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Abstract
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Natural products and metabolomics are intrinsically linked by the efforts of analyzing complex
mixtures for compound annotation. Although most of the studies that aims for compound identification
in mixtures use MS as the main analysis technique, NMR has complementary advances that are worth
exploring for enhanced structure confidence. This review intends to showcase a portfolio of the main
tools available for compound identification using NMR. COLMAR, SMART-NMR, MADBYTE, and
NMRfilter are presented using examples collected with real samples from the perspective of a natural
products chemist.
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1. INTRODUCTION

A growing concern in natural products, food and drug discovery research is the progressive loss
of biodiversity and the extinction of unexplored species. This gradual extinction of many unexplored
plants and other organisms represents the loss of many potentially new bioactive and valuable
chemicals.! Thus, there is a need for new approaches for accurate documentation of these compounds
to allow an efficient cataloging of natural products. Mainly due to the wide range of structural diversity,
phytochemistry has become a science focused on progressive fractionations to a pure compound to
have its structure and biological activity elucidated. However, the idea of chance once associated with
natural products discoveries is now outdated and this major field of research is becoming driven by the
‘omics’ technologies.? Genomics, transcriptomics, proteomics, and metabolomics form a holistic
approach to a better understanding of complex biological systems. The first three will not be addressed
directly in here. Metabolomics, as the last of the ‘omics’ sciences, is the term used to describe an
analytical approach that aims to identify and quantify all metabolites involved in a specific situation
within a given organism or system. It uses analytical measurements and statistical techniques to deliver
phenotypic results to be interpreted as the ultimate consequence of genome and proteome
modulation.? Once there is statistical consideration, a sizeable number of replicate samples must be
analyzed to provide statistical confidence.*

Considering both natural products and metabolomics (in its wide application), one of the main
bottlenecks is compound identification. The term “metabolomics dark matter”® was coined to emphasize
this critical fact that most compounds in a study are actually unidentified. When the selected biomarker
is known and its spectrum is recorded in an available database, one can simply compare the analytical
data and identify it. This is routinely done for biological samples, especially in studies involving
metabolomics in humans (and other model organisms), where the wide range of compounds is well known
and well recorded in various databases. This is not quite the same for natural products, where the
chemical diversity is much wider, with varying physicochemical properties, and the available databases
are not well-organized, comprehensive, or freely accessed in many cases. The complex biosynthesis of
secondary metabolites leads to the possibility of finding many analog derivatives at different stages of
biosynthesis, as well as its metabolized forms. In such cases, many of the diagnostic peaks will overlap,
causing misunderstandings between multiple possible targets. In natural products, the term dereplication
is defined as the approach that allows the identification of known compounds in the early stages of
research, in order to avoid investments in the production of known (or replicated) results.® This approach
relies heavily on databases for matching and identifying chemical profiles in often complex samples.
However, because databases are unable to represent all known compounds, we can redefine
dereplication as the effort to identify known, well-cataloged compounds in early stages of the research,
which is not enough.

Mass Spectrometry (MS) and Nuclear Magnetic Resonance (NMR) are the main techniques for
studies at the interface of life sciences and chemistry. MS is mostly used due to its high sensitivity and
wider spectral database, but the need for a specific standard for quantitative results and the intrinsic
deficiency to provide unambiguous structural identification are limiting for its sole use for analysis. On
the other hand, NMR is the most structurally informative analytical tool in organic chemistry and its
capability as a direct quantitative detection brands it as an absolute detector. The complementary
aspects of NMR and MS are obvious, and NMR disadvantages are related to its low sensitivity and poorly
cataloged databases. The complexity presented by NMR spectra, resulting from the fact that a molecule
produces more than one signal, can be reflected as an advantage, since these signals characterize



structural particularities for the unequivocal identification of organic compounds. A wide variety of small
molecule metabolites can be measured simultaneously in NMR. In fact, the only requirement for NMR
signal detection is the presence of active nuclei (e.g. the 'H isotope naturally occurring in 99.97%);
solvent solubility for liquid-state NMR are also important requirements for high quality data. But the
intense overlap of signals that occurs in complex mixtures in the NMR spectra can limit a complete
qualification of the analyzed sample since each compound can present a very complex spectrum by
itself. With the use of two-dimensional (2D) experiments, mainly those modulated by the chemical shift
of 13C, there is an increase in the spectral window to 20 x 200 ppm which makes the overlap less likely,
compared to the spectral window of 20 ppm in an NMR experiment of one-dimensional H. In this sense,
with the use of 2D experiments, in principle, it is possible to obtain chemical shift data of two
interconnected nuclei for comparison with known database for matching, while, in one-dimensional (1D)
experiments, the comparison is made using chemical shift data of only one type of nucleus. Similarly to
the use of MS/MS data to assure compound annotation in MS, the orthogonal dimension in NMR can
also be used to assure identification to organic compounds.

