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1. Introduction

Untargeted metabolomics is an approach aimed at analyzing all the metabolites of an organism, while targeted
metabolomics analyzes some specific compounds of interest that have been previously characterized. Untargeted
metabolomics, using high resolution mass spectrometry applied to the analysis of natural products, follow a
standardized workflow. After proper sample preparation, this workflow begins with equipment selection (analyzer
type, source type, ionization mode) and data acquisition, including choosing the appropriate acquisition mode.
Once the data are acquired, metabolomic analysis follows a conventional process involving various software
programs and chemoinformatic tools used at key stages. The choice of analytical parameters and statistical
methods presents a major challenge for interpreting the results. Thus, through the example of an untargeted
analysis of a hop collection including wild, heirloom, and commercial genotypes, we present some common
limitations and difficulties related to the choice of analytical parameters. Emphasis will also be placed on
dereplication, encompassing all the methods used to rapidly identify known compounds, on the contribution of
molecular networks to dereplication strategies and on the importance of annotating identified variables with
different confidence levels.
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2. Mass Spectrometry-Based Untargeted Metabolomics
2.1. Introduction to Omics Approaches

The suffix “-omics” refers to a field of recent disciplines aimed at characterizing and quantifying, at different
scales, a wide range of problematic biochemical variables in organisms [1,2]. Genomics, which focuses on the
genome, literally “complete set of genes” [3] and which today refers to the entirety of DNA, was the first discipline
to adopt this approach. Similar terms were subsequently used to designate the complete set of gene transcripts—
transcriptome (total RNA), the complete set of translation products—proteome (total proteins), and today the
complete set of metabolites—metabolome (including endometabolome and exometabolome). Thus, the term
‘omics’ refers to the study of cellular metabolism (Figure 1). Metabolomics has rapidly established itself as a
technique of choice for phytochemical analyses and the study of specialized metabolites [4—6].

“Omics” approaches rely on high-throughput analysis technologies that allow for the characterization of a
large number of individuals. The goal is to obtain an overview of the organisms studied—in our case, the hop
metabolome—and to establish correlations with other qualitative and/or quantitative variables.
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Figure 1. “-omics” approaches at different scales.

2.2. Types of Analyses in Metabolomics

Two main approaches are distinguished in metabolomics [7].

- the targeted approach, which analyzes certain compounds of interest that have been previously characterized;
- the untargeted approach, which tends to analyze a panel of compounds, as broad as possible, without any
preconceived notions.

The untargeted approach allows for a more complete description of the metabolome description of the
organism under study, including unknown or low-abundance compounds, and thus limits biases related to variable
selection. However, it exhibits some sensitivity to data detection and processing parameters, which can lead to
variability in the results [8].

Untargeted analysis can be performed by mass spectrometry (MS) or nuclear magnetic resonance (NMR) [9].
In MS, detection is generally coupled to a chromatographic method, either ultra-high-performance liquid
chromatography (UHPLC) or gas chromatography (GC) [10]. The analyzers used are preferably high-resolution
(HRMS) analyzers such as time-of-flight, orbitrap, or Fourier transform analyzers, providing high accuracy in
measuring masses. The use of tandem mass spectrometry (MS/MS), which effectively couples these analyzers to
a quadrupole and a collision cell, also provides structural information useful for identifying certain variables [11].

MS data acquisition is mainly done via three modes [10,12]:

- Full scan acquisition: This mode allows for obtaining the mass-to-charge ratios (m/z) and the relative
abundance of metabolites for each sample. The MS1 data are then processed by specialized software (such
as MZmine) to extract reliable variables, which are then statistically analyzed to identify those that vary
significantly among the samples. Subsequently, an MS2 analysis on a pooled sample provides the
fragmentation spectra necessary for the chemical identification of the metabolites.

