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Abstract

Background The National Cancer Institute issued a Request for Information (RFI; NOT-CA-23-007) in October 2022,
soliciting input on using and reusing metabolomics data. This RFI aimed to gather input on best practices for metabolomics
data storage, management, and use/reuse.

Aim of review The nuclear magnetic resonance (NMR) Interest Group within the Metabolomics Association of North
America (MANA) prepared a set of recommendations regarding the deposition, archiving, use, and reuse of NMR-based
and, to a lesser extent, mass spectrometry (MS)-based metabolomics datasets. These recommendations were built on the
collective experiences of metabolomics researchers within MANA who are generating, handling, and analyzing diverse
metabolomics datasets spanning experimental (sample handling and preparation, NMR/MS metabolomics data acquisition,
processing, and spectral analyses) to computational (automation of spectral processing, univariate and multivariate statistical
analysis, metabolite prediction and identification, multi-omics data integration, etc.) studies.

Key scientific concepts of review We provide a synopsis of our collective view regarding the use and reuse of metabo-
lomics data and articulate several recommendations regarding best practices, which are aimed at encouraging researchers
to strengthen efforts toward maximizing the utility of metabolomics data, multi-omics data integration, and enhancing the
overall scientific impact of metabolomics studies.

Keywords NMR - Mass spectrometry - Metabolomics - Best practices - Use and reuse of metabolomics datasets

1 Introduction

Metabolomics is an inherently interdisciplinary science,
leveraging multiple analytical chemistry technologies and
requiring carefully crafted experimental designs, complex
data processing and statistical analyses, and intricate data
interpretation regarding biological and clinical signifi-
cance. The large amount of data and metadata generated at
each stage of an experimental metabolomics workflow are
highly modular yet thoroughly interconnected, which can
tremendously impact results, data interpretation, and repro-
ducibility. Metabolomics data are recorded and tabulated
in a variety of formats and follow different ontologies from
diverse scientific fields, requiring broad and considerable
expertise to evaluate their merits effectively and to utilize

Extended author information available on the last page of the article

them meaningfully. Metabolomics Workbench (https://
www.metabolomicsworkbench.org/), now known as the
National Metabolomics Data Repository (NMDR)), funded
by the National Institutes of Health’s (NIH) Common Fund
(Smirnov et al., 2021; Sud et al., 2016), is an extensive data
repository that includes metadata and experimental metabo-
lomics data from 2000 + studies. Tremendous progress has
been made in building this repository since its inception
in 2013. While the NMDR has significantly contributed
to making metabolomics data accessible to the scientific
community, technical issues remain that limit data reuse
in this and other repositories. For example, the complex-
ity of metabolomics experiments presents significant chal-
lenges for consistent data reporting, archiving, retrieval,
and reuse. Community-led efforts such as coordination of
standards in metabolomics (COSMOS, (Salek et al., 2015),
metabolomics standards initiative (MSI, (Sansone et al.,

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s11306-024-02090-6&domain=pdf
http://orcid.org/0000-0002-3022-7332
http://orcid.org/0009-0001-3765-7343
http://orcid.org/0000-0001-5975-5406
http://orcid.org/0000-0001-6342-6461
http://orcid.org/0000-0002-3468-9585
http://orcid.org/0000-0002-5686-2350
http://orcid.org/0000-0003-3265-2276
http://orcid.org/0000-0002-9230-2019
http://orcid.org/0000-0003-1658-6598
http://orcid.org/0000-0002-5199-5744
http://orcid.org/0000-0003-2467-8118
http://orcid.org/0000-0002-1808-7816
http://orcid.org/0000-0002-4086-663X
http://orcid.org/0000-0002-7224-0412
http://orcid.org/0000-0002-2778-1463
http://orcid.org/0000-0002-5073-1819
http://orcid.org/0000-0001-9948-6837
https://www.metabolomicsworkbench.org/
https://www.metabolomicsworkbench.org/

