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Abstract

Metabolomics is the study of metabolites and metabolic processes. Due to the diversity of
structures and polarities of metabolites, no single analytical technique is able to measure
the entire metabolome — instead a varied set of experimental designs and instrumental
technologies are used to measure specific portions. This has led to the development of many
distinct data analysis and processing methods and software.
There is hope that metabolomics can be utilized for clinical applications, in toxicology
and to measure the exposome. However, for these applications to be realised data must
be high quality, sufficiently standardised and annotated, and FAIR (Findable, Accessible,
Interoperable and Reproducible). For this purpose, it is also important that standardised,
FAIR software workflows are available.
There has also recently been much concern over the reproducibility of scientific research,
which FAIR and open data, and workflows can help to address. To this end, this thesis aims to
assess current practices and standards of sharing data within the field of metabolomics, using
metascientific approaches. The types of functions of software for processing and analysing
metabolomics data is also assessed.
Reporting standards are designed to ensure that the minimum information required to understand and interpret the results of analysis are reported. However, poor reporting standards
are ignored and not complied with. Compliance to the biological context Metabolomics
Standards Initiative (MSI) guidelines was examined, in order to investigate their timeliness.
The state of open data within the metabolomics community was examined by investigating
how much publicly available metabolomics data there is and where has it been deposited.
To explore whether journal data sharing policies are driving open metabolomics data, which
journals publish articles that have their underlying data made open was also examined.
However, open data alone is not inherently useful: if data is incomplete, lacking in quality
or missing crucial metadata, it is not valuable. Conversely, if data are reused, this can
demonstrate the worth of public data archiving. Levels of reuse of public metabolomics data
were therefore examined.

viii
With greater than 250 software tools specific for metabolomics, practitioners are faced
with a daunting task to select the best tools for data collection and analysis. To help educate
researchers about what software is available, a taxonomy of metabolomics software tools
and a GitHub pages wiki, which provides extensive details about all included software, have
been developed.
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Chapter 1
Introduction
1.1

Introduction to Metabolomics

Metabolomics has been described as the study of the entirety of the endogenous small
molecules (metabolites) present within an organism, organ, biological tissue or cell [1]. The
vast majority of metabolites are <1500 Daltons in size [2]. The metabolome is composed
of both endogenous and exogenous metabolites such as contaminants, drug metabolites and
xenobiotics. Metabolites have many functions including catalytic activity, signaling and as a
source of energy.
The metabolome is highly dynamic, changing rapidly in response to environmental
changes [3]. Many factors including age [4], alcohol intake [5], blood pressure [6], body
composition [7], body mass index (BMI) [8, 9], gender [10, 11], nutrition [12, 13] and
smoking status [14, 15], have been shown to have significant effects on an individual’s
metabolome (Figure 1.1). In contrast, the environment has very little effect on the genome
[16] .
Whilst gene and protein expression are effected by environmental stressors, these changes
are amplified in the metabolome. This means that the metabolome may be a more discriminating indicator of exposures than other omic techniques [17]. Additionally, it is also easier
to correlate the metabolome with an individual’s phenotype than either the transcriptome or
the proteome [18]. The metabolome has thus been dubbed an “intermediate phenotype” [19].
However, this can be conceptually challenging, as the metabolome can be viewed as both a
phenotype and as a part of the internal molecular environment.
As well as being affected by environmental exposures, there are also large genetic factor
influences on the metabolome, with some genetic loci having 10-60% effect sizes per allele
copy [20].
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Fig. 1.1 Many factors have a significant effect on the metabolome.
Metabolites are highly structurally diverse and range in polarity from hydrophilic to
hydrophobic. Many different classes of metabolites exist, e.g. amino acids, lipids, fatty acids
and carbohydrates. Compared to other omics (genomics, transcriptomics and proteomics)
the metabolome is thus more challenging to measure — no single analytic technique alone
is able to measure the entire metabolome. Instead different, often complementary, analytical techniques are used to measure specific portions of the metabolome. The three most
frequently used technologies are: liquid chromatography-mass spectrometry (LC-MS), gas
chromatography-mass spectrometry (GC-MS) and nuclear magnetic resonance (NMR). Some
alternative and less commonly used platforms include direct injection (DIMS), capillary
electrophoresis- (CE-MS), flow injection analysis- (FIA-MS) and ion-mobility spectrometry(IMS-MS) mass spectrometry, diode-array detector (DAD), Fourier transform–infrared (FTIR) and Raman spectroscopy.
Mass spectrometry imaging is also becoming increasingly used to measure the spatial
distribution of metabolites within tissues [23, 24]. Further analytical techniques are used
for mass spectrometry imaging including secondary ion mass spectrometry (SIMS), matrixassisted laser desorption ionization (MALDI) and desorption electrospray ionization (DESI).
In mass spectrometry samples are ionised and the ions are then sorted by their massto-charge ratio (m/z). NMR is based on the principle that nuclei have spin. When placed
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Fig. 1.2 A standard metabolomics workflow, from biological question to interpretation. Other
examples of general metabolomics workflows include those presented in Koek et al. [21]
and León et al. [22].
in a magnetic field, NMR active nuclei absorb electromagnetic radiation at a frequency
characteristic of the isotope and their chemical environment. The resonant frequency, energy
of the radiation absorbed, and the intensity of the signal are proportional to the strength of
the magnetic field and their nuclear magnetic moments.
Both MS and NMR use a standard experimental workflow, shown in Figure 1.2. However,
the sample preparation and data analysis required for each instrumental technology differs
[25]. Both analytical techniques have their advantages: MS is highly sensitive, being
able to detect features in the femtomolar range, whereas NMR is more specific and highly
reproducible [25]. Whilst NMR is cheaper to run than MS, NMR systems cost more to
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maintain and require a lot of space. NMR is a non-destructive technique, allowing samples
to be reused, however it requires a greater amount of sample than MS.
There are a greater number of manufacturers of mass spectrometers than NMR spectrometers, and there are more different types of mass spectrometer. Mass spectrometers
consist of three main parts: the ion source, mass analyzer and ion detector. Examples of ion
source include electron ionization (EI), chemical ionization (CI) and electrospray ionization
(ESI), and examples of mass analyzer include quadrupole, time-of-flight (TOF), ion trap and
orbitrap. Different types of ion source and mass analyzer are better suited to coupling with
different types of chromatography.
Compared to MS, NMR is a far more quantitative technique [25]. The signal intensity
of a feature is directly proportional to the molar concentration of the molecule [26]. However, there can be limitations in resolution due to overlapping signals. This is especially
problematic with complex mixtures, such as biofluids [27].
There are two main approaches for conducting metabolomics experiments: targeted and
untargeted. In targeted approaches, the concentrations of only a small number of selected
metabolites are measured. Targeted studies rely on the availability of authentic chemical
standards of metabolites of interest, as quantification is performed through the use of internal
standards. Untargeted approaches aim to maximise the number of metabolites detected.
These are applicable for exploratory studies, as they provide the opportunity to observe both
expected and unexpected changes and the ability to detect previously unknown metabolites.

1.2

Metabolomics Data Analysis and Processing Software

The diversity of metabolite classes means that no single analytical technique is able to
measure the entire metabolome; rather each is able to measure a specific subset of the
metabolome. The mostly widely used technologies are LC-MS, GC-MS, NMR and DIMS
[28], but there are also many other technologies used by a smaller number of groups, such
as FIA-MS, Raman spectroscopy and chromatography not coupled to mass spectrometry
e.g. liquid chromatography-diode array detector (LC-DAD). The data produced by each
analytical method requires distinct handling and thus different data analysis and processing
tools and workflows. To date more than 250 different software tools specifically designed for
the handling of metabolomics data have been published [29–31].
Analysis of metabolomics data typically involves data preprocessing, post-processing
(also called pre-treatment), metabolite annotation or identification and statistical analysis.
Some studies also include pathway enrichment analysis. However, the order these stages are
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conducted in depends on the instrumental technology and approach used for data acquisition
(Fig 1.3).
For example, statistical analysis is normally performed prior to metabolite identification in
untargeted LC-MS studies as feature identification is challenging. There is low reproducibility
between LC-MS measurements of different mass spectrometers due to varying combinations
of ionization source and mass analyzer, resulting in shifts in peak intensity and m/z values
[32]. It is therefore difficult to identify LC-MS features (including MS/MS), as spectra
of the same metabolite acquired under different conditions may not have the same peaks
or intensities. Identifying only statistically important metabolites, using a chemometric
approach, reduces the amount of labour and time required for metabolite identification. For
targeted approaches, metabolite identification does not pose the same problem as only the
abundances of metabolites of interest are measured.
A

Untargeted LC-MS
Preprocessing

B

Post-processing

GC-MS
Preprocessing

Statistical Analysis

Annotation

Biological Interpretation

Statistical Analysis
Biological Interpretation

Post-processing
Annotation

C

NMR
Preprocessing

Quantification

Post-processing

Statistical Analysis

Biological Interpretation
Identification

D

Targeted
Preprocessing

Quantification

Post-processing

Statistical Analysis
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Fig. 1.3 Standard metabolomics data analysis workflows for: A) untargeted LC-MS, B)
GC-MS, C) NMR and D) targeted studies.
GC-MS produces spectra that are more reproducible than LC-MS, and that do not have
instrument-dependent fragmentation patterns [33]. This has allowed for the creation of
a number of databases, including the commercial databases NIST (National Institute of
Standards and Technology) v17 reference library1 and FiehnLib [34], and the publicly
available Golm Metabolome Database [35]. The relative ease of feature identification in
1 https://www.nist.gov/srd/nist-standard-reference-database-1a-v17,

accessed 25th March 2018.
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GC-MS spectra means that typically metabolite identification is performed directly after data
processing, in parallel to statistical analysis. More recently, alternative ionisation sources
have been used: GC-ESI-MS and GC-TOF-MS [36], which require different identification
methods to traditional GC-EI-MS. Due to the nature of the GC-MS workflow, many individual
tools provide both preprocessing and metabolite identification.
In most NMR metabolomics studies, a chemometric approach is used [27]. Datasets are
split into hundreds or thousands of buckets. Regions of interest are found using statistical
analysis and are then later identified. Alternatively, in untargeted profiling approaches,
signals from metabolites are identified and quantified prior to statistical analysis, but this
approach is less prevalent.
As well as software that provides individual stages of data analysis, there are also
workflows, which provide multiple interconnected tools, encompassing all stages of analysis.
This allows users to perform the entirety of their analysis using a single tool and removes
problems caused by a lack of interoperability between tools. Workflows also increase data
processing and analysis reproducibility.
An example of a workflow provider for metabolomics is PhenoMeNal (Phenome and
Metabolome aNalysis)2 . PhenoMeNal is a H2020 funded e-infrastructure that provides data
analysis workflows for clinical metabolomics via a Virtual Research Environment (VRE). It
utilizes the Galaxy workflow management system [37], which enables researchers to share
workflows, histories and datasets, either publicly or with specific individuals. As of 10th
March 2018, the PhenoMeNal App library contains of 61 tools, not including submodules,
covering a wide variety of experimental data types e.g. LC-MS, NMR, isotopically labeled
data. Users can either design their own workflows or use pre-existing workflows.

1.3

The Importance and Applications of Metabolomics

Since the first occurrences of the term metabolomics, two decades ago, the field has grown
substantially and is now beginning to mature [38]. Whilst it remains the smallest of the
four main omics, the number of metabolomics research articles published is still growing
year-on-year (Figure 1.4).
To date, practical applications of metabolomics that have been developed include the authentication of organic foods [39] and manuka honey [40] and the identification of metabolites
that discriminate between different types of whiskeys [41] and wines [42, 43].
2 https://phenomenal-h2020.eu/home/,

accessed 10th March 2018
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Metabolomics can be used to study human physiology under both normal and pathological
conditions [44]. Metabolic phenotyping has been used in putative molecular biomarker
discovery for numerous diseases e.g. rheumatoid arthritis [45, 46], colorectal cancer [47],
Type II diabetes [48, 49] and chronic fatigue syndrome [50, 51].
There is also evidence that individual human metabolomes are unique, with multiple
studies finding that individuals can be identified based on differences in their metabolic
profiles [52, 53], even after a period of up to 7 years [54]. Ideally, metabolic phenotyping
data has the potential to play a key role in the development of stratified/precision medicine.
Environmental and lifestyle influences play a critical role in the development of diseases
such as cancer [55]; genetics accounts for only a minority of disease etiology for many
chronic diseases, including many cancers [56–58]. For certain diseases, only a low amount
of the heritability of the disease can be explained despite multiple genetic risk factors being
identified. For example, whilst at least 36 genes have been identified as being associated with
type 2 diabetes (T2D), only 10% of the heritability of T2D can be explained [59]. As additive
genetic variation alone does not elucidate the whole picture in trait heritability, other sources
of trait variance, such as epigenetics and exposure to the environment, must be investigated.
The exposome was first defined by Wild [60] as the totality of all “life-course environmental exposures (including lifestyle factors), from the prenatal period onwards”. The
metabolome has been suggested as a good proxy for measuring exposures and the exposome
[55, 61], as it reports a snapshot of the actual physiological status of the cell at any given
time [62] and is effected by both internal and external perturbations [63]. Examples of
biomarkers of exposure for toxic and carcinogenic compounds that have been identified
include: perfluorinated compounds [64], manganese [65] and jet fuel [66].
The metabolome is also correlated with the microbiome, as gut microbiota produce many
important metabolites such as vitamins and hormones [67]. Fecal metabolomics can be
used in complement to 16S sequencing to provide a functional readout of the activity of the
microbiome. There is the potential for the metabolome to be used to elucidate mechanisms
by which the microbiome affects health, such as the mechanisms by which the microbiome
is associated with obesity [67]. The metabolites that can be detected in blood and feces also
differ, so fecal metabolomics may also be used in accompany with blood in more studies.
Whilst animal testing has traditionally been seen as the “gold standard” of toxicology,
there is ever increasing need to decrease the amount of it. The Three Rs (3Rs): Replacement,
Reduction and Refinement are a framework for performing more ethical animal research, by
improving the treatment of laboratory animals and the scientific quality [68]. Aside from the
ethical issues of using animals in research, current models do not represent the best analogues
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of humans and there is increasing regulation in some areas of the world that prevents animal
experimentation. For example, in the European Union (EU) it is illegal to sell cosmetic
products and ingredients that have been tested on animals inside the EU (under the directive
2003/15/EC). Of all the omics, metabolomics is the discipline that is most closely connected
to classical toxicological endpoints [44]. There is hope that metabolomics can be utilised
both for the elucidation of toxicants mechanisms of action and for safety assessments [69].
Metabolomics also has the potential to be used to identify phenotype altering metabolites that could be perturbed to intentionally modulate phenotype [70]. The relatively new
technique metabolomics activity screening (MAS) has been used to identify metabolites
that modulate a diverse array of biological processes including stem cell differentiation [71],
innate immune response [72] and remyelination [73].
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Fig. 1.4 The increase in the number of ‘omic’ publications since 1998 — the number of
journal articles published per year. Metabolomics is shown in orange, proteomics is blue,
transcriptomics is green and genomics is pink. Data were obtained from Web of Science
by searching articles for ‘omic*’ OR ‘ome*’ for each omic i.e. DOCUMENT TYPES:
(ARTICLE) AND ‘metabolomic*’ OR ‘metabolome*’ etc. Data were collected on the 12th
January 2018. It must be noted that this is a very crude analysis, as the search did not
include subsections of omics e.g. ‘metabonomics’, or methods used specifically to measure
omics e.g. ‘RNA-Seq’ (Ribonucleic acid-Sequencing). These terms were not included in
an attempt to make a fair comparison between omics, as it would be difficult to compile a
list of all such terms for each of the omics. However, it is highly likely that many omics
publications have been missed by not including these terms. It would be expected that the
number of transcriptomics papers published per year would be much higher than the number
of proteomics, as there are many more transcriptomics datasets than proteomics datasets.
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Metascience

The term metascience was first defined in 1938 by C. W. Morris as “the science of science”
[74]. Quantifiable scientific methods are applied in order to attempt to understand how current
scientific practices affect the accuracy of scientific conclusions. Meta-science has its roots in
the philosophy and history of science, however it differs from these disciplines as it requires
the use of quantifiable scientific methods. Examples of metascientific research includes
citation network analysis [75], examining biases in scientific publishing [76], detection
of image manipulation [77] and reporting standards [78]. Systematic reviews and metaanalyses are also examples of metascientific study designs. Ioannidis et al. [78] propose
catergorising meta-research into five areas: Methods, Reporting, Reproducibility, Evaluation,
and Incentives.
Recently there has been much concern about the reproducibility of scientific research
[79–81]. Two thirds of researchers are concerned about reproducibility [82] and >50% have
been unable to replicate the findings of at least one study [83]. As worries about the lack
of reproducibility of research in many fields have grown, metascientific methods have been
increasingly used to investigate previously published research.
Large scale attempts to replicate multiple studies in psychology [79], oncology [80] and
computer science [81] are additional examples of metascientific research. Metascience can
also be used to check for errors in scientific papers: a project to fact check genetic studies
by running the published sequence in BLAST, to ensure that the gene of interest is actually
being studied, has lead to five retractions as of 15th September 2017 [84].
Another famous example of metascientific research is John Ioannidis’s paper “Why Most
Published Research Findings Are False” [85], which presents evidence that the conclusions
of many scientific articles have insufficient evidence to support them. However, the findings
of large studies and well-powered meta-analyses, have a higher probability of being true, and
are as close to the unknown ‘gold standard’ of research certainty as possible.
The work presented in this thesis is one of the first attempts to apply meta-scientific
principles to the field of metabolomics. Specifically the state of publicly available (open)
metabolomics data is assessed, in order to guide future data sharing policies and reporting
standards to maximize the value of the data.
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The Open Science Movement, Open Data and Data
Sharing

A systematic review recently developed a unified definition of open science [86]:
“Open science is transparent and accessible knowledge that is shared and developed
through collaborative networks.”
Open science is composed of many concepts that aim to make science more transparent
and reproducible. These include open access, open data, open source and citizen science
(Figure 1.5). For a detailed overview of open science concepts see the Open Science
Taxonomy3 .

Citzen
Science

Open
Access
Open
Peer Review

Open
Education

Open
Science

Open
Source

Open
Notebooks

Open
Data

Fig. 1.5 Open Science is comprised of many different individual concepts.
Open data is a single component within the open science framework. It encompasses
open administrative data, open government research data and open science research data.
The Open Definition4 defines open data as data that is “free to use, reuse, and redistribute ––
subject only, at most, to the requirement to attribute and/or share-alike”. Under this definition,
3 https://www.fosteropenscience.eu/foster-taxonomy/open-science,
4 https://opendefinition.org/,

accessed

10th

January 2018.

accessed 10th January 2018.
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for data to be open, it must be downloadable without charge via the Internet. It must also be
licensed to allow for reuse [87].
Data sharing refers to researchers making data they have generated available to other
investigators. This can be done either by sharing data publicly, in an open manner, on a
repository or institutional website, or by sharing data only with researchers who have directly
requested it via a research proposal.
Individual researchers, the scientific community, funding bodies and the general public
can all benefit from open data. Sharing data openly signals investigators’ confidence in
their research and encourages collaboration between researchers, which directly profits
researchers. Studies that make data publicly available in a repository receive more citations
than those without publicly available data [88]. Other scientists can reuse open scientific
data for hypothesis generation [89], and to perform further and meta-analysis. The scientific
community as a whole gains by improved error identification and reduced risk of fraud.
Funding bodies benefit economically from open data, by receiving greater return on their
investment [90]. Open data also improves reproducibility, and has been suggested as part of
the solution to the replication crisis.
Open data can also help to prevent data loss: 36% of researchers have lost data, with
hard drive failure being the most common cause [91]. There are also instances of data being
irretrievably lost due to computer theft [92] and fires5,6 . Data availability also declines with
article age [93], with the odds of a dataset being extant falling by 17% per year. Public data
repositories address these problems by providing long term storage solutions for data.
Much scientific research is financed by public funds. In 2015, £2.2 billion was invested
in research by the UK government and research councils7 [94], and the US spent $37.8
billion of federal funds on research8 . Therefore, another advantage of sharing data openly
is that it allows the findings of studies funded by the general public to be made directly
available to them [95]. Science also profits by engaging the general public in citizen science
to complete time consuming projects that cannot be easily automated. Examples of successful
citizen science projects include Galaxy Zoo9 where volunteers assist in the morphological
5 https://www.theguardian.com/uk-news/2017/apr/28/manchester-christie-cancer-hospital-fire-research-

equipment-destroyed, accessed 11th January 2018.
6 https://www.timeshighereducation.com/news/fire-destroys-phd-work/165585.article, accessed 11th January
2018.
7 UK gross domestic expenditure on research and development: 2015. https://bit.ly/2y9gs74, accessed 11th
January 2018.
8 https://www.sciencemag.org/news/2017/03/data-check-us-government-share-basic-research-fundingfalls-below-50, accessed 11th January 2018.
9 https://www.zooniverse.org/projects/zookeeper/galaxy-zoo/, accessed 15th May 2018.
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Table 1.1 Prominent publishing groups and journals that mandate data sharing. * indicates
that a journal states that data sharing is required, but does not state that it is required for
publication
Publishing Group/ Journal

Policy

eLife
EMBO journal
Nature Research journals
PeerJ
PLOS
Royal Society journals
Science*

https://elifesciences.org/inside-elife/6f32c567/supplementary-data
https://emboj.embopress.org/authorguide#availabilityofpublishedmaterial
https://www.nature.com/authors/policies/availability.html
https://peerj.com/about/policies-and-procedures/#data-materials-sharing
https://www.plos.org/editorial-publishing-policies
https://royalsociety.org/journals/ethics-policies/data-sharing-mining/
https://www.sciencemag.org/authors/science-journals-editorial-policies

classification of galaxies and Foldit10 , a protein folding game. As of March 2018, these
projects have respectively generated 55 and 14 publications. These projects empower
participants and increase self-efficacy.
The public sharing of omics data originates from the Bermuda summit of 1996, where
members of the Human Genome Project (HGP) consortium agreed upon a set of principles
(the “Bermuda Principles”)11 for the public release of DNA sequence data, within 24 hours
of its generation. These principles have led to data sharing becoming standard practice within
the genomics community [96].
Following pioneering policies such as the Bermuda principles, open data has been
increasingly mandated by funding bodies and leading journals. Data sharing is now required
or encouraged by >40% of journals [97], being a requirement for publication of 11.9%. Many
prominent journals and publishing groups such as Nature Research journals, Public Library
of Science (PLOS) and PeerJ now mandate data sharing (Table 1.1). Major research funders
including the the European Commission’s 8th framework programme “Horizon 2020” [98,
99], the National Institutes of Health (NIH) [100], the National Science Foundation (NSF)12 ,
Research Councils UK and Wellcome [101], all require that data generated as part of the
research they fund be made open.
Despite the benefits of open data, many challenges still remain and must be addressed
before data sharing becomes the norm across science. The largest concern of sharing data
openly is the harm it can potentially cause. There are rightly concerns over patient privacy
and the ethics of sharing public health data [102]. Researchers were able to re-identify
10 https://fold.it/portal/,

accessed 15th May 2018.

11 https://web.ornl.gov/sci/techresources/Human_Genome/research/bermuda.shtml,
12 https://www.nsf.gov/publications/pub_summ.jsp?ods_key=nsf15051,

accessed 20th May 2018.
accessed 18th May 2018.

14

Introduction

participants of the 1,000 genome project, by combining metadata from multiple sources
[103]. Publishing the location of endangered species can also cause more harm than good, as
it can lead to increased wildlife poaching [104].
Researchers remain reluctant to share data as they do not receive credit for doing so.
Currently open data is not widely considered by grant committees or for tenure. Sharing
data via a repository can be very time consuming, and is not considered a priority to already
overworked scientists. The lack of standardisation of data formats and of metadata reporting
requirements can also hinder public data sharing. A lack of expertise in uploading data to
repositories is a barrier to their use [105]. There is also concern about how open data will
be used [87]. Researchers are concerned that their data will be misunderstood. Worryingly,
the lower the p-value (the more statistically significant), the more willing researchers are to
publicly share data [106] — hesitance to share data was linked to a greater number of errors
reporting statistical results.
Changing researchers’ data sharing practices remains a large challenge to widespread
open data. Despite being proponents of open data, when surveyed the majority of authors
of the minimum information about a proteomics experiment (MIAPE) reporting standards,
reported to publishing at least one paper without the accompanying data in the two years
following MIAPEs publication [107]. If the biggest supporters of open data do not publicly
share their data then it cannot be expected that the rest of the community will do so. Despite
the aforementioned obstacles, open data is becoming increasingly supported with 80% of
researchers now agreeing that data should be made open as common practice [108].
Attempting to improve the situation there has recently been an increasing amount of
research into how to incentivise scientists to share data. Suggestions have included awarding
badges to articles that share their underlying data openly [109, 110], improving software
infrastructure for data sharing [89] and data citations [111].