- Data-dependent acquisition (DDA): In this mode, the analyzer first acquires MS1 spectra via a full scan.
Then, the quadrupole selects, based on user-defined parameters such as an inclusion list or intensity-
dependent thresholds (hence the term “data-dependent”), precursor ions for MS2 analysis to obtain MS/MS
fragmentation spectra. One limitation of this mode is that low-abundance metabolites cannot be fragmented.
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- Data-independent acquisition (DIA): In this mode, after a full scan acquisition, the analyzer systematically
fragments all precursor ions within a defined, generally quite wide, m/z range. Fragment matching to the
parent ion is performed post-acquisition by deconvolution using algorithms. This mode was introduced to
overcome the limitations of DDA, particularly its inability to fragment low-abundance metabolites. However,
the generated MS2 spectra can contain fragments from multiple precursors, making the correct assignment
of fragments to each metabolite complex. The MSE acquisition, a specific technology developed by Waters®,
is classified as a DIA. It improves assignments. It consists of alternating two MS/MS functions: One with
low collision energy (inducing little or no fragmentation) and one with high collision energy [13]. An ion
mobility cell upstream of the collision cell facilitates the allocation of parent ions by similarity of drift times
in the mobility cell (drift time) [14].

Once the data are acquired, metabolomic analysis follows a classic process involving various chemoinformatic
tools, often in the form of open-source software developed by and for researchers (Figure 2) [6,15,16]. These software
programs and platforms are fully aligned with the principles of open science through data sharing and encourage
collaboration via discussion forums.
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Figure 2. Standard process for metabolomic analyses (inspired by Ramos et al. [15]). Logos of the main open-
source tools associated with these steps are shown.

3. Preprocessing of Mass Spectrometry Data

Before any bioinformatic analysis, the acquired data must be cleaned, grouped, and aligned [17-19]. Several free
software programs such as MzMine4 [19], OpenMS [20,21] or XCMS [22], as well as software from manufacturers like
Progenesis QI (Waters, Milford, MA, USA), allow this preprocessing, according to algorithms that sometimes differ:
For example, in Progenesis QI, the alignment of chromatograms precedes the detection of peaks.

3.1. Importing Data

Free and open-source software, or software licensed for academic purposes, uses so-called “open” formats,
such as .mzXML or more recently .mzML, which is currently the most widespread. A preliminary file conversion
step is necessary, using tools such as ProteoWizard (open source) [23] or proprietary software like MassHunter
Qualitative Analysis (Agilent, Santa Clara, CA, USA).

3.2. Peak Detection

The acquired mass signals are processed and integrated to generate peaks representative of each detected ion.
Detection follows several steps, the parameters of which must be optimized: Minimum intensity, number of scans,
mass tolerance, etc. These parameters depend on both the instrumentation used and the matrix being analyzed.
Filters that are too permissive can incorporate redundant, uninformative or background noise variables, while
filters that are too strict risk losing low-intensity signals [24].

3.3. Grouping Peaks into Variables

In MS acquisition, a single compound can generate multiple signals corresponding to its different isotopes,
adducts, in-source fragments... Several steps allow these signals to be grouped into a single variable. These steps
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include deisotopization (grouping of isotopic clusters), adduct grouping, or, in the case of electron impact (EI)
analysis, fragment deconvolution. Indeed, EI is a hard ionization that induces numerous fragments in the source [25].
Grouping algorithms rely on similarities in retention time, peak shapes, and mass differences. Excessively
restrictive tolerances can lead to duplicates; conversely, excessively broad tolerances can merge signals from
different compounds, resulting in information loss [24].

3.4. Variable Alignment

The variables for all analyzed individuals are aligned according to retention time and the shape of the
chromatographic peaks [26]. This alignment generates an intensity matrix, in which each case corresponds to the
area under the curve of a variable for a given individual. This data matrix can then be filtered to eliminate
redundant, uninformative, or from background noise variables [27]. Typically, removing variables present in
analytical blanks eliminates column impurities, while comparison with quality control (QC) samples—that is, an
equivolumic mixture of the different analyzed samples—ensures good selection of variables representative of the
dataset [18]. Furthermore, it is not uncommon to identify variables present only in a single sample, often
attributable to analytical or preprocessing artifacts.

