical isotopic
patterns related to the matrix clusters and matching
them to the spectra using cluster spectral similarity and
intra-cluster morphological similarity. Moreover, it
detects overlapped peaks in the isotopic pattern using
the clustering algorithm bisecting k-means and based on
the correlation of their spatial distribution. The output of
rMSlIcleanup is an R data frame that can be exported in
Rdata or CSV formats. Additionally, the package
produces an informative visual report in PDF with all
the patterns detected, ion images, and matrix-related
annotations.

5 | EXTENDING THE IMZML
FORMAT TO INCLUDE
ANNOTATIONS AND
IDENTIFICATIONS

The imzML is a data format (Schramm et al., 2012)
created to enable the exchange of MSI data between
different software and instruments. It uses two files
linked by a universally unique identifier (UUID): (1) an
XML file that stores experimental metadata that expands
on the HUPO-PSI mzML standard format, and (2) a
binary file to store spectral data efficiently. The spectral
data can be stored in continuous mode, where all pixel
MS measurements share the same m/z values, or in
processed mode, where each pixel has its m/z values.

The imzML format is currently the gold standard for
MSI data storage and sharing. Nevertheless, it does not
contemplate a standard way of including molecular
annotations and identifications.

The MS community has recognized the importance of
storing annotations and identifications in a reproducible
manner to stimulate data sharing and accountability.
This interest promoted the creation of several file formats
that complement the popular mzML file format (Martens
et al., 2011), a standard format developed by the HUPO
Proteomics Standards Initiative (Hermjakob, 2006) to
“capture the use of a mass spectrometer, the data
generated, and the initial processing of that data (to the
level of the peak list).” Although these file formats are
not compatible with MSI experiments, the current and
most relevant formats to store annotations and identifi-
cations in MS are mzTab, mzTab-M, and mzIdentML.

mzTab (Griss et al., 2014) was first released in 2014
and it is intended to store only the final reported results
of an MS proteomics experiment and to provide a simple
way to share data with MS proteomics repositories. It can
contain protein, peptide, and small molecule identifica-
tions with basic quantitative information. Using the same
core as mzTab, a new format to better support small
molecule experiments was developed by the end of 2019
as the 20th version of mzTab, the mzTab-M (Hoffmann
et al., 2019). This file format is intended to extend the
concept of mzTab to include more details for quantifica-
tion, including different charge states or adducts, and
was developed specifically for experiments on small
molecules like metabolites and lipids. In the future,
mzTab-M might be adopted to create a specific version of
mzTab for proteomics only (mzTab-P; Salek, 2019), but at
the moment, mzTab version 1.0 remains active for
proteomics. Both standard file formats are structured as
tab-delimited text files and are intended to share part of
the results of an experiment (not all the MS data), which
make them suitable for searches in libraries and to be the
output of library searches. The files are structured as big
tables of compound identifications with fields like
database identifier, chemical formula, theoretical neutral
mass, adduct ions, and various study variables that can
be defined by the user. A heading containing metadata
and some defining words are also included.

mzldentML (Jones et al.,, 2012) is an XML-based
format that was first released in August 2009 and reached
the current version 1.2 in March 2017. It is intended for
the systematic description of polypeptide identification
and characterization based upon MS. The format was
originally named AnalysisXML to encapsulate different
computational analyses on proteomics performed with
mass spectra, but it was decided to split the development
into two branches: mzldentML for peptide and protein
identification, and mzQuantML (Walzer et al., 2013), to
describe quantification experiments. mzldentML can
store MS data by itself, but it is expected to be
accompanied by an mzML file (there is an mzML unique
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identifier camp inside mzldentML) containing the
complete data set, as mzldentML is best suited for
results and not the complete experiment. Polypeptides
identifications can be stored in different ways depending
on the identification procedure, but the information
usually consists of the sequence accession, the length of
the sequence, information about the enzyme used, and
fragmentation information among many others.