This review aims to explore the main tools that are freely available for compound identification
in mixtures using 2D NMR and to suggest a new pulse sequence that could be used for time-saving
acquiring the spectral data required by these methods. This is meant to be a guide for research groups in
the field of natural products and metabolomics to explore the available possibilities and the used data is
accessible here (ZENODO at DOI: https://doi.org/10.5281/zenodo.7601517). The demonstrations that
follow were done using data from open repository and data collected from samples processed by the
authors. Method descriptions for sample preparation are available at the Supplementary Information
(S1.1)

2. MAIN TOOLS AVAILABLE FOR COMPOUND IDENTIFICATION USING 2D NMR
2.1. COLMAR

The Complex Mixture Analysis by NMR (COLMAR; http://spin.ccic.ohio-
state.edu/index.php/colmar, coordinated by Prof. Rafael Briischweiler at The Ohio State University)’? is
the most used method for compound identification in mixtures with NMR data. It is well established
mainly within the community involved in NMR metabolomics, as this method is accessible via a web
server where different analyses can be explored. Importantly, COLMAR has unified metabolite data from
two of the most important databases available: BMRB (Biological Magnetic Resonance Data Bank) and
HMDB (Human Metabolome Database). Recently, nmrshiftdb2 was included for library matching using
CDCls for lipids identification. This makes it one of the most comprehensive tools for matching
experimental NMR data of complex mixtures to NMR databases. Among the most used features, users
can submit their data (*H NMR, 3C NMR, HSQC and/or TOCSY) for a sequence of library comparisons
with data from spectral libraries available in their structure. Thus, users can interactively detect which
peaks (and how many peaks) of a particular compound exist in their data and judge their presence
within the sample. Although this is a useful tool for analyzing primary metabolites, it may be limited to
studies with secondary metabolites. COLMAR relies on high quality experimental spectra acquired using
standard conditions and the most commonly used solvent for this database is D,O-phosphate buffer at
pH 7.4, although it has been recently complemented by a library of less hydrophilic compounds analyzed
in CDCls. Importantly, matching of experimental data to database are dependent on accurate chemical
shift, whereas the chemical shift of *H-NMR are very dependent on solvation, solvent pH and



temperature. Many compounds of interest in natural products, however, are not soluble in D;O or CDCl;
and their data are also acquired using CD30D or DMSO.d6, which makes direct comparison with the
experimental database problematic.

Briefly, in the COLMARmM method, user can submit experimental **C- *H HSQC, *H-'H TOCSY and
13C-1H-'H HSQC-TOCSY data to perform high confidence searches and identification. First, a
computational matching of the experimental HSQC data to database spectra leads to a visualization of
matched peaks and a list of candidates is presented. Secondly, the user will be able to validate the
identification made with the HSQC using the (HSQC-)TOCSY data that lead to a greater selectivity due to
the exploitation of the information transferred via chemical bond within the *H/*3C-H spin system, in a
scalar coupling (>3Jun). Spectra can be processed using different software and exported into a file that
will be readable by COLMAR (e.g. MNOVA'’s csv files and NMRPipe’s ft files). The importance of COLMAR
to the scientific community is reflected in more than 70 citations and more than 2000 registered views.
For studies focusing on primary metabolites, COLMAR is the tool of choice if samples are water-soluble.

Figure 1 shows the resulting plot produced by the method COLMARm. The resulting compound
report list produced using COLMARmM for the HSQC and TOCSY data from the raw methanol-water
extract of Caenorhabditis elegans is presented in full in the Sl (Table SI.2.1 and Figure SI.2.1). Another
example using a raw methanol-water Ginkgo biloba extract is shown in the Sl to provide a
demonstration of a known natural product sample in both D,O-phosphate buffer at pH 7.4 and
DMSO.d6. The resulting compound report lists produced using COLMARm for the HSQC and TOCSY data
from the G. biloba extract in both deuterated solvents are presented in full (Table SI1.2.2 and Table
S1.2.3).

