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Abstract

Introduction Today, metabolomics literature suffers from ambiguity in metabolites’ nomenclature, making difficult inter-
comparison between publications and can lead to misinterpretations. Progress in the implementation of FAIR principles in
metabolomics in various scientific communities is therefore imperative for successful comparisons across studies and for
moving towards more large-scale metabolomics.

Objectives In this context, the aim of the present work was to explore the potential ambiguities that may be introduced dur-
ing metabolite contextualization and reporting, and finally provide operational guidelines for metabolite name and identifier
conversion to increase interoperability in metabolomics.

Methods From a list of 100 frequently annotated metabolites in human plasma, but also relevant for plant sciences, several
workflows based on different existing identifier conversion tools were set up and evaluated, using two alternative approaches,
one from an experimenter and the other from a data scientist's perspective.

Results Findings showed a high level of mismatches using metabolite names as input, whereas starting from identifiers
showed heterogeneity in the conversion consistency, depending on the association between input identifiers, algorithm of the
selected tool, their respective versions, as well as versions of databases used for mapping. Errors in cross-reference databases
were also highlighted. Despite these facts, InChIKeys were found to provide the highest quality results using all identifier
conversion tools.

Conclusion From these results, operational guidelines were proposed using a curation process based on computational itera-
tions, testing the stability and consistency of this conversion process, thus guaranteeing future metabolite contextualisation
(e.g. links with pathways or phenotypes) and the interoperability of result reports.
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1 Introduction
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to metabolite identifications (Alygizakis et al., 2023; Creek
et al., 2014; Sumner et al., 2007), but insufficient attention
has been given to standardized metabolite nomenclature
or identifiers. More recently, Koistinen et al. (Koistinen et
al., 2023) published a comment to provide some recom-
mendations for metabolite nomenclature in metabolomics
reporting, but this initiative remains to be translated into
operational guidelines.

Indeed, challenges in metabolite nomenclature arise
from the fact that a single metabolite is referred to by mul-
tiple common names/synonyms across different scientific
fields (Fahy & Subramaniam, 2020). In fact, dealing with
chemical structure representation is complex, due to e.g.
stereochemistry, tautomerism, protonation state, charges.
This complexity is reinforced by the availability of a huge
number of databases and resources (Pence & Williams,
2010) used at different steps of the metabolomics work-
flow, as they provide different levels of information and
complementary data on chemical structures, physicochemi-
cal properties, biological functions, and pathway mapping
of metabolites (Vinaixa et al., 2016). All these resources
developed by several scientific communities included vari-
ous semantic or chemoinformatic identifiers (Witting et al.,
2024), resulting in multiple descriptions of the same fea-
tures, without full interoperability. Chemoinformatic identi-
fiers encode molecular structure for computational analysis,
whereas semantic database identifiers are database-specific
references without intrinsic structural information. Indeed,
Akhondi et al. reported that considerable inconsistencies
do exist in structural representation and systematic chemi-
cal identifiers within and between databases, in particular
because of stereochemical considerations (Akhondi et al.,
2012). In addition, even if the compact hash code of the
IUPAC International Chemical Identifier “InChIKey” seems
to be appropriate as a unique identifier since it provides
information on the molecular backbone, isomer identity or
isotopes of formally identified Level 1 metabolites (Sumner
etal., 2007), it is not adapted to compounds with incomplete
structural annotation, such as lipids, for which other alter-
natives are necessary (e.g., SMILES, http://opensmiles.org/,
or ChEBI ontology) (Hajjar et al., 2023). Moreover, Pham
et al.(Pham et al., 2019) identified that different name con-
ventions between biochemical databases hinder reusability
of genome-scale metabolic models (GEMs) by the commu-
nity that covers different research areas ranging from sys-
tems medicine to biotechnology and plant or environment
studies.

To this end, various strategies and tools were developed
to achieve more interoperability. The introduction of exter-
nal cross-referencing of compounds between different data-
bases was one of the first steps (Chambers et al., 2013). A
great effort has also been made for data curation including
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harmonization of compound names and matching of iden-
tifiers between different databases. However, this remains
specific to metabolite classes such as lipids in general
(Kopczynski et al., 2024; Liebisch et al., 2020; Poupin et
al., 2020; Witting et al., 2024), acylcarnitines as a specific
case of lipid classes (Dambrova et al., 2022), tautomers
(Sitzmann et al., 2010), and volatile organic compounds
(Tevis et al., 2021). More globally, a Reference Set of
Metabolite Names (RefMet) has been developed in the NIH
Common Fund’s National Metabolomics Data Repository
on the Metabolomics Workbench (Fahy & Subramaniam,
2020), as standardized names and links to a metabolite clas-
sification system, to be able to perform comparative analy-
sis of metabolomics data across studies. In addition, several
tools, such as ID conversion services, do exist, enabling
the cross-mapping between databases. In a metabolomics
workflow, the initial steps of identification and signal anno-
tation are supported by chemical translation tools such as
PubChem Identifier Exchange Service (Kim et al., 2015),
CTS’s batch conversion utility (Wohlgemuth et al., 2010) or
MetaboAnalyst’s Metabolite ID Conversion tool (Xia et al.,
2012), taking into account chemical structures.