3.5. Exporting Spectral Data

In addition to the data matrix, preprocessing software can generate a list of MS/MS spectra associated with
the aligned variables. Several formats exist for representing this spectral data, each with its own specific syntax.
Among them are the .msp format produced by Progenesis, the .mgf format generated by MzMine, among others,
and the .ms file, specific to the SIRIUS software, which allows the aggregation of several lists of fragments
obtained under different fragmentation conditions into a single variable. These files list the fragmentation spectra
(m/z—intensity) associated with each variable and also include a set of metadata (identification, retention time,
collision energy, adduct type, etc.) (Figure 3). These formats have the particularity of being readable and editable
like simple text files, either manually or automatically. The .mgf format is a widely adopted format within the
metabolomic community. It is recognized by most of the chemoinformatic tools and allows for the translation of
a significant amount of spectral information with minimal storage cost. This enables the sharing and reuse of data
within the scientific community, fully aligning with current open science principles [15].

v BEGIN IONS Metadata of the analyzed ion (retention

FEATURE_ID=101 time, adduct, collision energy, etc.).

MSLEVEL=2 Only the mass (m/z) of the precursor

Start of spectral RTINSECONDS=369 ion “PEPMASS,” the charge, and the

information for PEPMAS5=429. 2667 identification ~ of  the  variable
current variable CHARGE=1~ “FEATURE_ID" are mandatory.

COLLISION=20v
— 125.0618 1148.82 —
152.9966 1806.44
224.0709 1509.85
237.0782 1390.34
247.1351 1534.09
249.0786 1266.99
251.1302 3403.81
263.1302 27386.97
264.1372 47111.55
289.2194 2169.47
Fragment list 291.1247 189258.09
(m/z) ) 297.1555 1078.09
303.198 17048.82
311.1677 1698.9
315.1982 25607.41
327.1986 1601.98
333.2086 112719.98
342.1866 3257.04
End of spectral 360.1956 1488030.13
: ! 383.2616 1266.64
'Vrg?i;rgf;"’" for current 411.2568 28652.25
429.2668 352450.66
431.235 6678.17
_ 433.3345 1571.41 _J
~ END IONS

L Fragment intensity, separate
from massbya "_"

Figure 3. Syntax of a .mgf file.

4. Chemometrics

Preprocessed mass spectrometry data matrices contain a significant amount of information that is
uninterpretable in its raw form. Chemometrics encompasses all the statistical analyses used to interpret these
complex data through dimensionality reduction, classification, and integration with other datasets.

Chemometric studies can be performed using numerous statistical software programs, both licensed and
open-source. Open-source software using programming languages such as R or Python offers greater freedom in
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customizing parameters and creating graphical representations thanks to code enhanced by numerous packages.
Many multivariate statistical analyses have been developed for data processing, including both unsupervised and
supervised analyses [28]. Each method has its advantages and limitations, and the choice of methods will depend
primarily on the objectives of the statistical interpretation. The commonly used statistical methods are presented below.

4.1. Dimensional Reduction by Principal Component Analysis

Dimensional reduction methods allow complex matrices to be projected into a lower dimension space (two
or three axes), thus facilitating the visualization of underlying structures.

Principal component analysis (PCA) transforms initially correlated variables into new variables, called
principal components. These components are orthogonal linear correlations, i.e., uncorrelated to each other. It
allows for a reduction in data dimensionality while retaining maximum information, particularly to facilitate
visualization and interpretation [29]. In the example shown below, observations are represented as score plot
(Figure 4A,C), while variables appear loading plot (Figure 4B,D).
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Figure 4. Principal component analyses: Score plots (A,C) and loading plots (B,D) at different scales: Standardized
scale (A,B) and Pareto scale (C,D). Variables in red represent variables contributing to the construction of
components 1 and 2 (cos? > 0.5).