41 Page2of11

G. J. Gouveia et al.

2007b)), metabolomics quality assurance and quality con-
trol consortium (mQACC, https://www.mqacc.org/, (Beger
et al., 2019)), and the Metabolomics Association of North
America (MANA, https://www.metabolomicsna.org/),
among others, have sought to establish minimum reporting
criteria to address some of the challenges faced by metabo-
lomics data generators, depositors, and users. Nevertheless,
comprehensive data architecture and robust, flexible experi-
mental workflows are still lacking. There is also a dearth of
templates and incentives for compliance with data format-
ting and deposition, and a deficit of reliable mechanisms
to facilitate the ease of reuse and re-analysis of deposited
metabolomics data. These gaps take on added significance
considering the recent updates to NIH’s data management
policy that enables investigators to implement and maintain
research data on in-house systems during the grant period.
Investigator adherence to standardized practices and com-
munity-defined policies is difficult to measure, which further
hinders progress.

Herein, we highlight current challenges facing the
metabolomics community and provide recommendations
to strengthen the field’s adherence to Findable, Accessible,
Interoperable, and Reusable (FAIR) data principles (Wilkin-
son et al., 2016). We advocate for minimum scientific report-
ing standards by placing an emphasis on “what should be
reported” to ensure results can be reproduced and data
reused reliably. A technology-neutral and format-agnostic
approach upholds scientific rigor, while also establishing
essential baseline requirements that remain relevant in light
of the fast-paced development of novel technologies and
computational tools. An ultimate adherence to these stand-
ards will enhance the value of metabolomics data and their
potential for long term use and reuse.

2 Generation and deposition
of metabolomics datasets

Members of the MANA NMR Interest group and the NMR
community have extensive experience generating numerous
NMR and MS metabolomics datasets. While some metabo-
lomics datasets have been deposited in public repositories
such as NMDR or MetaboLights (https://www.ebi.ac.uk/
metabolights/), most metabolomics datasets remain within
individual laboratories or research groups (Kale et al., 2016;
Steinbeck et al., 2012). The final destination of data cre-
ated by scientists outside of the metabolomics community
is unclear.

The fact that metabolomics data repositories are a rela-
tively new resource is a prime reason for the limited num-
ber of currently deposited datasets. Our recent survey of the
2020 scientific NMR metabolomics literature revealed that
only 11% of published papers deposited their metabolomics
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datasets (Powers et al., 2024). Furthermore, several practical
barriers to depositing metabolomics data into public reposi-
tories contribute to these low numbers. Depositing a metabo-
lomics dataset into a repository tends to be time-consuming,
cumbersome, and frustrating without any perceived benefit
to the investigator. There may be an unwillingness or inabil-
ity to deposit data due to the substantial time requirement,
intellectual property concerns, institutional or Health Insur-
ance Portability and Accountability Act (HIPAA) restric-
tions, or other regulations. Simply stated, strong community
incentives to deposit data are missing since most journals
and granting agencies do not require the deposition of reus-
able metabolomics data into publicly accessible repositories
to complete the publication of a manuscript or to adhere to
funding requirements.

2.1 Our recommendations

The data deposition process should be streamlined, uniform,
and incentivized. For example, it would be extremely useful
for the information and the process needed to deposit data
in the NMDR repository to be more similar or the same as
other data repositories (e.g., MetaboLights or BioMagRes-
Bank (BMRB) Metabolomics (Romero et al., 2020)), or the
conversion of data formats between different repositories be
automated and seamless. Deposition of complete and accu-
rate metadata along with the raw and processed spectral data
is equally important and burdensome, but will require alter-
native and creative solutions to ensure harmonization across
repositories. For example, while standardization of protocols
may not be a true reality due to the complexity of scien-
tific questions and the diversity of instrumentation, it is still
likely that consensus protocols will become agreed upon as
the field of metabolomics continues to mature. Accordingly,
data deposition may be easily and automatically cross-ref-
erenced with existing experimental parameter sets that have
been validated. Overall, we encourage funding agencies and
scientific journals to support requirements of reusable data
deposition during funding reviews and before publications.