1.6

FAIR Principles and Reporting Standards

Alone, open data is insufficient to ensure that data analysis is reproducible and that data
can be reused. Instead, sufficient annotation and metadata that describes both the data and
how to access it are required. The principles: Findability, Accessibility, Interoperability,
and Reusability (FAIR) (Table 1.2) [112] were developed by FORCE11, in order to guide
data management and maximize the value of research data. Findable refers to the ability
to find data, along with associated metadata, requiring that unique, persistent identifiers be
assigned. Accessible means that data must be available, to either download or request access
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to, and understandable. For a dataset to be interoperable, formal vocabularies and ontologies
must be used to describe it, in order to allow for comparison and combination with other
datasets. Reusable refers to the ability of humans and machines to reuse a dataset. There is
overlap between the scopes of the four concepts. The FAIR principles apply to both open
and restricted access data: data that are open are not necessarily FAIR, and FAIR data may
not be open. Instead FAIR aims to ensure that data can be found, understood and reused.
The FAIR principles have been rapidly adopted. The term was first launched in 2014 and
the principles were published in 2016 [112]. By 2017, 74% of surveyed researchers said they
understand the FAIR concept [113]. However, making data FAIR can be challenging — there
is not a strict definition as to what makes data FAIR, and many researchers find the concepts
hard to implement in practice. Achieving FAIR data requires adequate reporting standards of
data and metadata, suitable data repositories and detailed discipline specific guidelines.
One potential way of achieving FAIR data is the use of reporting standards [114]. Data
reporting standards are designed to ensure that the minimum information required to understand and interpret the results of analysis are reported, and that the reporting of metadata
is consistent across studies. Additionally, ontologies can be used to formally organise data
[115]. Ontologies structure knowledge with rules that describe the relationship between
terms, and can be used to formally classify metadata.
Various concepts have emerged that expand upon the original FAIR principles, with the
aim of improving them or applying them to specific types of data. The most well-known is
FAIR-TLC, which adds the principles Traceable, Licensed and Connected [116]. Traceability
refers to data provenance and attribution of contributions, licensed requires that data are made
available under an open, permissible license and connected refers to integration between data
resources. There is also FAIR-Health for clinical data [117], which includes the additional
principles quality and traceability, incentive schemes, and privacy regulation compliance.
However, it is worth noting that some of these additional concepts are actually covered by the
original FAIR principles: the reusability requirement R1.1 requires data be made available
under a clear license.
The FAIR Data Expert Group does not believe that the FAIR principles should be
expanded with additional principles, but instead the existing principles should be augmented
with additional concepts such as “as open as possible, as closed as necessary” [118]. Whilst
FAIR data can be accessible with restrictions, open sharing should be the default for data that
does not have privacy or intellectual property concerns. The expert group also believe that the
most challenging concepts, interoperability and reusability, must be extended, and FAIR must
be more clearly defined. For reusability they suggest additional components be added: timely
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Table 1.2 The FAIR Guiding Principles developed by Wilkinson et al. (2016) [112].
Principle

Description

Findable
F1
F2
F3
F4
Accessible

(meta)data are assigned a globally unique and persistent identifier
data are described with rich metadata (defined by R1 below)
metadata clearly and explicitly include the identifier of the data it describes
(meta)data are registered or indexed in a searchable resource

(meta)data are retrievable by their identifier using a standardized
communications protocol
A1.1
the protocol is open, free, and universally implementable
the protocol allows for an authentication and authorization procedure,
A1.2
where necessary
A2
metadata are accessible, even when the data are no longer available
Interoperable
(meta)data use a formal, accessible, shared, and broadly applicable
I1
language for knowledge representation
I2
(meta)data use vocabularies that follow FAIR principles
I3
(meta)data include qualified references to other (meta)data
Reusable
meta(data) are richly described with a plurality of accurate and relevant
R1
attributes
R1.1
(meta)data are released with a clear and accessible data usage license
R1.2
(meta)data are associated with detailed provenance
R1.3
(meta)data meet domain-relevant community standards
A1
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release of data (particularly important for situations such as infectious disease outbreaks),
assessability to ensure (meta)data are of sufficient quality, data stewardship and long term
sustainable data storage in digital repositories and user responsibility when handling data.
In order for widespread implementation, FAIR requires an extensive technical infrastructure including registries or catalogs of resources (e.g. FAIRsharing13 ), policies and protocols,
data management plans, unique identifiers, reporting standards (ideally using ontologies),
automated workflows and data repositories. It is especially important that repositories are
funded, supported and incentivised, as they play a crucial role by providing data storage.
As part of this, it is important repositories and databases be assessed. Two such schemes
are CoreTrustSeal14 , which provides accreditation for trusted digital repositories and the
Reuseable Data Project15 where each database receives a star rating based on how well “a
resource’s data may be build upon, edited, modified, and redistributed”.
There have been suggestions for metrics to access whether data and repositories are FAIR,
and their level of “FAIRness”. Wilkinson et al. [119] propose a series of 14 metrics that
cover each of the four principles. It has also been recommended that a system based on Tim
Berners-Lee’s five star open linked data standards16 be used as a metric.
Whilst the initial focus around FAIR has mostly been data centric, the FAIR principles
must additionally be applied to metadata and software used for analysis to ensure reproducible
data analysis. With this there is hope that FAIR can help to increase the value of data and
benefit the entire scientific community.
However, it must be noted that a major limitation of the FAIR principles is that they
do not assess data or metadata quality. This means that even if it dataset is fully findable,
accessible and interoperable, it may not be truly reusable if it is too low quality. Therefore,
in addition to the FAIR principles, it is important that standardised methods for evaluating
the quality of data are also developed.

1.7

Open Metabolomics Data

A series of dedicated repositories to host metabolomics data have been released over the past
decade (Table 1.3). There are now >1,500 metabolomics datasets that included data available
via these repositories (Figure 1.6). Whilst the amount of publicly available metabolomics data
is still lagging behind the other omics (there are >4,700 datasets on ProteomeXchange [120]
13 https://fairsharing.org/,

accessed 7th April 2018.
accessed 20th June 2018.
15 https://reusabledata.org/, accessed 20th January 2018.
16 https://5stardata.info/en/, accessed 20th January 2018.
14 https://www.coretrustseal.org/,
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and >70,000 on ArrayExpress [121]), the amount of open metabolomics data is growing
rapidly (Figure 1.6A).
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Fig. 1.6 Publicly available metabolomics datasets with raw data available to download, as
of 23rd January 2018. A) The total number of publicly available metabolomics datasets and
B) the relative percentage of datasets per metabolomics repository. Plots are coloured by
repository. Figure is inspired by Figure 5 from Aksenov et al. [122].
The first metabolomics repositories to be developed were small and specialised. Both
Metabolomics Repository Bordeaux (MeRy-B) [123] and Metabolic Phenotype Database
(MetaPhen) [124, 125] were designed to store plant metabolomics data. It was not until
2012 that the first general purpose, global repository for metabolomics data was released.
The European Bioinformatics Institute’s (EBI) MetaboLights [126] launch was followed
the subsequent year by the launch of the United States Government National Institutes of
Healths’ (NIH) Metabolomics Workbench [127]. These repositories accept all types of
metabolomics data, including a wide variety of vendor-specific data formats. More recently
the Global Natural Products Social Molecular Networking (GNPS) [128] has also been
released. The growth in publicly available metabolomics data has been particularly dramatic
since the general purpose metabolomics data repositories were first released. Across the three
largest repositories there is >32TB of raw metabolomics data (13.69TB on GNPS, 9.04TB
on Metabolomics Workbench and 9.43TB on MetaboLights, as of 10th February 2018).
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Table 1.3 Comparison of metabolomics data repositories as of the 26th January 2018. The
total number of studies on GNPS was not available.
Repository

Scope

Instrument

MetaboLights Global
All
Metabolomics
Global
All
Workbench
MetaPhen
Plant
GC-MS
1
MeRy-B
Plant
H NMR
Natural
GNPS
MS
Products

No.
No. Public
Studies
Studies

Analysis

Compound
Database

564

326

-

✓

848

604

✓

✓

115
57

58
34

✓
✓

✓
✓

-

684

✓

✓

Of the two general metabolomics repositories, MetaboLights [126] has a greater focus
on curation and more stringent submission guidelines. The MetaboLights repository is
comprised of two layers: (i) the repository and (ii) the reference layer. Raw data, along with
annotated metadata, are stored in the repository. The reference layer contains a library of
24,957 reference compounds. Both layers can be queried by species, instrumental analysis
technology, organism part (e.g. serum, leaf) or study validation status.
Users must submit experimental metadata to MetaboLights in the ISA-TAB format
(Investigation/Study/Assay-Tab Delimited), a format for standardised metadata description
[129]. When a study has been submitted it undergoes four stages of curation: submitted,
in curation, in review and public. When a study is in the submitted stage, the submission
is not yet complete and mandatory metadata is missing. Curators will appraise the study
when all mandatory fields are complete, looking for any missing optional fields or errors
not detected by automatic validation. The submitter is given a read only reviewer link when
curation is finished. This can be shared with a journal or collaborators prior to the study
becoming public. The study will become public once a user specified publication date has
been reached.
MetaboLights is now the recommended metabolomics data repository of a number of
journals including: Scientific Data, BioMed Central, PLOS Biology, EMBO Press, Wellcome
Open Research, F1000Research, Metabolomics, Frontiers and Metabolites17 . Along with
Metabolomics Workbench [127], it is also part of the Fairsharing project18 , which links
databases, standards and policies.
17 https://www.ebi.ac.uk/metabolights/about,
18 https://fairsharing.org/,

accessed

7th

accessed 26th January 2018.
April 2018.
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Both MetaboLights and Metabolomics Workbench include multiple layers, storing data
and metadata from metabolomics studies along with reference libraries of metabolites.
However, Metabolomics Workbench provides greater analysis capability than MetaboLights,
including the ability to perform exploratory univariate and multivariate statistical analysis on
publicly available datasets. There is also the option to compare metabolites between studies
(meta-analysis). Additionally, users can perform statistical analysis on their own uploaded
dataset. It must be noted, however, that not all publicly available studies in Metabolomics
Workbench include raw data (as of 26th January 2018, 444/604 public studies provide raw
data).
Another utility provided by Metabolomics Workbench, which is not included in MetaboLights, is a REST (REpresentational State Transfer) service where HTTP (Hypertext Transfer
Protocol) requests can be used to access study data and metadata, including metabolite
structures and experimental results. On the Metabolomics Workbench website, users can
select a specific subset of studies by disease, sample source, species, pathway or metabolite
class using bubble plots.
Metabolite structures and annotations are stored on the Metabolomics Workbench Metabolite Database. It contains >61,000 entries collected from public databases including LIPID
MAPS [130], Chemical Entities of Biological Interest (ChEBI) [131], Human Metabolome
Database (HMDB) [132], BioMagResBank (BMRB) [133], PubChem [134] and Kyoto Encyclopedia of Genes and Genomes (KEGG) [135]. To search for metabolites users can either
employ a text based search or, for untargeted MS, m/z values can be used. Metabolomics
Workbench also contains the Human Metabolome Gene/Protein Database (MGP), which
contains data on >7,300 genes and >15,500 proteins that are related to metabolites.
The Reference list of Metabolite names (RefMet), available on Metabolomics Workbench, aims to provide a standardised reference nomenclature for metabolites identified
using spectroscopic techniques in metabolomics experiments. This is important to allow
comparison across metabolomics studies. To date RefMet contains 11,681 metabolites, with
~42,000 names, derived from >200 MS and NMR studies.
In order to be able to submit studies to Metabolomics Workbench, users must register and
obtain authorization. Following authorization, users must register their study and then submit
metadata in the specified format, either via an online form or a supplied excel template. After
this raw data and/or supplementary material can be uploaded.
MeRy-B [123] is exclusively a repository for plant metabolomics datasets. It is targeted
for proton nuclear magnetic resonance (1 H-NMR) data, but also includes GC-MS data. In
total it contains 347 GC-MS and 1564 NMR spectra. Under the compounds tab, users can
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search for metabolites identified by species, for every species with publicly available data in
the repository, along with which pathways metabolites are involved in.
The repository MetaPhen [125] is available as part of MetabolomeExpress [124], a
web-based GC-MS metabolomics data analysis platform. The majority of the studies in
MetaPhen are of plants and are GC-MS based. MetabolomeExpress contains a variety of
tools for the analysis of the publicly available data, providing processing, statistical analysis
and visualisation. ResponseFinder can be used to search for metabolites of interest by species
and organ/tissue/fluid type. Comparing the results of multiple experiments via meta-analysis
can be performed using MetaAnalyser, which plots heatmaps of aligned and clustered data.
PhenoMeter allows users to search the reference library via metabolite response patterns.
Natural products mass spectrometry data can be analysed and stored on the GNPS platform [128]. Data are stored in the Mass Spectrometry Interactive Virtual Environment
(MassIVE) repository that was originally developed for proteomics studies [136]. MassIVE
thus includes both metabolomics and proteomics data. GNPS is unique among metabolomics
repositories in providing continuous metabolite identification for MS/MS spectra, with
datasets being reanalysed for new identifications once a month. There are >71,000 spectra in
the GNPS Public Spectral library, of which 3371 are user submitted. GNPS also includes a
series of third party spectral libraries: Massbank [137], RIKEN MSn spectral databases (ReSpect)19 , HMDB [132] and Critical Assessment of Small Molecule Identification (CASMI)
[138]. Across the datasets on GNPS, more than 10,000 unique features have been identified.
GNPS can be searched by features of interest to identify which datasets they were found in.
The three repositories MeRy-B, MetaboLights and Metabolomics Workbench are all
data providers for the MetabolomeXchange consortium20 . Metabolonote [139], a metadata manager that includes a database of studies along with their experimental metadata, but without any raw or processed data, has recently also become a data provider.
The COordination of Standards in MetabOlomicS (COSMOS) consortium [140] founded
MetabolomeXchange, and based it on the successful ProteomeXchange [120]. As of 26th
January 2018, MetabolomeXchange includes 1056 datasets (324 from MetaboLights, 602
from Metabolomics Workbench, 26 from MeRy-B and 104 from Metabolonote).
Omics Discovery Index (OmicsDI) [141] is a platform that integrates datasets from many
different omics repositories, linking different omics assays from the same overall study
together. MetaboLights, Metabolomics Workbench, GPNS and MetaPhen are included as the
main metabolomics data repositories (MetaPhen datasets are labelled as Metabolome Express
19 http://spectra.psc.riken.jp/,

accessed 27th January 2018.
accessed 26th January 2018.

20 http://www.metabolomexchange.org/,
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Table 1.4 General Repositories for data sharing.
Repository

Website

Dryad Digital Repository
Figshare
GigaDB
Harvard Dataverse
Open Science Framework
Zenodo

https://datadryad.org/
https://figshare.com/
http://gigadb.org/site/index
https://dataverse.harvard.edu/
https://osf.io/
https://zenodo.org/

on OmicsDI). OmicsDI aims to support FAIR principles by making omics data more findable,
accessible and interoperable. As of 31st January 2018, OmicsDI features 1674 metabolomics
datasets including 662 from GNPS, 330 from MetaboLights, 621 from Metabolomics Workbench, and 58 from MetaPhen. Additionally there are also two metabolomics datasets in
ArrayExpress [121] and one in the Library of Integrated Network-based Cellular Signatures
(LINCS)21 , however this dataset appears to be inaccessible.
As well as via metabolomics specific repositories, datasets may be shared by other means:
on personal or institutional websites, or on general, “catch-all” repositories. Examples of
general platforms for sharing data include: Dryad Digital Repository (DDR), Figshare and
Zenodo (Table 1.4). Datasets shared in this manner may be very hard for other researchers
to find, especially those shared on personal websites. It can be challenging to find datasets
containing raw data on these general repositories as they also include other types of data e.g.
powerpoint presentations, posters, supplementary figures and reports, and it can be difficult
to filter searches.
Until recently there was no way to search multiple general repositories simultaneously.
DataMed [142] is a project that aims to fill this void and make biomedical datasets findable.
It is a data discovery index (DDI) that, as of 31st January 2018, indexes 74 repositories,
with 2,336,403 datasets and 15 data types. Currently DataMed is still a prototype and
metabolomics data is cataloged as “unspecified”. However, Metabolomics Workbench and
OmicsDI are already data providers for DataMed and 1,389 studies are returned when
searching for “metabolomics”.
SciCrunch22 is a platform for data sharing that, like DataMed, increases the discoverability and accessibility of datasets. Scientific communities can create their own portals on
SciCrunch, which can provide access to data sources, tools and relevant literature. Currently
21 http://lincsportal.ccs.miami.edu/datasets-beta/,
22 https://scicrunch.org/,

accessed

31st

accessed 31st January 2018.
January 2018.
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for metabolomics, the only data source that links to raw data is OmicsDI, however there is
potential for this to be expanded in future.

1.8

Meta-Analysis and Systematic Reviews in Metabolomics

A meta-analysis is a type of statistical analysis where the results of multiple studies are
combined. Generally, meta-analyses are used as subsets of systematic reviews, and the
Cochrane Handbook for Systematic Reviews of Interventions [143] formally defines metaanalysis as “the use of statistical techniques in a systematic review to integrate the results of
included studies”. Systematic reviews are a type of literature review that are used to gather
and critically appraise all empirical evidence around a clearly defined question, synthesizing
evidence from across studies. Sometimes systematic reviews are incorrectly referred to
as meta-analyses, however the two study types differ in design. Both meta-analyses and
systematic reviews are metascientific study designs.
Meta-analyses are used to systematically assess and draw conclusions about a body of
research [144], benefiting from higher statistical power than individual studies. In statistical
analysis, power is defined as the probability that a test rejects the null hypothesis when the
alternative hypothesis is true. The higher the statistical power, the less chance of making
a type II error (not rejecting the null hypothesis when it is false). Meta-analyses increase
statistical power by shrinking the confidence interval around the weighted average effect size,
making it more likely that nonzero population effects are detected [145].
Meta-analyses are highly important for translating research into evidence based medicine.
For metabolomics to become used as a clinical tool it is essential that high quality metaanalyses be performed.
Whilst it is sometimes assumed that meta-analysis entail simply the pooling of multiple
studies, this can lead to analytical errors. Pooling data can result in the compounding of
biases and reduce the ability to detect differences within study groups.
Meta-analyses are typically conducted in a standardised manner, including the following
stages:
1. Define the research question, often done using the PICO (Participants, Interventions,
Comparisons and Outcomes) model, including eligibility criteria
2. Literature search
3. Select studies (based on inclusion and exclusion criteria)
4. Data collection
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5. Standardise data
6. Calculate the overall effect by combining the data (selecting the meta-analysis model
e.g. fixed effect or random effects)
7. Examination of sources of bias

A number of guidelines for conducting meta-analysis exist, such as: PRISMA (Preferred
Reporting Items for Systematic reviews and Meta-analyses)23 [146] which is widely applicable and MOOSE (Meta-analysis Of Observational Studies in Epidemiology) [147], which is
specifically designed for observational studies. The PRISMA guidelines are the most widely
used. More recently, guidelines that expand on the original PRISMA have been released e.g.
PRISMA-P (for protocols) [148]. The original PRISMA checklist includes 27 items and
PRIMSA-P includes 17.
It is important that meta-analyses be preregistered as preregistration guards against both
conscious and unconscious biases. The International Prospective Register of Systematic Reviews (PROSPERO)24 can be used to register biomedical outcomes. Alternatively, protocols
can be posted on preprint servers.
Meta-analyses are typically reported in a standardised manner, including a flow chart
(Figure 1.7) describing the experimental design, detailing how many records are included at
each stage and using a forest plot to show the number of studies that address the research
question, along with their outcomes.
To date there have been very few meta-analyses published about metabolomics research,
and the majority of studies have not performed meta-analysis as defined above. This is in
contrast to genomics [149] and transcriptomics [150] where many meta-analyses have been
performed, however similarly to metabolomics, only a small number of meta-analyses have
been conducted about proteomics research [151].
In this research, eight studies involving metabolomics that state they include metaanalyses have been identified, however none of which included a literature review, an
essential component of a meta-analysis (Table 1.5). A further three studies that include
metabolomics [152–154] that say a meta-analysis was performed but do not state which
guidelines were used were also identified. Of these only Park et al. (2018) [152] performs
a standard meta-analysis. Mehta et al. (2017) [153] used a literature search to identify
metabolites of interest and then performed targeted analysis to detect only those metabolites.
Worryingly, Goveia et al. (2016) [154] performed a “vote counting meta-analysis”.
Vote counting involves simply comparing the number of positive studies to the number of
23 http://www.prisma-statement.org/,

accessed 6th July 2018.
accessed 6th July 2018.

24 https://www.crd.york.ac.uk/prospero/,

25

Identification

1.8 Meta-Analysis and Systematic Reviews in Metabolomics

No. Records identified
through database searching

No. Records identified
through other sources

Included

Eligibility

Screening

No. Records after duplicates removed

No. Records screened

No. Records excluded

No. Full-text articles
assessed for eligibility

No. Full-text excluded
with reasons

No. Studies included in
qualitative synthesis

No. Studies included in
quantitative synthesis
(meta-analysis)

Fig. 1.7 PRISMA Flow Chart, first described in Liberati et al. [146].
negative studies and does not consider statistical significance or sample size. There is also no
study weighting in a vote counting meta-analysis. In a standard meta-analysis, studies are
weighted based on sample size and statistical power. Without weighting or taking sample
size into account, a study with 1000 participants and high statistical power will be given
equal importance as a low powered study with 10 participants. Whilst there is some evidence
that vote-counting can be used to predict biomarker performance [155], vote counting is a
statistically flawed procedure, and is not a true meta-analytic technique [156].
In total, three studies that included meta-analyses and metabolomics research and that
were pre-registered, were identified: Guasch-Ferré et al. (2016) [157] and Okekunle et
al. (2017) [158] followed the MOOSE guidelines and Siristatidis et al. (2017) [159]
used the PRISMA guidelines. Guasch-Ferré et al. (2016) identified metabolite markers
of prediabetes and Type II diabetes, and Okekunle et al. (2017) identified amino acids
associated with obesity, Type II diabetes and metabolic syndrome. Unlike the other two
studies Siristatidis et al. (2017) did not attempt to identify metabolomics biomarkers,
and instead the study evaluated the effectiveness and safety of metabolomics compared
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Table 1.5 Metabolomics studies that state they include meta-analysis, but where no literature
review was performed. The cohorts of participants included in these studies are reported.
Year

Cohort(s)

Study

2015

COPDGene

[161]

2017

Alpha-Tocopherol, Beta-Carotene Cancer Prevention Study

[162]

2017

Avon Longitudinal Study of Parents and Children,
[163]
Northern Finish Birth Cohort 1966 and 1986 (NFBC1966 & NFBC1986)

2017

European Prospective Investigation into Cancer and Nutrition
(EPIC)–InterAct

[164]

2017

-

[165]

2017

Hyperglycemia and Adverse Pregnancy Outcome (HAPO)

[166]

2018

EPIC–Potsdam, EPIC–Heidelberg

[167]

2018 TwinsUK, The Hertfordshire Cohort Study, NFBC1986
[168]
Maga-Nteve et al.’s (2017) study [165] was of Balb/cJ mice and did not include any
human participants.
to morphology assessment for improving live birth or ongoing pregnancy rates in women
undergoing assisted reproductive technologies.
Whilst it is encouraging that systematic reviews including metabolomics have been
successfully conducted, the ability to perform meta-analyses in metabolomics is currently
hindered by a lack of open data with sufficient metadata. It has not been standard for
metabolomics researchers to report all metabolites identified in a study; instead often only
metabolites of interest are reported. It is therefore impossible to know whether a metabolite
is not detected or simply not reported, resulting in bias in outcome reporting. This leads to
bias in statistical analysis that cannot currently be resolved [154]. It is also much harder to
reuse datasets that have missing or erroneous metadata, and there is more risk of misinterpretation [160]. Studies that do not report data on a per sample level cannot be used to guide
personalised/stratified medicine.

1.9

Research Objectives

Evidence based medicine relies on rigorous meta-analyses with sufficient statistical power. If
metabolomics is to become a widely used clinical tool, meta-analyses must be performed
to demonstrate that quantitative metabolite measurements are reliable and accurate across
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studies. However, meta-analyses require sufficient data and metadata reporting — a lack of
open data hinders scientists conducting meta-analyses.
Therefore, the main objective of this thesis is to assess current practices and standards
of sharing data within the field of metabolomics, with an outlook towards metabolomics
becoming an entrenched tool for diagnosis and classification. To this end, metascientific
approaches were used to assess the current reporting standards for metabolomics data and
data sharing practices within the community.
Reporting standards are an important constituent in making data FAIR — well written
reporting standards ensure the consistency of metadata between datasets, facilitate data reuse
and data merger across studies. However, poorly worded standards can impede data reuse if
ignored by communities and not adhered to. It is therefore important to assess the extent to
which standards are complied with. The Metabolomics Standards Initiative (MSI) guidelines
are now a decade old and the majority of dedicated metabolomics repositories purport to
comply with them. In chapter 2 compliance of 483 open datasets, from five metabolomics
data repositories, to the biological context MSI reporting standards, is examined. Following
analysis a series of recommendations as to how the MSI guidelines could be revised and
improved are provided.
Increasingly funding bodies, societies and journals are encouraging or mandating data
sharing and open data. It is therefore important to assess the effectiveness of these policies at
expanding open data sharing. In chapter 3 data sharing practices within the metabolomics
community are investigated. The data sharing policies of the journals with publications associated with the most open metabolomics data, and those that publish the most metabolomics
research, are explored.
Having identified PLOS ONE as the second largest publisher of metabolomics research,
it was surprising to find that <30 PLOS ONE publications were directly linked to open
metabolomics data in repositories, considering its pioneering requirements for data sharing.
The data availability statements and the levels of data sharing of PLOS ONE metabolomics
papers were therefore examined, in order to investigate reasons for the lack of public archiving
of data in dedicated repositories. To review the value of publicly sharing metabolomics data,
the extent to which public metabolomics data has been reused was also investigated. Finally,
ways in which data sharing in metabolomics can be improved are discussed.
The reproducibility of metabolomics analysis depends not only on FAIR data but also on
FAIR analysis workflows. There are now >250 software tools specific for metabolomics data,
which can make it hard for researchers to find the right tool. In chapter 4 a taxonomy for
metabolomics software, in order to formally categorize them, is presented. A GitHub Pages
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wiki — https://raspicer.github.io/MetabolomicsTools/ was also developed in order to provide
extensive details about all included software.