6 | PERSPECTIVES
6.1 | Identification confidence levels
for MSI

As MSI matures into an analytical technique frequently
used in untargeted metabolomic studies, the scientific
community expects the same level of accuracy and
accountability in MSI experiments as in studies with LC
or GC coupled to MS or NMR. Thus, we propose the
adoption of the identification confidence levels used in
LC-MS metabolomics [19] to the field of MSI as described
in Section II.B. and Supplementary Figure 1.

MSI lacks the chromatographic separation available
in LC and GC metabolomics, which impedes the
acquisition of orthogonal information (i.e., RT). Never-
theless, the high number of pixels enables image and
peak intensity correlations to reliably annotate isotopes,
adducts, and in-source fragments.

We are confident that the MSI community, especially
in the field of software development for annotation and
identification, would benefit from this proposal. First, we
encourage the community to be consistent with the terms
annotation and identification. As shown in Supporting
Information: Table S1, more than 50% of the papers
reviewed used the term identification to refer to exact
mass matching. Assignments based on only exact mass
matching (Levels 4-5) should be referred to as annota-
tion. “Annotation” should still be used even when using
orthogonal information to distinguish isomers and
isobars (Levels 2-3). The term “identification” should
only be used when all experimental data is matched
against a reference standard (Level 1).

Second, we claim that users of software tools would
appreciate a clear indication of the level of confidence the
tool provides. The list of annotations and identifications
produced by the software should include a field
indicating the level of confidence (Levels 1-5). Further-
more, we consider that they should also be specified in
any accompanying publication.

The adoption of these guidelines will provide a clear
framework to communicate confidence in annotation
and identification and ensure correct biological

interpretation of the results. This initiative will also
encourage the community to strive for higher identifica-
tion confidence in their studies by adjusting their
experimental and software workflows.

6.2 | Incorporation of annotations and
identifications to the imzML format

Table 1 shows that imZML (Schramm et al., 2012) is
the default input format in the overwhelming major-
ity of software tools for annotation and identification
in MSI. This indicates the full commitment of the
community to the idea of cross-instrument, open
protocol, and standardized data sharing. The imZML
format has been a clear success. At the same time,
Table 2 also shows a clear disparity of output formats
(.csv, .xlsx, .Rdata, .pdf..). The resulting annota-
tions and identifications are usually reported in
loosely defined in-house formats with different fields
that impede data sharing, integration, and reusability.
Thus, we identified an imperative need for a standard
format to report MSI annotations and identifications
easily integrable with imZML.

We have observed that most data formats for MS that
contain identifications (mzIdentML, Jones et al., 2012;
mzTab, Griss et al., 2014; and mzTab-M, Hoffmann
et al., 2019) were not designed to contain all the spectral
data but as an annex to the mzML (Martens et al., 2011)
data storing format.

We propose adopting this same strategy to define a
new file format to include annotations and identifica-
tions as an annex to the imzML standard. In particular,
we consider that in the field of metabolomics the format
mzTab-M should be used as a reference. Each data set
would now be described by three key files: the
common.ibd and .imzML files containing the spectral
data and a new.mzTab-M file containing annotations,
identifications, and supporting evidence. All these files
would be linked using the same Universally Unique
Identifier (UUID). The .mzTab-M file could contain
multiple UUIDs in studies with multiple.imzML files.
Figure 3 shows a high-level abstraction of the imzML
format, the mzTab-M format, and their integration by a
list of UUIDs.

mzTab-M is the result of years of collaborative work
between the Metabolomics Standards Initiative, Proteo-
mics Standards Initiative, and Metabolomics Society. It
relies on a well-defined structure and controlled vocabu-
lary and it can be read, written, and validated using
mzTab-M (Hoffmann, Hartler, et al.,, 2019). It has
successfully been adopted by some of the main MS
annotation software such as Lipid Data Analyzer (Hartler
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binary file (*.ibd): mass spectral data

processed mode

XML (mzML based) I

MSI controlled vocabulary

m/z array m/z array 1
h intensity array 1 mntensity array 1
h intensity array 2 -
m/z array n
I | intensity array n | intensity array n

Metadata table
(MTD)

Small molecule table

(SML)

Small molecule feature table

(SMF)

Small molecule evidence table

(SME)

tab separated file (mzTab based)

One row per parameter

One row per
annotated/identified molecule

One row per MS feature
(isotope, adduct, in-source fragment)

One row per evidence
(library search, pattern match,
manual curation ...)