3 Use of deposited metabolomics datasets

Most metabolomics experts typically only have experience
in a single metabolomics platform. For example, NMR
experts often have limited experience with MS data, and
vice versa. Therefore, the use and reuse of MS data by NMR
experts (and vice versa) is often complex and requires spe-
cific expertise. Encouragingly, due to the complementary
nature of NMR and MS metabolomics data, there is a small
(but slowly growing) group of investigators with experience
utilizing diverse analytical platforms, including both NMR
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and MS (i.e., multi-platform metabolomics, (Jeppesen &
Powers, 2023)).

It is becoming increasingly important to adopt a multi-
platform approach that combines NMR and MS data to
advance the value of metabolomics research. This requires
provisions of tools and guidance to seamlessly integrate
diverse types of acquired metabolomics data and training of
researchers to utilize these resources effectively. Public data
repositories are not currently configured to manage the com-
plexity of a multi-platform metabolomics study. Instead, the
focus tends to be directed toward a single analytical method.
The growth towards multi-platform and multi-omics (e.g.,
metabolomics, lipidomics, proteomics) studies further exac-
erbate the situation.

3.1 Ourrecommendations

There is an urgent need for deposited metabolomics datasets
to be annotated and accompanied by comprehensive meta-
data and instructions enabling non-experts to reuse the data
and remain cognizant of the potential pitfalls and limitations
of the study. It is also important for public repositories to
provide technical support to help inexperienced data retriev-
ers with data reuse and to provide detailed protocols on how
best to use computational tools necessary for accurate re-
analysis of deposited data. Finally, repositories need to be
designed with a flexible architecture to easily accommodate
multiple data types associated with a single study, includ-
ing liquid chromatography (LC)-MS, gas chromatography
(GC)-MS, capillary electrophoresis (CE)-MS, one-dimen-
sional (1D) and two-dimensional (2D) NMR. This may
necessitate the cross-referencing of datasets across two or
more repositories dedicated to a single analytical method or
restructuring existing repositories to be data-type agnostic.
More challenging than simply linking disparate data types
is the need to archive distinct sets of experimental and pro-
cessing parameters associated with each data type. Here too,
streamlining and automating the inclusion of metadata from
published manuscripts and/or cross-referenced to protocol
databases will be essential to ensure reproducibility and to
enable the proper use and reuse of metabolomics datasets.

4 Reuse of metabolomics datasets currently
deposited in public data repositories

There are currently substantial barriers to the reuse of
metabolomics data that have been publicly deposited. This
may be because the raw or interpreted data, the original
experimental parameters, processing protocols, and/or rel-
evant software details are often missing, not defined, poorly
annotated, or unavailable. Also missing could be details
describing the statistical analysis methods employed, the

criteria for identifying statistical significance, details about
experimental design and quality control (QC) strategies,
and whether relative or absolute concentration changes
were measured. Without the necessary metadata, for exam-
ple, detailed experimental design information, experimen-
tal or processing parameters, or data analysis protocols, it
is impossible to both replicate the original processing and
analysis of the deposited data and to perform valid second-
ary assessments, data processing, and/or statistical analysis.
Thus, the proper interpretation of existing analyses acces-
sible in current repositories is limited.

4.1 Our recommendations

We suggest that metabolomics data repositories should work
toward addressing the following issues:

(1) Request that all raw data in both vendor-specific pro-
prietary format and open data formats (e.g., nmrML,
mzML, mzXML, netCDF, mzTab) from each study be
deposited;

(2) Ensure that all the raw data files in the archive match
with samples listed on the repository’s website and are
clearly annotated with sample identification numbers
and metadata that are part of the experimental design;

(3) Instrument vendors and/or data repositories should
provide user-friendly tools to convert raw (e.g., LC—
MS, GC-MS, or 1D, or 2D NMR) metabolomics data
into open format data such as mzML, mzXML, CDF,
nmrML;

(4) Request that information be provided that demon-
strates the confidence in metabolite identification
included in the study and that clearly provide the evi-
dence for each metabolite assignments (Alseekh et al.,
2021; Kirwan et al., 2022; Peter et al., 2021; Sumner
et al., 2007);

(5) Include raw data and detailed information of in-house
physical reference standards or publicly available
compound library information that were used in the
reported studies to identify or annotate metabolites;