1.10

Publications

Over the course of my PhD I have authored seven peer reviewed publications: two analyses,
two commentaries, a review, a protocol and a book chapter. For four of these publications I
was the first author, having conducted the majority of the research and writing.
The analysis “Compliance with minimum information guidelines in public metabolomics
repositories” [169] was my first lead author research paper. In this work compliance to the
MSI biological context metadata reporting standards was assessed using open data from
dedicated metabolomics repositories. I contributed to the publication by designing the
methodology, conducting the investigation, performing statistical analysis, and writing and
editing the paper.
Complimenting the analysis a commentary, “A decade after the metabolomics standards
initiative it’s time for a revision” [170], was written. As it was found that the MSI guidelines
are not well adhered to, we proposed that MSI guidelines should be revisited and revised,
as has been done in other communities, to better reflect the current requirements of the
metabolomics community. For this commentary I wrote the manuscript and produced the
figure. The analysis and commentary were written simultaneously, and submitted jointly.
Both are detailed and expanded upon in chapter 2.
My next first author published research article “A lost opportunity for science: journals
promote data sharing in metabolomics but do not enforce it” [171] reviewed the data sharing
policies of journals publishing the most metabolomics papers associated with open data and
compared these journals’ policies to those that publish the most metabolomics papers. It was
found that journals that most support data sharing are not necessarily those with the most
papers associated to open metabolomics data. I conceptualised this research myself, and
composed the methodology, performed the investigation and formal analysis and wrote the
article. This research is covered in the section 3.1 of chapter 3.
The review “Navigating freely-available software tools for metabolomics analysis” [29]
was written to help guide researchers in choosing software for analysing metabolomics data.
Software tools were categorised by the type of instrumental data (i.e. LC–MS, GC–MS or
NMR) and the functionality (i.e. pre- and post-processing, annotation, statistical analysis,
workflows and other) they are designed for, and an extensive list of the most used tools
was compiled. I was the first author of the review and did the majority of the writing and
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background research. The review won the 2018 Metabolomics Publications Award in the
category of review article, for being the most downloaded review in the journal published
over the last year. This review is mentioned in chapter 4, however subsequent work has
expanded upon the work initially conducted for the review, so it is not the main focus of the
chapter.
The article “MetaboLights: An Open-Access Database Repository for Metabolomics
Data” [172] is a protocol, providing a tutorial for using the MetaboLights repository [126],
providing instructions for submitting studies to the database and examples of how to query it.
I contributed to writing and editing the manuscript.
“The future of metabolomics in ELIXIR” [173] is an opinion article developed from a
workshop on the same topic. Metabolite identification was recognised as a key area where
computational metabolomics and data management can have the most impact. The article
supports the call for metabolomics as a new ELIXIR Use Case. I contributed to writing the
document.
For the book chapter “Metabolome Analysis” [174], I contributed to the writing of
the section Data Processing, Workflows and Repositories, which included the subsections
Workflows in Metabolomics and Metabolomics Experiments Databases and Repositories.
These sections cover workflows that can be used to analyse metabolomics data, providing
tools for all stages of data analysis, and an overview of dedicated repositories that store
metabolomics data.

Chapter 2
Compliance with Reporting Standards in
Metabolomics
2.1

Reporting Standards

There are many types of standards in biology; they range from reference reagents to laboratory protocols. Standards have been heralded as a solution to the replication crisis [175].
Data reporting standards are designed to ensure that the minimum information required to
understand and interpret the results of analysis are reported.
Well written reporting standards are easy to use and aid researchers in publishing their data
[114]. They ensure the consistency of metadata between datasets, and facilitate data reuse
and data merger across studies. Reporting standards can help to achieve findable, accessible,
interoperable and reusable (FAIR) data [112]. Conversely, poor reporting standards are
ignored by the communities they were intended to serve and are not complied with, hindering
data reusability [176]. Alternatively, multiple competing standards are developed, leading to
different groups using different standards and adding to confusion. As Andrew Tanenbaum
said, “The nice things about standards is that there are so many to choose from” [177].
The first omics reporting standards were the Minimum Information About a Microarray
Experiment (MIAME) standards [178]. These described the minimum information required
for reporting microarray DNA expression studies. Following MIAME, other omics communities began to develop standards. The minimum information about a proteomics experiment
(MIAPE) [179] was developed for proteomics and in metabolomics a series of initiatives
were formed. The Minimum Information about a Metabolomics Experiment (MIAMET)
and the Architecture for Metabolomics consortium (ArMet) [180] provided frameworks for
describing plant metabolomics experiments, and the Standard Metabolic Reporting Structure
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(SMRS) initiative focused on standardising the reporting of toxicological, in vitro animal
and NMR-based experiments [181]. In 2005, these earlier efforts by the metabolomics
community were built upon and the Metabolomics Standards Initiative (MSI) was formed
[182, 183].
The MSI consisted of a series of working groups: Biological context metadata, Chemical
analysis, Data processing, Ontology and Data exchange. The Biological context metadata
working group consisted of four subgroups: (1) mammalian studies, divided between human
and animal studies, (2) plant studies, (3) cell cultures and microbiology, and (4) environmental
studies. In 2007, these working groups published a series of reports detailing minimal
reporting standard recommendations for each area. Guidelines were produced for ontologies
[184], data exchange formats [185], chemical analysis [186], NMR-based experiments
[187], data analysis [188], mammalian/ in vivo experiments [189], microbial and in vitro
experiments [190], plant biology [191] and environmental experiments [192] (Figure 2.1).
The Mammalian/ in vivo report is split into two sets of reporting standards: Mammalian
Clinical Trials and Human Studies, and Pre-clinical.
MSI Overview - Fiehn et al. (2007)
Sansone et al. (2007) Nature Biotechonology
Experimental
Design
Sansone et al. (2007) - Ontology
Biological
System

Mammalian Clinical Trials
and Human Studies

Pre-clinical

Mammalian/ in vivo - Griffin et al. (2007)
Microbial and in vitro - van der Werf et al. (2007)
Plant - Fiehn et al. (2007)
Environmental - Morrison et al. (2007)

Chemical
Analysis
Hardy & Taylor (2007) - Data Exchange
Formats
Data
Analysis

General Overview - Sumner et al. (2007)
NMR-based Experiments - Rubtsov et al. (2007)

Goodacre et al. (2007)

Fig. 2.1 An overview of the sets of reporting standards published by the MSI. Unless
otherwise stated, all articles were published in the journal Metabolomics. Figure was adapted
from Goodacre (2014) [193] and used with permission.
These guidelines were designed to include all of the descriptive information about an
experiment (the metadata) that was considered crucial to the understanding of the data, in
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order to enable replication of the experiment and reuse data [182]. Some of the reports
consisted of just minimum information (MI) reporting standards, whilst others also included
best practice or optional extra standards.
Following the publication of the MSI guidelines, papers detailing how to comply with
the mammalian and in vivo [194], and plant standards [195], including example studies, were
released. These papers acted as case studies, exemplifying how metadata should be reported.
In the years immediately following the release of the MSI guidelines, they were criticised
for a lack of practical applications [196, 197]. At the time no metabolomics data repositories
existed, and the recommendations could only be used to guide journal submission guidelines
and data collection in individual laboratories. The journal Metabolomics encourages authors
to make submitted manuscripts as compliant with the MSI guidelines as possible [198]. It
was thought that release of general purpose, cross platform and cross species repositories
would lead to greater use and compliance with the MSI reporting standards [197].
This research aims to examine how complied with the MSI guidelines are, in order to
assess whether they reflect the current needs of the metabolomics community. A subset
of guidelines were selected for investigation: the biological context metadata reporting
standards. The number of metadata mandated by each minimal and best practice reporting
standard was quantified. The level of compliance to the standards by currently available
public datasets in five metabolomics data repositories was assessed. Successes and failures
of the current MSI guidelines were identified, and the chapter is concluded by suggesting
improvements to the MSI guidelines that could be implemented in future revisions.

2.2
2.2.1

Methods
Dataset Selection

Of the five main repositories of metabolomics data, four have been developed to fulfill
the MSI guidelines for minimum metadata reporting: MetaboLights [126], Metabolomics
Workbench [127], MeRy-B [123] and MetaPhen [124, 125] (for a more detailed description
of each repository see chapter 1.7). GNPS [128] does not aim to comply with the MSI
guidelines and has only minimal requirements for reporting experimental metadata. Table
2.1 provides an overview of each of the repositories, at the time this analysis was conducted,
in regards to their scope, number of studies and the number of different species included.
As GNPS has minimal requirements for reporting experimental metadata, it is assumed that
studies in GNPS will not follow the MSI guidelines.
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Table 2.1 Comparison of metabolomics data repositories as of the 7th March 2017. The
number of species refers to the number of different species across publicly available studies
only, and does not include species in private studies. The total number of studies on GNPS
was not available.
Repository

Scope

MetaboLights All Metabolomics
Metabolomics
All Metabolomics
Workbench
MetaPhen
Plants - GC-MS focused
MeRy-B
Plants - 1 H NMR
GNPS
Natural Products - MS

No.
No. Public
No.
Studies
Studies
Species
435

236

77

505

365

40

115
54
-

58
30
430

17
17
234

In order to identify a subset of publicly available datasets, to which compliance with the
MSI standards would be tested, the instrumental analysis type (Figure 2.2) and species (Figure
2.3) of every study were identified. It was found that GNPS only requires users to submit
the type of mass spectrometer used for analysis, and has no dedicated field for reporting
the type of chromatography used. Therefore, the type of chromatography used for GNPS
studies could not be determined and GNPS was not included in Figure 2.2. Accordingly, only
the species included in datasets was used to select a subset of studies for analysis. Across
repositories a total of 347 unique species were identified.
The three species that were most prevalent across the five repositories’ publicly available
studies were selected for analysis: Homo sapiens, Mus musculus and Arabidopsis thaliana
(Figure 2.3). These species provide a good coverage across experimental areas with different
metadata requirements, covering four out of the five biological experimental areas of the
MSI standards. The non-human species M. musculus and A. thaliana are additionally both
extensively studied model organisms.
Some H. sapiens and M. musculus studies did not fit within the scope of any of the existing
MSI standards. These included studies of intra-laboratory differences, the development of
new experimental techniques, sample collection conditions and studies of within sample
variation. Studies that did not have an applicable MSI biological context metadata guideline
were excluded from further analysis.
Every study from the four repositories including the selected species was categorized
by applicable biological context metadata standards. Some studies contain multiple assays,
which can include multiple species or both cell lines and clinical research. Multiple sets of
MSI reporting standards can therefore be applicable to a single study.
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MetaboLights Metabolomics
Workbench

MetaPhen

Repository

Fig. 2.2 Distribution of analytical techniques across metabolomics data repositories. The
(A) frequency and (B) percentage of studies including different analytical techniques in
the metabolomics data repositories: MeRy-B, MetaboLights, Metabolomics Workbench
and MetaPhen. GNPS is not included as it has no requirements for reporting type of
chromatography used, although it is exclusively a repository for MS data.
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Fig. 2.3 Distribution of species across metabolomics data repositories. The (A) frequency and
(B) percentage of studies including different species in the metabolomics data repositories:
GNPS, MeRy-B, MetaboLights, Metabolomics Workbench and MetaPhen. For a species to
be plotted as an individual band it must have been found in a minimum of ten studies across
the repositories. Species found in <10 studies across all repositories are reported as “Other
Species”.
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2.2.2

MSI Guidelines

Every MSI biological system report provided minimum reporting standards required for
that class of experiment, as decided upon by the MSI subgroup. As well as the minimal
reporting standards, the mammalian clinical trials and human studies (abbreviated to clinical),
pre-clinical and environmental reports also included recommended further information.
Additional best practice reporting standards were also included in the Microbial and in
vitro report (abbreviated to in vitro). For brevity, throughout the remained of this chapter
all optional and best practice reporting standards will be referred to as optional reporting
standards.
The number of metadata mandated by each minimal and optional reporting standard was
quantified (Table 2.2), with some guidelines being combined to obtain a binary list (e.g. the
organ and cell type standards in the plant guidelines were combined to a single item, as
studies usually include only one of these biosources). The pre-clinical reporting guidelines
contained the highest number of minimal reporting standards and the in vitro guidelines
suggested the most optional.
Compliance to the environmental set of reporting standards was not examined, as none of
the repositories contained a sufficient number of environmental studies to enable testing.
Table 2.2 The number of minimal and optional reporting standards for each biological
experimental type. The plant guidelines contain only minimal reporting standards as there
are no additional optional reporting standards. Table is reproduced from Spicer et al. (2017)
[169].
Standard
Environmental
Mammalian Clinical trials and human studies
Microbial and in vitro
Plant
Pre-clinical
Total

2.2.3

Minimal

Optional

22
22
15
20
30
109

38
33
39
16
116

Metadata Scoring

Following classification, every study was examined for its compliance with the reporting of
each metadata included in the MSI guideline. All metadata were classified manually. For
metadata to be considered reported, the metadata must have been either directly included
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in the repository, along with the data, or in a publication accessible by direct link from the
study page.
Some metadata were also recorded as “implicit”, where the metadata were not reported
on a per sample basis, instead being reported as descriptive statistics for the overall study.
For example if sex were reported as 60% male and 40% female, but the sex of individual
samples was not reported, this was recorded as implicit metadata.
Once compliance to each metadata reporting standard had been assessed for each individual study, the percentage of studies the metadata was reported in was calculated. The
distribution of the percentage of studies reporting each minimal and optional standard was
found for each set of standards for every repository.
Homo sapiens
Two of the MSI biological metadata reporting standards are applicable to H. sapiens studies:
Mammalian Clinical Trials and Human Studies, and Microbial and in vitro. Human clinical
trials were classified as Mammalian Clinical Trials and Human Studies and H. sapiens cell
line studies were categorized as Microbial and in vitro studies. There are also H. sapiens
studies that are neither of these experiment types and these were classified as other.
There are 83 public H. sapiens studies in MetaboLights as of the 7th March 2017, 147
with the species “human” in Metabolomics Workbench, 85 H. sapiens or human studies in
GNPS and one H. sapiens study in MetaPhen. As there was only a single H. sapiens study
in MetaPhen, it was excluded from further analysis. Following classification there were 58
clinical, 18 in vitro and 7 other H. sapiens studies in MetaboLights. Human Metabolomics
Workbench studies consisted of 99 clinical, 45 in vitro and 3 other. There were 60 Clinical, 3
in vitro and 22 studies classified as other in GNPS.
Mus musculus
The appropriate reporting standards for use with M. musculus studies can be either Clinical,
Microbial and in vitro or Pre-clinical. However, there are also M. musculus studies that are
not covered by the existing reporting standards. In this analysis these studies are classified
as other. Across the repositories there are currently no examples of M. musculus clinical
studies.
As of 7th March 2017, there were 33 M. musculus studies in MetaboLights, 120 in
Metabolomics Workbench and 21 in GNPS. Only studies categorized as pre-clinical were
included in this work, as compliance with the Microbial and in vitro guidelines was assessed
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using H. sapiens cell line studies. There were 29 M. musculus pre-clinical studies in
MetaboLights, 91 in Metabolomics Workbench and 18 in GNPS.
Arabidopsis thaliana
The Plant reporting standards are broad and are applicable to all A. thaliana studies that were
publicly available in the four repositories as of 7th March 2017. There were 2 A. thaliana
studies from MeRy-B, 20 from MetaboLights, 3 from Metabolomics Workbench and 37
from MetaPhen.

2.2.4

Statistical Analysis

A Shapiro–Wilk test [199] was used to test the normality of the data. The Shapiro-Wilk test
statistic is as follows:
(∑ni=1 ai x(i) )2
(2.1)
W= n
∑i=1 (xi − x̄)2 ’
Where n is the number of observations, x(i) are the ordered sample values, x̄ is the sample
mean and ai are the tabulated coefficients.
As the distribution of the data was found to be highly skewed, and the sample size is
relatively small, non-parametric statistical tests were used for analysis.
For analysing differences within repositories (MetaboLights, Metabolomics Workbench
and GNPS) Kruskal-Wallis tests [200] were used. Kruskal-Wallis tests were also used for
comparing differences between repositories.
The Kruskal-Wallis test statistic is as follows:
H=

g 2
ri
12
− 3(N + 1)
∑
N(N + 1) i=1 ni

(2.2)

Where N is the total number of observations across all groups, ni is the number of
observations in group i and ri is the rank of observations in group i.
It must be noted that Kruskal-Wallis tests can be inaccurate if there are less than five
observations per group. This means that the p-value for comparing compliance to the plant
MSI reporting standards may be inaccurate, as respectively only 2 and 3 studies were included
from MeRy-B and Metabolomics Workbench.
If a significant difference was found between groups with a Kruskal-Wallis test, a Dunn
post-hoc test [201] was then used. Benjamini-Hochberg correction (false discovery rate)
[202] was used to correct Dunn tests for multiple comparisons.
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The Dunn test statistic is as follows:
zA,B =

W̄A − W̄B
σA,B

(2.3)

Where W̄A is the mean of the joint ranks for group A, W̄B is the mean of the joint ranks for
group B and σA,B is:
s
σA,B =

N(N + 1) ∑rs=1 τ3s − τs
−
12
12(N − 1)




1
1
+
;
nA nB

(2.4)

Where N is the total number of observations in all groups, r is the number of tied ranks
across all groups and τs is the number of observations across all groups with tied rank.
Mann-Whitney U tests [203] were used to analyse differences between minimal and
optional reporting standards.
The Mann-Whitney U test statistic for is as follows:
U = min (U1 ,U2 )
Where:
U1 = n1 n2 +

n2 (n2 + 1)
− R1
2

(2.5)

(2.6)

n1 (n1 + 1)
− R2
(2.7)
2
Where n1 is the sample size of group 1, n2 is the sample size of group 2, R1 is the sum of
the ranks for observations from group 1 and R2 is the sum of the ranks for observations from
group 2.
U2 = n1 n2 +
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Data and Code Availability

Raw data used for the analysis in Spicer et al. (2017) [169] (that did not include studies
from GNPS) is available on Figshare: https://dx.doi.org/10.6084/m9.figshare.c.3803764.v1.
The classification of H. sapiens and M. musculus studies can be found in the files HumanStudyClassification.xlsx and MouseStudyClassification.xlsx, respectively. Raw data
rating each metadata as either reported in accordance with the MSI guideline, or not reported
in accordance to the guideline are available in HumanClinicalRawData.xlsx for H. sapiens
clinical studies, HumanCellRawData.xlsx for H. sapiens cell line studies, MousePreclinicalRawData.xlsx for M. musculus cell line studies, and ArabidopsisPlantRawData.xlsx
for A. thaliana studies.
All of the analysis in Spicer et al. (2017) [169] was performed using R version 3.3.2,
using the packages ggplot2 2.2.1, xlsx 0.5.7 and FSA 0.8.13. The code used for analysis is
available at https://github.com/RASpicer/Compliance_MSI_Guidelines.
Code and data for reproducing the other figures used in this thesis chapter, which
were not included in the paper, can be found at https://github.com/RASpicer/Compliance_
Metabolomics_ReportingStandards. Analysis was performed using R version 3.5.1 with
ggplot2 version 3.0.0.
For a full list of studies used in this analysis, along with identifiers and links, see Appendix
B.

2.3

Compliance to the MSI Standards within and between
Repositories

Studies of three species (H. sapiens, M. musculus and A. thaliana) that were prevalent
across five metabolomics data repositories were selected in order to test compliance to the
MSI biological systems reporting standards. Compliance to four of the five MSI biological
context metadata guidelines (clinical, in vitro, plant and pre-clinical) was evaluated. Of
the repositories analysed, only the general purpose MetaboLights [126] and Metabolomics
Workbench [127] contained studies of all three of the selected species. Neither of the plant
focused repositories MetaPhen [124, 125] or MeRy-B [123] contained any M. musculus
studies, however MetaPhen contained a single H. sapiens study. The natural products
repository GNPS contained H. sapiens and M. musculus studies, but no A. thaliana studies.
In total compliance of 483 studies to the MSI reporting standards was examined.
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Analysis of the data shows that there are no reporting standards that are fully complied
with in every publicly available study (Tables 2.6 - 2.12). The overall rate of compliance
varies from 0–97%. However, some reporting standards are complied with by every study
within a repository (Tables 2.8, 2.9 & 2.11). Reporting standards relating to biosource had
the highest percentage compliance across all of the guidelines.
The results of the Kruskal-Wallis tests comparing compliance to the MSI reporting
standards within and between metabolomics repositories are shown respectively in Tables
2.3 and 2.4. The results of the Dunn post-hoc tests are shown in Appendix C. The results of
the Mann-Whitney U tests comparing compliance between minimal and optional reporting
standards within repositories are shown in Table 2.5.
Table 2.3 Kruskal-Wallis tests comparing compliance to the MSI reporting standards within
metabolomics repositories. H = test statistic, df = degrees of freedom, p-value = probability
value.
Repository
MetaboLights
MetaboLights
Metabolomics Workbench
Metabolomics Workbench
GNPS
GNPS
* indicates significant values

Reporting
Standards

H

df

p-value

Minimal
Optional
Minimal
Optional
Minimal
Optional

9.37
7.63
32.05
10.89
5.52
2.56

3
2
3
2
2
2

0.025*
0.022*
5.11 × 10-7 *
0.0043*
0.063
0.28

The in vitro minimal reporting standards were complied with significantly less (KruskalWallis H = 9.37, df = 3, p = 0.025; Table 2.3) than the pre-clinical and plant minimum
reporting standards in MetaboLights (Figure 2.4A). In Metabolomics Workbench the plant
minimum reporting standards were adhered to at a significantly higher rate than the three
other guidelines: in vitro, clinical and pre-clinical (Kruskal-Wallis H = 32.05, df = 3, p =
5.11 × 10-7 ; Figure 2.4B; Table 2.3). There was no significant difference (Kruskal-Wallis
H = 5.52, df = 2, p = 0.063; Table 2.3) between the compliance to the in vitro, clinical and
pre-clinical guidelines in GNPS (Figure 2.5A).
Across the three repositories, the in vitro minimal guidelines were complied with at the
lowest rate. Conversely, the optional in vitro reporting standards had significantly higher
compliance than the optional clinical and pre-clinical guidelines in Metabolomics Workbench
(Kruskal-Wallis H = 10.89, df = 2, p = 0.0043; Figure 2.6B; Table 2.3) and significantly
greater compliance than the clinical in MetaboLights (Kruskal-Wallis H = 7.63, df = 2, p

43

2.3 Compliance to the MSI Standards within and between Repositories

Table 2.4 Kruskal-Wallis tests comparing compliance to the MSI reporting standards between
metabolomics repositories. H = test statistic, df = degrees of freedom, p-value = probability
value.
Repository
MetaboLights, Metabolomics
Workbench, MeRy-B, MetaPhen
MetaboLights, Metabolomics
Workbench
MetaboLights, Metabolomics
Workbench
GNPS, MetaboLights
GNPS, MetaboLights
GNPS, Metabolomics Workbench
GNPS, Metabolomics Workbench
* indicates significant values

Reporting
Standards

H

df

p-value

Plant

8.38

3

0.039*

Minimal

2.55

1

0.11

Optional

9.02

1

0.0027*

Minimal
Optional
Minimal
Optional

56.89
58.50
51.60
31.19

1
1
1
1

4.60 × 10-14 *
2.03 × 10-14 *
6.80 × 10-13 *
2.35 × 10-8 *

= 0.022; Figure 2.6A; Table 2.3). However, there was no significant difference between
compliance to the different optional reporting standards in GNPS (Kruskal-Wallis H = 2.56,
df = 2, p = 0.28; Figure 2.5B; Table 2.3).
There was significantly greater compliance to the minimal reporting standards compared
to the optional for the clinical and pre-clinical guidelines within the MetaboLights (MannWhitney U test, clinical: U = 118.5, p = 2.02 × 10-5 , pre-clinical: U = 94, p = 7.59 × 10-4 ;
Table 2.5) and Metabolomics Workbench repositories (Mann-Whitney U test, clinical: U =
78.5, p = 1.62 ×10-7 , pre-clinical: U = 107.5, p = 0.0022; Table 2.5). However, no significant
difference was found between the compliance with the minimal and optional in vitro reporting
standards in either repository (Mann-Whitney U test, MetaboLights: U = 341, p = 0.33,
Metabolomics Workbench: U = 268, p = 0.62; Figure 2.7A–B; Table 2.5). The minimal
clinical reporting standards were complied with significantly more that the optional in GNPS
(Mann-Whitney U = 280.5, p = 0.0047; Figure 2.7C; Table 2.5). There was no significant
difference between the minimal and optional in vitro reporting standards (Mann-Whitney
U = 315, p = 0.28; Table 2.5) or between the minimal and optional pre-clinical guidelines
(Mann-Whitney U = 179, p = 0.053; Table 2.5).
It was also found that some of the clinical studies in the repositories did not fully report
the metadata collected in the study. Instead the reporting standards were partially complied
with by the reporting of “implicit” metadata. Rather than reporting, e.g. gender, as a
factor for each individual sample, the metadata were reported as descriptive statistics in
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Table 2.5 Mann-Whitney U tests comparing compliance between minimal and optional
reporting standards within metabolomics repositories. U = test statistic, p-value = probability
value.
Repository

Reporting Standards

MetaboLights
Clinical
MetaboLights
in vitro
MetaboLights
Pre-clinical
Metabolomics Workbench Clinical
Metabolomics Workbench in vitro
Metabolomics Workbench Pre-clinical
GNPS
Clinical
GNPS
in vitro
GNPS
Pre-clinical
* indicates significant values