To ensure all variables contribute equally, the data are generally centered (subtracting the mean) and scaled
(dividing by the standard deviation) (Figure 4A,B). Another scaling method used in metabolomics is Pareto
scaling, which involves dividing by the square root of the standard deviation after centering (Figure 4C,D). This
approach partially preserves the quantity effect of variables [30]. In an example of untargeted metabolomic
analysis applied to hop resin (Humulus lupulus L.), the application of the Pareto scaling highlighted the major hop
compounds (major alpha and beta acids) in hop samples (Figure 4D) that primarily contributed to axis construction,
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while centered scaled scaling revealed more low-abundance metabolites contributing to the chemical diversity of
the hop collection (Figure 4B).

4.2. Dimensional Reduction by Regression

Another approach is partial least squares discriminant analysis (PLS-DA). This is a supervised method (with
prior knowledge of the classes), unlike PCA, which is unsupervised. PLS-DA groups variables into latent
components that maximize the separation between defined groups [31,32]. This method allows for the
identification of variables specific to a category. A variant widely used in metabolomics is orthogonal PLS-DA
(OPLS-DA), which separates variables into a predictive component (correlated with the groups) and an orthogonal
component (not statistically correlated with the groups) [33]. This distinction improves interpretation, particularly
in metabolomics where a large number of variables can complicate model construction.

4.3. Classification

The classification aims to group individuals according to the distribution of variables, that is, in
metabolomics, according to their chemical similarity. Unsupervised methods, such as k-means or hierarchical
clustering analysis (HCA) allow for the identification of groupings [34,35]. Generally, grouping is based on the
coordinates of the first principal components to focus the classification on the variables most representative of the
group’s variance; this is referred to as HCPC (Hierarchical Clustering on Principal Component) [36].

4.4. Towards Multi-Table Approaches

One of the major advantages of metabolomics data lies in its integration with other sources of information,
whether they are of a “-omics” nature, such as genomics [6] (these are referred to as “multi-omics” approaches),
or related to biological or sensory characteristics. Multi-table approaches allow for the integration of this data and
the observation of correlations between different types of variables.

Unsupervised multiple factor analysis (MFA) allows for the description of individuals based on several
datasets, similar to PCA [37]. It makes it possible to analyze several tables of variables simultaneously, and to
obtain results, in particular, charts, that allow studying the relationship between the individuals, variables, and
tables [38].

Finally, in a supervised manner, PLS regression (PLS-R), applied to two blocks of data, allows us to explore
the covariance between datasets. Regression models can be constructed to predict a response Y (e.g., biological
activities) from a metabolomic table X. This is referred to as PLS-R1 when the response Y is univariate (a vector)
and PLS-R2 when the response Y is multivariate (a matrix). The model constructs latent variables by maximizing
the covariance between X and Y. Graphical representations resulting from this model include score plots
(projection of individuals) and loading plots (projection of variables from X and Y). The variables contributing to
the construction of the model, i.e., those that allow for a better prediction of the Y response, are evaluated using
the VIP (Variable Importance in Projection) score [39].

5. Molecular Networking
5.1. Principles of Molecular Networking

Molecular networks are a schematic representation of a set of metabolites grouped according to the similarity
of their mass fragmentation profiles, whether obtained by MS/MS [40] or EI-MS [41]. The similarity of
fragmentation profiles can reflect a structural similarity between two compounds.

Each spectrum is modeled as a normalized, multidimensional vector, where each dimension represents an
m/z value and its relative intensity. The vectors are compared pairwise, and a cosine value ranging from 0 to 1 is
calculated. The higher the cosine score between two vectors, the greater the similarity these compounds share
based on their fragmentation profile (common fragments and/or losses), and therefore their structural proximity.
Networks are constructed from all the cosine scores of the analyzed variables. The compounds, also called “nodes”
in their graphical form, are connected by “bridges” if the cosine score exceeds a user-defined threshold. Groups
of nodes then form and are arranged into a network (Figure 5) [40].