(6) Develop and implement data quality processing
pipelines (i.e., from raw data to statistical models
and annotated metabolites) to provide benchmarks to
assess the quality of the deposited data and analysis;

(7) Undertake extensive curation prior to making the
deposited data publicly accessible to ensure complete
and validated datasets;

(8) Develop powerful query and visualization tools to
assess the quality of raw and processed NMR and MS
metabolomics deposited datasets;

(9) Request raw data from QC samples such as blanks,
pool samples, standard reference material samples
etc.;
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(10) Request point of addition, raw data, and concentration
of internal standards;

(11) Request sample injection orders for large scale studies
where hundreds or thousands of samples are involved;
and

(12) Provide version information for software tools and
a comprehensive list of user defined parameters that
have been used to produce the results deposited in
public repositories.

Data repositories will not be able to achieve these ambi-
tious goals on their own. It is critical for data repositories
to coordinate and formalize data deposition requirements as
well as receive a strong commitment from the entire scien-
tific community. Simply put, journals and funding agencies
need to adopt policies requiring the deposition of reusable
metabolomics data into publicly accessible repositories as
part of the publication and grant reporting processes.

5 Sample and experimental metadata
required for effective use and reuse
of metabolomics data

A key component of impactful metabolomics studies is the
inclusion of relevant metadata regarding the collected sam-
ples. For example, the quality of a clinical study is directly
correlated with the quality of the collected and reported
metabolite data. As metabolite levels can be affected by
many factors, including, for human studies, gender, body
mass index, age, alcohol status, etc. (Navarro et al., 2023;
Tolstikov et al., 2020), this information is important to
include for proper analysis. Sample treatment, including
drug therapies or other procedures, as well as collection
methods and procedures, also affect metabolite profiles and
must be reported. This is true for cells, animals, humans
as well as environmental samples. Fortunately, the metabo-
lomics community has the opportunity to adopt tools devel-
oped by the proteomics field for reporting biological and
technical metadata, and for connecting samples with corre-
sponding metadata to yield an understandable dataset avail-
able for reanalysis and interpretation (Claeys et al., 2023;
Deutsch et al., 2023).

Significant efforts have been invested in building consen-
sus reporting standards for metabolomics and exposomics
(non-targeted analysis) data (Alseekh et al., 2021; Kirwan
et al., 2022; Peter et al., 2021; Sansone et al., 2007a; Sumner
et al., 2007). Complete and thorough metadata is of equal
importance to the raw and processed spectral datasets, which
includes experimental design, sample and, when relevant,
clinical, and demographic information, experimental and
processing parameters, statistical models, and analysis cri-
teria. It is impossible to assess the quality and usability of
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metabolomics datasets and to enable their reuse, (re-process
and/or reanalyze) without access to detailed metadata.

5.1 Ourrecommendations

As mentioned, often incomplete datasets are deposited in
metabolomics data repositories. In this context, we suggest
the mandatory provision of parameters necessary for use
and reuse in data uploads, including the raw data from QC
and blank samples. Ideally, data would be provided in open
formats, such as mzML, mzXML, or CDF, as this would
maximize the use and reuse of the raw data. Depositing the
data in vendor formatted files (Bruker, Agilent, JEOL, etc.)
would be an acceptable alternative considering automated
data conversion processes are routinely implemented in data-
bases or repositories.

We also strongly recommend that carefully curated meta-
data (Table 1) be included as part of the data deposition
process. Metadata should include:

(a) Accurate indexing of sample identification numbers to
specific raw data and/or processing filenames;

(b) Employing standardized nomenclature or ontologies to
facilitate the task of automation and reuse of data;

(c) Providing detailed information on experimental design
and study factors that may impact the results or inter-
pretations;

(d) Detailed and clear information on the number of experi-
mental and control groups, number of biological repli-
cates, number of technical replicates per group, number
and type of control samples, as well as clinical and
demographic information when relevant and appropri-
ately available;

(e) Details on the type of instruments and automation used,
including manufacturer, model, software version, spec-
trometer frequency, nucleus, NMR probe, acquisition
parameters (including NMR pulse programs) type of
mass analyzer, HPLC platforms, etc.;

(f) Detailed and extensive description of sample type,
sample conditions, sample handling and preparation,
as well as detailed description of QC strategies; and

(g) Detailed description of spectral processing and data
matrix pre-processing parameters.