U

p-value

118.5
341.0
94.0
78.5
268.0
107.5
280.5
315.0
179.0

2.02 × 10-5 *
0.33
7.59 × 10-4 *
1.62 ×10-7 *
0.62
0.0022*
0.15
0.28
0.053

the corresponding publication to the study. For example gender is reported as “Gender
(male/female): 15/29” in the associated publication [204] of MTBLS2181 , but the gender
of individual samples is not reported. Gender was reported as implicit metadata in 32.76%
of clinical studies in MetaboLights and in 6.93% clinical Metabolomics Workbench studies.
Ethnicity and disease status were also both reported as implicit metadata in a number of
studies (Table 2.6).
The plant guidelines were complied with at significantly different rates across the four
repositories that contained A. thaliana studies (Kruskal-Wallis H = 8.38, df = 2, p = 0.039;
Table 2.4). Studies in Metabolomics Workbench complied with the plant reporting standards
significantly more than those in MeRy-B (Figure 2.8).
There was no significant difference between MetaboLights and Metabolomics Workbench
in the rates of compliance to the minimal reporting standards (Kruskal-Wallis H = 2.55, df
= 1, p = 0.11; Table 2.4), however the optional reporting standards were significantly more
complied with in MetaboLights than Metabolomics Workbench (Kruskal-Wallis H = 9.02,
df = 1, p = 0.0027; Table 2.4). Both MetaboLights (Kruskal-Wallis H = 56.89, df = 1, p
= 4.60 × 10-14 ; Table 2.4) and Metabolomics Workbench (Kruskal-Wallis H = 51.60, df
= 1, p = 6.80 × 10-13 ; Table 2.4) complied with the MSI minimum reporting standards at
a higher rate than GNPS. There was also significantly higher compliance to the optional
guidelines in MetaboLights (Kruskal-Wallis H = 58.50, df = 1, p = 2.03 × 10-14 ; Table 2.4)
1 https://www.ebi.ac.uk/metabolights/MTBLS218,

accessed 24th May 2017.
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and Metabolomics Workbench (Kruskal-Wallis H = 31.12, df = 1, p = 2.35 × 10-8 ; Table
2.4), compared to GNPS.
Unlike the other repositories, Metabolomics Workbench has no requirement for sharing
raw metabolomics data. Users are simply required to share a list of annotated metabolites,
along with m/z-retention time values or binned chemical shift ranges for untargeted MS or
NMR respectively. Only 67.95% (248/365) public studies in Metabolomics Workbench have
associated raw data. In this analysis 61.61% human clinical, 71.11% human cell line, 74.73%
M. musculus preclinical and 33.33% A. thaliana studies included raw data.
Between the repositories there are also notable differences in the percentage of studies
that include associated publications. In MetaboLights, 96.55% of clinical, 93.10% of preclinical, 94.44% of in vitro and 75% of plant studies have an associated publication. 12.12%
of the clinical studies in Metabolomics Workbench have an associated publication, and
29.67% of preclinical, 22.22% of in vitro and 33.33% of plant studies do. All of the studies
on MetaPhen have an association journal article (see section 3.1). 50% of A. thaliana studies
on MeRy-B have an associated publication. No GNPS clinical or in vitro studies have an
associated publication and 16.67% of preclinical studies do.
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Fig. 2.4 Compliance to the MSI minimum reporting standards. Combined violin and dot
plots showing the percentage compliance with the MSI minimum reporting standards within
the (A) MetaboLights and (B) Metabolomics Workbench repositories. Red ‘+’ indicate
outliers; each ‘dot’ represents compliance to a single reporting standard. Letters denote
significant differences in compliance (Kruskal Wallis tests, followed by Dunn post-hoc test
with Benjamini-Hochberg correction). Figure was adapted from Spicer et al. (2017) [169].
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Fig. 2.5 Compliance to the MSI reporting standards in the GNPS Repository. Combined
violin and dot plots showing the percentage compliance with the MSI (A) minimum and (B)
optional standards. Red ‘+’ indicate outliers; each ‘dot’ represents compliance to a single
reporting standard. No significant difference between compliance to either the minimal or
optional standards was found using Kruskal Wallis tests.
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Fig. 2.6 Compliance to the MSI optional reporting standards. Combined violin and dot
plots showing the percentage compliance with the MSI optional reporting standards within
the (A) MetaboLights and (B) Metabolomics Workbench repositories. Red ‘+’ indicate
outliers; each ‘dot’ represents compliance to a single reporting standard. Letters denote
significant differences in compliance (Kruskal Wallis tests, followed by Dunn post-hoc test
with Benjamini-Hochberg correction). Figure was adapted from Spicer et al. (2017) [169].
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Fig. 2.7 Comparison of compliance to minimal and optional reporting standards. Box-andwhisker plots showing the percentage compliance to the minimal and optional reporting
standards in (A) MetaboLights, (B) Metabolomics Workbench and (C) GNPS. Minimal
reporting standards are indicated with filled bars, optional reporting standards are indicated
with a dot pattern and red ‘+’ indicate outliers. Mann- Whitney U tests were used to assess
significance. Figure was adapted from Spicer et al. (2017) [169].
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Fig. 2.8 Compliance to Plant MSI Reporting Standards. Combined violin and dot plots
showing the percentage compliance of A. thaliana studies to the plant MSI minimum reporting
standards within the MeRy-B, MetaboLights, Metabolomics Workbench and MetaPhen
repositories. Red ‘+’ indicate outliers; each “dot” represents compliance to a single reporting
standard. Letters denote significant differences in compliance (Kruskal Wallis, Dunn post-hoc
test with Benjamini-Hochberg correction). Figure was adapted from Spicer et al. (2017)
[169].
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Table 2.6 The percentage of Homo sapiens studies in each repository that comply with each
mammalian clinical trials and human studies minimal reporting standard. Reported refers to
metadata that are directly reported in either the study or an associated publication. Implicit
refers to metadata that were reported either in a table of descriptive statistics or controlled
for during statistical analysis but were not reported for each individual sample.
Compliance (%)
Minimal Reporting
Standard

Biofluid or Tissue
Ethical Approval
Number of Groups
Age Range
Gender
Disease Status
Sample Storage
Temperature
Weight range and
Height and/or BMI
Inclusion Criteria
Exclusion Criteria
Fasting Status
Volume or Quantity
of Collection
Ethnicity
Anticoagulant
Trial Type
Location of
Collection
Treatment
Treatment Dose
Treatment Duration
Treatment Route
Bacteriostatic Agent
Treatment Vehicle
Mean
Median

Metabolomics
GNPS
Workbench
(n = 58)
(n = 99)
(n = 60)
Reported Implicit Reported Implicit Reported Implicit
MetaboLights

98.28
87.93
86.21
79.31
46.55
60.34

32.76
5.17

90.91
15.15
93.94
19.19
3.03
61.62

6.93
3.96

86.67
0.00
36.67
0.00
1.67
21.67

0.00
5.00

58.62

-

53.54

-

0.00

-

46.55

-

32.32

-

0.00

-

41.38
37.93
31.03

-

5.05
7.07
21.21

-

0.00
0.00
0.00

-

27.59

-

4.95

-

0.00

-

6.90
10.34
10.34

13.79
-

6.06
10.10
1.01

1.98
-

1.67
0.00
0.00

0.00
-

2.02

-

1.98

-

0.00

-

3.45
3.45
1.72
1.72
0.00
0.00
33.93
29.31

17.24
13.79

11.11
6.06
5.05
2.02
0.00
0.00
20.52
6.57

4.29
3.96

0.00
0.00
0.00
0.00
0.00
0.00
6.74
0.00

1.67
0.00
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Table 2.7 The percentage of Homo sapiens studies in each repository that comply with each
microbial and in vitro minimal reporting standard.
Compliance (%)

Minimal Reporting Standard

MetaboLights
(n = 18)
Metabolism Quenching Method
Harvesting Method
Metabolite Extraction
Sample Storage
Normalisation by Cell Number
Cell Integrity
Stability
Temperature from Sampling to Quenching
Extracellular Metabolites Discriminated
Recovering from Extraction
Time Until Quenching
Detection Limit
Quality Control
Sample Clean-up
Sample Storage Duration
Mean
Median

83.33
83.33
77.78
72.22
5.56
5.56
5.56
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
22.22
0.00

Metabolomics
GNPS
Workbench
(n = 45)
(n = 3)
62.22
48.89
51.11
37.78
2.22
0.00
0.00
4.44
2.22
2.22
2.22
0.00
0.00
0.00
0.00
14.22
2.22

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
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Table 2.8 The percentage of Mus musculus studies in each repository that comply with each
pre-clinical minimal reporting standard.
Compliance (%)
Minimal Reporting Standard
MetaboLights
(n = 29)
Biofluid or Tissue
Number of Groups
Strain
Treatment
Sex
Collection Time
Age at Collection or Euthanization
Sample Storage Temperature
Age at Study Start
Treatment Duration
Animal Supplier
Treatment Dose
Diet
Treatment Route
ad lib or Restricted Diet
Light Cycle
Treatment Vehicle
Euthanasia Method
Tissue Processing
Group or Individual Housing
Fasting Status
Weight Range
Volume or Quantity of Sample Collection
Anticoagulant
Tap or Purified Water
Collection Frequency
Collection Method
Location of Sample Collection
Bacteriostatic Agent
Collection Duration
Mean
Median

100.00
75.86
100.00
75.86
93.10
89.66
68.97
65.52
75.86
72.41
82.76
72.41
44.83
68.97
68.97
55.17
55.17
41.38
27.59
31.03
27.59
34.48
6.90
6.90
6.90
3.45
3.45
0.00
0.00
0.00
48.51
55.17

Metabolomics
GNPS
Workbench
(n = 91)
(n = 18)
89.01
91.21
61.54
78.02
46.15
40.66
46.15
35.16
24.18
27.47
10.99
19.78
40.66
14.29
6.59
9.89
6.59
18.68
25.27
5.49
8.79
0.00
12.09
0.00
0.00
1.10
1.10
2.20
0.00
0.00
24.10
13.19

77.78
55.56
22.22
38.89
22.22
33.33
27.78
0.00
22.22
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
10.19
0.00
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Table 2.9 The percentage of Arabidopsis thaliana studies in each repository that comply with
each plant minimal reporting standard. Table is reproduced from the supplementary material
of Spicer et al. (2017) [169].
Compliance (%)

Minimal Reporting Standard

Organ or Cell Type
Genotype
Plant Growth Stage
Metabolism Quenching Method
Growth Support
Light
Date(s) of Plant Establishment
Temperature
Biosource Amount
Nutrients Regime
Sample Storage
Harvest Method
Harvest Time, Date
Treatment
Treatment Time
Humidity
Treatment Dose
Growth Location
Plot Design
Watering Regime
Mean
Median

MeRy-B

MetaboLights

(n = 2)

(n = 20)

100.00
100.00
100.00
100.00
50.00
50.00
50.00
50.00
50.00
50.00
50.00
50.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
40.00
50.00

100.00
70.00
65.00
30.00
95.00
90.00
80.00
70.00
65.00
40.00
40.00
30.00
65.00
25.00
25.00
20.00
20.00
15.00
5.00
0.00
47.50
40.00

Metabolomics
MetaPhen
Workbench
(n = 3)
(n = 37)
100.00
66.67
100.00
100.00
66.67
66.67
66.67
66.67
66.67
66.67
66.67
100.00
100.00
33.33
33.33
66.67
33.33
33.33
66.67
33.33
66.67
66.67

94.59
100.00
78.38
64.86
97.30
97.30
89.19
78.38
13.51
64.86
32.43
35.14
78.38
59.46
56.76
32.43
59.46
0.00
5.41
2.70
57.03
62.16
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Table 2.10 The percentage of Homo sapiens studies in each repository that comply with each
mammalian clinical trials and human studies optional reporting standard.
Optional Reporting Standard

Compliance (%)

(n = 58)

Metabolomics
Workbench
(n = 99)

(n = 60)

31.03
25.86
22.41
22.41
6.90
6.90
3.45
3.45
3.45
3.45
3.45
1.72
1.72
1.72
1.72
1.72
1.72
1.72
1.72
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
4.44
1.72

4.04
6.06
6.06
4.04
12.12
2.02
1.01
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
1.07
0.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

MetaboLights

Arterial or Venous Blood
Speed of Centrifugation
Temperature of Centrifugation
Time of Centrifugation
Smoking Status
Time from Collection to Freezing
Drug Consumption
Alcohol Consumption
Hemoglobin
Platelets
White Blood Count
Creatinine
Diet
Hemocrit
Malnutrition
Mid Flow or Total Urine
Potassium
Sample Storage Duration
Sodium
Metal Exposure
Albumin
ALP
ALT
Bilirubin
Glucose
-GT
HDL Cholesterol
Hemolysis
LDL Cholesterol
Total Cholesterol
Total Protein
Triglycerides
Urea
Mean
Median

GNPS

56

Compliance with Reporting Standards in Metabolomics

Table 2.11 The percentage of Homo sapiens studies in each repository that comply with each
microbial and in vitro best practice reporting standard.
Compliance (%)

Best Practice Reporting Standard
(n = 18)

Metabolomics
Workbench
(n = 45)

(n = 3)

100.00
88.89
88.89
94.44
88.89
77.78
83.33
61.11
66.67
66.67
50.00
44.44
22.22
11.11
33.33
33.33
11.11
11.11
11.11
5.56
5.56
5.56
5.56
5.56
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
28.32
11.11

77.78
60.00
44.44
37.78
31.11
33.33
26.67
24.44
17.78
17.78
31.11
22.22
31.11
31.11
6.67
0.00
2.22
0.00
0.00
4.44
2.22
0.00
0.00
0.00
2.22
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
13.60
2.22

100.00
100.00
0.00
0.00
0.00
100.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
7.32
0.00

MetaboLights

Cell Type
Treatment
Treatment Dose
Medium or Substrate
Medium or Substrate Concentration
Treatment Time
Treatment Vehicle
Growth Container
Cell Supplier
Medium or Substrate Supplier
CO2
Temperature
Harvesting Time
Isotopic Labelling
Replicates
Subculturing and Splitting Protocols
Inoculation Size
Growth Support
Immortalized or Transformed
pO2
pH
Additional -omics Datasets
Growth Container Supplier
Growth Support Supplier
Humidity
Evaporation
Gas Composition
Growth Configuration
Growth Rate
Harvesting Cell Density
Harvesting Depletion of Nutrients
Harvesting Growth Phase
Marker of Differentiated Stage
Number of Generations Until Harvesting
Number of Culture Passages
Pretreatment
Pretreatment Time
Stabilization Time
Stirrer Speed
Mean
Median

GNPS
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Table 2.12 The percentage of Mus musculus studies in each repository that comply with each
pre-clinical optional reporting standard.
Compliance (%)

Optional Reporting Standard
(n = 29)

Metabolomics
Workbench
(n = 91)

(n = 18)

41.38
31.03

7.69
2.20

0.00
0.00

24.14

3.30

0.00

24.14
17.24
6.90
13.79
13.79
6.90
3.45
3.45
3.45
0.00
0.00
0.00
0.00
11.85
6.90

2.20
5.49
15.38
2.20
0.00
2.20
0.00
0.00
0.00
3.30
2.20
1.10
0.00
2.95
2.20

5.56
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.35
0.00

MetaboLights

Use of Anesthesia
Environmental Enrichment: Temperature
Acclimation Duration to Experimental
Facility
Germ-free or Conventional Housing
Fasting Duration
Bedding Type
Environmental Enrichment: Humidity
Anesthesia Time
Anesthesia Dose
Cage Cleaning Frequency
Cage Type
Inclusion Criteria
Additional Phenotypic Model
Sample Storage Duration
Temperature of Collection Tube
Body Weights or Food Consumption
Mean
Median

GNPS
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Evaluation of MSI Biological Metadata Standards

The level of compliance to the different sets of reporting standards varies greatly across
public repositories, from 0–97%. However, the majority of studies have very low compliance
with the relevant MSI standard of their respective application domain.
Overall, across repositories, the plant minimal reporting standards were complied with
at the highest rate and the microbial and in vitro standards the lowest. The greater rate of
compliance to the plant guidelines may be in part be due the exactness of their wording.
Whilst all of the MSI biological context subgroup reports encourage the use of ontologies,
the plant guidelines detail precisely which ontologies and taxonomies should be used to
describe each part of the biosource, including species, genotype, organ and cell type [191].
The specificity of the plant reporting standards makes them easy to use and may contribute
to the higher compliance to them.
Levels of compliance to the minimal and best practice in the microbial and in vitro
reporting standards are similar, with the minimal standards having very low median compliance compared to the other minimal reporting standards. This may stem from how minimal
and best practice reporting standards are defined by the sub-working group. The minimal
reporting standards include only metabolomics specific factors, whilst all other general
aspects, as well as additional factors specific to metabolomics experiments, are included
in the best practice reporting standards [190]. General experimental factors, such as cell
type and treatment are included as best practice and not minimal reporting standards. This
is in contrast to all other sub-groups’ guidelines, where equivalent reporting standards are
included as minimal rather than best practice. This discrepancy between standards may be
confusing to researchers.
The lower levels of compliance to the microbial and in vitro minimal reporting standards,
compared to the other guidelines, may result from researchers not understanding what they
are expected to report. The standards are ambiguous and it is unclear precisely what needs
to be communicated in order to comply with them. The stability reporting standard asks
“What is known about the stability of (specific) metabolites during quenching, extraction and
sample preprocessing?” [190]. This is cryptic and hard for a practitioner to interpret.
Differences in the rates of partial adherence with guidelines by reporting “implicit
metadata” between MetaboLights and Metabolomics Workbench may be accounted for by
the percentage of studies included in the analysis that had an associated publication. Only
12% of human clinical studies in Metabolomics Workbench had an associated publication, in
contrast to 96% of those in MetaboLights that did. This is also true for mouse pre-clinical
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studies, where 30% of Metabolomics Workbench studies had an associated publication,
whereas 93% of MetaboLights studies did.
The more stringent submission criteria to MetaboLights than to Metabolomics Workbench
may result in greater compliance to the MSI guidelines in specific instances e.g. gender
in clinical H. sapiens studies (Table 2.6) and age at study start in pre-clinical M. musculus
studies (Table 2.8).
The significant difference in compliance to the plant reporting standards between repositories may be due to low sample size biasing the Kruskal-Wallis test. There are only two A.
thaliana studies in MeRy-B and three in Metabolomics Workbench, less than the five per
group required for Kruskal-Wallis p-values to be accurate. It is also worth noting that the
paper accompanying one of the studies in Metabolomics Workbench specifically serves as a
demonstration of how to adhere to the MSI guidelines [195], so it would be expected that
this study would fully comply with them.
As GNPS has very minimal metadata reporting requirements, and does not aim to
fulfil MSI guidelines, it is unsurprising that GNPS studies have very low conformity with
them. The only metadata that users are required to report are species, instrument, keywords,
principle investigator and post-translational modification. The last of these is not applicable
to metabolomics data and is required as MassIVE is primarily a proteomics data repository.
Whilst only 20.9% of minimal reporting standards are complied with by any of the examined
GNPS studies, any metadata that researchers choose to report is of interest, as doing so is
voluntary and can be very time consuming. It can be assumed that researchers’ consider
any metadata reported as essential for the understanding of the study. Most of the metadata
reported in GNPS studies relates to biosource or treatment. Biosource and treatment metadata
are also highly reported in other repositories, signifying their importance.
These results indicate that the MSI biological context guidelines do not fulfill the current
needs of the metabolomics community. I believe that the MSI guidelines should be revisited
and revised. Consideration should be given to the minimum amount of metadata required
to be able to a) repeat an experiment and b) re-analyse the data, to enable the maximum
amount of information that can be extracted from the data. The community, along with
data curators, industry representatives, publishers and funders should be consulted. In
the following sections I shall discuss further problems with the MSI guidelines (Section
2.5), developments in reporting standards for metabolite identification (Section 2.6.1), data
exchange formats (Section 2.6.2), and toxicology (Section 2.6.3), and suggest improvements
for future revisions (Section 2.7).
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Other Criticisms of Existing MSI Standards

One of the largest problems with the MSI standards is the lack of unified description as to
their use [196]. Indeed scientists must choose which biological context metadata guidelines
are best suited for describing their research. This could be a disheartening prospect and may
put researchers off using the standards.
Researchers may also find the sheer number of sets of standards that they are expected to
comply with daunting. For NMR metabolomics experiments, in theory researchers should
comply with the relevant biological metadata context guidelines, the chemical analysis
working group (CAWG) guidelines [186], the NMR guidelines [187] and the data analysis
guidelines [188]. This may seem overwhelming, and researchers may simply abandon
attempting to use the standards at this point.
Despite the seemingly large number of standards, there is actually much overlap between
the different guidelines: all of the biological context metadata subgroups reporting standards
also including sample processing methods. This redundancy between the biological context
metadata subgroups and the CAWG reporting standards [186] inflates the total number of
reporting standards. However, it is simply caused by the duplication of standards in multiple
guidelines. There is a particularly high amount of duplication between the microbial and in
vitro biology [190] and CAWG guidelines, where the majority of minimal in vitro reporting
standards are also included in the CAWG minimal reporting standards.
Reporting only age and weight (and Height and/or BMI for clinical studies) ranges, and
not the age and weight corresponding to each individual sample, is required by the minimal
mammalian/ in vivo standards [189]. This means that a study with publicly available data
can fully comply with the reporting standards but not be reusable. Age and weight (or BMI)
differences are frequently controlled for using a nested case-control study design [205, 206].
However, if this crucial metadata is not reported for individual samples further research and
meta-analysis using the data is limited.
Since the MSI guidelines were written, there is now far greater understanding of the
metabolome, and what effects it. Factors such as gender [10, 11, 207], age [4], BMI [8, 9],
smoking status [15] and nutrition [13] have all been identified as having significant effects
on the human metabolome. At the time the original mammalian/ in vivo reporting standards
were published, it was unclear whether confounding factors were study dependent [189], and
thus the guidelines around these areas are hazy. Whilst it appears that the intention of the
MSI was to require practitioners to fully report all studied or controlled-for factors, this is
not clearly stated.
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Complementary to this analysis, Considine et al. (2018) [208] investigated compliance to
the data analysis MSI reporting standards [188]. They performed a systematic review of the
reporting of data pre-treatment and data analysis (algorithm selection, univariate analysis
and multivariate analysis) of metabolomics biomarker discovery studies. Of the 27 identified
journal articles, only one study had the potential to be reproducible, but, as it did not contain
linked executable code and data, it was classified as partially reproducible. No study provided
a clear description of exactly which analysis steps were performed and in which order. All
but one of the analysed studies had large omissions in reporting of statistical analysis — only
one study provided sufficient detail that an analysis workflow was able to be extrapolated.
This research specifically focused on the studies that were most likely to adhere to the MSI
standards, those who chose to share their data openly, on an MSI compliant repository (with
publicly available studies on GNPS assumed not to comply with the standards). Considine
et al. [208] performed an unbiased systematic review; none of the studies included in their
research shared data openly on a repository. If a systematic review of compliance to the MSI
biological context metadata standards were to be conducted, it is likely that a far lower level
of compliance would be found than in this research, as the studies that were selected for
inclusion in this study were likely to be the most open.
The research by Considine et al. [208] suggests that, like the biological context metadata
standards, the data analysis MSI standards are confusing and unclear. They echo our call
[170] for revision of the MSI guidelines.
The ultimate responsibility for enforcing compliance to reporting standards belongs to
journals and data hosts [209]. If repositories do not comply with a standard, it will not be
successful [210]. From this research, it is clear that even repositories that were designed to
facilitate compliance with the MSI guidelines, do not in actuality enforce adherence to the
reporting standards. However, if a standard is out of date and not beneficial to the community,
then full compliance should not be required.
Compliance to an entire set of reporting standards is very time-consuming. It has not
yet become universal practice for grant awarders to provide funding specifically to allow
researchers time to ensure data is in a usable format, with sufficient metadata, appropriate for
sharing. Researchers may feel that the effort required to comply with reporting standards is
wasted time, or be put off sharing their data by ambiguous wording or difficulty in obtaining
metadata. Unless experiments and technological setup are carefully planned to take into
account later data and metadata submission procedure into account, it is cumbersome to
convert lab book entries into standardised formats, such as ISA (Investigation/Study/Assay)
[129].
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Repositories, therefore, have a trade-off between attracting users to submit their data
and enforcing reporting standards to ensure deposited data is informative. Especially during
their infancy repositories will not vigorously enforce compliance with standards out of
fear of annoying submitters. However, data alone is not inherently reusable and must be
accompanied by rich metadata to be so [211]. As a database matures it may be found that
much of the data it contains is not reusable due to insufficient metadata.
To date, metabolomics repositories have chosen to position themselves at different points
on an ease-of-use versus reusability spectrum, and enforce compliance with standards to
varying degrees. Of the three largest repositories, GNPS focuses the most on attracting users
and least on collecting metadata, which can hinder reusability. Conversely, MetaboLights
has the highest metadata requirements, but also a lower number of submissions, likely to
be because of these more stringent requirements. Despite four metabolomics repositories
stating they aim to follow the MSI guidelines, across repositories there is no agreement as to
required metadata.
A well written reporting standard is easy to use, aids researchers in publishing their data
and ensures consistency between datasets [114]. The current MSI standards are badly worded
and have failed to achieve this. The community has mostly ignored the guidelines, and this
has hindered the reproducibility of metabolomics research [208].

2.6

Areas with Advancement

However, in some areas, flaws of the existing MSI reporting standards have been identified
and steps have been taken to improve the standards. In the following section I shall discuss
these areas and new initiatives relating to reporting standards that have been developed.