As the workflow progresses to biological interpretation,
focusing on contextualizing metabolites within networks, a
broader array of tools becomes relevant. These include: (i)
RaMP (Braisted et al., 2023; Zhang et al., 2018) which facil-
itates the integration of metabolomic and transcriptomic
data with curated pathway information; (ii)) MetaCyc’s
Metabolite Translation Service, a web service that translates
metabolite names, identifiers, InChl strings, InChl keys,
monoisotopic molecular weights, and molecular formulas,
between metabolite databases; (iii)) MetaNetX’s MNXref
ID Mapper (Ganter et al., 2013; Moretti et al., 2016, 2021)
an interactive resource for genome-scale metabolic net-
works that maps identifiers; and (iv) MetaFetcheR (Yones
et al., 2021) which links identifiers from different databases
and resolves any ambiguities to help with standardization.
Whether integrated into a complete mapping workflow or
used independently, these tools enable the conversion of
identifiers and mapping of metabolites, thereby enhancing
biological insights.

Some authors proposed matching metabolites and reac-
tions between metabolic networks by employing techniques
that include approximate string matching, similarity score
functions and multi-step filtering techniques, all enhanced
by a set of rules based on the underlying metabolic bio-
chemistry (Qi et al., 2014). These algorithms are imple-
mented and available at the RECON Models site (https://vm
h.life/#home) as metabolite and reaction identification tools.

Despite the various initiatives in place, metabolomics
literature continues to grapple with significant ambiguity
in metabolite nomenclature. This lack of clarity hinders the
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intercomparison of findings across different publications
and can potentially result in misinterpretations (Koistinen et
al., 2023; Witting et al., 2024).

In this context, the aim of the present work was to explore,
from an operational point of view, the potential ambiguities
that may be introduced during metabolite contextualization
and reporting. To fulfil this objective, several workflows
based on different existing identifier conversion tools were
set up and evaluated, using two alternative approaches, one
from an experimenter’s perspective, and the other from a
data scientist’s perspective. From these results, the objective
was to produce operational guidelines for metabolite name
and identifier conversion and reporting to go towards more
interoperability in metabolomics.

2 Materials and methods
2.1 Material

A list of 100 metabolites was built for this study from the
intersection lists of published studies (Supplementary Table
1). These metabolites were identified as being the most fre-
quently annotated in the human plasma (Gonzalez-Domin-
guez et al., 2020; Liu et al., 2020) and in large-scale selected
studies in medicine and epidemiology (Pietzner et al., 2021;
Yu et al., 2019). Additionally, many are found in plant tis-
sue (Lin et al., 2021; Thomason et al., 2018; Vlahakis et
al., 2019; Wu et al., 2018), as well as in public databases
of plant metabolites and collections of authentic standards,
such as those provided by IROA Technologies (Bolton, MA,
USA). This list was limited to metabolites formally identi-
fied (reported as level 1, according to MSI guidelines (Sum-
ner et al., 2007). The molecular weight of these compounds
ranged between 75 and 777 g/mol with a polarity ranging
between —4 and 8 (ALOGPS 2.1), thus leading to most fre-
quently found variety of chemical classes (22 subclasses
according to the ClassyFire computer program (Djoumbou
Feunang et al., 2016), based on ChemOnt chemical taxon-
omy, i.e., amino acids, purines, carboxylic acids, fatty acids,
steroids, hydroxy acids, keto acids, indoles etc...). Lipids
identified in metabolomics are often not fully identified,
explaining their relative absence in the final intersection list.

We manually curated this list in order to provide for each
metabolite a consensus common name (the ChEBI name),
an external database identifier (the ChEBI identifier), and a
chemical identifier, the InChIKEY found on the EMBL-EBI
Chemical Entities of Biological Interest (ChEBI) database.
This information has been selected not only to establish a
link for each metabolite to a public reference database, but
also to extend the interoperability of this information so that
new links can be built for each metabolite to other public

or private data repositories and databases. Chemoinformatic
identifiers (e.g., InChIKey, SMILES, InChl) directly encode
structural information through an algorithmic representa-
tion of atomic connectivity, stereochemistry, and tautomer-
ism, enabling computational comparison of structures and
substructure searching. Semantic database identifiers (e.g.,
HMDB_ID, ChEBI_ID, PubChem CID, KEGG_ID), on
the other hand, are database-specific access numbers that
serve as opaque pointers to selected entries without inherent
structural encoding.