P

SMF 1 SMF 2 SMF 3

M - (P-Cho) M+H M+Na
SME 1 SME 2 SME 3
wll wdl

m/z m/z drift tme

FIGURE 3 Adaptation of mzTab-M format to be compatible with imzML. A list of unique universally identifiers (UUIDs) would link
multiple imzML files from the same study to a single mzTab-M file containing annotations and identifications. Adapted with permission

from Schramm et al. (2012) and Hoffmann, Hartler, et al. (2019). Copyright 2022 Elsevier. CC-BY license https://creativecommons.org/

licenses/by/4.0/ [Color figure can be viewed at wileyonlinelibrary.com]

et al.,, 2011), GNPS (Nothias et al.,, 2020), MS-Dial
(Tsugawa et al.,, 2015), and MetaboAnalyst (Chong
et al., 2018).

mzTab-M is in plain text, making it visually easy to read
and understand. Additionally, its tab-separated format,
similar to the CSV format, is natively supported in Excel
and other spreadsheet software. It is therefore a viable
alternative to excel and CSV files used in publications and
statistical programming languages like R.

The main drawback of mzTab-M is that it relies on a
custom structure defined by its own specification. We
consider that using extensible markup language (XML),
a ubiquitous file format in all fields of computer science,
would offer several advantages. All major programming
languages and platforms have plenty of reliable tools to

read, write, and validate XML, and its well-defined
structure makes it extensible. In the long run, adapting
mzTab-M to XML ensures a robust adoption by more
developers and easier maintenance. We consider that one
of the priorities when adopting mzTab-M for MSI
applications is to redefine it in XML format. To ensure
ease of access to the annotations and identifications by
researchers with a lack of coding background, the
community should develop a converter to the original
mzTab-M tab-separated format.

Additionally, to adapt it to the field of MSI, part of
the controlled vocabulary and fields defined by the
mzTab-M format would need to be updated or removed.
New fields would also need to be defined. As an
example, all columns regarding RT in the small
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molecule feature table (SMF) should be removed. The
general structure of metadata, small molecule table
(SML), SMF, and small molecule evidence table would
remain unchanged.

Finally, the most crucial point to take into account is
how to include the spatial information of the identified
compounds. The same MS signal can correspond to
different molecules in different areas of the tissue,
especially when working with low-resolution MS analy-
zers, like peptides with the same m/z belonging to
different proteins (Guo et al., 2021). Accounting for this
phenomenon is a nontrivial task. We suggest including a
column to specify the ROI of a specific MS feature. The
representation and storage of ROIs are not properly
solved in MSI and multiple vendors and software tools
use their own custom-built formats.

6.3 | The future of automatic
annotation and identification in MSI

We have extensively reviewed 12 software tools
available between 2016 and 2022 to perform automatic
identification and annotation of MSI data. Tools
specialize in different target molecules (i.e., metabo-
lites, lipids, peptides, or proteins), different experi-
mental data (i.e., MS, tandem MS, ion mobility or other
orthogonal techniques), and different approaches (i.e.,
library-centric or feature centric). Most of the tools
available to date only focus on annotation and only
reach identification Level 4 as they rely on exact mass
matching. ALEX'?? (Ellis et al., 2018), CycloBranch 2
(Novak et al., 2020) and Lipostar (Tortorella et al., 2020)
are the only tools that can consistently provide Level 3
or Level 2 identifications. There is a clear need for
automatic tools that can provide identifications with a
confidence level over 3. Combining structural infor-
mation obtained from orthogonal techniques is an
important area of research that needs to be further
explored.

For a confident identification, it is important to
highlight the importance of proper mass calibration
(Rafols et al., 2018), using internal standard compounds
or matrix peaks, and the use of high-resolution mass
analyzers with mass accuracy below 5 ppm.