2.6.1

Metabolite Identification

The current MSI metabolite identification criteria is comprised of four levels (Table 2.13)
[186]. For a metabolite to be considered identified (Level 1) it must be matched to an authentic
chemical standard that has been analysed in the same laboratory, using two orthogonal
analytical techniques [212]. If no chemical reference standards are available, the highest
level of annotation possible is Level 2, putatively annotated compounds. Level 2 annotation
can be achieved by matching spectra by similarity to spectral libraries and/or based upon
physicochemical properties. Features annotated at Level 3 are not unambiguously identifiable
as a specific metabolite and are instead annotated with a putatively characterized compound
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Table 2.13 Levels of metabolite identification under the currently used MSI criteria proposed
by the CAWG in 2007 [186].
Level

Classification

Level 1
Level 2
Level 3
Level 4

Identified Compound
Putatively Annotated Compound
Putatively Characterised Compound Class
Unknown Compound

class, using the same techniques as for Level 2 annotation. Unknown compounds are
categorised as Level 4. These are typically reported as m/z and retention time for MS.
Similarly to the findings for compliance to the MSI biological context metadata standards
in this chapter, Salek et al. [212] found poor reporting of the levels of confidence in metabolite
identification. Of 20 randomly selected metabolomics studies published in 2013, only 6
defined how metabolites were annotated or identified, with one including relevant metadata.
None of the selected articles used the MSI criteria to report metabolite identification.
A problem with the MSI criteria is that the system is coarse, and the levels are not
precisely defined [213]. In many cases identification confidence fits in between the MSI
proposed levels [214]. To address this issue, Schymanski et al. [214] proposed alternative
metabolite identification criteria for high resolution-mass spectrometry (HR-MS) that also
included minimum data requirements for each level (Table 2.14). Whilst Level 1 remains
unchanged compared to the original MSI criteria, levels 2–5 are different. Probable structure
(Level 2) annotation requires either a library spectrum match (2a) or diagnostic evidence (2b).
When there is evidence for more than one candidate structure, with inadequate information to
narrow identification down to a single structure, identification confidence is Level 3, tentative
candidate(s). Annotation of unequivocal molecular formula (Level 4) requires the use of
spectral information for unambiguous assignment. If an exact mass (m/z) can be measured,
but there is no information to assign even a molecular formula, a feature can be identified to
confidence Level 5.
The lack of use of the metabolite identification guidelines and advancement within the
community, led the Metabolite Identification task group of the Metabolomics Society to
reassess the MSI reporting standards [215]. They proposed three potential revisions: 1)
amending the original classification to include sub levels, similarly to Schymanski et al.
[214], 2) a quantitative scoring system instead of the current system, or 3) a quantitative
scoring system to enhance existing MSI levels. The community was called upon to provide
comments on the proposed revisions.
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Table 2.14 Levels of metabolite identification proposed by Schymanski et al. (2014) [214].
MS2 is used to represent all kinds of MS fragmentation.
Level

Classification

Minimum Data Requirements

Level 1 Confirmed structure
MS, MS2 , RT, Reference Standard
Level 2 Probable structure
Level 2a) Library
MS, MS2 , Library MS2
Level 2b) Diagnostic
MS, MS2 , Experimental Data
Level 3 Tentative candidate(s)
MS, MS2 , Experimental Data
Level 4 Unequivocal molecular formula MS isotope/adduct
Level 5 Exact mass
MS
Sumner et al. [216] proposed a unified identification point system, based on the the sum
of all the data types supporting the identification (Table 2.15). If matching to a standardised
reference compound was used, the score would be doubled and the sum would be multiplied
by 1.5 if matching to literature values or other externally generated spectral libraries due to
lower confidence. They suggest using a minimum score of 5.0 for a confident metabolite
identification. Sumner et al. also suggested an alternative scoring system using alphanumeric
identifier strings that summarise the data types used for an identification. This would be
similar to SMILES (Simplified molecular-input line-entry system) or InChi (International
Chemical Identifier) chemical identifier codes, which provide standardised methods for
encoding molecular information in strings.
The requirement of comparison to an authentic reference standard for a Level 1 metabolite identification under the original MSI criteria has been criticised as being too strict for
NMR-based studies [213]. Features can be identified with high confidence using database
matching to authentic reference compounds [213, 217], not requiring spectra from an authentic reference standard to be analysed using the same NMR spectrometer.
Everett proposed new indices for NMR metabolite identification: metabolite identification
efficiency (MIE) and metabolite identification carbon efficiency (MICE) [213]. Both of these
methods rely on gathering multiple pieces of metabolite identification information (MII),
such as the number of carbon, hydrogen, oxygen, nitrogen and sulfur atoms, number of chiral
centres and number of proton chemical shifts. For MIE the number of pieces of metabolite
information is then divided by the number of heavy atoms in the metabolite and for MICE
it is divided by the number of carbon atoms in the metabolite. These methods have the
disadvantage of requiring researchers to manually judge how well the MII pieces represent
the entire metabolite molecular structure.
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Table 2.15 Quantitative scoring system for metabolite identification proposed by Sumner et
al. (2014) [216].
Data Type

Score

IR absorbance spectrum
UV absorbance spectrum
Retention time (±2.5%)
High resolution retention time (±0.5%, W1/2 < 10 s)
High resolution retention index (±0.5%, RI ± 25, W1/2 < 10 s)
Nominal mass of parent ion
Accurate mass of parent ion (<5 ppm)
Molecular formula based upon accurate m/z and isotope pattern
Confident EI Spectral match to commercial library
Tandem mass spectrum
Accurate mass tandem mass spectrum
1 H 1D NMR
1 H 2D NMR
1 H-13 C 2D NMR

0.5
0.5
1.0
1.5
2.0
0.5
1.0
1.0
1.0
1.5
2.0
2.0
3.0
4.0

The MICE approach has since been expanded upon to include topological analysis:
topological metabolite identification carbon efficiency (tMICE) [218]. This method improves
upon MICE by measuring the MII for each separate molecular topology element of the
metabolite structure, removing the need for manual judgment of how well the MII measured
represented the entire molecular structure of the metabolite.
Schober et al. [219] proposed a pattern-based taxonomy for describing the evidence supporting identification of a metabolite. The overall evidence naming pattern of the taxonomy
is structured as: MolecularStructureElement [annotation relation] AssayOutcome used_in
AssertionMethod. This method would allow multiple pieces of evidence to be described for
each metabolite, providing greater granularity. The authors have released an ontology for
implementing this taxonomy: Metabolite Identification Evidence Code Ontology (MIECO)2 .
The PhenoMeNal consortium proposed Metabolite identification as the Elixir Metabolomics
Use Case [173]. This proposal was recently accepted3 , and the PhenoMeNal consortium will
work towards developing analysis workflows that include metabolite identification.
Work by the Metabolite Identification task group remains ongoing. To date, no official
new reporting standards for metabolite identification have been announced and their design is
2 https://github.com/DSchober/MIECO,

accessed 10th February 2018.

3 https://www.elixir-europe.org/news/elixir-establish-new-use-cases-proteomics-metabolomics-and-

galaxy, accessed 10th February 2018.
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still under discussion. However, of all the areas covered by the original MSI guidelines, the
best progress towards updating the reporting standards has been in metabolite identification.

2.6.2

Data Exchange Formats

The COSMOS initiative [140] built on work by the MSI [185], to further improve data exchange formats for raw MS and NMR data. The mzML [220] and mzQuantML [221] formats,
which were originally developed by the Human Proteome Organization’s (HUPO) Protein
Standards Initiative (PSI) [179], were extended so that they would meet the requirements of
reporting metabolomics MS experiments.
COSMOS and subsequently PhenoMeNal has been instrumental in developing the NMR
Markup Language (nmrML), an open exchange format for NMR spectral data [222]. A
web-based converter is available to convert the proprietary formats Agilent/Varian, Bruker
and JEOL to nmrML4 . So far MetaboLights [126] has adopted nmrML as a storage format,
and work is underway for it to become an accepted format for Metabolomics Workbench
[127].
The mzTab format is designed to serve as a lightweight, tab-delimited supplement to
existing XML-based file formats (mzML, mzQuantML), providing a comprehensive summary
of proteomics experimental results [223]. The MSI has worked with the PSI to add support
for metabolomics. In the next planned release (version 2.0.0) full support for metabolomics
will be provided5 .

2.6.3

MERIT

A deeper understanding of molecular events that underpin toxicity could be achieved by
using metabolomics [69]; metabolomics has the potential to play a key role in improving
chemical risk assessment. Harmonisation of standards and ontologies was identified as key
requirements in order for metabolomics to be used for hazard assessment [63]. In light of
this, the MEtabolomics standaRds Initiative in Toxicology (MERIT)6 was recently launched.
The initial aim of MERIT is to define best practice and minimal reporting standards for
the application of metabolomics to regulatory toxicology. These will include best practice
guidelines for the acquisition, processing and analysis of metabolomics data and minimal
reporting standards including the use of appropriate quality assurance and quality control.
4 http://nmrml.org/,

accessed 12th February 2018.
accessed June 25th 2018.
6 http://www.ecetoc.org/topics/standardisation-metabolomics-assays-regulatory-toxicology/, accessed 2nd
August 2017.
5 https://github.com/HUPO-PSI/mzTab,
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The need for data sharing and reuse is now very well established [112] and has been
adopted and promoted by many major funders [99–101] and learned societies. Untargeted
metabolomics holds the promise of correlating complex patterns — molecular phenotypes —
of concentration changes and occurrences of metabolites with aspects of the exposome of
an organism. In order to fulfill this promise and to enable discovery of these patterns, we
will inevitably need more metadata on the exposome than most individual researchers will
initially envision when designing an experiment.
A number of initiatives to establish computational e-infrastructures for metabolomics have
also recently been funded, such as PhenoMeNal7 and MetaboFlow8 . These computational
infrastructures aim to provide well-tested and reproducible workflows for metabolomics,
where data, often from public repositories, is handed from one workflow node to the next for
different steps of data processing. Such computational workflows critically depend on the
public availability of data, well defined and open data formats and compliance with a given
set of minimum information standards.
As FAIR data sharing is not an end in itself but a means to enable better science and new
scientific discoveries, our results indicate a need for a second round of MSI consultations
where the existing standards are critically revisited and revised. Consideration should be
given to the minimum amount of metadata required to be able to a) repeat an experiment,
b) re-analyse data and c) reuse data to the fullest potential. The >1,500 publicly available
metabolomics datasets available in open access repositories can be used to help guide this
process.
Across the MSI guidelines single, unified definitions of “minimal” and “best practice”
reporting standards should be described [196]. These definitions must be unambiguous,
so that it is completely clear that minimal metadata are essential to report. It would also
address the inconsistency between what constitutes a minimal reporting standard between
the biological context metadata subgroups’ guidelines. If, like the existing guidelines, the
updated versions were to be written across a series of reports, it is essential that an overview
document be produced, detailing clearly how the different standards fit together, and serving
as an overall guide. Which standards should be followed when reporting metadata relating to
a biological system must be apparent.
I propose that for reporting metadata relating to biological systems, a Mandatory, Required and Optional system be adopted. This is similar but not identical to the MUST,
7 https://phenomenal-h2020.eu,
8 https://www.metaboflow.org/,

accessed 16th February 2018.
accessed 16th February 2018.
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SHOULD and MAY requirements terminology9 . Mandatory metadata should be reported
for all studies; required metadata should be reported for all studies where it has been used
or is present e.g. treatment, and reporting of optional metadata is down to the researcher’s
discretion. The proposed system is presented in Appendix D and is available online at:
https://doi.org/10.6084/m9.figshare.5788947.
At minimum, publicly available studies should provide sufficient metadata to enable other
researchers to reproduce the results found in the original study. For clinical studies this often
includes factors that are confounding, and are controlled for during statistical analysis (e.g.
age, gender and BMI). It must be clear to scientists that it is necessary for them to report this
information. A lack of reproducibility is hindering many areas of science [80, 81, 224, 225],
and publishing open data with sufficient metadata can help to solve this.
Ontologies can help to ensure that metadata are reported in a consistent manner across
studies, and are therefore comparable between studies [211]. This research found higher
compliance with the MSI plant guidelines that specifically stated which ontology should
be used, compared to the other reporting standards. When the MSI guidelines are updated,
care must be given to ensure that as many of the standards as possible precisely state which
ontology should be used for reporting them.
Whilst some use of ontologies is currently required by repositories for reporting metadata,
this is at a far lower level than would be required by updated MSI guidelines, should all
standards be ontologised. Ferreira et al. [226] applied Metadata Analyser [227], a tool for
automatically measuring metadata quality based on the amount of metadata annotations that
use ontology concepts, and their semantic specificity, to the entire MetaboLights dataset.
They found that coverage values ranged from 0.03 to 0.46, with an average of 0.27, showing
that metadata are still often reported without using appropriate ontologies.
A simpler alternative to using ontologies for reporting comparable metadata would be
Medical Subject Headings (MeSH) [160]. MeSH are a manually curated, hierarchicallyorganized terminology for indexing and cataloging biomedical information.
The level of granularity metadata should be reported with must also be considered.
There are a huge number of different cancers, encompassing many different diseases and
etiologies, yet many studies will only report organ of origin e.g. breast or lung cancer, and
not the specific type, e.g. invasive lobular carcinoma or small-cell lung carcinoma. It is also
important that researchers are precise when reporting times, dates and ages — “date of blood
draw” is a far more informative description than “date”. Lack of specificity in reporting
9 https://tools.ietf.org/html/rfc2119,

accessed 16th February 2018.
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metadata may hinder reuse, however researchers may be less likely to comply with guidelines
requiring them to report in more detail.
Repositories have a trade-off between attracting users to submit their data and enforcing reporting standards to ensure deposited data is informative. This could partially be
addressed by systematically capturing experimental metadata via LIMS systems during experiments as proposed by Rocca-Serra et al. [114], or by tools such as mzML2ISA [228] and
biocrates2isatab10 that can generate partially filled ISA reporting templates for MetaboLights.
It should also be noted that many of the most successful reporting standards were written
using a bottom up approach, with a community identifying a need for standardisation [210].
However, imposed reporting standards usually fail [229]. When revising the MSI standards
this must be considered and the community must be engaged with. In other communities,
such as MIAPE within proteomics [179], continuous revisions have been adopted. This
allows guidelines to be rapidly changed, and standards to adapt to new advances in technology
or increased biochemical understanding. The metabolomics community should follow the
Human Proteome Organization’s (HUPO) lead and incorporate continuous revisions into the
updated standards.
The metabolomics community should also follow in the footstep of proteomics and harmonise submission to MetabolomeXchange. Since its initial release, submission guidelines to
ProteomeXchange have been updated [230]. Unlike ProteomeXchange, MetabolomeXchange
does not currently use unified identifiers, nor a two tier submission system, of “complete” and
“partial” submissions. Complete submissions include raw mass spectral data, experimental
metadata, and processed peptide and protein identification results that can be parsed by the
repository, allowing identified peptides to be directly linked to the raw mass spectra. Partial
submissions still contain raw data, and experimental metadata, but results are in formats that
cannot be parsed by the repository, so raw spectra cannot be directly linked to results. The
complete and partial submission system should be adopted by MetabolomeXchange, and
global identifiers should be provided.

2.8

Conclusion

The Metabolomics Standards Initiative (MSI) guidelines were first published in 2007. These
guidelines provided reporting standards for all stages of metabolomics analysis: experimental design, biological context, chemical analysis and data processing. Since 2012, a
series of public metabolomics databases and repositories, which accept the deposition of
10 https://

github.com/ISA-tools/isa-api, accessed 17th February 2018.
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metabolomic datasets, have arisen. In this study, the compliance of 483 public datasets, from
five metabolomics data repositories, to the biological context MSI reporting standards were
evaluated. None of the reporting standards were complied with in every publicly available
study, although adherence rates varied greatly, from 0 to 97%. The plant minimum reporting
standards were the most complied with and the microbial and in vitro were the least. These
results indicate the need for reassessment and revision of the existing MSI reporting standards.
The community, along with data curators, industry representatives, publishers and funders
should be consulted. Consideration should be given to the minimum amount of metadata
required to be able to a) repeat an experiment, b) re-analyse the data, and c) reuse data to
the fullest potential. The data that are now publicly available in a number of open-access
repositories around the globe will be a treasure trove for guiding the selection of minimal
reporting standards.

Chapter 3
Data Sharing and Reuse in
Metabolomics
As the open sharing of the results of scientific research is being increasingly encouraged or
mandated by funding bodies, journals and societies, it is important to assess how effective
the policies of these institutions are at boosting the amount of open data. This research aimed
to explore practices of data sharing within the metabolomics community. Firstly, the data
sharing policies of the journals with publications associated with the most publicly available
metabolomics data were reviewed, and the journals that published the most metabolomics
research were identified.
Having identified PLOS ONE as the second largest publisher of metabolomics research
(and the largest by number of papers indexed in PubMed) it was surprising to find that <30
PLOS ONE publications were directly linked to open metabolomics data in repositories.
Considering the stringent data sharing policy of the journal, which has been in place since
March 2014 [231], potential reasons for the lack of public archiving of data in dedicated
repositories were investigated further. The data availability statements and the levels of
data sharing of PLOS ONE metabolomics papers were therefore manually examined and
classified.
In the final portion of this chapter, the value of publicly sharing metabolomics data is
reviewed, by investigating the frequency of data reuse. The chapter is concluded by reviewing
challenges to open metabolomics data, and how its sharing can be improved.
Similarly to chapter 2, the methods used in this research include the manual classification
of publicly available metabolomics datasets. Research in both chapters involves analysing
whether studies fulfill a set of criteria — the MSI reporting standards and the data sharing
categorisation of PLOS ONE articles.
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Journal Data Sharing Policies in Metabolomics

As discussed previously (see chapter 1.5), funding bodies, journals and societies are increasingly encouraging or mandating data sharing: >40% of journals now encourage or require
data sharing [97]. However, policies requiring data sharing must be enforced in order to be
effective. In psychology it has been found that journal data sharing policies are effective
at promoting data sharing [232]. Journal mandates also appear to increase data sharing in
evolutionary biology [233].
To date, however, no studies have assessed the effectiveness of journal data sharing
policies in metabolomics. This research aims to evaluate the effectiveness of the data
sharing policies of the journals with publications associated with the most publicly available
metabolomics data.

3.1.1

Methods

The initial aim of this research was to extract all publications directly linked to metabolomics
datasets. Metabolomics studies with open data available via a dedicated repository (GNPS
[128], MetaboLights [126], Metabolomics Workbench [127], MetaPhen [124, 125] and
MeRy-B [123]) were examined for directly linked publications, as of 5th September 2017.
A full list of MetaboLights studies was downloaded from the public EBI server via
File Transfer Protocol (FTP). From this publications associated with public studies and
the Digital Object Identifiers (DOIs) of those associated publications were extracted. The
Metabolomics Workbench REST service was used to download .mwtab files, which contain
metadata about Metabolomics Workbench studies. The .mwtab files were searched for the
field “Publications” and for DOIs. To identify any publications that had been missed by
automatic extraction, datasets from both MetaboLights and Metabolomics Workbench were
then manually reviewed. GNPS, MetaPhen and MeRy-B datasets were manually inspected
in order to extract associated publications, along with their DOIs.
Following the identification of all publications directly linked to publicly available
metabolomics data, the title, authors, publication year and journal were extracted for each
publication. If PMID (PubMed ID) and PMCID (PubMed Central ID) were available these
were also recorded. The number of papers published in each journal, and the number of
papers published per year were then quantified.
Next, an attempt was made to estimate the total number of metabolomics journal articles. Initially searching PubMed using the MeSH “metabolomics” or “metabolome”, was
considered to obtain this estimate. MeSH are manually applied to journal articles indexed by
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PubMed. However it was found that neither of the MeSH terms was ever applied to articles
published by the Metabolomics journal, one of the largest publishers of metabolomics research. Searching Web of Science for “metabolomics” or “metabolome” was also considered,
however at the time the research was conducted the Metabolomics journal did not appear to
be indexed by Web of Science.
Instead PubMed was searched for:
“(“metabolomics”[MeSH Terms] OR “metabolomics”[All Fields]) OR (“metabolome”
[MeSH Terms] OR “metabolome”[All Fields]) AND Journal Article[ptyp]”.
As well as journal articles this search also returned review articles and systematic reviews.
To remove reviews and systematic reviews, PubMed was sequentially searched for:
“("metabolomics"[MeSH Terms] OR "metabolomics"[All Fields]) OR ("metabolome"
[MeSH Terms] OR "metabolome" [All Fields]) AND Review[ptyp]”,
“("metabolomics"[MeSH Terms] OR "metabolomics"[All Fields]) OR ("metabolome"
[MeSH Terms] OR "metabolome"[All Fields]) AND systematic[sb])”, and
“("metabolomics"[MeSH Terms] OR "metabolomics"[All Fields]) OR ("metabolome"
[MeSH Terms] OR "metabolome"[All Fields]) AND (systematic[sb] OR Review[ptyp]).”
All of these PubMed search histories were downloaded using FLink1 . Publications tagged as
reviews and/or systematic reviews where then removed from further analysis.
Next, the data sharing policies of the ten journals with the most publications directly
linked to open metabolomics datasets, and the ten journals that publish the most metabolomics
journal articles were investigated.
Data and Code Availability
The datasets generated during and/or analysed during the current study, along with the analysis code are available on the GitHub repository: https://github.com/RASpicer/Metabolomics_
Data_Sharing, under the GNU General Public License v3.0. All of the analysis was performed using R version 3.3.2., along with the package ggplot2 version 2.2.1.

3.1.2

Open Metabolomics Data Linked to Publications

GNPS [128], MetaboLights [126], Metabolomics Workbench [127], MetaPhen [124, 125]
and MeRy-B [123] datasets were searched for directly linked publications. MetaboLights
and Metabolomics Workbench were first searched automatically, and then manually reviewed
for additional associated publications that had been missed by the automatic search. GNPS,
1 https://www.ncbi.nlm.nih.gov/Structure/flink/flink.cgi,

accessed 5th September 2017
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MetaPhen and MeRy-B were manually searched to identify directly linked publications. In
total 368 unique journal articles are directly linked to open metabolomics data. There are
465 direct links from datasets to journal articles.
Metabolomics
PLOS One
Plant Physiology

Journal

PNAS
Scientific Reports
Journal of Proteome Research
The Plant Journal
Analytical Chemistry
Plant, Cell & Environment
Nature Communications
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Fig. 3.1 The ten journals with the highest frequency of publications directly linked from a publicly available metabolomics study, in a dedicated repository (MetaboLights, Metabolomics
Workbench, MetaPhen, MeRy-B and GNPS), as of the 5th September 2017. Figure reproduced from Spicer and Steinbeck (2018) [171].
Automatic search returned 242 MetaboLights studies that had an associated publication
with a DOI, however some studies had multiple associated publications, and 282 DOIs
directly linked to studies were identified, with 207 unique publications. Further manual
checking increased the total studies with associated publications identified to 252. 231 unique
publications were associated to MetaboLights datasets. At the time the study was conducted
there were 285 publicly available studies in MetaboLights, meaning 88.42% of datasets had
an associated publication.
All of the available (396) .mwtab files were downloaded from the Metabolomics Workbench REST service. 32 studies included the Publications field in their .mwtab file. An
additional 9 studies had associated DOIs that were not in the Publications field; 41 studies
with associated publications were identified via automatic search. However, it was later
found that .mwtab files are not automatically updated if the study description is updated on
the website, meaning that automatic search of the .mwtab files missed associated publications
e.g. ST000004 had an associated publication that was missed.
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Fig. 3.2 The year of publication of journal articles linked to open metabolomics data. The
frequency of journal articles published in each year is coloured by the repository the journal article is linked to, with GNPS in blue, MeRyB in orange, MetaboLights in green,
Metabolomics Workbench in purple and MetaPhen in yellow. Some journal articles are
linked to studies in multiple repositories so are included twice. Data were collected on the
5th September 2017.
Manual inspection of all Metabolomics Workbench studies found that there were 408
public studies in total, as some studies did not have an associated .mwtab file. Only 240
of these studies included raw data. 60 studies that included raw data had an associated
publication and 15 studies without raw data did. There were 36 unique papers linked to
studies with raw data. In total 18.38% of studies had an associated publication (75/408) and
25% of studies with raw data available had an associated publication (60/240).
100% of the studies (58) on MetaPhen had an associated publication. 50 unique publications were directly linked to MetaPhen datasets, with 5 publications being associated to more
than one study. There is one publication that is associated to both MetaboLights datasets and
a MetaPhen study. 27 studies in MeRy-B had an associated publication (84.38%). In total 23
unique publications were linked to MeRy-B datasets. One publication was linked to both
a MetaboLights and a MeRy-B study. There are 31 unique publications linked on GNPS
datasets. Only 7.07% of (42/594) studies had an associated paper.
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In total 820 open metabolomics datasets that included raw data were not linked to any
publications. 48 were studies from MetaboLights, 219 from Metabolomics Workbench, 5
from MeRy-B and 553 from GNPS. 37 of the studies in GNPS are re-uploads of MetaboLights
studies. Despite 94.6% (35) of these studies having at least one association on MetaboLights,
only one study (2.7%) had a linked publication on GNPS.
The 368 publications directly associated with open metabolomics datasets are published
by 146 journals. Ten journals published 45.4% of these journal articles (Figure 3.1), with 58
(14.4%) being published in the Metabolomics journal.
The number of journal articles published that have open metabolomics data appears to
be broadly increasing (Figure 3.2). The year with the highest frequency of journal articles
published that were linked to publicly available metabolomics was 2015, followed closely by
2016. MetaboLights has the highest frequency of publications linked to studies, however all
MetaPhen studies are linked to at least one publication.