2.2 Tools used for ID conversion

As previously mentioned, a wide range of tools are avail-
able for converting identifiers, but not all of them have been
developed for the same purpose, which can introduce dif-
ferent biases mainly related inconsistency of referring to an
exact match. Consequently, various criteria were applied
to select the tools included in the setup workflows. Priority
was given to tools that are commonly used in the metabo-
lomics field, adhere to the F.A.L.R. principles (Wilkinson et
al., 2016), with a particular focus on the Accessibility (A) of
data sources, the capability for programmatic interaction (I),
the availability of clear documentation (R), and the capacity
to be easily used by either experimenters of data scientists.
Beyond these shared attributes, additional factors were con-
sidered: (i) the ability to convert a batch of identifiers (IDs),
(i1) the ease of use with no particular knowledge of IT. Sup-
plemental Fig. 1 lists all the resulting tools considered in
this study, as well as their global purposes and target users.

After the first use of all the tools, several of them were
discarded to build our workflows. MetaFetcheR was not
selected despite its possibilities, as the installation processes
were not updated for at least 3 years. Despite its online ser-
vice and the possibility of batch conversion, the MetaCyc
database was not selected because of a need to update the
format of the cross-referenced HMDB identifiers, an obser-
vation that was raised and discussed with their support.
Therefore, a total of 6 tools were included to build the alter-
native conversion workflows: Metabolomics Workbench
RefMet tool, CTS Proxy Batch Conversion, MetaboAna-
lyst Metabolites ID conversion, RaMP, PubChem Identi-
fier Exchange Service, and MetaNetX MNXref ID Mapper.
The last two tools were not selected for the experimental
user approach, as the output results were limited in terms
of nomenclature (InChIKeys and SMILES) and not easy to
handle without developing processing code. Supplemental
Fig. 2 summarises inclusion and exclusion flowchart.
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2.3 Description of the tested workflows

From the considered list of 100 metabolites and their meta-
data, two different approaches were used: one from an
experimenter (wet lab), and the other from a data scientist
(dry lab) perspective. These workflows are detailed in Fig. 1.
The starting IDs were manually curated from cited publica-
tions, and therefore restricted to two identifiers among the
most relevant ones: ChEBI IDs that are a semantic identi-
fiers, proposed by the manually curated ChEBI database and
organized within a comprehensive ontology, and InChiKeys
that are chemoinformatics identifiers that links all resources.
In a perspective to optimize the accuracy of the conversion
step, all the conversion work was performed to require exact
matches.

2.3.1 Experimenter approach

From an experimental user perspective, we focused only
on the intercomparison of available metadata following
data curation (see Sect. 2.1), namely ChEBI names, ChEBI
IDs, and InChIKeys. We first considered ChEBI names for
retrieval of IDs using the CTS ‘Batch Conversion’ and the
MetaboAnalyst ‘Metabolite ID conversion’ tools (Fig. 1A).
To check the conformity of output results, we compared
retrieved ChEBI IDs and InChIKeys (when given, see

Fig. 1A) with corresponding ChEBI IDs and InChIKeys
from our curated original list of 100 metabolites. The same
comparison was repeated after standardization of nomencla-
tures using the ‘RefMet’ tool available on the Metabolomics
Workbench repository (Fig. 1A). Second, we considered
ChEBI IDs as inputs using CTS, MetaboAnalyst, and RaMP
query tools, and we compared retrieved InChlKeys and
nomenclatures to those of the curated original metabolite
list (Fig. 1B). Finally, we considered InChIKeys as inputs
using the CTS ‘Batch Conversion’ tool and we compared
retrieved ChEBI IDs to those of the curated original metab-
olite list (Fig. 1C). The queries were run three times at sepa-
rate times, on 23th April 2024, on 17th July 2024, and lastly
on 8th August 2025, to check long term reproducibility of
results.

2.3.2 Data scientist approach

In this approach, the intercomparison was enlarged to the
conversion to external IDs that were not present within the
initial metadata (see Sect. 2.1), with a perspective of using
them within a metabolomics workflow that progresses to
biological interpretation.

Then, the workflows described in Fig. 1B and C were
also studied from a bioinformatics point of view, start-
ing from lists of ChEBI IDs and InChIKeys only, without

Original metabolite list

ChEBI name
(n=100)

ChEBI ID
(n=100)

InChiKey ID
(n=100)

MetaboAnalyst MetaboAnalyst

pp— [ cnesio | [ inchikey | ChEBI
InChiKey
InChiKey Match Name
Chemical Name
A B [
—— > q
Only Experimenter approach
Only Data scientist approach
Results

Fig. 1 Overall tested workflow. Overview of the global workflow
applied in this study for metabolite ID conversion from a user or a
bioinformatic approach, based on one original metabolite list. A: Use
of ChEBI names (followed or not by RefMet standardization), B: Use
of ChEBI IDs, and C: Use of InChIKeys using CTS Proxy ‘Batch
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Experimenter and data scientist approaches

Conversion’, MetaboAnalyst ‘Metabolite ID Conversion’, MetaNetX
MNZXref ID Mapper, RaMP ‘Metabolites to Properties’, and PubChem
‘Identifier Exchange Service’ tools. For the sake of simplicity, only the
ID that was used for the comparisons were listed as an output result
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modification. Since MetaNetX is primarily designed for
bioinformatics applications, it was only evaluated within
this specific context.