Initially developed for the study of metabolites of microbiological origin [42], this approach has become
widely adopted in the study of natural products, including specialized plant metabolites [15]. Indeed, networks are
well-suited to grouping naturally occurring chemical classes. Furthermore, molecular networks provide valuable
and relevant structural information for unidentified compounds. Finally, the addition of metadata, made possible
by the Featured Based Molecular Networking (FBMN) function offered by the Global Natural Products Social
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Molecular Networking (GNPS) platform, allows for the integration of chromatographic information from
preprocessing steps [40].

A A: Molecular networks

B: Molecular network
C: Cluster

D: Node

E: Edge

Figure 5. Example of molecular networks with associated terminology (adapted from Nothias-Scaglia et al. [40]).
The segments of the pie chart represent the proportions of each variable in the identified hop chemotypes.

5.2. Software for Constructing, Visualizing, and Editing Molecular Networks

The first networks were built using scripts [42,43] and visualized using the open-source software Cytoscape [44].
Since then, the development of the online GNPS platform has enabled widespread adoption of the practice within
the scientific community. This widespread adoption is due to the implementation of user-friendly online tools for
network construction and dereplication, as well as a strong community aspect fostered by an active forum,
educational documentation, and the sharing of experimental data on the platform [45].

More recently, the open-source software MetGem offers the advantage of building networks locally [46].
Local analysis eliminates the data import step and significantly reduces processing time. Optimizing construction
parameters, where several trials are sometimes necessary to find the best representation, is facilitated. Furthermore,
the software provides a network visualization and editing tool while also allowing export to Cytoscape.

The graphical editing of molecular networks is of particular interest, as it reveals metadata, whether
qualitative or quantitative. Similar to chemometrics, graphical representation provides visual support for data
interpretation. In the example given, representing the nodes as pie charts reflected the distribution of variables
among the different hop chemotypes (Figure 5).

5.3. Construction Parameters and Limitations of Molecular Networks

The construction of molecular networks will depend largely on user-defined parameters and requires
optimization based on the acquired data. As with the preprocessing of untargeted metabolomics data, mass
tolerance will be primarily determined by the sensitivity of the MS analyzer. The key parameters for network
construction will be the cosine score threshold value, the minimum number of fragments, and/or common neutral
losses. The choice of these parameters will depend heavily on the quality of the MS/MS spectra obtained during
acquisition, the number of integrated compounds, and the molecular families being studied. Generally, filters are
used to limit the weight of minor fragments in the calculation of cosine scores.

When a dataset contains a large number of compounds, some groups can become too large to interpret. The
“top-k” parameter limits the number of connections per node to the k closest compounds based on their cosine
score. This results in a segmentation of the group into interconnected subgroups within a network.

One of the main limitations of molecular networks lies in their sensitivity to construction parameters, which
can lead to very different architectures [47,48] Furthermore, the binary interpretation of networks (similar or
dissimilar) can lead to erroneous assignments of chemical classes. In addition, compounds fragmented in a way
that provides little information will not be well integrated into molecular networks.
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5.4. t-SNE Networks

To overcome the limitations of molecular networks, a new representation, based on the t-SNE algorithm, has
been developed as a complement to the classical approach. This functionality was recently developed for the
MetGem software [46].

t-SNE (t-distributed Stochastic Neighbor Embedding) is a dimensionality reduction method that allows
multidimensional data (such as MS/MS spectra) to be projected into a two-dimensional space while preserving
local proximities.

The advantage of t-SNE representations lies in their ability to better reflect proximity relationships between
compounds by including the notion of inter- and intra-group proximity. They also allow us to circumvent certain
biases induced by the network architecture [46]. Our example presented in Figure 6 clearly illustrates this bias in
the architecture of classical molecular networks. The non-oxygenated sesquiterpenes of hops, annotated in red and
blue, were not grouped together in the classical representation (Figure 6A). Although they exhibited high cosine
scores, the top-k parameter caused the blue subgroup to separate from the main cluster. This structural proximity
was more faithfully reproduced in the t-SNE representation (Figure 6B), where the blue and red sesquiterpenes are
grouped together.

Figure 6. Comparison of visualization of a classical molecular network (A) and t-SNE (B) based on mass
fragmentation profiles obtained by EI-MS. Red cluster is represented by selin-4,7(11)-diene derivatives whereas
blue cluster is characterized by selin-5,11-diene derivatives.