The future of automated annotation and identifica-
tion in MSI relies not only on instrumental development
but also on creativity in the application of strategies
inspired by more established MS-based techniques such
as LC-MS and GC-MS. We have identified the following
challenges where software developers have an opportu-
nity to make an impact in the field of annotation and
identification by MSI:

« In-source fragmentation
To date, there is no automatic tool that directly
addresses the annotation of in-source fragments
(fragments generated naturally during ionization or
desorption) in MSI. Their correct annotation is key, as
in-source fragments clutter the spectra and can be
wrongfully annotated as other parental ions (Garate
et al., 2020). This is particularly problematic in ion
sources like SIMS and LA-ICP, but it is still a problem
in soft-ionization sources like DESI or MALDI. At the
same time, if properly dealt with, in-source fragments
promise to increase confidence in annotation as they
can provide insights into the structure of a molecule
(much like tandem MS). In a recent LC-MS study, Xue
et al. (2020) proposed adjusting the ESI source to
produce in-source fragmentation patterns comparable
to the MS/MS spectra available in METLIN (Smith
et al., 2005). They found that 90% of 50 mixed
metabolites showed in-source fragmentation patterns
consistent with METLIN. This could lead to potentially
high levels of confidence (above Level 3) only using
MS1 data.
» Exogenous compounds
Similarly, although several efforts have been pre-
sented in recent years (Baquer et al., 2020; Janda
et al., 2021; Ovchinnikova & Kovalev, 2020), a
comprehensive and reliable tool for the annotation of
matrix-related signals of all widely used matrices is
still missing. The use of inorganic matrices limits the
presence of matrix fragments in the low range of the
spectrum, but its use is far from being widespread.
Another area needing further research is the
annotation of exogenous compounds. Various MSI
workflows contemplate the use of FFPE slides as
sampling material, but identifying all the peaks that
originated during the sample processing is still an open
issue. Here we see an opportunity for researchers to
develop software tools dealing with the identification
and removal of all the peaks related to FFPE, OCT, or
other cutting materials, which would require an in-
depth analysis of the chemical processes produced by
the sample processing.
« SIL annotation
Following this line, SIL methods for MSI would
benefit from the development of annotation tools
specially designed for targeting different compounds
with distinct or artificial isotopic patterns. There are
various annotation tools for LC-MS data that are able
to target SIL compounds (Capellades et al., 2016;
Dange et al., 2020; Neumann et al., 2014). These tools
could be used to inspire the development of new
software for MSI. Even better, contributing to the
development of this software to include MSI data
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would allow combining both LC-MS and MSI SIL
methods, which would benefit both disciplines and
open the door for more collaboration between tech-
niques in the SIL field.

« Pathways in LC or GC-MS and how to apply them in
MSI

Metabolic pathway analysis (a.k.a. metabolic path-
way enrichment analysis) compares two sample classes
(i.e., control vs. treatment or condition vs. wildtype) to
produce a list of dysregulated (upregulated or down-
regulated) metabolic pathways. Data about metabolic
pathways is obtained from databases such as KEGG
(Kanehisa & Goto, 2000), HMDB (Wishart et al., 2018),
or BioCyc (Caspi et al., 2014). For each pathway found,
the coverage percentage is given (the percentage of
metabolites in the pathway annotated). For each
feature annotation, the dysregulation (up or down),
fold-change and p-value are given. Additionally, an
overview of all pathways can be represented in a
variety of plots showing overall significance (p value)
or metabolite overlap percentage. This process is
typically performed on the list of annotations, but
using the mummichog algorithm it can be applied
directly to MS features. XCMS (Forsberg et al., 2018)
and MetaboAnalyst (Chong et al., 2018), two major MS
metabolomics processing platforms, implement path-
way analysis.

Additionally, to facilitate the generation of
hypotheses, several software tools also include
interactive network explorers. Metaboanalyst
(Chong et al., 2018), for example, allows the user
to show the metabolite annotations on the KEGG
(Kanehisa & Goto, 2000) global metabolic network
and other networks.