3.1.3

An Estimate of the Number of Metabolomics Publications

In total 21,230 publications were returned when searching PubMed for “("metabolomics"
[MeSH Terms] OR "metabolomics"[All Fields]) OR ("metabolome"[MeSH Terms] OR
"metabolome"[All Fields]) AND Journal Article[ptyp]”. FLink is only able to download
10,000 PubMed search results at a time, so the 21,230 article details were downloaded as
three .csv files and then recombined. 3,498 of these publications were review articles, 228
were systematic reviews and 3,608 were tagged as both reviews and systematic reviews.
There were 118 publications tagged only as systematic reviews and not as reviews. After
subtracting reviews and systematic reviews 17,614 primary research articles remained.
Only a very rough estimate of the total number of metabolomics journal articles can be
obtained by searching PubMed like this. The MEDLINE (Medical Literature Analysis and
Retrieval System Online) database that is searched using PubMed contains >28,000,000
journal article references, however there are only ~4,700,000 full text manuscripts archived
on PubMed Central (PMC). Therefore, despite including metabolomics research, articles that
do not contain the words “metabolome” or “metabolomics” in their title or abstract may not
be returned by the PubMed search used. Also non-metabolomics papers may be returned or
metabolomics papers may not be indexed in MEDLINE. Only 25.8% (304/1178) of articles
published in Metabolomics are indexed in PubMed.
It must additionally be noted that PubMed was not searched for the term "metabonomics"
during this research. Metabonomics is considered to be a subset of metabolomics [234]
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and is defined as “the study of the multiparametric metabolic responses of a particular
living organism to pathogenic stimuli or genetic modification”. Metabonomics was initially
excluded from this research as there is no metabonomics MeSH Term. Following the change
of experimental design to search [All Fields], as well as [MeSH Terms], metabonomics
could have been included, however, it was unintentionally not reincluded. There are 1480
articles returned when searching PubMed for "metabonomics" OR "metabonome", that were
published before 5th September 2017, the time period used in the initial research. These
articles may have also been missed by the PubMed search used in this study.
Of the publications directly associated with open metabolomics data, 44% were not returned when searching PubMed for “("metabolomics"[MeSH Terms] OR "metabolomics"[All
Fields]) OR ("metabolome"[MeSH Terms] OR "metabolome"[All Fields]) AND Journal
Article[ptyp]”. 31.8% of these publications were indexed on MEDLINE but not returned
and 12.6% were not indexed. Despite these limitations, this method of identification of
metabolomics journal articles is sufficient for this analysis, which aims only to identify the
journals that publish the most metabolomics research. It can be assumed metabolomics research is included in the majority of articles returned when searching PubMed for “metabolome”
OR “metabolomics”.
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Journal of Proteome Research
Analytical Chemistry

Journal

Scientific Reports
Metabolomics
Methods in Molecular Biology
Journal of Agricultural and Food Chemistry
Molecular BioSystems
Journal of Chromatography B Analytical Technologies
in the Biomedical and Life Sciences
Journal of Pharmaceutical and Biomedical Analysis
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Fig. 3.3 The ten journals with the highest frequency of primary journal articles when
searching PubMed for ("metabolomics"[MeSH Terms] OR "metabolomics"[All Fields]) OR
("metabolome"[MeSH Terms] OR "metabolome"[All Fields]) AND Journal Article[ptyp],
after reviews and systematic reviews are removed, as of the 5th September 2017. Figure
reproduced from Spicer and Steinbeck (2018) [171].
Publications returned when searching for the aforementioned criteria in PubMed were
published in 1,995 journals. However, 780 journals had published only a single piece of
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metabolomics research. The ten journals that published the highest number of metabolomics
articles returned by PubMed are shown in Figure 3.3. These journals published 23.65%
of metabolomics research (4,170 articles); 56.45% of metabolomics articles (9,954) were
published in 100 journals.

3.1.4

Journal Data Sharing Policies

None of the journals that publish the most metabolomics research have very high data sharing
rates via metabolomics repositories (Table 3.1). Methods in Molecular Biology has no
publications linked to publicly available metabolomics data.
Five of the journals that publish the most metabolomics research also have the highest
number of journal articles linked to open metabolomics data: PLOS ONE, Journal of
Proteome Research, Analytical Chemistry, Metabolomics and Scientific Reports (Table 3.1).
Other journals that publish the most articles linked to open metabolomics data have all
published at least 50 journal articles including metabolomics research (Table 3.1).
PLOS ONE’s data sharing statement specifically states that “All data and related metadata underlying the findings reported in a submitted manuscript should be deposited in an
appropriate public repository, unless already provided as part of the submitted article” and
recommends MetaboLights [126] and Metabolomics Workbench [127] as metabolomics
repositories. It also states that data sharing is a requirement for publication. However,
publications with human data are subject to different data sharing guidelines that emphasize
the need to protect participants privacy, and do not require sharing via a repository. Also it is
stated that if the standard within a field is to share processed data, researchers do not need to
share raw data.
Metabolomics and Plant Physiology require that authors make materials available to
investigators for non-commercial research purposes (Table 3.1). Metabolomics specifically
requires raw data sharing, and suggests that users deposit their data in a repository (data
sharing on demand complies with the journal’s policy). It encourages the use of data
availability statements.
The Plant Journal has published guidelines for the reporting of metabolomics data [235].
However these guidelines detail how metabolomics experiments should be reported within a
manuscript, and there are no requirements for sharing raw data. The Journal of Agricultural
and Food Chemistry also has specific requirements for reporting spectroscopic data within
the text of a manuscript, but no raw data sharing requirement.
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Two of the journals with the highest number of metabolomics papers on PubMed have
no data sharing or data availability statement policies: Analytical Chemistry and Methods
in Molecular Biology (Table 3.1). Plant, Cell & Environment also has no statement on data
sharing. The Journal of Proteome Research encourages users to deposit proteomics data in
ProteomeXchange [120], however, unsurprisingly has no specific policy on metabolomics
data.
Where possible, Molecular BioSystems and the Journal of Chromatography B, require
data sharing. The Journal of Pharmaceutical and Biomedical Analysis encourages data
sharing. All three journals suggest sharing by a repository.
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PubMed No. PubMed Open Data
Ranking Publications
Ranking

No. Articles
Data Availability
Linked to
Statement
Open Data

Data Sharing

Plant Physiology

14

13

84

165

176

7

4

3

=9
=9

10

14

19

6
6

None

Required

None

Required
None

Required
Within Article
Text

Required

Required
None

None
Encouraged

Encouraged

Encouraged

None

None

Encouraged
None
Required if
available
Encouraged

None
Encouraged
Encouraged
Required
Encouraged

Data Sharing
via Repository

Table 3.1 The journals that publish the most metabolomics research and the journals that publish the most articles directly associated
with open metabolomics data, and the data sharing policies of the journals. Equals signs (=) are used to represent journals that are
equally ranked because they have the same number of articles linked to open data.

Journal

Journals with the most metabolomics publications and the most publications linked to open metabolomics data
Analytical Chemistry
3
561
8
8
None
None
Journal of Proteome Research
2
615
6
11
None
Encouraged
Metabolomics
5
293*
1
53
Encouraged
Required
PLOS ONE
1
1,050
2
27
Required
Required
Scientific Reports
4
480
5
13
Required
Required

PNAS

30

Journals with the most publications linked to open data
Nature Communications
53
54
Plant, Cell & Environment
36
70

The Plant Journal

Journals with the most metabolomics publications
Journal of Agricultural and
Within Article
7
257
=28
2
None
Food Chemistry
Text
Journal of Chromatography B
9
215
=48
1
Encouraged
Required
Journal of Pharmaceutical and
10
188
=28
2
Encouraged
Encouraged
Biomedical Analysis
Methods in Molecular Biology
6
276
0
None
None
Molecular BioSystems
8
235
=21
3
None
Required
* Whilst Metabolomics has only 293 journal articles indexed on PubMed, it has published >1,000 articles.
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Potential Reasons for a Lack of Data Sharing in Metabolomics

Just how little open metabolomics data is available via dedicated repositories is surprising,
given the number of journal articles published in the field. It is especially surprising given
some of the long withstanding strict data sharing policies of some of the journals that publish
the most metabolomics research. PLOS ONE’s current data sharing policy has been in place
since March 2014 [231] and Springer Nature have had their policy since September 2016
[236]. Since 2015 PLOS ONE has published ~400 metabolomics papers and since 2017
Scientific Reports has published >140. Despite not requiring data sharing via a dedicated
repository, articles published by the Metabolomics journal share data in dedicated repositories
at a higher rate than those in PLOS ONE.
Although PLOS ONE recommends using a dedicated, field-specific repository, users may
remain unaware of dedicated metabolomics repositories and instead publish their data in
general repositories such as Dryad Digital Repository2 , figshare3 or Zenodo4 . Alternatively,
as PLOS ONE’s data sharing policy specifically states “authors do not need to submit the
raw data collected during an investigation if the standard in the field is to share data that have
been processed”, researchers may feel that metabolomics is one such field where sharing
only preprocessed data or an annotated list of identified metabolites is sufficient, rather than
raw spectral data.
Another possibility is that journals such as PLOS ONE and Scientific Reports publish
a higher percentage of clinical research or other studies with human participants. Due to
concerns of patient privacy and consent, both journals have different data sharing requirements for clinical studies compared to those for studies including nonhuman subjects. Only
summary rather than raw data must be reported for clinical studies.
An additional concern, that may also be the cause of the perceived lack of data sharing
in PLOS ONE and Scientific Reports, is the number of publicly available metabolomics
studies with raw data that have no associated publication: >800. Whilst some of this data
will have no associated publication, e.g. because the researcher was unable to get the study
published, or if the dataset is purely indented for training purposes, associated journal articles
probably exist for much of this open data, however there is no direct link between the data
and the literature. This hinders the reuse of data, as papers are likely to contain more detailed
experimental design descriptions and additional metadata, and data alone are insufficient for
reanalysis [211].
2 https://datadryad.org/,

accessed 11th October 2017.
accessed 11th October 2017.
4 https://zenodo.org/, accessed 11th October 2017.
3 https://figshare.com/,
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3.2

Metabolomics Data Sharing in PLOS ONE

PLOS ONE is a mega journal that publishes research across all scientific disciplines, focusing
on the quality of research rather than the novelty of results. Since 2015 PLOS ONE has
published >75,000 journal articles and has published the highest number of metabolomics
papers indexed on PubMed (see section 3.1.3). It is a pioneer of mandating open data, having
required public data sharing since March 2014 [231]. Previous research found that this policy
change was successful with the data sharing rate of studies published in PLOS ONE that used
the population genetic analysis tool, STRUCTURE5 , increasing from 11.7% in 2012–2013
[237] to 40% in 2014 [238]. A recent study [239] found that overall 15% of PLOS ONE
studies, published since the introduction of its data sharing policy, shared data via a repository.
All of the components mentioned above make PLOS ONE an ideal candidate to investigate
for this study, to see if its unique combination of popularity and policy towards data sharing
have a measurable effect on public data in metabolomics.
Unfortunately, whilst PLOS ONE has published ~400 metabolomics papers since 2015,
only 12 PLOS ONE journal articles published during the same time period that were directly
linked to raw metabolomics data hosted in dedicated repositories, were identified. This
research aims to better understand the reasons for the lack of linkage between metabolomics
journal articles published in PLOS ONE and open data on metabolomics specific repositories.
Whether researchers share raw data by means other than metabolomics specific repositories,
or if PLOS ONE publishes a high percentage of clinical studies, where raw data cannot be
made publicly available, is investigated. If there is evidence that rather than openly sharing
raw data, researchers instead share processed data, and consider this to be sufficient, is also
examined.
In the previous research in this chapter (section 3.1), a PubMed search was used to
identify metabolomics research. However, this search may also have returned publications
that did not include metabolomics. In this study, the previously used method is improved
upon by manual assessment of whether publications contain metabolomics research or not.

3.2.1

Raw Metabolomics Data

Raw data is most commonly used to refer to unprocessed data [240]. In metabolomics this
refers to raw spectral data. Whilst the “rawest” types of metabolomics data are data in vendor
specific proprietary formats, data in these formats are at risk of becoming obsolete and of data
rot, as support for older formats and software is discontinued [241]. Therefore, metabolomics
5 https://web.stanford.edu/group/pritchardlab/structure.html,

accessed 5th April 2018.
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data that has been minimally processed, in order to convert it from a commercial to an open
format, is also usually considered to be raw data. During this process raw mass spectrometry
data may additionally be converted from profile mode to centroid (depending on the type of
mass spectrometer used, data may initially be collected as profile or centroid).
The sharing of raw data is important as multiple studies have found that using different
software to preprocess data results in different features being detected [242–244]. Peak lists
have at minimum undergone preprocessing, and may have also been post-processed prior to
statistical analysis. Whilst there is such potential to gain additional information from raw
metabolomics data, it is crucial that it is publicly shared.
In this study raw metabolomics data is defined as raw spectral data in either proprietary
or open formats. Table 3.2 lists examples of file formats used to store raw metabolomics
spectra.
Table 3.2 A non-exhaustive list of raw data formats used in metabolomics.
File Format

Instrument

Type

Vendor

Instrument Software

.imzML
.mzML
.mzXML
.mzData
.netCDF
.d
.D
.d
.BAF
.FID
.YEP
.jpf
.wiff
.lcd
.RAW
.raw
.nmrML
.dx
.jdx
.fid

Imaging MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
MS
NMR
NMR
NMR
NMR

Open
Open
Open
Open
Open
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Open
Proprietary
Proprietary
Proprietary

Agilent
Agilent
Bruker
Bruker
Bruker
Bruker
JEOL
SCIEX
SHIMADZU
Thermo Fisher
Waters
Bruker
Bruker
Varian

MassHunter
ChemStation
Compass
Compass
Compass
Compass
MassCenter
Analyst
LCMSsolution
Xcalibur
MassLynx
TopSpin
TopSpin
VNMR
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Methods

Changes in publication policies are not usually smooth, and it usually takes time for them
to be more broadly complied with [238]. As PLOS ONE’s data sharing policy was updated
in March 2014 [231], it was felt that by the beginning of 2015 most of the initial teething
problems would have been fixed, and the vast majority of publications would include a
data sharing statement. In this research a subset of the 1,050 PLOS ONE papers that were
identified in the previous research were examined (see section 3.1.1 for full methods by
which papers were identified). Of these journal articles, 426 had been published since the
beginning of 2015, and the data sharing statements and level of data sharing of these studies
were investigated.
Firstly, all selected PLOS publications were manually reviewed in order to assess whether
they included a) metabolomics research and b) “primary” metabolomics research. In this
context “primary” research refers to a study that generates new raw data, rather than reusing
data, using simulated data or performing meta-analysis (“secondary” analysis). This is due
to differences in the types of data produced and data sharing guidelines between these study
types. For the purpose of this research, computational studies that either generated simulated
data or reuse published data, were not considered to be "primary" metabolomics research, and
were excluded from subsequent stages of analysis. Only primary metabolomics publications
were included in subsequent stages of analysis, including computational studies where new
raw data was generated.
Publications were next assessed to ascertain whether or not they included clinical human
research. Following this, the data sharing statements of the journal articles were classified
into 7 levels (Table 3.3), including six classifications of data availability statement (“A–F”)
and one level (“G”) indicating no data availability statement was present. Data availability
statements were categorized by where they stated data was available: “A” in the paper and its
supporting information, “B” in the paper (when an article had no supplementary material),
“C” in a repository, “D” in the paper and its supporting information, but another type of omics
data was shared via a repository and “E” on request. Statements classified as “F” pronounced
that data could not be made publicly available. If the data availability statement mentioned a
repository this was recorded. Next whether the raw metabolomics data associated with the
study was publicly available to download, or not, was documented.
The level of data sharing of the study was then recorded (Table 3.4). If raw data was
available, the study was classified as level 1, with the subcategories a, b and c denoting
whether the data was available in a metabolomics specific repository e.g. MetaboLights, a
general repository e.g. Figshare, or in another location, such as on an institutional website.
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If a study provided a peak list or signal intensity matrix of the relative quantifications or
concentrations on a per sample basis, it was categorised as level 2 (Figure 3.4). Level
3 indicates that data were presented as a table of either all identified or only statistically
significantly changed metabolites, level 4 is a figure of the raw spectra and level 5 is a figure
showing statistically significantly changed metabolites in e.g. a heat map or a bar chart.
Studies that do not include publicly available raw data can have multiple classifications of
both level 4 and either level 2, 3 or 5 (Figure 3.5). Raw data (Level 1) can be processed and
used to generate any of the subsequent types of data: peak lists or signal intensity matrices
(Level 2), tables (Level 3), figures of spectra (Level 4) and figures of metabolites (Level 5),
therefore studies of level 1 do not need multiple classifications. Studies cannot be classified
as levels 2 and 3, 2 and 5 or 3 and 5, because level 2 is inherently more raw than levels 3 and
5, and level 3 is more raw than level 5. Tables and figures of metabolites can be produced
from a peak list or signal intensity matrix, but cannot be used to generate a figure of the raw
spectra. From some tables (level 3), it is possible to generate some figures (level 5), but not
all contain sufficient information.
The accession numbers of studies with data available on dedicated metabolomics repositories were compared to those identified in the initial research (section 3.1.2), to identify any
studies where data was publicly shared but not linked to the associated publication. As links
to publications may have been added to studies in repositories since the initial research was
conducted, all identified studies were then manually reviewed to see if the studies had been
updated with links to publications. Studies were also checked for missing links from the
publication to the open data on a dedicated repository. Full instructions as to how publications
were classified can be found in Appendix E.
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Statistical Analysis
Following classification, the percentage of studies with each type of data sharing statement
and their levels of data sharing were then calculated. A Pearson’s chi-squared (χ 2 ) test [245]
was used to evaluate the likelihood that the observed differences between the relationships of
data availability statements and levels of data sharing arose due to chance. The Pearson’s χ 2
test statistic is as follows:
n

χ2 = ∑

(Oi − Ei j )2
Ei j

(3.1)

Where n is the number of cells in the table, i is the row index, j is the columns index, Oi j
is the actual number of observations of i j and Ei j is the expected (theoretical) frequency of
i j. The larger the χ 2 test statistic, the stronger the evidence against the null hypothesis [246].
To find which cells’ contributed the most to the χ 2 test statistic and p-value, standardized
residuals were calculated. These shows which cells’ observed values deviate the most from
the expected values, under the assumed model. Standardized adjusted residuals are adjusted
for row and column totals. The standardized adjusted Pearson residual for a two way table is
as follows:
Oi j − Êi j
q
Êi j (1 − pi+ )(1 − p+ j )
Where Êi j are estimated expected frequencies and p is the population proportion.

(3.2)
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Table 3.3 Data availability statement classification levels.
Level

Description

A

All relevant data are within the paper and its Supporting Information files. This
classification includes typos and variations such as “All relevant data are within
the paper and Supporting Information files.” or “All relevant data are within the
paper and supplement.”

B

All relevant data are within the paper. This type of statement is used when a
paper has no supplementary material.

C

Metabolomics data available in a repository.

D

All relevant data are within the paper and its Supporting Information files and
data for another type of omics is available in a repository or just a repository
specific for a different type of omics data is mentioned.

E

Data available on request.

F

Data cannot be made publicly available.

G

No data availability statement.

Table 3.4 Data sharing classification levels. If a study does not have raw data publicly
available, it can be classified as both level 4 and either level 2, 3 or 5. It cannot be classified
as 2 and 3, 2 and 5 or 3 and 5.
Level

Description

1

Raw data available (either commercial format e.g. Thermo .raw, Agilent .d or as
an open format e.g. .mzML, .mzXML).

1a

Raw data available in a specific metabolomics mepository (e.g. MetaboLights,
Metabolomics Workbench).

1b

Raw data available in a general repository (e.g. Figshare, Dryad, Zenodo).

1c

Raw data available by other means e.g. in supplementary material or on an
institutional website.

2

Peak list or signal intensity matrix containing relative quantifications,
concentrations, etc., on a per sample level (usually in .csv or .xlsx format).

3

Table of metabolites, including all identified metabolites or only statistically
significantly changed metabolites.

4

Figure of spectra.

5

Figure showing statistically significantly changed metabolites (such as a scatter
plot, bar chart, heat map, etc.)
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1 - Raw Spectra
.mzML, .mzXML,
.nrmML, .RAW,
.FID, .d, .WIFF,
etc.

Sample 1 Sample 2

2 - Peak List or Signal
Intensity Matrix
.csv, .xlsx

...

Sample n

Metabolite 1

93651

98565

...

94003

Metabolite 2

2461

2662

...

6536

...

...

...

...

...

Metabolite n

60489

53020

...

79580

Condition 1 Condition 2

3 - Table of Metabolites
.pdf, .png

Metabolite 1

145258

197862

Metabolite 2

23364

20612

...

...

...

Metabolite n

38094

25787

Fig. 3.4 The different formats of data that are required for each data sharing level.
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Metabolite 1

Metabolite 3

Metabolite 2

4 - Figure of Spectra
.pdf, .png

6
4

5 - Figure of Statistically
Significantly Changed
Metabolites

2
0
−2

.pdf, .png

Fig. 3.4 The different formats of data that are required for each data sharing level.

Level 2
Peak list
Level 1
Raw Spectra

Level 3
Table

Level 5
Figure of Statistically
Significantly Changed
Metabolites

Level 4
Figure of Spectra

Fig. 3.5 The hierarchy of rawness of metabolomics data sharing levels.
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Results

Of the 426 PLOS ONE studies identified, 372 (87.3%) were classified as including metabolomics analysis when manually reviewed. 359 of these were primary metabolomics studies
and 13 were secondary metabolomics studies. 35.4% (127) of primary metabolomics studies
included clinical human research.
The most common form of data availability statement used was type A, “all relevant data
are within the paper and its supporting information files”, with 65.2% of studies including
this statement type (Figure 3.6A). The second most frequent data availability statement type
was C, which states data are in a repository (13.4%), followed by type E, data are available
on request (8.1%), type B, “all relevant data are within the paper” (7.0%) and type D (5.0%),
where a repository is mentioned for a different type of omics data, along with “all relevant
data are within the paper and its supporting information files”. Four studies (1.1%) were
missing data availability statements and a single study stated that data could not be made
publicly available due to ethical concerns (type F). All but one study (96.6%) with type E
data availability statements were clinical human studies. The type F study was also a clinical
human study.
Only 8.08% (29) of the examined metabolomics PLOS ONE studies openly shared
raw data by any means (Figure 3.6B). The most popular way of sharing raw data was in
a dedicated metabolomics repository (1a — 69.0%); the second most frequent means was
in general repositories (1b — 20.7%). Three studies shared raw data in the supplementary
material of the journal article (1c — 10.4%). It must be noted that one study [247] shared
raw data in the Dryad repository as well as GNPS. As Dryad was mentioned in the data
availability statement but GNPS was not, it was classed as 1b.
Raw data was most commonly shared in the MetaboLights repository (Figure 3.8), with
raw data also being shared in the Metabolomics Workbench, Dryad, Figshare and Zenodo
repositories. Whilst 14 studies stated that raw data were available in the MetaboLights
repository, the data corresponding to two journal articles [248, 249] were not publicly
available. Three studies [250–252] that shared data in Metabolomics Workbench also had
missing or incorrect links to their raw data, however the correct accession numbers were able
to be manually identified.
Two journal articles made raw data publicly available on a dedicated repository but
were missing links to it, and in nine instances open data was missing links to the associated
publication (Table 3.5). A journal article [253] that had raw data publicly available on a
dedicated repository, but was not returned by the search in order to identify metabolomics
studies (section 3.1.1), was also identified.
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The relationship between data statement classification and data sharing level was found
to be significant (Pearson’s χ 2 = 237.77, df = 36, p = 1.45 × 10-31 ). Noticeably, the majority
of studies that shared raw data had a data availability statement classified as type C, although
there were also studies with type A statements that shared raw data. Studies of type C are
highly positively correlated with statements of class 1a and 1b and negatively correlated with
type 3 (Figure 3.7). Studies that have type A statement (“all relevant data are within the
paper and its supporting information files”) were negatively correlated with sharing raw data
in a repository (class 1a and 1b) and studies with the statement type B (“all relevant data are
within the paper”) are positively correlated with sharing figures of statistically significantly
changed metabolites, class 5.
However, only 54.2% of studies that stated metabolomics data were shared in a repository
shared raw data. Most other studies (29.2%) shared a peak list (level 2), with a lower number
of studies providing only tables or figures. Of the repositories where non-raw metabolomics
data were shared, Figshare was most frequently used, followed by Metabolomics Workbench
(Figure 3.8). Non-raw data was also shared on other repositories including the Open Science
Framework and institutional repositories.
Overall, metabolomics data was most frequently shared as a table of metabolites, level 3
(Figure 3.6B). Sharing data as a peak list, level 2 was the second most common. A total of
53 studies shared data only in figures (at level 5 or at level 4 and 5).
Data and Code Availability
The datasets generated and analysed during the current study, along with the analysis code
are available on the Open Science Framework: https://doi.org/10.17605/osf.io/hn5xg, under
the MIT License. The majority of the analysis was performed using R version 3.3.2., along
with the packages ggplot2 2.2.1., tidyr 0.7.2, dplyr 0.7.4, corrplot 0.84 and knitr 1.17.
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Fig. 3.6 Bar charts showing the frequency of A) data availability statement levels and B)
data sharing levels in primary metabolomics studies, as described in Tables 3.3 and 3.4,
respectively. Studies can receive multiple data sharing levels if they are not classified as level
1, but can have only a single data availability statement level.
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1a

1b

1c

2

3

4

5

A

−6.5

−3.5

1.23

1.78

1.94

1.85

−1.68

B

−1.25

−0.67

−0.48

−2.67

0.71

0.14

3.08

10.98
12.05
9.51
10.2
8.05
8.34
6.58
6.49

C

12.05

6.48

−0.66

1.62

−5.42

−1.69

−2.09

D

−0.99

−0.53

−0.38

−0.88

0.73

−0.29

1.17

E

−1.32

−0.71

−0.5

−2.34

2.77

−1.18

1.06

5.12
4.63
3.65
2.78
2.18
0.92
0.72
−0.93

F

−0.23

−0.12

−0.09

−0.49

1.06

−0.39

−0.39

G

−0.51

−0.28

−0.19

1.2

−2.13

0.44

1.79

−0.75
−2.79
−2.21
−4.64
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Fig. 3.7 A heat map representation of the χ 2 residuals correlation matrix for data statement
classification and data sharing level. Statement classification levels are described in Table
3.3 and data sharing levels are in Table 3.4. Maximum positive correlation and negative
correlation are respectively indicated in blue and red.
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Zenodo
Phenotype
Database
PANGAEA

Repository

Open
Science
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Metabolomics
Workbench

Raw Data

MetaboLights
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No
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GenBank
Figshare
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CEU
Dryad
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Frequency

Fig. 3.8 The frequency of PLOS ONE studies linked to public data on each repository. Studies
are coloured in blue if raw data is available, green if it is not, and orange if the publication
states that data is available at a given accession number, but no data is publicly available.