However, unlike classical molecular networks, the t-SNE network does not offer absolute grouping in the
sense that no bridges are built between the nodes. The grouping is relative, making interpretation more difficult.
Classical and t-SNE representations are thus complementary [46].

6. Identification of Compounds by Dereplication
6.1. General Principles of Dereplication

In natural product chemistry, dereplication refers to methods for identifying known compounds in a complex
mixture using computer tools, allowing purification efforts to then focus on compounds of unknown nature [49].
It relies primarily on search algorithms that compare fragmentation profiles obtained by HRMS/MS or electron
impact (EI-MS) with those available in reference databases [49]. Several tools allow for the dereplication of
variables, such as MzMine 4 or the GNPS platform, which automatically integrates dereplication during network
construction [47]. Open-source databases include reference spectra or experimental data, such as the user-
contributed GNPS database [45]. Dereplication can also rely on other spectroscopic methods, such as carbon-13
NMR (3C NMR), or even the combination of HRMS/MS and '*C NMR to improve identification, particularly in
the presence of isomers [50,51].

6.2. In-Silico Dereplication

In the absence of a direct match with a database, or as a complement, identification can rely on in-silico
methods [9,52,53]. First, the molecular formula of the unknown compound can be determined thanks to the
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precision of the masses acquired by high-resolution mass spectrometry, as well as the isotopic distribution. The
open-source software SIRIUS reconstructs the fragmentation tree of unknown compounds by analyzing fragments
and neutral losses and proposes the molecular formula most consistent with the tree (Figure 7) [54]. Tools such
MetFrag [55] compare experimental MS/MS spectra to simulated spectra from chemical structures from generic
databases such as PubChem [56] or specialized in the field of natural products such as LOTUS [57]. Further,
CSI:FingerID, integrated into SIRIUS, establishes a molecular fingerprint in experimental MS/MS spectra, then
searches for candidate metabolites in structural databases [58].

Figure 7. Fragmentation tree of co-lupulone treated by SIRIUS software.

6.3. Dereplication Limits

Dereplication methods allow for the rapid identification of a large number of variables. However, the
confidence level of this identification should be considered with caution. Indeed, there is significant variability in
fragmentation profiles acquired by HRMS/MS, making identification by spectral comparison to experimental or
in-silico databases impractical. This variability is due, in part, to different experimental analysis conditions, such
as the intensity of the analyzed compound, the collision energy, the matrix, and the ionization conditions and types,
such as electrospray ionization (ESI) or atmospheric pressure chemical ionization (APCI), which can modify
fragmentation [17].

On the other hand, even under similar experimental conditions, variations in fragmentation are observed
depending on the equipment used, particularly the type of analyzer [59]. This inherent lack of robustness in the
MS/MS fragmentation tandem must be taken into account when assessing the confidence level of proposed
identifications. It is therefore essential for the chemist to confirm or refute these proposals by ensuring consistency
with the scientific literature: Consistency between the proposed identification and existing chemotaxonomic data
for the plant or species of the same genus; consistency between the retention time obtained by chromatography
and the polarity of the candidate (logP); and consistency with the groupings of molecular networks [52].

The identification of compounds analyzed by GC-MS is facilitated by the inherent robustness of the source
fragmentation by electron impact, as well as by the uniformity of the ionization parameters (70 V) in the databases [60].
Furthermore, comparing experimental retention indices with those from databases confirms the identification. A
mixture of n-alkanes injected under the same experimental chromatographic conditions allows the retention indices
of the compounds to be determined according to the formula of Kovatz [61]:

RI =100 (n+ 2@,
travy = tra

With:

RI: Retention Index

t,: Retention Time

x: Unknown compound

n: The number of carbon atoms in the smallest n-alkane

N: The number of carbon atoms in the largest n-alkane

Finally, the main limitation of dereplication is that it only allows for the putative identification of previously
described compounds [62]. However, the characterization of new compounds of natural origin remains a major
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challenge, both for understanding plant metabolic pathways and for expanding chemical libraries of potentially
valuable molecules, for example, in health. Furthermore, putative identification can erroneously lead to assigning
a compound to a known molecule when it is actually a novel metabolite, which can result in the loss of an original
discovery. To address these problems, the recently developed MS2DECIDE tool identifies “new” natural
compounds, i.e., those not yet listed in databases [63]. This method allows for the prioritization of future research
on these unknown compounds and enhance natural product database.