First, to assess the effectiveness of each tool, we checked
both the stability of the converted data within the same tool,
and the consistency of the results from one tool to another.
For this objective, the comparison of the output results was
directly performed using a python script of direct com-
parison that checks whether the identifiers returned were
the same or not. Second, for IDs not present in the initial
metadata (SMILES, HMDB IDs, KEGG IDs), we exam-
ined the consistency of the results, either using the more
frequent converted IDs or by building informatic loops
that allowed returning to the initial IDs (see Supplemental
Fig. 3). The options offered by the selected tools in terms of
Input and Output IDs, and their monitoring are presented in
Supplemental Table 2. Of the 6 tools selected in this study,
chemoinformatic identifier formats are supported as input
by only 3 of them for InChIKey and 2 for SMILES, and
are provided as output by 4 tools for InChIKey and 5 for
SMILES. Although these types of identifiers are considered
universal, they are underused in the conversion services
studied. Furthermore, when a tool accepts an identifier from
a reference database as input, in 83% of cases the same type
of identifier is proposed in the results. Despite the reputa-
tion and openness of the chosen databases (ChEBI, KEGG
(Kyoto Encyclopedia of Genes and Genomes) and HMDB
(Human metabolome database)), their identifiers are only
supported by half of the tools studied. While this result can
be explained by the specialisation of HMDB to the human
model, this is not the case for the other resources. Neverthe-
less, integration of the KEGG database is subject to obtain-
ing an academic service provider licence.

It is important to emphasize that each of these tools has
a different update schedule, which can significantly impact
the quality of the results and their overall usability. It is also
important to differentiate between updates to the overall
tool and updates to the converter - it is much more com-
mon for the overall tool to be updated without any specific
updates to the conversion tool. In Supplemental Table 2, we
can see that, although the global tools are regularly updated,
the conversion tools are rarely affected by these updates,
and this is particularly apparent when we looked at the lat-
est database updates. These differences in database versions
can lead to differences in the results obtained, and can some-
times mean that the latest metabolites added to the databases
are not taken into account, which can restrict the range of
additional analyses that can be carried out. However, simi-
larly to the experimenter approach, the data were retrieved
three times, on 23th April 2024, on 17th July 2024, and on
8th August 2025, and the results remained strictly identical
for all the tools.

2.4 Evaluation of metabolite cross-reference
quality in reference databases

To assess the quality of metabolite cross-referencing across
databases, we chose to use the HMDB bank (developed by
the Wishart Lab and provided by the Metabolomics Innova-
tions Inc company) as a reference, and for each of the inven-
toried metabolites, to extract the associated InChlKey and
the potential knapsack, ChEBI and PubChem IDs reported.
In conventional metabolomic pipelines, the HMDB database
provides comprehensive annotations on human metabolites,
but researchers wish to propagate these identifications to
metabolic pathway or metabolic network analysis tools that
require other semantic database identifiers. We therefore
studied the reliability of cross-references by comparing the
identifiers reported by the HMDB (ChEBI, PubChem and
KnapSack) to the InChIKeys in the target database. The
quantification of these discrepancies aims to highlight the
pitfalls of annotation when assuming that equivalent identi-
fiers imply structural identity. This study was carried out on
version V2024-05-22 of HMDB, the version of December
2024 of Knapsack and the August 2025 versions of Pub-
Chem and ChEBI. Of the 248,079 entries in HMDB, 13,820
have a ChEBI ID, 105,695 a PubChem ID and 8,021 a
KnapSack ID. We then retrieved the InChIKey correspond-
ing to the cross-referenced identifiers from the original
databases and carried out a layer-by-layer comparison of
the two InChIKeys, theoretically corresponding to the same
molecule. This analysis was run on the Big Data-oriented
‘Metabolomics Semantic DatalLake’ infrastructure (Apache
Spark) and realised tasks were created using Scala program-
ming language. The entire analysis is available via a public
gist page (https://gist.github.com/fgiacomoni/148cac13723
aadc07a354ca6a4bb07f4). Supplemental Fig. 4 presents the
data flow used to assess the cross-linking between metabo-
lites reported in HMDB v2024-05-22 and their references
to KnapSack, PubChem and ChEBI.

3 Results
3.1 Feedback from both users’ experience

In this section, we describe global feedback from both users’
experience. This includes, among others, the ease of use of
the tools, the flexibility of input data, informatic accessi-
bility, query duration, and information regarding the output
data (see Table 1).

Results showed a global heterogeneity, mainly in terms
of flexibility of input data and informatic accessibility.
Conversion times were found to be appropriate, except
when running the query using the chemical name as input.