As expected, more compounds were annotated and validated using the additional spin system
information provided by the TOCSY data from the C. elegans data than the G. biloba data in both
solvents. This can be explained by the fact that the extracts of G. biloba is rich in secondary metabolites
that outweigh the amount of primary metabolites. BMRB and HMDB contains mostly primary
metabolites which can be readily identified in biofluids NMR data. No identification was achieved using
the data collected from the G. biloba samples. Besides many compounds were annotated for the G.
biloba HSQC data, the validation using the spin system provided by the TOCSY data failed to confirm any
of the suggestions made.

HSQC Lowest contour evs|. =@ ~6.66 TOCSY Lowest contowr levsl. ==l ~367.41

NH, [o] ]
*\ [C2aren]
£ H:N N OH ) z
2 g 19
£ NH wWiis £
5 2 dob é
& &
A \":'[@

18
Proton Chemical Shift (ppm} Praton Chamical Shift (pprm)



Figure 1. Example of the visual validation of L-arginine from the C. elegans sample performed using
COLMARmM (https://spin.ccic.osu.edu/index.php/colmarm).

2.2. SMART-NMR

The Small Molecule Accurate Recognition Technology (SMART 2.0;
https://smart.ucsd.edu/classic, coordinated by Prof. William Gerwick at the University of California San
Diego),’® has a different but complementary approach. It is an infrastructure that uses machine learning
(ML) with an artificial intelligence (Al) algorithm based on convolutional neural networks (CNN) to
allocate the experimental HSQC data in a multidimensional space (the moliverse). The spacial position
of the queried data in the moliverse suggests, by approximation, the identity of the compounds occuring
in the sample, promising to accelerate the rate of discovery of new natural products. The idea is based
on a concept similar to that used in facial recognition, where the HSQC data replace the photos. The
moliverse is composed of over 100,000 known compounds with both experimental and simulated NMR
data. In the SMART web portal the experiments can be performed and the results are shown in the form
of SMILES structures (representation of chemical structures using normal characters; Simplified
Molecular-Input Line-Entry System) together with the similarity parameters (cosine), molecular mass
and links for interaction with other databases, namely GNPS,'! MIBiG'% e NPAtlas.'3

The application of SMART-NMR for mixtures is limited since it depends on the peak profile in the
HSQC spectra. It can alocate a pure spectra within the chemical space of its molecular structure quite
successfully to aid the structure elucidation of purified compounds. In addition, it has already been used
for mixtures (fractions of a chromatographic separation) and the results were helpful in prioritizing
samples for structure determination. Together with LC-MS/MS and bioactivity data, SMART-NMR
enables the early detection of potentially active compounds.® This is definetely a tool worth being
utilized, especially for those struggling with the assignment of peaks to new structures since it suggests
similar structures from the HSQC spectra. A demonstration was done using data of azythromycin,
paclitaxel, and ginsenoside RG1. These three datasets were obtained from the fiblib of Agilent/Varian
software. Figure 2 shows the results produced by SMART-NMR for azythromycin. The analyses using
SMART-NMR for the HSQC data of azythromycin, paclitaxel, and ginsenoside RG1 are presented in full in
Sl (Figures SI.3.1, SI.3.2, and SI.3.3, and Tables SI.3.1, SI.3.2, and SI.3.3). When submitting the peak
picking data from paclitaxel to SMART-NMR, it promptly suggested “taxol” as the heighest score and the
users are directed to the GNPS MSMS-based database to enable a complementary compound
identification. The HSQC data from azythromycin was matched to azythromycin within the 7 top scores,
together with other close-related structures (e.g.: erythomycin, lankamycin, clarithromycin). The
identity of ginsenoside RG1 was not suggested directly from HSQC data, but it suggested closely related
structures that can certainly be helpfull to structure elucidation. Even the early classification of the core
structure of complex natural product serves as a great aid in the identification of new compounds.
Notably, the suggested candidates and the links to interact with other databases can be usefull for data
interpretation.

To prove its usefulness with complex mixture samples, the HSQC data from G. biloba was also
submited to SMART-NMR (Table SI.3.4). More divergent compounds were suggested since more
compounds are likely to be present in a raw extract. Since this review does not intend to fully analysis
this data, a exhaustive evaluation of the SMART-NMR output will not be done. If that would be the case,
a full LC-MSMS dereplication procedure would be valuable to yield a list of possible compounds to be
confirmed.
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Figure 2. Azythromycin as suggested using SMART-NMR with the HSQC data from azythromycin.