To date, there is no automatic tool that can provide
pathway analysis in MSI. Currently, pathway analysis in
MSI is typically done by (1) running annotation/
identification, (2) exporting a list of significant metabo-
lites when comparing two ROIs, and (3) conducting
pathway analysis using non-MSI targeted tools data
such as XCMS or MetaboAnalyst. As an example, Sun
et al. (2018) followed this approach (using KEGG and
MetaboAnalyst) to metabolically compare the cortex
and medulla in human adult adrenal gland samples.
Among other pathways, the purine metabolism pathway
was upregulated in the medulla while the biosynthesis
of unsaturated fatty acids was upregulated in the cortex.

o The role of AI and deep learning (DL) in annotation

Finally, we conclude the review by addressing the hot
topic on every researcher's lips: DL. DL has already
achieved science-fiction-like results in a wide range of
fields such as robotics (Stinderhauf et al., 2018), natural
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language processing (Otter et al., 2021), and medical
image processing (Minaee et al., 2021). In recent years,
MSI has seen some developments in machine learning
(ML) and DL in applications such as tumor classification
(Behrmann et al., 2018), clustering (Zhang et al., 2021),
image registration (Race et al., 2021), and peak picking
(Abdelmoula et al., 2021). In the field of molecular
annotation and identification, OffSample AI (Ovchinnikova
& Kovalev, 2020) used several DL models for the
annotation of matrix-related and off-sample MS features.
Nevertheless, the adoption of these technologies for MSI
metabolomics is slow and we seem to be missing out on
this Artificial Intelligence revolution (“Why the metabolism
field risks missing out on the Al revolution,” 2019). The two
main drawbacks that are holding the community back are
(1) the lack of result transparency and accountability, and
(2) the lack of big data for training.

MSI is used in fields such as biochemistry, pharma-
ceutics, and medical diagnostics where reliable annota-
tions and identifications are crucial. Since their
inception, ML and DL have struggled with their inability
to transparently justify their learning-based nonlinear
results (black-box problem) (Castelvecchi, 2016). This
inherent problem leaves scientists and funding bodies
unable to fully interpret and trust DL results (von
Eschenbach, 2021). There are three strategies to open the
black box (Azodi et al., 2020). In the field of MSI
molecular annotation and identification, the black-box
problem could be mitigated by coupling DL models with
more traditional score-based methods (i.e., spectral
similarity, spatial similarity, spectral chaos, FDR esti-
mates, etc.). Only annotations and identifications rank-
ing high in both approaches would be accepted
automatically, while mismatching annotations and iden-
tifications would be manually curated by the user.

The second bottleneck limiting the adoption of DL is
the lack of big, labeled and curated sets of MSI data
(“ground truth”) needed to train the models
(Alexandrov, 2020). Ideally, for training DL models, in
the task of annotation and identification, we would need
thousands of MSI data sets with a complete list of Level 1
identifications. Additionally, for the DL model to
generalize, it should be exposed to enough sample types
(specimen, condition, and tissue) and instrumental
setups (ion source, ion mode, and mass analyzer).
METASPACE (Ovchinnikova & Kovalev, 2020) includes
thousands of publicly available data sets, but it does not
include a complete list of confident annotations. The
creation of this ground truth could follow two ap-
proaches (Alexandrov, 2020). The first approach relies on
expert crowdsourcing to manually annotate MSI data sets
and has successfully been used in MSI to estimate quality
(Palmer et al., 2015), off-sample signals (Ovchinnikova &
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Kovalev, 2020), and colocalization (Ovchinnikova &
Stuart, 2020). Nevertheless, expert annotation could
prove unfeasible and unreliable in the task of molecular
annotation and identification. Following the success of
MS/MS libraries like METLIN (Smith et al., 2005), NIST
(Lemmon et al., 2010), or MassBank (Horai et al., 2010),
the second approach involves the creation of an MSI
metabolite spectral library using tissue mimetics (or
alternative approaches described in Section 3). This is
certainly one of the biggest challenges ahead for our
community, but DL promises to give birth to the next
generation of automated tools to more reliably answer
the question “what are we imaging?”.
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