@ Springer
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Table 1 Characteristics of the used conversion tools

CTS Metabo RaMP RefMet MetaNetX Pub
Analyst Chem
Input data
Import data from a file
Name
Type of ID chemo informatic or semantic semantic chemo chemo chemo
semantic informatic or informatic or infor-
semantic semantic matic
Use of mixing ID sources v ¥} % %4
Case sensitive (Short/Upper/Lower) Xl/@/x] /X/X X/X/@ NA V/a/a V/a/a
Input/output identifiers
ChEBI ID /@ /@ v /X v /X vz X/
HMDB ID / / /X /X X/ X/
InChIKey / X/ X1/ /X / /
KEGG ID / / /X /X X/ X/
Isomeric SMILES /X X/ X/X X/X X/ /
Informatic accessibility
API (seems to work
only with metabolite
names)
Package R) ®) ®) R)
Output data
Download format CSVor TXT (max  CSV TSV TXT JSON, HTML  TXT or
500 lines) or TSV com-
pressed
format
Gzip or
Bzip2
Conversion Time 8 min using names  Few seconds A minute Few seconds Few seconds Few
4 min using IDs seconds
Specificity of output data Possibility of mul- Possibility of mul- NA NA Availability of NA
tiple hits tiple hits. an additional
A score of 0 or A score of 1 mnx_id column
1 is attributed to indicates a perfect corresponding
InChIKey values, match. to MetaNetX’s
according to confi-  Possibility to manu- identifiers.

dence in the results.
match.

ally select the correct

Finally, the output data formats were found quite similar,
despite some specificities in reporting the precision of data
matching.

Following this first evaluation, the output data were
selected more precisely, to be included in the present test
and were: chemical name, HMDB ID, InChIKey, and
ChEBI ID. Only hits with a score of 1 were considered for
CTS. Concerning SMILES, one limitation of this format is
that there is no standard way to generate a canonical rep-
resentation (O’Boyle, 2012). Indeed, canonical SMILE is
often chosen in many converter tools with the objective of
aggregating database sources whereas isomeric SMILES
(including geometry and chirality) is only proposed by Pub-
Chem Identifier Exchange Service (Héhnke et al., 2018).

For MetaboAnalyst’s Metabolite ID Conversion tool,
when using compound names as input, and none of the sug-
gested hits were the correct match based on the comparison

@ Springer

of ChEBI IDs, the closest compounds in CheBI ontology
was selected.

Concerning MetaNetX, a metabolite identifier first,
refers to a set of metabolites in external databases (reported
in a cross-referencing column, labelled ‘Xref”), which are
merged together because they are assumed to be the same
biochemical entity. Consequently, we only selected this ref-
erence ID as result.

3.2 Results using the experimental user approach

Figure 2 gives an overview of the conversion results using
the experimenter approach. The number of matches found
in the different conversion tools range from 92 to 100%
depending of the nature of the input data. The only case
to get 100% exact matches was found using CTS and
InChlKeys as input data. When looking at conversion
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Original metabolite list

ChEBI name ChEBI name ChEBI ID InChiKey
(n=100) (n=100) (n=100) (n=100)
Standardized
name
(n*=97)
A v A
CTs MetaboAnalyst MetaboAnalyst MetaboAnalyst ] CTS
(n*=92) (n*=96) (n*=97) (n*=96) (n*=99) (n*=100)
A A, A y ( A \
ChEBI ID ChEBI ID ChEBIID ChEBIID Names Names Names ChEBIID
(m=83) (m=96) (m=80) (m=97) (m=99) (m=96) (m=99) (m=100)
12/83 Er=0.14 3/96 Er=0.03 10/80 Er=0.13 3/97 Er=0.03 93/99 Er=0.94 39/96 Er=0.41 12/99 Er=0.12 5/100 Er=0.05
InChliKey InChiKey InChiKey InChiKey
(m=92) (m=88) (m=99) (m=99)
2/92 Er=0.02 1/88 Er=0.01 1/99 Er=0.01 1/99 Er=0.01
A A-bis B C
| Results | I n: initial number of metabolites | | n*: number of matches found I I m: number of corresponding ID found | I Er. error rate (number of mismatch/m) |

Fig. 2 Conversion results using the experimenter approach. Results of
the user approach query based on the original list. A. ChEBI names,
A-bis. ChEBI name followed by RefMet standardization; B. ChEBI

rates, they were found to be full, except using CTS with
CheBI names as input data. The error rates in conversion
results were found to range from 1% to 94% highlighting
the importance of choosing the adequate input associated
with the various tools. Globally, all conversion into names
were found to induce a high level of mismatches. Standard-
ized names with RefMet provided similar results than using
the initial ChEBI names. The best results (<5% errors) were
obtained either using MetaboAnalyst with ChEBI names as
input, or using CTS or RaMP with ChEBI IDs as input, or
using CTS with InChIKeys.