2.3. MADBYTE

Metabolomics and Dereplication by Two-Dimensional Experiments® (MADBYTE; coordinated by
Dr. Joseph M. Egan at Simon Fraser University) is a program that allows performing a comparative
analysis of experimental HSQC and TOCSY spectra of a set of samples simultaneously. Thus, it allows the
visualization of common profile peaks for prioritization of samples and rationalization based on the
presented substructures. Specifically, these common features are spin systems identified in the TOCSY
data and their respective 3C chemical shifts obtained via the HSQC data indexed by the *H chemical
shift. Then, MADBYTE identifies spin systems between different samples and assembles a network
composed of nodes, which represent each sample, and edges related to the occurrence of certain spin
system in each sample or shared between different samples. In fact, this visualization mode becomes
more interesting when different samples are submitted to NMR analysis and to biological activity assays,
when it is possible to call attention to the nodes with a promising biological response and observe the
spin systems that characterize them. Another interesting application is demonstrated with the use of a
database or reference spectra of compounds similar to those expected to be found in the samples to
facilitate the identification of shared substructures. Figure SI.4.1 shows the interface of MADByTE.

The use of MADBYTE is limited by the need to acquire both HSQC and TOCSY data for multiple
samples (or fractions) of a study. This effort is not routine for natural products chemists due to the cost
of long periods of NMR use. The advances of NMR by Ordered Acquisition using 'H detection (NOAH
supersequences)® Y, which combine different *H detection 2D NMR experiment into a “supersequence”
eliminating the individual relaxation period (d1) of each combined unit, will overcome this limitation. In
fact, the experiment time of a combined HSQC and TOCSY under the same NOAH supersequence is
comparable to the acquisition of HSQC or TOCSY data alone, considering the same sequence
parameters. This approach was demonstrated using the COLMAR platform where HSQC and HSQC-
TOCSY data had been acquired in a single pulse sequence indicating a time savings of around 40%.'° Due
to the limitation in collection HSQC and TOCSY data for a batch of samples for this demonstration, an
example made available by Egan’s research group was used.'® The output network is shown at Figure 3
with nodes to represent samples and co-occurring spin systems.
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Figure 3. MADBYTE network representing nodes (light blue: samples; dark blue: spin systems) and edges
to show co-occurrence of similar TOCSY derived spin-systems. Test boxes show the information made
available by hovering over the nodes. The TOCSY derived spin systems are detailed on the dark blue
nodes together with their respective HSQC derived data.

2.4. NMRfilter

The NMRfilter ® 8 (https://github.com/stefhk3/nmrfilter; coordinated jointly by Prof. Ricardo M.
Borges at the Federal University of Rio de Janeiro and Prof. Stefan Kuhn at University of Tartu) has an
approach that originated with the intention of combining the interpretation of MS data with NMR data.
The algorithm introduced by this method starts from a list of candidates (compounds possibly existing in
the sample) that will have their chemical shift data simulated and compared with the users'
experimental data submitted to NMRfilter. Then, a search for heteronuclear and homonuclear scalar
coupling networks is performed on HMBC and HSQC-TOCSY data to define whether the signals matched
in the HSQC share a unique chemical structure. In this case, it is assumed that, ideally, all nuclei of a
compound will correlated with each other via *Jcx. As with SMART-NMR, the dependence of an
experimentally obtained database has a lower weight once the NMR data of the expected compounds
can be simulated. However, this simulation is based on data cataloged in nmrshiftdb2
(https://nmrshiftdb.nmr.uni-koeln.de/)*® 2° and the more complete this data source, the more accurate

the simulated data. In other words, more precise NMR data simulations will be achieved when the
database possesses similar compounds, especially for the Hierarchical Organization of Spherical
Environments (HOSE) like method. 2! Thus, users are invited to submit NMR data from the literature to
nmrshiftdb2 to populate the database for better simulations.

Figure 4 shows an example result from NMRfilter for the identification of quercitrin in the raw
extract of G. biloba in deuterated DMSO. HSQC, HMBC and HSQC-TOCSY data were acquired as
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described at SI.1.5. Note the list of candidates suggested and the visual validation where users can
evaluate both the matching rates and the peak profiles to assert their identification. Some of resulting
figures and table produced by NMRfilter using the G. biloba data are available (Table SI.5.1, and Figure
SI.5.1). Similarly to COLMARm, which uses the TOCSY spin system for candidate confirmation, NMRfilter
uses heteronuclear HMBC spin system (and the TOCSY spin system via HSQC-TOCSY when available) to
detect the spin fragments.
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Figure 4. Visual validation of quercitrin (LTS0093095 from the Lotus database at
lotus.naturalproducts.net) produced by NMRfilter from the data of the G. biloba extract.