The deposition of the metadata listed in Table 1 should
be sufficiently flexible to address the needs of both the
data depositors and the data users (i.e., informaticians,
etc.) while also being simple enough to facilitate the
deposition process by avoiding a burdensome task. For
example, data depositors may prefer to just upload a sin-
gle standard text file consisting of the protocol, while
data users may wish to avoid data transformations and
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Table 1 Recommended Metadata

Metadata class

Metadata types

Study
Study description

Specimen/sample

Selection criteria
Type

Condition/comorbidity

Concomitant factors

Other attributes
Pre-analytical

Sample condition

Equipment/model

Identification/indexing
Analytical

Sample preparation

Sample parameters
Validation/QC

Instrumentation
Data

Workflow
Analytical method

LC/GC details
Post-analytical

NMR spectral processing parameters

MS spectral processing

Data matrix feature pre-processing

Statistical methods

Statistical validation
Software/platform
Metabolite assignments

Other
Results table

Species and purpose of study. Number and type of experimental groups, number of biological/analytical
replicates per group, number and /type of controls

Tissues and biofluids (e.g., blood, urine, CSF, etc.). Cell lysates, homogenized tissues, food & bever-
ages, plants, use of isotope labeling, etc

Study parameters including inclusion/exclusion criteria, population, or group characteristics

Cross sectional, cohort, case—control, retrospective, prospective

Relevant disease or condition, treatment, gender, age, BMI, etc., using standard language (e.g., ICD9/10)
Medications, exposure, compounds (with standard IDs: PubChem)

Study-relevant data. Examples: vitals in human studies, color in a urine sample, clarity in a cell culture

Storage conditions, storage duration, temperature
Bruker, Agilent, JEOL, Thermo Fisher, Sciex, LECO, Waters, etc
Associate sample IDs to specific raw data and processing identifiers

Lysis or homogenization method (i.e., sonication, bead-beating, etc.), precipitation or filtering method
(i.e., removal of biomolecules or debris), extraction method and solvent(s), sample reconstitution

pH, buffer, solvent, temperature, chemical shift/mass internal reference, isotope labeled standards for
quantitation

Instrument calibration, validation approach, spiking, pooling, replication, QC sample types and fre-
quency

Manufacturer, model, software version, spectrometer frequency, nuclei, NMR probe type, mass analyzer
Specification, format, auxiliary files
SampleJet, automatic tune and match, liquid handlers, robotic systems

1D/2D NMR, LC-MS, GC-MS, CE-MS, FTIR, ionization type, NMR pulse sequence, NMR and MS
data acquisition and experimental parameter values

Column type, column dimensions, solvents, gradient-elution parameters, temperature, separation time

Baseline correction, phasing, normalization, scaling, window function, zero-filling, removal of spectral
regions, alignment, and referencing

Software and version, peak picking, threshold values, filtering, etc

Binning/bucketing, peak-picking/feature selection criteria (CV, %missing, fold-change), missing data
imputation method

Univariate/multivariate statistics, artificial intelligence, or deep learning methods

Minimal fold change, reported p-value for significance, false-discovery rate, or multiple hypothesis cor-
rection, reported R%/Q? values, proper validation methods reported for supervised statistical models

0OS, RAM, CPU, software versions, data processing and analysis parameters or scripts, persistent link to
in-house software/tools used for analyzing the data

Procedures for determining metabolite assignments from spectral data, including metabolite harmoniza-
tion approach (InChl or SMILES keys, KEGG or HMDB IDs, RefMet or other software, etc.)

Links to published papers describing the deposited data, the experimental procedures, or protocols

Annotated metabolites, metabolic pathways, absolute/relative metabolite concentrations, statistical
significance measures (i.e., estimates, confidence intervals, and p-values)

interpretations by using discrete parameters and ontol- Al integration, etc.) necessitates a continually evolving
ogies that are also readily searchable. Ideally, a mini-  set of minimum criteria to avoid becoming outdated and
mum reporting standard would define “what should to enable reliable interconversion of metadata between
be reported”, and the data standard would specify the  repositories.