3.3 Results using the data scientist approach

In this section, the consistency of results between the dif-
ferent converters was first evaluated, either to retrieve
semantic identifiers (HMDB, KEGG IDs), or to obtain
chemoinformatics identifiers (InChlKeys or SMILES). In a
second step, the stability of results through informatic loops
as well as the consistency of input and output when return-
ing to the initial IDs.

Starting from the ChEBI IDs, CTS and MetaboAnalyst
were found the only tools from our selection that provide
the semantic identifiers (HMDB, KEGG). As illustrated in
Figs. 3A and 100% of ChEBI were matches using the two
tools with HMDBs as output data, with 92% of convergence

ID; C. InChIKey using CTS Proxy ‘Batch Conversion’, MetaboAna-
lyst ‘Metabolite ID Conversion’, and RaMP ‘Metabolites to Proper-
ties’ tools

and 8% converted only with one tool. Regarding conversion
into KEGG IDs Figs. 3B and 93% of the ChEBI IDs were
matched, with 2% of divergence, and 7% of conversion with
only one tool. Indeed, out of the nine IDs that do not pres-
ent consensus, 5 did not have results with CTS and only
2 presented a conflict between the 2 converters. To obtain
chemoinformatics identifiers, starting from the ChEBI IDs,
CTS allowed obtaining only InChIKeys, MetaboAnalyst
only SMILES, whereas MetaNetX and RAMP both types
of IDs.

By retrieving the InChIKey, 100% of the ChEBI IDs
were associated by all converters, and 49% of the conver-
sion results converged in all tools (Fig. 3C). Results also
revealed differences for 49% of the metabolites when using
MetaNetX. Indeed, these differences mainly reflect the
characteristics of this tool to ignore distinctions in proton-
ation states (at 92% in our results), or isomer forms (at 8%)
in the corresponding database, in line with the objective to
facilitate the use of the results in molecular networks.

Starting from the InChIKeys, the only semantic identifi-
ers we can convert are ChEBI IDs which can be obtained by
CTS and MetaNetx. In this conversion 98% of IDs obtained
at least one ChEBI ID. Regarding convergence of results,
only 26.5% (n=26) were found identical using the two tools
and 48% were specific to CTS (Fig. 3D). All results are pro-
vided in Supplemental Material 2.
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A: ChEBI to HMDB using CTS and MetaboAnalyst

Identical

A ony cTs
Only MetaboAnalyst

C: ChEBI to InChlKeys using CTS and MetaNetX and Ramp

All identical

Only MetaNetx and CTS, but different  Stes— - Only MetaNetx and CTS

29

Only MetaNetx results are different

Fig. 3 Results of conversions of ChEBI IDs and InChIKey IDs to dif-
ferent IDs. Results of ChEBI ID conversion to A. HMDB IDs, and B.
KEGG IDs, using CTS and MetaboAnalyst; Results from ChEBI ID

In a second step, informatic loops allowed us to explore
the stability of each tool and also to go deeper onto the
understanding about their internal functioning.

Globally, our results showed perfect conversions with
all the tools (Supplemental Table 3), when starting from
InChIKey. Concerning results using PubChem, it is impor-
tant to note that the 100 InChIKeys were converted into 147
SMILES. Indeed, this can be explained by the intermediate
conversion into CID, generating multiple hits. Regarding
the results starting from ChEBIs, MetaboAnalyst did not
present any mismatch on the loop, whereas CTS presented
3 errors and MetaNetX only 26 good matches, for the same
reason than explained before.

Overall, we can see that the stability of the results is
related to the algorithm used by the tool to give the results.
Unfortunately, most of the time these algorithms are not
available to the public.

3.4 Biases from databases

Cross-references provided across databases presented some
incoherent information regarding nomenclatures, optical
isomerism, stereochemistry of asymmetric carbons, and
molecular structure (acid/base; zwitterionic or canonical
forms, molecules with a permanent charge) in addition to
a mismatch between two structurally different compounds.

Based on the InChIKeys, we were able to identify all
incorrect metabolite matches in HMDB, PubChem and

@ Springer

B: ChEBI to KEGG using CTS and MetaboAnalyst

y No results
Only CTS
Only MetaboAnalyst

Different

Identical

D: InChiKey to ChEBI using CTS and MetaNetx

y “ca
' ;

Only CTS

conversion to C. InChIKeys; and Results of InChIKey ID conversion
to D. ChEBI using CTS and MetaNetx

ChEBI and to categorize them into “structurally different
compounds”, “isomers” or “protonation state difference”,
in reference with the structure of the InChlKey layers
(Fig. 4A).

All HMDB entries with ambiguous cross-links to ChEBI,
PubChem, and KNApSAck were identified. The percent-
age of mismatches was independent of the total number of
cross-links provided.