95

3.2 Metabolomics Data Sharing in PLOS ONE

Table 3.5 Studies with missing links from the published journal article to associated open
data or from open data to journal article. Publications that link only to repositories and not
specific accession numbers, and linking incorrect accession numbers are also highlighted.
Repository

Accession
Number

MetaboLights

MTBLS165

[254]

Publication to Data

MetaboLights

MTBLS309

[255]

Publication to Data

MetaboLights

MTBLS123

[256]

Data to Publication

Metabolomics Workbench

ST000121

[257]

Data to Publication

Metabolomics Workbench

ST000194

[258]

Data to Publication

[250]

Data to Publication,
Publication only links
to repository not
specific Accession No.

Metabolomics Workbench

ST000223

Publication

Missing Link(s)

Metabolomics Workbench

ST000316

[251]

Data to Publication,
Publication only links
to repository not
specific Accession No.

Metabolomics Workbench

ST000405

[259]

Data to Publication

Metabolomics Workbench

ST000465

[252]

Data to Publication,
Incorrect Accession No.
linked in Publication

Metabolomics Workbench

ST000578

[260]

Data to Publication

Metabolomics Workbench

ST000590

[261]

Data to Publication
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Exploring Reasons for the Lack of Data Sharing in PLOS ONE

The results of this research show that <10% of PLOS ONE metabolomics articles publicly
share raw data, despite the journal’s pioneering policy on data sharing. This lack of open data
is concerning as it indicates that either the data sharing policy is not being enforced, there is a
general lack of understanding as to what constitutes “raw data”, or that processed data alone
is considered sufficient to underlie findings. As only a minority of the included studies did
not have a data availability statement, this indicates that it is reasonable to consider PLOS
ONE’s data availability requirements as established.
To explore whether ethical considerations prevented open data sharing in the included
studies, data availability statements were examined, and studies that included clinical human
research were identified. A relatively large number of the studied articles did include clinical
human research, however only a minority of papers stated that data could not be made
publicly available due to ethical or legal restrictions, and in all but one case data were
available on request. The majority of clinical studies had data availability statements of class
A, “All relevant data are within the paper and its Supporting Information files”. This suggests
that ethical considerations are not the primary reason for a lack of open data associated with
metabolomics PLOS ONE papers.
An alternative hypothesis for the lack of open data in dedicated repositories linked to
PLOS ONE was that raw data may be instead shared by other means, such as in general
repositories, in supplementary material or on other websites. Many scientists will use
metabolomics within their research, but it will not be their primary research focus, and they
therefore may not be aware of the existence of metabolomics specific repositories such as
MetaboLights [126] or Metabolomics Workbench [127]. However, it was found that only a
minority of studies openly shared raw data by means other than in dedicated metabolomics
repositories. This indicates that sharing raw data by other methods is also unlikely to be the
reason for not sharing data in a repository.
Instead, there is evidence that the current standard in metabolomics is to share processed
rather than raw data. PLOS ONE has the second highest number of journal articles directly
linked to open metabolomics data on a dedicated repository (section 3.1.2) and a strong
policy in support of data sharing, yet raw data is publicly shared by <10% of articles. The
most common formats data are publicly shared as are tables of metabolites and peak lists. As
it appears that the community standard is to share processed data, authors are not required to
make raw data public in order to comply with PLOS ONE’s data availability policy.
It must be noted that a limitation of this research is that articles were categorised by
only a single rater. This means there is the risk of pervasive reviewer biases in classification.
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A superior experimental design would be to have every article reviewed by multiple raters
with a high inter-rater reliability. Unfortunately for this research it was not possible to have
multiple raters. An additional disadvantage of the experimental design is that only articles
published during a limited, specific time period (January 2015 - September 2017) were
reviewed. The findings of this limited snapshot of time are not generalisable to other time
points.
The findings of this research are akin to those in chapter 2. If reporting standards or
data sharing policies exist but are not enforced or are poorly worded they do little to aid
standardisation or facilitate a cultural shift to open data sharing. For metabolomics to fulfill
its potential it is essential that measurements are reliable and accurate across studies. In
this regard, the acceptance of sharing only processed data is concerning due to the lack of
consistency between different data analysis methods for untargeted metabolomics. It has
been found that not all analysis methods result in the same metabolites being detected in a
study. Despite Gürdeniz et al. [262] being able to extract the same biological information
using different analysis software, the majority of features detected in the study were unique
to the software used. Myers et al. [243] found many false positive peaks when peaks were
identified by MZmine 2 or XCMS only, and not by both. Baran [244] reanalysed data from 5
publicly available studies and identified at least 50 relevant compounds that were not reported
in the original results for each study.
Whilst such discrepancy exists between the metabolites detected using different preprocessing software, sharing raw data is of paramount importance. A peak list may appear to
be raw data, as it contains the relative abundances for every metabolite in every sample,
however raw data refers to data that has not been processed. At minimum data in a peak list
has undergone peak detection, but may also have been “cleaned” (normalised, filtered, etc.)
and it is impossible to revert a peak list to the original raw spectra.
Considine et al. [208] recently found that all data analysis steps in metabolomics are
insufficiently reported. Although the reporting of data analysis has not been examined in this
research, it is likely that many of the included studies will not have adequately reported these
crucial stages of analysis in order to allow for their replication.
However, there is evidence that researchers are attempting to share data openly, but are
unaware of the importance of sharing raw data. In nearly half of the studies that shared data
via a repository, only processed and not raw data was shared. Any sharing of data via a
repository, whether raw or processed, requires time and effort, and demonstrates that authors
are attempting to be open. If researchers do not understand how important open raw data is,
improved training on the concept is required.
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An additional concern is the relatively high number of studies (~50) that shared data only
in figures. Although figures are readable to humans, they are not easily machine readable and
thus it is difficult to automatically extract data from them. All of the full text articles in PLOS
ONE are available to download as XML (extensible markup language) files, which includes
any tables in the main body of the text, allowing computers to easily process them [263].
Tables will therefore also be searched by any text mining performed on these XML files.
However, figures will not be searched (neither will any files in the supplementary material).
The poor linking from data to publications and vice versa is also problematic. A fundamental problem of the current system of dissemination of scientific results via journal
articles is that they are static documents, and it is usually not possible to update them with
new information such as where data underlying the article is located, if the data is deposited
after the journal article. However, it is usually relatively simple to update the descriptions of
open data in repositories to include links to associated publications, and currently missing
links could be added in future.
Both articles that stated raw data were available on MetaboLights, but the data were
not publicly available, were published in 2017. This means that the data may still be under
review and will be published on the repository in the future.
Whilst MetaboLights has been a PLOS ONE recommended repository for omics data
since June 2015, Metabolomics Workbench has only been recommended since 2018. It
would therefore be expected that more PLOS ONE studies would link to data in Metabolights
than Metabolomics Workbench.
Field-specific repositories have stricter submission requirements and more detailed guidelines than general repositories. It is therefore to be expected that a greater percentage of
studies in dedicated metabolomics repositories publicly share raw data than those in general
repositories. Researchers who share data in metabolomics specific repositories may also have
greater domain specific knowledge and be more aware of the importance of sharing raw data.
Given that raw data is most commonly shared in repositories, it is unsurprising that studies
with a data availability statement that referenced a metabolomics or general repository (type
C) were the most likely to make raw data publicly available.
PLOS ONE is a forerunner in promoting open scientific practices. If the rates of public
sharing of raw data that underlie journal articles published in PLOS ONE are so low, it is likely
that they will be even worse in other journals that have less data availability requirements.
The metabolomics community must learn from the practices of other omics, in order to
increase the amount of open data.
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Data Reuse in Metabolomics

Data sharing is a means to an end, and alone is insufficient; if shared data is incomplete,
lacking in quality or missing crucial metadata, it is not valuable. Instead, data reuse is
evidence of the value of open data [264]. If a dataset is reused this demonstrates that its
sharing was worthwhile and justifies the cost of hosting the data.
The value of open data has been demonstrated in transcriptomics and proteomics [265,
266]. Publicly available transcriptomics data has been reused in experimental and computational studies, meta-analyses, resources, software tools, and method and ontology development [265]. Four main ways proteomics data can be utilised have been identified: use,
reuse, reprocess and repurpose [266]. Use refers to direct use, such as looking up information
about a given protein in a knowledge-base such as UniProt; in reuse data are reused to
conduct new experiments, that can produce new insight or in spectral libraries. Data can be
reprocessed using different software or parameters with the aim of extracting new biological
information, but having the same goal as the original experiment. Repurposed data are used
for the analysis of questions entirely different from those of the original study.
However, measuring the reuse of data objectively is challenging. There are multiple
ways a researcher may cite a given dataset — citing either the original paper the dataset was
described in, a data descriptor (whose sole purpose is to describe the dataset) or the dataset
itself. One tool that has been developed to track data citations is Thomson Reuters’ Data
Citation Index (DCI)6 , which links datasets to citations received from papers indexed in the
Web of Science. The DCI indexes major data repositories such as Gene Expression Omnibus,
UniProt and Protein Data Bank.
Only 18.3% of the datasets indexed on the DCI have received a citation [267]. He and
Nahar (2016) [268] found that 84% of data citations on Dryad were self-citing (the journal
article and the data had the same title). There were only 86 non-self citations of the 7185
datasets present on Dryad Digital Repository by the end of 2014. However, both of the
preceding studies found that biological research was one of the areas with the highest data
reuse [267, 268].
Where data citation has been adopted, using only publisher supplied accession numbers
misses many data citations; many more citations can be extracted using text mining [269],
especially in supplementary material [270]. Authors may be told by publishers to not include
data citations in the main body of the text and instead only in the supplementary material.
Bousfield et al. (2016) [271] caution against the use of simple metrics, such as citation counts
6 http://wokinfo.com/products_tools/multidisciplinary/dci/,

accessed 10th April 2018
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from DCI, for measuring research impact as they fail to capture many examples of data reuse.
Approximately 8,000 patents contained data citations in 2014.
As metabolomics is still a young field, to date there have been no attempts to systematically measure the reuse of publicly available metabolomics data. The only research that
discusses data reuse in metabolomics, references only three studies [122], or discusses only
the authors’ own experiences of reusing metabolomics data [272]. This research aims to
identify all examples of reuse of metabolomics data (at the time the study was conducted),
which repositories reused data are stored in and the frequency of reuse per study.

3.3.1

Methods

To find publications that reused open metabolomics data methods from Rung & Brazma’s
2013 analysis [265] were adapted. They analysed papers published in a single year (2011) that
were either tagged with “ArrayExpress” or cited any of the five ArrayExpress publications in
the Nucleic Acid Research journal database issues. Papers that did not directly reuse the data
were filtered, leaving 90 papers.
In this research journal articles that cited any of the publications of the metabolomics
data repositories: GNPS [128], MetaboLights [126, 172, 273, 274], Metabolomics Workbench [127], MetaPhen [124, 125] and MeRy-B [123], were examined. Europe PMC was
also searched for the repositories (“Global Natural Product Social Molecular Networking”, “MetaboLights”, “Metabolomics Workbench”, “MetabolomeExpress”, “MetaPhen”,
“Metabolomics Repository Bordeaux” and “MeRy-B”) and for accession numbers: “MTBLS*”, “ST000*” and “MSV000*”. The term “GNPS” was not searched, as GNPS is a
widely used acronym in multiple areas of science, including as an abbreviation of gold
nanoparticles.
The full-text of papers returned by these searches were then manually examined to see
if they actually reused metabolomics data, or were a primary study generating data, or if
they simply referenced a repository. Studies that reused publicly available metabolomics
data were then classified as either: “Biological Study”, “Metadata”, “Methods”, “Resource”
or “Software”. These categories were adapted from Rung & Brazma’s analysis [265]. The
studies were then examined to see whether they reused data produced by the same set of
authors, submitters or study owners.
Finally, the frequency of studies published per year per repository and the average time
until data reuse were investigated.
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3.3.2

Results

As of 15th February 2018, a total of 33 instances of reuse of metabolomics data available
via a dedicated repository have been identified (Table D.4). There was a large increase in
the frequency of data reuse in 2017, with 19 publications reusing open metabolomics data
(Figure 3.9). Data from MetaboLights were reused at the highest rate. 47.06% of the studies
that reused data shared at least one author with the authors, submitter or owner of the original
study. There were 12 studies classified as “Methods” that reused data, 10 “Software”, 6
“Resource”, 4 “Metadata” and 2 “Biological Studies”.
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Fig. 3.9 The number of articles that reuse metabolomics data over time, as of 15th February
2018. Data reuse across all repositories is shown in orange, GNPS reuse is shown in blue,
MetaboLights reuse is shown in green and Metabolomics Workbench is shown in purple.
Some articles reuse data from multiple repositories (both MetaboLights and Metabolomics
Workbench), so the total number of articles that reuse metabolomics data per year is not the
sum of the articles that reuse data from each repository per year. The launch year of each
repository is also highlighted.
In total, across repositories, 515 unique studies have been reused. However, 68.7%
(354) of these studies were reused exclusively in my publication [169] (see Chapter 2), and
only 161 were reused in the other 32 journal articles that have reused publicly available
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metabolomics data. The studies MTBLS367 , “Metabolic differences in ripening of Solanum
lycopersicum ’Ailsa Craig’ and three monogenic mutants”, and MTBLS938 , “Large-scale
non-targeted serum metabolomics in the Swedish Twin Registry”, have been reused at the
highest frequency, both having been reused 4 times. 145 MetaboLights studies were reused
a total of 195 times, 246 Metabolomics Workbench studies were reused 265 times and 85
GNPS studies were reused 90 times. Excluding reuse in my research [169], 54 MetaboLights
studies were reused a total of 73 times and 25 Metabolomics Workbench studies were reused
28 times (my published research reused no GNPS studies). To the best of my knowledge,
the only published example of reuse of data from MetaPhen and MeRy-B is in my research
article [169].
However, it must be noted that some of the studies that reuse open metabolomics data
from many studies do not state precisely which studies are reused. Inacio et al. (2017) [227]
and Ferreira et al. (2017) [226] reused all of the datasets in MetaboLights that were present
at a certain time point; Mohimani et al. (2016) [275] reused 201 GNPS studies and Gurevich
et al. (2018) [276] reused 120 GNPS studies. Chen et al. (2017) [277] reused studies from
MetaboLights and Metabolomics Workbench, but do not state which studies.
Of the studies that have been reused, 78.7%, have been reused only a single time, and
excluding my research [169], this increases to 85.7%. The majority of metabolomics studies
have never been reused (Figure 3.10). However, studies from MetaboLights have been reused
at the highest rate, with 43.7% being reused at least once including Spicer et al. [169] (Figure
3.10A), and 16.4% excluding Spicer et al. [169] (Figure 3.10B).
On average, studies are reused 1.81 years after their public data release (Figure 3.11B).
There has been a large increase in the total number of studies with publicly available data
since 2015; nearly double the number of studies were released in 2017 than in 2016 (Figure
3.11A). The average year of publication of studies is 2016.

7 https://www.ebi.ac.uk/metabolights/MTBLS36,
8 https://www.ebi.ac.uk/metabolights/MTBLS93,

accessed 12th April 2018.
accessed 12th April 2018.
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Fig. 3.10 The percentage of studies reused at each frequency: 0, 1, 2, 3, or 4 times, as of 15th
February 2018, A) including reuse in all studies, B) excluding reuse by Spicer et al. (2017)
[169].
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Table 3.6 Studies that reuse publicly available metabolomics data, as of 15th February 2018. The table shows the repository(-ies) that
were the source of the data, the year the article that reused the data was published, classification of how the data were reused and the
article reference.
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Fig. 3.11 The frequency of publicly available studies and time until data reuse. A) The
frequency of metabolomics studies released per year. The total number of studies released
per year is shown in orange, GNPS studies are in blue, MetaboLights are in green and
Metabolomics Workbench are in purple. The spike in GNPS studies published in 2014 is
likely due to researchers using GNPS to reanalyse old datasets soon after its launch. B) The
time from initial data release to the publication of data reuse, as of 15th February 2018.
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Data and Code Availability
The datasets generated during and/or analysed during the current study, along with the
analysis code are available on the GitHub repository: https://github.com/RASpicer/Data_
Reuse_Metabolomics, under the MIT License. The majority of the analysis was performed
using R version 3.3.2., along with the packages ggplot2 version 2.2.1., reshape2 1.4.3, dplyr
0.7.5, tidyr 0.8.1 and knitr 1.20.

3.3.3

Discussion

These findings indicate that there is greater reuse of metabolomics data than previously
assumed: Aksenov et al. [122] asserted that “there are fewer than a handful of papers in
which data have been reused”. Whilst the metabolomics community still lags behind other
omics in terms of reuse, Rung and Brazma [265] identified only 90 papers published in a
single year (2011) that reused data from ArrayExpress. In 2013, at the time Rung & Brazma’s
analysis was conducted, ArrayExpress contained data from >30,000 experiments and nearly
1,000,000 assays [121]. This is far larger than the ~1,700 metabolomics datasets identified in
this analysis.
The greater amount of reuse of data from MetaboLights is unsurprising given that it is
the oldest general purpose metabolomics data repository, being launched in 2012. There
was also a big increase in the number of publications that reused metabolomics data in 2017,
which may indicate that researchers are now becoming increasingly aware of the existence of
data repositories, or are more confident in the quality of the available data.
Studies most frequently reused metabolomics data for software or methods development.
Some computational research groups do not have access to laboratories, therefore high quality
publicly available data is essential to allow for testing when developing new algorithms or
software implementations. Conversely, only two biological studies that reused open data
were performed, and both of these were published by the same group as the original research.
Whilst more researchers now share raw data on public repositories, sharing sufficient metadata
is still rare. The lack of biological studies that reuse data may be due to deficiencies in
published biological context metadata (see Chapter 2). The groups who published biological
studies that reused publicly available data may have access to additional metadata that were
not made public.
One of the most common reasons researchers cite for not sharing data is the fear that
they will be able to generate less publications from their data, and other researchers will
scoop them [303]. Some journals have gone so far as to dub researchers who reuse data
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as “research parasites” [304]. However, in this research, it was found that nearly 50% of
publications that reused metabolomics data shared at least one author with the original study.
This demonstrates that, in metabolomics, fears of being unable to publish new research using
previously publicly shared data are unfounded.
Nearly half of all metabolomics datasets were published in 2016 or 2017. As it takes
on average 1.8 years for a dataset to be reused, it would not be expected that many of these
studies would have been reused yet. There is hope that many more of these datasets will
be reused over the coming years. The oldest general purpose metabolomics repository is
only 6 years old; if the increase in reuse continues at the current rate then the amount of data
reuse in metabolomics may begin to catch up with the high frequency in transcriptomics and
proteomics.

3.4

Challenges to Metabolomics Data Sharing and Reuse

Poorly annotated data with inadequate metadata is not reusable [211]. Tenenbaum et al.
(2018) [272] reused data from four metabolomics studies of Alzheimer’s disease and found
that supplied metadata were human readable but not machine readable, hindering reuse.
Insufficient metadata to enable data reuse is not a problem unique to metabolomics, it is also
a obstacle in proteomics. Extensive annotation about the biological samples is not required
by the Minimum Information About a Proteomics Experiment (MIAPE) guidelines, and
insufficient metadata remains a major barrier to performing meta analysis [305].
Currently, raw metabolomics data is often shared in proprietary vendor formats, rather
than in open formats e.g. .mzML [220]. This can limit reuse, as libraries that can be used to
convert data to open formats run only on Microsoft Windows operating systems [241]. There
has also been no adoption of formats that allow for the standardised sharing of processed data
such as mzIdentML [306] and mzQuantML [221], which are widely used in the proteomics
community.
A major challenge to the reuse of metabolomics data is the lack of direct comparability
between datasets. The most widely used analytical technique in metabolomics is untargeted
LC-MS, which suffers from the limitation of instrumental parameter dependent fragmentation
(e.g. collision energy and resolution) [307]. This makes it very difficult to combine the results
of multiple metabolomics studies, although this has been achieved for NMR metabolomics
data [308].
There are legal barriers that can prevent sharing of data: privacy concerns and ethical
issues. These are especially important to consider in regards to clinical human data. Alterna-
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tively, researchers may be impeded from data sharing by not owning the intellectual property
rights to data used in their studies.
Researchers fear that openly sharing data means that they will be able to generate less
publications from it [303]. This problem is exacerbated by a majority of scientists feeling
that they have ownership of any data they generate in the course of their research [309].
Whilst the finding of this research suggest that members of the metabolomics community
have been able to publish additional papers from openly available data, the sample size was
small and results may not be generalisable.
Data citations have not been widely adopted in the field of metabolomics. Of the studies
identified in this research that reused publicly available metabolomics data, the majority that
used data from >100 studies did not state precisely which studies had been reused. It also
remains challenging to measure the number of data citations.

3.5

The Way Forward in Metabolomics Data Sharing

The Ethical, Legal and Social Implications (ELSI) of sharing data from research involving
human participants should always be considered and protecting patient privacy must be a
priority. However, except potentially in the case of rare diseases, there are currently no
known means of identifying a patient from their metabolic profile. This is especially true for
large cohort studies that include many patients with the same disease. There is a far greater
risk of patient identification from genetic data than metabolomic data. However, repositories
for sensitive genomics data have been developed, the European Genome-phenome Archive
(EGA) [310] and the NCBI’s Database of Genotypes and Phenotypes (dbGaP) [311]. Both of
these repositories allow controlled access to datasets that cannot be made publicly available.
Researchers can identify studies containing data relevant to their research by searching for
diseases, variants, technology and sample type (metadata), and then apply for access to the
study. The main difference between EGA and dbGaP is who authorises access to the data.
In EGA each study has a Data Access Committee (DAC), whom users submit data access
requests to. For dbGaP, users must submit requests to access data to the NIH institute that
sponsored the study. As well as sensitive genomics data, these repositories could be used
to store a greater amount of clinical metabolomics data. To date there are 12 metabolomics
studies on dbGaP and none on EGA.
Both controlled access repositories could be improved for searching metabolomics data,
by including the ability to search by metabolites or pathways of interest. As recommended
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by the H2020 PhenoMeNal guidelines9 for encoding data terms of use in the ISA format,
metadata describing terms of use, consent availability and additional ancillary information in
the repository should be encoded using the Data Use Ontology (DUO)10 . EGA is planning to
adopt DUO within the near future but has not yet done so.
The connection between the publication review process at journals and the deposition
of data to public repositories (such as MetaboLights or Metabolomics Workshop) must also
be improved. Potential methods to enhance this connection include Research Resource
Identifiers (RRID) and project preregistration. RRID are unique, persistent identifiers that
can be used for referencing a research resource, such as software, organisms or cell lines.
Publishers could use RRID to link publications to data. Following the generation of the
experimental design, projects can be preregistered — outlining what data and analysis will
be performed prior to observing the research outcomes. Examples of repositories that allow
project preregistration include the European Bioinformatics Institute’s BioSamples [312] and
the National Center for Biotechnology Information’s BioProject [313].
In proteomics continuous identification is becoming common: data are routinely reprocessed with updated protein databases [266] in GPMDB (Global Proteome Machine and
Database) [314] and PeptideAtlas [315], allowing for the identification of additional proteins.
For metabolomics, currently the only repository that provides continuous identification is
GNPS [128]. Reprocessing data should be practiced more widely by the metabolomics community, considering that using different data analysis methods can result in the identification
of different metabolites [242–244].
Data are valuable research outputs in their own right. However, in order to give data their
full credit, a cultural shift is required to citing data themselves, rather than citing journal
articles. The metabolomics community must move away from accepting non-interoperable
summary tables as an acceptable way of disseminating data and towards requiring raw data
sharing. At the absolute minimum which metabolites were identified within a study should
be reported. Sharing both raw and processed metabolomics data, in the style of the system
used by ProteomeXchange [230] could also be adopted. For MS metabolomics, the data
exchange formats used in proteomics could be adapted.
The importance of sharing raw data, specifically, must be highlighted. Further training is
required to raise awareness as to a) what raw data is and b) why it is important to share it.
9 https://phenomenal-h2020.eu/home/,

accessed 18th April 2018.
10 https://www.ebi.ac.uk/ols/ontologies/duo, accessed 18th April 2018.
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Conclusion

Metabolomics is still lagging behind other omics in regards to data sharing. In transcriptomics
and proteomics the value of open data has been demonstrated, and there are many examples
of data reuse [265, 266]. In metabolomics, whilst journal policies exist that require data
sharing, they are not necessarily strongly enforced, and a large majority of publications do
not share their underlying data openly. This research shows that open metabolomics data is
increasingly reused, which indicates its importance.
Data sharing has become the standard in more mature communities such as genomics.
There is hope that time will lead to a similar situation in metabolomics. Funders and journals
must move to requiring open data and must insist it be deposited in dedicated repositories,
specifically developed to fulfil the needs of the community. Greater awareness must be
made to the value of sharing raw data. To allow controlled access to sensitive metabolomics
datasets, repositories such as EGA and dbGaP should be more widely utilised. There must
also be greater effort to improve the linking of data to publications and vice versa.