“how”. The fast pace at which new algorithms, methods,

software, and processing pipelines are being developed

(i.e., peak picking, peak integration, peak deconvolution,
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6 Uniform data processing pipeline—a
prerequisite for use and reuse
of metabolomics data

As mentioned above, complete sets of raw data and meta-
data are an absolute prerequisite for the effective use and
reuse of metabolomics data. In addition to including the
experimental design parameters discussed above, it is also
critical to provide detailed and complete information about
the data pre-processing, statistical methods, and model
validation tools employed to identify metabolic differ-
ences between two or more categorical (disease status),
experimental or treatment groups. Currently, numerous
experimental protocols, statistical methods, and software
are used by the metabolomics community. For example,
our survey of papers from 2010 and 2020 (Powers et al.,
2024) identified over 110 unique software packages that
were being used to process or analyze NMR metabolomics
data sets. This problem is amplified by the lack of pub-
licly available benchmark datasets that makes develop-
ment, assessment, optimization, and comparison of dif-
ferent steps or pipelines for data analysis difficult if not
impossible.

6.1 Our recommendations

Metabolomics researchers and depositors of metabolomics
data should be required to include a thorough description
of the statistical methods and validation tests conducted
in their study. This includes detailed information on the
types of univariate and/or multivariate statistical methods
used, whether artificial intelligence (Al) or deep learning
methods were applied, and if so, what type. The metadata
should include, when relevant, the minimal fold change,
false discovery rate (FDR) corrected p-values, R°/Q° val-
ues, and results from validation tests such as permuta-
tion tests, CV-ANOVA, area under the receiver operating
characteristic curve (AUROC), and random forest analyses
(Szymarnska et al., 2012; Worley & Powers, 2013; Xi et al.,
2014). We also recognize that not every individual lab or
researcher has the statistical tools readily accessible to
execute or reconstruct these analyses. It will be imperative
to make software tools employed in each metabolomics
study publicly available, as these are essential for the re-
processing and re-analysis of the published data. Publicly
available does not necessarily mean freely available as
commercial software is likely to be used, but such software
should still be accessible. The efforts of the NMRBox con-
sortium (https://nmrbox.nmrhub.org/) to achieve this goal
of archiving and distributing all versions of NMR-related
software broadly used by the community are commendable
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(Maciejewski et al., 2017). In this regard, we encourage
metabolomics researchers to collaborate with the NMR-
Box consortium and to contribute old and new software
versions, data processing, and analysis scripts. Impor-
tantly, including data processing tools and pipelines within
metabolomics data repositories could be a valuable step
toward establishing standards and best practices for metab-
olomics studies.

7 Integration of metabolomics data
with other types of omics data

A multi-omics approach includes any combination of
genomics, transcriptomics, proteomics, metabolomics, and
lipidomics datasets originating from multiple analytical plat-
forms. Research projects employing multi-omics methods
are slowly gaining popularity since, although challenging
methodologically, they greatly enhance the information
content for a given study and provide a comprehensive and
more accurate view of the system. Multi-omics studies may
become a major source of metabolomics datasets; however,
due to the complex structures of diverse types of omics data-
sets, multi-omics data or links to multi-omics datasets are
rarely available in current metabolomics data repositories.