NOAH supersequences

It is important to mention the use of NOAH supersequences to acquire different 2D NMR data
within the same experiment. The time savings provided by these sequences are a consequence of the
use of a single recovery time (parameter d1 on Bruker spectrometers) for all the modules (individual
pulse sequence).” These new sequences are receiving considerable attention from the NMR community
specially for structure elucidation,*” 2 but also for metabolomics (complex mixture) samples.'® A
combination of a selective enhanced HSQC together with a TOCSY module yields data useful for library
matching and confirmation by spin systems identification (using COLMARm) in around 60% of the total
time required for the acquisition of both experiments independently; we can also advocate for the
benefits of these from our own experience. This sequence can be downloaded from the genesis web
portal (https://nmr-genesis.co.uk/)* as gns_noah2-SpT (seHSQC + TOCSY as suggested at *°). Following
the same rational described here, data acquired using the same NOAH supersequence gns_noah2-SpT
could also be used for applications to MADBYTE. There is virtually no sensitivity loss for using this
experiment due to its specific construction and spin dynamics. Briefly, the HSQC data is collected using
only the magnetization from *H directly linked to *3C, while the magnetization from *H directly linked to
12C (~99%) is kept safe for the TOCSY module to produce comparable data. This isotopic magnetization



selection is enabled by the zz-filter (or ZIP sequence) implemented in the HSQC module. Other
combinations are being tested to combine different modules to enable the acquisition of HMBC, HSQC,
and TOCSY (or HSQC-TOCSY) data within the same NOAH supersequence.

Considering the experimental requirement for the tools for compound identification presented
here, we evaluated the use of a NOAH supersequence comprising of HMBC, HSQC, and TOCSY, named
gns_noah3-BSpT downloaded from the genesis web portal.2® A comparison between the HSQC spectra
acquired from hsqcedetgpsis2 and gns_noah3-BSpT is shown (Figure 5). Rich spectra are shown for both
experiments as it was expected, but the spectra acquire using gns_noah3-BSpT has shown more peaks
and higher intensity peaks than the conventional hsqcedetgpsis2. A full comparison between these
experiments is outside the scope of this review, but NOAH supersequences are strongly encouraged not
only for pure compounds and structure elucidation to save NMR instrument time.?”»22 The COLMARm
and MADBYTE uses HSQC and TOCSY (and/or HSQC-TOCSY) data, SMART-NMR uses HSQC data, and
NMRfilter uses mainly HMBC and HSQC data (HSQC-TOCSY data can be used but it is not required). This
evaluation is presented at figure SI.6.1-S1.6.3 using the G. biloba extract sample. Noticeably, the time
savings for the acquisition of gns_noah3-BSpT using the same parameters was found to be around 45%
(12 h 18 min for 32 scans and 1.5 s of recovery time) compared to the use of hmbcetgpl3nd (HMBC),
hsqcetgpprsisp2.3 (HSQC), and dipsi2gpphpr (TOCSY) together; Non-Uniform Sampling (NUS) is also
possible to be used with these options. This data set can then be used with all the aforementioned tools
for better coverage of annotations. The idea is to acquire enough data to enable users to use the
plethora of tools to aid compound annotation in early stages of chemical profiling studies.
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Figure 5. Comparison between the HSQC spectra acquired using hsqcedetgpsis2 and gns_noah3-BSpT
from the extract of G. biloba in DMSO.ds. Data collected at a 800 MHz Bruker Avance Il equipped with a
1.7 mm TCl cryoprobe.

FINAL CONSIDERATIONS

The acquisition of *H NMR data, HSQC, TOCSY, HSQC-TOCSY and HMBC for all samples
processed, from the initial extract, in the case of a study on natural products, is strongly suggested. The
same is valid for MS analysis in order to create a bridged analysis between both techniques in a
complementary manner. Understanding that this is, perhaps, an unreasonable expectation due to the
time (and costs) required to acquire each experiment, the use of NOAH supersequences are strongly
suggested.’ This recommendation was highlighted by a recent publication proving that NOAH
supersequences can be successfully used to collect data for COLMARm to achieve library matching. NUS,
which was not detailed here, is also suggested whenever possible when there is enough sample for
adequate sensitivity.

Every year new processing methods have been developed and made available to the scientific
community both in the field of metabolomics and in natural products.®24?” The goals are, generally, to
facilitate the process of annotation of constituent compounds in samples and to aid decision-making



towards new research. In addition, the application of methods to support in the endeavor to catalog the
biodiversity that has been continuously lost should be highly valued.
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