6.4. Characterization of Unannotated Compounds

In the presence of unannotated compounds, the putative annotation of chemical families nevertheless
provides valuable information. It can initially be based on extrapolating the groupings observed in molecular
networks, illustrating the complementarity between network representation and dereplication. ConCISE
(Consensus Classifications of In Silico Elucidations) is a tool developed for this purpose, enabling the fusion of
molecular networking, spectral libraries matching, and in-silico class predictions to establish accurate presumptive
classifications for entire subnetworks [64]. A more detailed analysis of MS/MS fragmentation profiles, compared
to reference profiles from the same hypothetical chemical family, allows for a more precise assignment [52].
Furthermore, recent chemoinformatics tools facilitate this approach. The CANOPUS algorithm, integrated into
SIRIUS, identifies fragmentation motifs characteristic of certain chemical classes and thus proposes categorization
by family [58]. Similarly, the MSNovelist de novo identification tool, also implemented in SIRIUS, generates
candidate structures from observed fragments [65]. Finally, taking taxonomic criteria into account can significantly
improve the effectiveness of proposed annotations for variables from databases [66]. These approaches, still
emerging, remain to be developed with caution but constitute promising prospects.

6.5. Identification Levels

Since identification by dereplication methods is putative, chemists should interpret the results with caution,
taking into account the level of confidence in the identification [18]. Currently, for confirmed identification,
analysis of standards, whether commercially available or purified in the laboratory, is necessary. Structure
resolution is achievable only by NMR or crystallography. In metabolomics analysis, there are five levels of
compound identification, including levels 1 to 4 proposed by the Metabolomics Standards Initiative [67] and, more
recently, by the Metabolomics Society working group, with the creation of an additional level 0 [53]:

Level 0: Unambiguous identification of the compound’s 3D structure, including complete stereochemistry.

Level 1: Identification of the compound’s 2D structure, confirmed by comparison with a standard requiring
at least two independent and orthogonal methods, analyzed under identical experimental conditions (e.g., retention
time and mass spectrum, retention time and NMR spectrum, exact mass and tandem mass, isotope diagram and
exact mass, complete 'H and/or 13C NMR spectra, 2D NMR).

Level 2: Putative identification of the compound by dereplication (without a reference molecule, based on
physicochemical properties and/or spectral similarity with public/commercial spectral libraries).

Level 3: Putative identification of the chemical class (based on the physicochemical properties characteristic
of the chemical class, or by spectral similarity with known compounds of a chemical class, which may rely on
molecular networks) with identification of the molecular formula.

Level 4: Unknown compounds (although unidentified or unclassified, these metabolites can nevertheless be
differentiated and quantified using spectral data).

7. Conclusions

Non-targeted approaches in metabolomics are a preferred strategy for describing living organisms. This
approach has numerous applications, particularly in the field of natural products, where it can accelerate the
discovery of new natural compounds. Combined with powerful chemometric tools, variables of interest can be
identified, for example, according to their taxonomic affiliation or by their correlation with biological activities.
Furthermore, the many dereplication tools allow for the rapid identification of already described metabolites and
direct research toward potentially valuable unknown compounds. These tools have experienced exponential
growth over the last 20 years, primarily due to the development of increasingly innovative algorithms that facilitate
identification. These tools are of major interest for the automated interpretation of MS/MS spectra, the annotation
of variables with different confidence levels, and, beyond that, the prediction of biological properties. The advent
of artificial intelligence, if used judiciously by researchers, may also contribute to this transformation.
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