7.1 Our recommendations

Creators of data repositories should consider including the
deposition of multi-omics datasets or cross-references to
linked data. For this to happen easily, it will be necessary to
simplify the deposition of multi-omics datasets, which are
quite different in types and structures. Another approach is
to link multi-omics datasets across multiple data reposito-
ries in which each repository only accepts a single type of
data. Of course, these approaches would necessitate mul-
tiple, separate data deposition activities that may increase
the occurrence of errors or lead to missing metadata. It will
also require cooperation between the administrators of each
data depository to facilitate accurate data file linkage. One
potential solution would be the coordinated development and
adoption of a single metadata template shared by all omics
depositories that would require a single entry of the meta-
data for depositing the raw and processed multi-omics data-
set across multiple repositories. The UK biobank (https://
www.ukbiobank.ac.uk/) and the Omics Discovery Index
(https://www.omicsdi.org/) provide possible templates for
how to structure public data repositories that accommodate
multi-modal datasets (Bycroft et al., 2018; Perez-Riverol
et al., 2017). In addition to cross-linking multi-omics data-
sets in repositories, it would be beneficial to include a set
of quality controls and standard reference materials (SRM),
which are scarce and underdeveloped except for National


https://nmrbox.nmrhub.org/
https://www.ukbiobank.ac.uk/
https://www.ukbiobank.ac.uk/
https://www.omicsdi.org/

Perspective: use and reuse of NMR-based metabolomics data: what works and what remains...

Page70f11 41

Institute of Standards and Technology (NIST) SRM 1950
(human plasma sample with the quantitative analysis and
certification of approximately 100 metabolites, (Phinney
et al., 2013)) to facilitate the merging and translation of
multi-omics datasets.

8 Standardization of metabolomics
software and informatics tools

Both commercial and freely available software tools have
been developed for processing MS- and NMR-based metab-
olomics data. Commercial software such as MNova (https://
mestrelab.com/software/mnova/), Chenomx (https://www.
chenomx.com/), Progenesis QI (Nonlinear Dynamics), and
Compound Discoverer (Thermo Fisher), can be quite costly
compared to freely available academic software. In addition,
the inner workings of these commercial software packages
are not typically transparent, making it difficult for users
to reliably compare and evaluate results generated by dif-
ferent software tools designed to accomplish the same pro-
cess. At least one commercial vendor (Bruker) now offers
an Al-based identification and quantification model built
entirely with proprietary databases and algorithms that has
a fee structure and is completely opaque to subscribers. On
the other hand, commercial software developed by profes-
sionals may be more stable and user-friendly compared to
open-source software typically developed in academic labo-
ratories. Academic software is not always well-maintained,
can quickly become outdated, or may no longer function or
be available due to a lack of resources or funding. This can
result in a significant loss of knowledge and a tremendous
loss of a return on investment to funding agencies.

8.1 Our recommendations

Funding agencies should strongly encourage the develop-
ment and sharing of well-documented, open-source software
tools for metabolomics. Software vendors should also con-
sider the value of sharing proprietary software or at least
to offer tools for open-source data conversion. Software
vendors could play a critical role in this effort of software
sharing. This will address the need to establish best prac-
tices in the field and a uniform data processing pipeline. In
the meantime, additional funding is needed (1) to attract
and retain talented professional-level software developers in
academia to successfully compete against the higher salaries
the technology industry offers and (2) for long-term main-
tenance and growth of software tools. Ideally, the resulting
software tools would be made publicly available and hosted
on open-access sites such as GitHub (Gilroy & Kaplan,
2019), NMRBox (Maciejewski et al., 2017), and others.