From the 13,820 entries cross-referenced between
HMDB and ChEBI, 4% of mismatch were found (Fig. 4B,
central part). From the 105,695 HMDB entries with external
reference to PubChem, 1.7% of mismatch were also found
(Fig. 4B, right part). From the 8,021 HMDB entries with
external reference to KnapSack, 65% of the InChIKeys
mismatch (Fig. 4B, left part). Mismatching was classified
according to the unmatched InChIKey layer(s): the majority
of them were found related to (i) molecular skeleton or (ii)
isomerism and stereochemistry (respectively, 50% and 47%
in ChEBI cross-references; 27% and 72% for PubChem and
19% and 80% in KnapSack cross-references). Less than 1%
for PubChem and KnapSack and 3% for ChEBI were found
to be related to (de)protonation of the core parent structure.

The higher percentage of mismatch observed for the
cross-referencing of HMDB to KNApSAck was found to be
related to the use of non-standardized InChIKey format on
KNApSAck. This is probably explained by the fact that is a
plant-metabolite database, and some compound differences
can only be translated by the on-standardized InChIKey
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A. The overall length of an InChlKey
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is fixed to 27 characters (dashed ~
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Fig. 4 InChlIKey structure and HMDB cross-references to external databases.A Structure of the InChIKey; B Distribution of HMDB entries with
external references to ChEBI, PubChem and KnapSack, and respective unmatched InChIKeys

format. Recently, some tools were introduced such as the
InChl Trust initiative, to facilitate conversion between stan-
dard and non-standard version of InChl(Key) (https://iupa
c-inchi.github.io/InChl-Web-Demo).

Globally, structural mismatches (e.g., 575 HMDB metab-
olites with ChEBI Compound IDs but differing InChIKeys;
Fig. 4B) highlight the need for structural validation beyond
identifier matching, as uncritical use risks erroneous metab-
olite identification and biological misinterpretation. Users
should prioritize InChIKey/SMILES canonicalization and
cross-check against primary structures.

4 Discussion

In a context of F.A.L.R principles implementation in metab-
olomics, the aim of the present work was to explore, from
an operational point of view, the potential ambiguities that
may be introduced during metabolite contextualization and
reporting. The present results highlighted the multiplicity
of tools and resources for conversion of metabolite names
and identifiers, that are adding to the diversity in represent-
ing structure over the various scientific fields. Notably,
workflows based on curated identifiers such as InChIKeys,
HMDB, ChEBI, and PubChem CID have enabled greater
overall coherence and reproducibility across metabolomics
studies. The important point to raise to users was, in fact,
the complexity of this step, part of the whole metabolomics

workflow, and the necessity of traceability and transparency
for its reports.

4.1 Challenges of database/bank origins

Beyond these positive points, our study draws attention to
several challenges that remain in this area. One of the main
problems is the lack of transparency regarding the origin
of databases or banks: publications often omit essential
information about the origin of the database and the specific
version used when annotating metabolites and assigning
identifiers (information sometimes available under the name
of in-house bank). Given that database updates, such as
identifier transformations (e.g. HMDB identifiers changing
from five to seven digits in version 4.0), can have a direct
impact on conversion results, the omission of metadata
compromises the traceability and reproducibility of annota-
tions and makes it impossible to perform conversions. In
addition, database philosophies can differ considerably: the
HMDB focuses on metabolites relevant to humans, while
ChEBI and PubChem cover a wider variety of isomers and
chemical forms. This discrepancy between databases can
lead to inconsistencies in mapping and conflicting identifi-
cations, particularly when it comes to rare or plant-specific
compounds.
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4.2 Multiplicity of identifier formats and
chemoinformatic limitations

The multiplicity of identifier formats and the ambiguity
inherent in their use constitute another major challenge.
Current tools often accept or generate distinct syntactic
variants for the same identifier (e.g., CHEBI:16113, 16113,
or chebi:16113). When input and output formats are not
harmonised or do not have explicit mapping rules, interop-
erability between tools is compromised, and automated
scripts may fail unexpectedly. Chemoinformatic identi-
fiers such as SMILES and InChIKeys, although theoreti-
cally powerful, are not all uniformly supported by available
converters. In particular, differences in the third block of
InChIKeys, which reflect protonation state and isomerism,
highlight the sensitivity of these identifiers to chemical con-
text, sometimes creating new sources of discordance. These
challenges require both technical vigilance and improved
software documentation to ensure interoperability.

4.3 Operational validation and reporting standards

To overcome these limitations, the study emphasises opera-
tional validation and robust reporting practices. Thus, the
workflows implemented must incorporate inter-database
and inter-tool validation, verifying that output identifiers
and associated names remain consistent using strategies
such as comparing [TUPAC names or chemical structures.
The use of multiple conversion tools is strongly recom-
mended, with automation via APIs to support large-scale
studies and reduce manual effort. Finally, minimum report-
ing standards should be adopted: at least one common name

@ Springer

and two identifiers (one semantic and one chemoinformatic)
should be provided for each metabolite, along with transpar-
ent documentation on the versions of the databases and tools
used.

4.4 Solutions and proposed operational
recommendations

Although only five different types of identifiers were tested
in this study, there is considerable interest in disseminating
operational guidelines that could establish the best way to
ensure conversion stability and, therefore, conversion con-
sistency for future biological interpretation (links to path-
ways or phenotypes) and reporting of metabolites. Given
that the choice of an appropriate conversion tool depends
strongly on the user profile (e.g., experimental researcher
or data scientist) and the specific objectives pursued, we
propose a set of recommendations formulated as “minimum
requirements” (*) (Fig. 5) and “best practices” (**) tailored
to these two groups. In addition, because the feasibility of
implementing several of these recommendations is intrin-
sically linked to the functionalities and design of the con-
version software itself, a third stakeholder group—software
developers—was also considered.

4.4.1 Recommendations from the software developer

perspective

e Design workflows to consistently use the chemoin-
formatic identifier InChIKeys and stable semantic
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identifiers (ChEBI, PubChem CID) as primary exchange
formats. (*)

e Ensure version transparency for used tool, package de-
pendencies and bank(s), and if the integrated bank is a
home-made solution, ensure content origin (name, ver-
sion and licence of aggretated banks), and maintain nor-
malized version numbering and detailed changelogs. (*)

e FEmbed in results’ metadata, the tool version, database
versions, and input/output ID formats actually used. (*)

e Define clear input specifications and provide example
datasets showcasing valid input ID formats (e.g., upper-
case vs. lowercase, prefixes like CHEBI). (*)

e Provide tutorials, demos, and if a score is computed, ex-
plicit matching score interpretation guides. (*)

e Implement format normalization routines (accept all
known variants and harmonize them internally) to mini-
mize input/output mismatches. (**)

e Support updates synchronously between conversion tool
and major database/bank releases (e.g., adapt ID format
during databases updates). (**)

e Offer APIs/packages that reflect the results of the online
service to enable batch conversion. (**)

4.4.2 Recommendations from the data scientist
perspective

e Use InChIKeys as the primary entry point in data cura-
tion and keep name-based searches secondary, clearly
indicating their lower reliability; (*)

e Implement automated version tracking for each map-
ping task: log tool/database versions as metadata along-
side the conversion results. (*)

e Add error-checking routines to detect failed mappings
or mismatches, returning warnings, and document the
solving strategies used when identifiers are ambiguous,
multiples or unresolved. (**)

e Use multiple converters and include cross-validation
pipelines across databases and tools to detect inconsis-
tencies (aggregation step). (*)

e (Cross-compare both semantic (HMDB, ChEBI IDs) and
chemoinformatic identifiers (InChIKeys, SMILES) to
validate mappings. (*)

e Automate queries across multiple converters via APIs to
lower the manual burden on end-users. (**)

e Employ looped consistency checks: verify if the name
linked to the output ID matches the original input (using
InChIKey or [IUPAC name if needed). (**)

e Quantify identifier stability across database versions
through iterative curation cycles. (**)

4.4.3 Recommendations from the experimenter
perspective

e Report at least two identifiers (semantic such as Pub-
Chem CID or ChEBI and chemoinformatic such as
InChIKey) in addition to one common name in experi-
mental records, publications and supplementary tables.
*)

e Provide database origin and version for all reported iden-
tifiers, including cases where the source is an in-house
database. (*)

e Always document the conversion tool and version used
(e.g., “MetaboAnalyst v6.0 identifier conversion”), in-
cluding the original identifier type and format. (*)

e The accuracy of conversion results has to be reported
and in case of multiple results, a classification or addi-
tional decision-making element (charge state or isotopy)
should be documented as a free text in the report or with
a tag system indicating clearly conflict or ambiguity in
the results. (*)

e Use multiple conversion tools where possible to guaran-
tee robustness of reported identifiers. (*)

e Prefer using identifiers generated by these tools over
manual name assignments. (*)

e Follow discipline-specific curation guidelines to mini-
mize mapping errors and support FAIR sharing. (**)

e Be cautious with plant metabolite annotation, acknowl-
edging the under-representation in current databases and
transparently reporting any limitations. (**)

5 Conclusion

To summarize, exact conversion of metabolite names/iden-
tifiers is mandatory for interoperability of metabolomics
results. Despite the multiplicity of tools, this step remains
complex within the workflow, due to the fact that metabo-
lomics is intrinsically at the frontier of analytical chemis-
try, bioinformatics and biology, with associated challenges
in metabolite nomenclature and structural representation.
Traceability and transparency from the design of conver-
sion tools to the report of their use, should limit potential
ambiguities in metabolomics contextualisation and publica-
tion. Operational guidelines were proposed here, according
to user profile, but automated cross-validation pipelines
and consistency checks should be further developed and
made available for adoption by the community involved in
metabolomics.The present work was restricted to formally
identified metabolites. However, a similar work on partial
structures (in particular in lipidomics) would be of great
interest for future perspectives.
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