9 Barriers to harmonization across datasets
and interoperability

Our collective experience suggests that the non-uniform
organizational structure of data archives makes it incred-
ibly challenging to automate harmonization across mul-
tiple data sets. The proliferation of redundant databases
and depositories is an underlying source of this problem.
Instead of constantly “re-inventing the wheel,” granting
agencies, administrators, and developers of databases and
repositories need to streamline and uniformize deposition
interfaces as much as possible. Our experience has been
that uploading data to publicly accessible data reposito-
ries can be excessively time-consuming, burdensome, and
may lead to unnecessary delays in the final acceptance
of manuscripts in journals. This occurs simply because
every database is unique in its interface and deposition
process, and in what data and metadata is required. As a
result, database errors are routine and caused by the human
depositor due in part to the complexity of the deposition
process. This issue is exacerbated for studies combining
metabolomics, lipidomics, proteomics, transcriptomics,
and/or genomics since the diverse types of omics data are
stored across multiple data repositories, or worse, because
some data components are not publicly available.
Harmonization of nomenclature (i.e., ontologies) plays
a significant role in enabling cross-study comparisons by
resolving small molecule identities through a standardized
lexicon that recognizes and links molecular representa-
tions of isobars and isomers at different levels of struc-
tural resolution as well as uncertainty in stereochemis-
try or regiochemistry (Creek et al., 2014; Villalba et al.,
2023). The complexity of factors involved has encouraged
application-specific approaches that rely on enhancements
to existing nomenclatures to fill the gap (Dashti et al.,
2017; Fahy & Subramaniam, 2020; Heller et al., 2015;
Weininger, 1988), while new computational approaches
have demanded the creation of more novel representations
(Wigh et al., 2022). In their absence, metabolite nomen-
clature is likely the largest barrier to the harmonization
of datasets across multiple studies, laboratories, and data
depositories. InChl ((Heller et al., 2015), IUPAC standard)
and SMILES (Weininger, 1988) are commonly employed
attempts to obtain a unique and discrete representation
of a chemical structure, but these and other approaches
have well-recognized limitations. These simple InChi and
SMILES ASCII strings do not capture the three-dimen-
sional structure, stereochemistry, and charge of the mol-
ecule. SMILES, which is proprietary, and InChi strings
are also not unique and depend on the specific algorithm
used by the software to generate these strings. Thus, it
may be difficult or impossible to interchange metabolite
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information across multiple sources if different software
has been used to annotate metabolites. The nomencla-
ture problem is exacerbated if the exact structure is not
decipherable from the experimental data. Lower levels of
structural resolution will likely lead to ambiguities when
interconverting metadata between repositories. Metabo-
lomics databases such as the Human Metabolome Data-
base (HMDB, https://hmdb.ca/) and Kyoto Encyclopedia
of Genes and Genomes (KEGG, https://www.genome.jp/
kegg/) have partially solved the metabolite nomenclature
issue by assigning unique identifiers for each chemical
entity in the database. Of course, database identifiers are
typically manually assigned by investigators leading to
similar concerns regarding accuracy and do not address
variations in structural resolution as dictated by the experi-
mental data.

9.1 Ourrecommendation

We encourage implementing and using a uniform structure
for data archiving that would enable automated data pro-
cessing from different studies. For example, the NIH pro-
vides sample repositories with clear submission guidelines
for several data types, e.g., genomic data. These guidelines
could also be extended to metabolomic data (https://shari
ng.nih.gov/data-management-and-sharing-policy). Another
recommendation is to define and then encourage the use
of common ontologies specific to metabolomics in a simi-
lar vein as developed by the Proteomics Standard Initiative
(Deutsch et al., 2023). Such uniform practices are essential
to enable the development of tools to improve metabolomics
experiments and data depositions and the cross-linking of
multi-omics studies. These capabilities will aid in ensur-
ing compliance with data deposition, facilitate data reuse,
and contribute to higher-quality metabolomics studies with
increased significance for biology and enhancing our under-
standing of complex systems.

10 Overall conclusion

Establishing publicly available metabolomics data reposi-
tories has been a big step toward increasing the value of
metabolomics data sets. Addressing challenges to improve
the efficient reutilization, integration, and synchronization
of metabolomics data will represent another notable stride
toward maximizing the utility and reuse of metabolomics
datasets.

While we presented herein several bottlenecks to metabo-
lomics data use and reuse, none of them are insurmount-
able. With a strong commitment from the metabolomics
community in partnership with funding agencies, vendors,
and publishers of scientific manuscripts, we are confident

@ Springer

that the metabolomics research field can improve the type
and quality of data and analysis generated, and thus aug-
ment the value of metabolomics findings for the broader
scientific community. Our overarching goal is to enhance the
accuracy, transparency, reproducibility, and ease of use and
reuse of metabolomics data. Website designers and develop-
ers of these data repositories are encouraged to seek input
from their scientific communities, create user-friendly search
engines, facilitate data browsing, and provide versatile and
accurate search options. The primary goal of a repository
interface should be to assist the investigator in identifying
metabolomics studies of interest and to guide the relative
ease of reuse and reanalysis of metabolomics data, especially
for future metadata studies.
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