Chapter 4
Improving the Discoverability of
Metabolomics Tools
4.1

Metabolomics Data Analysis and Processing Software

The variety of analytical techniques used to measure specific portions of the metabolome
produce different types of data. This in turn means that multiple software tools are required
to analyse each distinct type of data e.g. NMR and MS. There are also many stages of data
processing and analysis, with the majority of software tools being designed to accept a single
instrumental data type and having functionality that covers only one or two stages of the data
analytic pipeline (see section 1.2). In total there are now more than 250 different software
tools specifically designed for processing and analysing metabolomics data [29–31].
The majority of metabolomics practitioners’ day-to-day activities now consists of a
combination of wet and dry lab work and only half have dedicated bioinformatics support
[28]. Which tools and methods to use for data analysis can be confusing for both experienced
practitioners and those new to working in this field; the sheer number of tools makes the
prospect of finding the right one daunting. The FAIR principle of findability can also be
applied to scientific software and code and it is important that users are made aware of the
range of tools available for data analysis and that those tools are discoverable and usable.
A number of resources that provide lists of metabolomics tools do exist. OMICtools [316],
is a manually curated metadatabase of tools for the analysis of omics data, containing both
commercial and open source software. Whilst it provides a lot of useful information about
software beyond its functionality, including computer skills required, licensing, programming
languages and interfaces, it does not contain other information that a user will require when
deciding which tools to use, such as accepted input formats or whether a tool is maintained.
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As it is a commercial database, users can view only 5 pages per month without signing up to
the website, which is closed source.
Ms-utils1 provides a list of tools for mass spectrometry data analysis, but it is mainly
focused on proteomics. The Fiehn lab website2 and the metabolomics society webpage3 also
contain lists of metabolomics software. Additionally, there is the Elixir run bio.tools4 , which
is a portal for bioinformatics resources, including metabolomics. However, again these are
not comprehensive lists, and are not updated to include the mostly recently released tools.
This work aims to address the limitations of the previously mentioned databases and improve the discoverability of metabolomics software tools by producing a) a taxonomy of types
of tools and b) a GitHub Pages hosted wiki (https://raspicer.github.io/MetabolomicsTools/)
that provides lists of tools as classified by the taxonomy. An accompanying review article,
Spicer et al. (2017) [29], was also produced, where the functionality provided by the most
popular metabolomics software tools was discussed.

4.2

Metabolomics Tools Taxonomy

Taxonomies are systems of classification, many of which have a hierarchical structure. During
my initial investigation of metabolomics software tools, I was frustrated by the difficulty in
finding tools that performed specific tasks, and began to manually categorize the software
I identified. At the behest of colleagues I worked to improve this system, with the aim of
making it easier for researchers to find suitable tools for their analyses. This classification
system was then reviewed by experts within the field, including the PhenoMeNal partners,
Tim Ebbels (Faculty of Medicine, Department of Surgery & Cancer, Imperial College
London) and Steffen Neumann (Stress and Developmental Biology, Leibniz Institute of Plant
Biochemistry), and improved as per their recommendations.
The current version of the metabolomics software tools taxonomy is visualised in Figure
4.1. An interactive version implemented on Coggle is also available on the Metabolomics
Tool Wiki5 , which includes direct links to Metabolomics Tool Wiki pages.
1 https://www.ms-utils.org/,

accessed 25th March 2018.
accessed 25th March 2018.
3 http://metabolomicssociety.org/resources/metabolomics-software, accessed 25th March 2018.
4 https://bio.tools/, accessed 7th May 2018
5 https://coggle.it/diagram/WpbhUR0nGfCNFhej/t/metabolomics-softwaretools/7a2ecb682f32801b2daa75171a1adf16661a2479f2a8ba107d5b26977b386aec, accessed 13th March
2018.
2 http://fiehnlab.ucdavis.edu/staff/kind/Metabolomics,
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A potential use of the taxonomy is as a training resource, to educate scientists new to the
field about metabolomics data analysis. This could be for new doctoral students or principle
investigators looking to move into metabolomics from other areas.
The taxonomy classifies software by three main categories: Approaches, Functionality
and Instrument Data Type. Approaches consists of different kinds of experimental designs,
including Targeted and Untargeted Metabolomics, measuring only specific proportions of the
metabolome such as Lipidomics, Isotopic Labelling Analysis and Multiomics. Functionality
categorizes tools by which portion(s) of the metabolomics data analysis workflow they
provide: Preprocessing, Annotation, Post-processing, Statistical Analysis, Pathway Analysis,
Workflows, Optimisation and Other Tools. Instrumental Data Types is split hierarchically
first into general categories i.e. Spectrometry, Spectroscopy and Chromatography, which are
then divided into subcategories for specific instrument types e.g. Mass Spectrometry, Raman
Spectroscopy, and then further into specific instrumental data types e.g. 1 H-1 H TOCSY NMR
or properties e.g. Centroid MS.
In the following sections 4.2.1, 4.2.2 and 4.2.3, the categories and sub-catergoies will be
discussed in further detail. All software can be assigned a functionality, however software
designed for the certain stages of data analysis: post-processing, statistical analysis and
pathway analysis, can be appropriate for all metabolomics data, and therefore may not be
assigned an approach or instrumental data type.
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Fig. 4.1 Metabolomics Tools Taxonomy. Software is classified by three categories: Approaches, Instrument Data Type and Functionality.
The taxonomy was visualised using Coggle.
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4.2.1

Functionality

Preprocessing Preliminary data processing. In MS metabolomics this typically consists
of peak picking, deconvolution, peak matching and peak alignment across samples,
but can also include baseline correction, noise reduction and smoothing, depending
on the algorithm used. Signals are generated as free induction decay (FID) in NMR
metabolomics, and must be first transformed into frequency spectra prior to any
subsequent analysis [27]. This means that the preprocessing of NMR metabolomics
data differs from MS, with the first stages consisting of zero-filling, apodization,
Fourier transformation and phase correction [317]. Later stages of baseline correction,
deconvolution, binning and peak alignment are the same as for MS, although the
precise algorithms used may vary. Software for preprocessing is therefore usually
specifically targeted at either MS or NMR data.
Annotation Metabolite annotation refers to the process by which structural information
or molecular formulas are inferred in order to identify features. It is the most time
consuming stage of metabolomics analysis for many practitioners [28]. The challenges
of metabolite annotation vary between analytical techniques: only limited structural
information can be obtained from mass spectrometry, whilst NMR has limitations in
resolution due to overlapping signals. To address these challenges dedicated software is
required, and annotation software is divided into MS and NMR. The Schymaski criteria
[214] are then used to further subdivide MS software into Level 2a — Library Spectrum
Match, Level 3 — Tentative Candidates and Level 4 — Unequivocal Molecular Formula.
These criteria were chosen over the original MSI criteria as they provide clearer
classification of metabolite annotation assignment confidence (see Chapter 2).
MS
Level 2a — Library Spectrum Match Dedicated spectral libraries that contain
spectra acquired using authenticated chemical standards, for ESI-MS/MS, MSn
and GC-MS spectra, are searched against to provide features with metabolite
annotation via library spectrum matching. Examples of databases used include
HMDB [132], mzCloud6 , METLIN [318], MassBank [137], and NIST7 . Software
can perform automatic database matching, allowing the user to search multiple
MS/MS databases simultaneously.
6 https://www.mzcloud.org/,

accessed 27th March 2018.

7 https://www.nist.gov/srd/nist-standard-reference-database-1a-v17,

accessed 25th March 2018.
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Level 3 — Tentative Candidates When it is not possible to unambiguously assign
a metabolite to a feature, it can instead be annotated with tentative candidates.
Metabolite databases (HMDB [132], METLIN [318], KEGG [135], etc.) can
be either searched manually or automatically using dedicated software tools
to annotate features with tentative candidate metabolites. MS/MS data is not
necessarily required for the assignment of tentative metabolite candidates.
Level 4 — Unequivocal Molecular Formula When there is insufficient evidence to
assign a structure to a feature, but adequate information to unambiguously assign
a molecular formula. Software tools are able to assign features with adduct,
isotope, neutral loss and fragment information. Molecular formula annotation
is appropriate for low quality MS/MS data and MS data lacking retention time
information.
NMR Identification of NMR metabolomics data features as metabolites. Like with
MS/MS data, spectral libraries that contain NMR spectra from authentic chemical
standards of metabolites are used for metabolite identification. Examples include
HMDB [132], Biological Magnetic Resonance Data Bank (BMRB) [133] and
Birmingham Metabolite Library (BML-NMR) [319]. NMR is inherently a far
more quantitative technique than MS [320], with consistent chemical shifts [217].
Software for NMR metabolite identification usually also provide quantification.

Post-processing Additional data wrangling, prior to statistical analysis (alternatively called
data pretreatment). Post-processing encompasses Filtering, Imputation, Normalisation,
Scaling, Centering and Transformation.
Filtering Applying thresholds to parameters such as signal-to-noise ratio or the
minimum percentage of samples a feature must be detected in (consensus features)
to remove features which are not found in a minimum number of samples [321].
Imputation Replacing missing values with substitute values. Methods for imputation
include: zero, mean, median, random forest, half minimum, k-nearest neighbors
(kNN), and Multivariate Imputation by Chained Equations (MICE) [322, 323].
Normalisation The abundance of features is adjusted to reduce unwanted variation
between samples (i.e. not true biological variation) [324]. Examples include probabilistic quotient normalisation (PQN), normalisation factor for each individual
molecular species (NOMIS) and remove unwanted variation (RUV) [292].
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Scaling Each feature is divided by a scaling factor, changing the emphasis to different
aspects of the data. Examples include autoscaling, Pareto scaling and Vast scaling
[281].
Centering Converting the abundance to fluctuations around zero instead of around
the mean to remove the offset [325].
Transformation Nonlinear conversions of the data that change the emphasis to
different aspects of the data [325]. Log transformations are the most commonly
used in metabolomics.
Statistical analysis Following post-processing, metabolomics data from all analytical techniques will be in the form of a matrix of signal intensities, and can be explored to
discover underlying patterns and trends. The unsupervised method principal components analysis (PCA) is generally used as an initial exploratory technique. The
supervised methods partial least squares (PLS) regression (also called projection to
latent structures), partial least squares - discriminant analysis (PLS-DA) and orthogonal partial least squares (OPLS) are also used, however these techniques have been
criticized as they can lead to overfitting [326, 327], although validation techniques
can be used to evaluate this. More recently other methods are being more widely
used as alternatives to PLS-DA [328]: principal component-discriminant function
analysis (PC-DFA), support vector machine (SVM) and random forest (RF). Univariate
analyses are also applied, with analysis of variance (ANOVA) and t-tests, along with
their non-parametric equivalents, being the most widely used [28]. These statistical
techniques are widely used across many fields and are therefore implemented in many
general statistical analysis software applications that are not specifically designed for
metabolomics analysis, as well as metabolomics specific packages.
Pathway analysis This is used to investigate which metabolic pathways are present at a
higher frequency, “enriched”, between different experimental conditions [329]. Enriched pathways are identified by searching against pathway databases such as KEGG
[135], MetaCyc [330] and SMPDB (The Small Molecule Pathway Database) [331].
Pathway analysis is important for investigating biological functionality. Many pathway
analysis applications are not specific for metabolomics, and are instead applicable to
multiple types of omics data.
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Workflows Software comprised of multiple interconnected tools, that encompass multiple,
or all, stages of data analysis. They are designed so that the majority, or the entirety of
data analysis can be performed using a single tool, rather than having to use separate
tools for each stage of analysis. The scope of workflows varies greatly, with some
including a lot of in-house software and others being workflow management systems,
combining existing tools into workflows.
Optimisation Tools designed to improve parameters and optimise feature selection, using either Experimental Optimisation or Software Optimisation. Experimental
Optimisation requires researchers to perform experiments in a specified way.
Other tools Tools that do not fit into any of the previously mentioned categories. These
tools do not have a standardised place in the analysis workflow; where they fit into
the workflow depends on their particular functionality. Examples include tools for
Experimental Design, Quality Assessment and Feature Reduction.

4.2.2

Approaches

Omics Some techniques of post-processing, statistical and pathway analysis are applicable
to all types of omics experiment, and therefore tools that provide these may have
been specifically designed for the analysis of multiple different kinds of omics data.
Included omics are: Metabolomics, Genomics, Transcriptomics and Proteomics.
Multiomics Datasets from multiple different kinds of omics e.g. metabolomics and genomics are combined into a single dataset. Functions of software tools for multiomics
datasets may be to combine individual omics datasets or pathway analysis.
Targeted or Untargeted
Targeted The abundance of only specific metabolites of interest are measured in
targeted approaches. Tools for analysing targeted data typically require the list of
measured metabolites as part of data input.
Untargeted The abundance of as many metabolites as possible are measured, within
the given input parameters e.g. m/z range. Novel metabolites can potentially be
detected in untargeted studies.
Metabolomics Sub-types The metabolome is comprised of many types of molecule, such
as amino acids, nucleotides, lipids and glycans. Some studies aim to measure only
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one of these specific subsections of the metabolome e.g. Lipidomics and Glycomics.
Tools have been developed to specifically process these types of data.
Isotopic Labelling Analysis The passage of isotopes e.g. 13 C through a system (a cell,
metabolic pathway or reaction) can be tracked, allowing metabolic flux to be measured
with absolute quantification. Software tools for isotopic labelling analysis often require
a specific experimental design: two samples that differ only in the isotopic labelling of
one specific element, with one sample being labelled and the other not.

4.2.3

Instrumental Data Type

Spectrometry “The measurement of electromagnetic radiation as a means of obtaining
information about physical systems and their components”8 .
MS An analytical technique where samples are ionised and the ions are then sorted by their
mass-to-charge ratio (m/z). Mass spectrometry (MS) is the most widely used analytical
technique in metabolomics [28], so much software has been designed for the analysis
of MS metabolomics data. Software tools generally specify the subtype of MS data
they are designed for, and the subsequent taxa expand upon these potential subtypes.
Ion Source The analyte is ionised by the ion source to produce gas phase ions, which are
suitable for resolution in the mass analyzer. There are two main types of ionisation:
Soft and Hard. Secondary-ion mass spectrometry (SIMS) is a specific type of mass
spectrometry where “secondary ions” are measured. Not all types of ionisation are
appropriate for use with every chromatography type, and some software expressly
states the ionisation type of data it is designed for.
Hard ionisation High quantities of energy are imparted onto the analyte, leaving the
molecule in an excited state. To relax, bonds are ruptured to remove the excess
energy, which results in a large degree of fragmentation. Electron ionisation (EI)
is the most commonly used type of hard ionisation. EI is generally used with
GC-MS, however there are instances of it also being used with LC-MS [332].
Soft ionisation Fragmentation is minimised by soft ionisation, as less residual energy
is imparted onto the analyte. Examples include electrospray ionisation (ESI),
chemical ionisation (CI), atmospheric-pressure chemical ionisation (APCI) and
matrix-assisted laser desorption/ionisation (MALDI). It is most common for
8 https://goldbook.iupac.org/html/S/S05848.html,

accessed April 16th 2018.
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LC-MS metabolomics experiments to use ESI. Whilst ESI is considered a soft
ionisation technique, some metabolites will fragment with neutral losses, which
is utilised for MS/MS.
SIMS The surface of the sample is sputtered by bombarding it with a high-energy
beam of primary ions. This results in the emission of secondary ions, which are
then analysed by the mass analyzer. SIMS is being increasingly used in imaging
metabolomics.

Type of Mass Analyzer Ions are separated by their mass to charge ratios and then targeted
onto detectors by mass analyzers. There are multiple different types including Ion trap,
Orbitrap, Quadrupole, triple quadrupole (QqQ), Fourier-transform ion cyclotron
resonance (FT-ICR), time-of-flight (TOF) and quadrupole-time-of-flight (Q-TOF).
Some software is specifically designed for handling data gathered using a particular
kind of mass analyzer.
Data Type There are two main types of MS data: centroid or profile. Some mass spectrometers allow for data to be specified at acquisition, others will only collect data in profile
mode. Data can be converted from profile mode to centroid by using software such as
msconvert (available as part of the proteowizard platform) [333].
Profile Peaks are displayed as curves, which are constituted of a collection of signals
acquired over multiple scans. It is easier to distinguish true peaks from noise
when data is in profile mode.
Centroid Peaks are represented as discrete m/z values with zero line width. Centroid
data has significantly smaller file sizes than profile. Some algorithms, such as
centWave [334], which is implemented as part of XCMS [335] require data to be
in the centroid format.
Multistage Fragmentation MS Multiple stages of mass spectrometry selection are used
in order to fragment precursor ions into product ions. Precursor ions (MS1) are first
selected and then fragmented (MS2) to generate products in tandem MS (MS/MS).
Sequential mass spectrometry (MSn ) involves multiple stages of fragmentation, and can
only be performed by certain trapping instruments (quadrupole ion-trap and FT-ICR).
Tandem MS is very important for enabling metabolite annotation: without MS/MS data
it can be hard to annotate beyond a molecular formula. Two frequently used modes of
acquiring MS/MS data in metabolomics are: multiple reaction monitoring (MRM) and
selected ion monitoring (SIM).
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Acquisition Mode
MRM Specific collision induced dissociations (CID) reactions can be monitored with
MRM. It is also known as selected reaction monitoring (SRM).
SIM Only a limited m/z range is detected by the mass spectrometer. Compared to
full scan mode, where a wide range of m/z values are detected, SIM is a more
sensitive technique, as every m/z is scanned for a longer period of time.
Non-hyphenated
DIMS The sample is introduced directly into the mass analyzer in direct infusion mass
spectrometry (DIMS), without the use of any chromatography or other separation
techniques. A chip-based nanoelectrospray ion source is used. It is the simplest form
of ESI-MS used in metabolomics, and is most commonly used for lipidomics analysis.
FIA-MS Flow injection analysis-mass spectrometry (FIA-MS), is a type of DIMS. It is a
more high-throughtput method than LC-MS, however suffers from the limitation of
providing only m/z, being unable to separate isomers.
Hyphenated The coupling of a separation technique to mass spectrometry. In metabolomics
is it more common to use hyphenated MS than DIMS. Hyphenated MS can be split into
chromatography based approaches and those which do not use chromatography such as:
Capillary electrophoresis-mass spectrometry (CE-MS) and ion-mobility spectrometrymass spectrometry (IMS-MS).
CE-MS Capillary electrophoresis is a liquid separation method, where differences
in intrinsic electrophoretic mobility are used to separate compounds. CE-MS is
particularly appropriate for analysing polar and charged metabolites [336].
IMS-MS In ion-mobility spectrometry-mass spectrometry (IMS-MS), ions are separated by their mobility through an inert gas [337]. More compounds can be
detected using IMS-MS compared to using MS alone.
Coupled to Chromatography A subtype of hyphenated MS, where chromatography is
coupled to mass spectrometry. MS coupled to chromatography is the most widely used
type of hyphenation in metabolomics. Analytes are separated based on their relative
affinity for the stationary phase of the column: those with a lower affinity will elute
first. The most regularly used types are liquid chromatography-mass spectrometry
(LC-MS) and gas chromatography-mass spectrometry (GC-MS).
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GC-MS In GC-MS, reproducible fragmentation patterns are produced, when ionisation is performed at a fixed voltage, and are not instrument dependent [33].
Retention times are generally converted into instrument independent retention
indices (RI), for comparison to existing databases for compound identification.
Whilst GC-MS is a robust analytical technique, it is only able to detect volatile
and thermally stable compounds and those that can be rendered volatile by chemical derivatization. This means that despite GC-MS’s greater reproducibility
and established metabolite libraries for metabolite identification, it is used less
frequently than LC-MS. GCxGC-MS, where a pair GC columns are connected
via a modulator, is also becoming an increasingly used analytical technique,
which additionally requires dedicated software [338].
LC-MS A large variety of metabolites can be detected using LC-MS, in both positive
and negative charge ionisation mode. Because of its suitability for untargeted
metabolomics, LC-MS is the most widely used analytical technique. There is
also the greatest amount of software specifically designed for the analysis of
metabolomics LC-MS data. More recently variations of LC-MS have emerged
including high performance liquid chromatography-mass spectrometry (HPLCMS), ultra performance liquid chromatography-mass spectrometry (UPLC-MS)
and liquid chromatography-high resolution mass spectrometry (LC-HRMS).

Imaging MS Mass spectrometry imaging is used to measure the spatial distribution of
metabolites within tissues [339]. Specialised software is required in order to enable
visualisation of imaging MS data.
Spectroscopy “The study of physical systems by the electromagnetic radiation with which
they interact or that they produce”9 .
NMR Nuclear magnetic resonance (NMR) is an analytical technique based on the principle
that all nuclei have spin. Certain isotopes of chemical elements have a magnetic
moment. The magnetic moments of nuclei are measured by subjecting the analyte to a
strong magnetic field from which nuclei absorb energy.
1D One dimensional NMR data has a frequency axis of chemical shifts in ppm and
an axis of intensities.
9 https://goldbook.iupac.org/html/S/S05848.html,

accessed April 16th 2018.
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NMR The most commonly used type of NMR in metabolomics is 1D 1 H
NMR, due to high abundance of 1 H in nature and low relaxation time [340].
However, a challenge is that 1D 1 H NMR spectra can contain overlapping
peaks, which some software has attempted to overcome.

2D Two dimensional NMR contains two frequency axes of chemical shifts and one
axis of intensities. In 2D NMR magnetization transfer is measured. This can
either be through bonds of the same type of nucleus homonuclear, bonds of
different types of nucleus heteronuclear or through space e.g. nuclear overhauser
effect spectroscopy (NOESY).
Homonuclear Two nuclei of the same type are correlated with each other, via magnetization transfer, through J-coupling of nuclei connected by up to a few bonds.
Some software does not specify which homonuclear analysis they are designed
for only the type of nucleus i.e. 1 H-1 H NMR, whilst others specify the type e.g.
total correlation spectroscopy (TOCSY).
TOCSY A powerful variant of correlation spectroscopy (COSY) that can detect
small couplings. The most common type used in metabolomics is 1 H-1 H
TOCSY NMR but 13 C-13 C constant-time (CT) TOCSY NMR has also
been used.
Heteronuclear Two nuclei of different types are correlated with each other. Variants used in metabolomics include heteronuclear single quantum coherence
(HSQC) and heteronuclear single quantum coherence-total correlation spectroscopy (HSQC-TOCSY).
HSQC Magnetization of the proton is transfered to the second nucleus, and
then back to the proton, improving sensitivity. In metabolomics carbon is
most frequently used as the second nucleus: 1 H-13 C HSQC NMR.
HSQC TOCSY A hybrid inverse experiment that consists of an initial HSQC
pulse train followed by a TOCSY spin lock. The most commonly used
variant in metabolomics is 1 H-13 C HSQC TOCSY.
Vibrational spectroscopy A non-destructive method of compound identification where
infrared or near-infrared is used to create vibrations in chemical species, in order to
measure the vibrational energy of compounds. It is used to collectively refer to Infrared
(IR) and Raman spectroscopy, which differ in the types of vibrations and transitions
that they measure. Some software has been designed specifically for the analysis of
these data types.
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IR A beam of light within the infrared spectrum is used to excite bonds and the
absorption and transmission of lights due to vibrations of the bonds is then
measured. It depends upon a change in dipole moment, rather than the actual
polarisation, and is sensitive to hetero-nuclear functional group vibrations and
polar bonds.
Raman Inelastic (or Raman) scattering is used to probe molecular vibrations of
analytes in order to identify molecular fingerprints, depending on a change in
polarizability. Compared to IR, it can use a much wider range of wavelengths,
but measures only a narrow type of vibration. It is sensitive to homo-nuclear
molecular bonds.

UV/Vis Ultraviolet–visible spectroscopy (UV/Vis or UV-Vis) is an absorption or reflectance
spectroscopy in the ultraviolet-visible spectral region. Whilst it is not currently widely
used in metabolomics, there is software designed for handling UV/Vis metabolomics
data.
Chromatography An analytical technique that is used to separate mixtures by the different partition coefficients of their components. In metabolomics sometimes liquid
chromatography is used without being coupled to mass spectrometry; instead other
detectors are used, e.g. diode-array detection (DAD). Therefore specific software is
required for handling this type of metabolomics data.
DAD A type of UV detector, where a photodiode array is used to record UV/Vis
absorption spectra of samples passing through LC. Like with mass spectral
detection, variations of LC-DAD, such as HPLC-DAD and UPLC-DAD, can be
used.
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Metabolomics Tools Wiki

In complement to the metabolomics tools taxonomy the Metabolomics Tools Wiki was
created. It is available at: https://raspicer.github.io/MetabolomicsTools/. The wiki aims to
provide extensive details about all included software, to enable researchers to more easily
find a tool that suits their needs. All tools are classified by their functionality, and where
relevant, instrumental data types and approaches.
The wiki was originally implemented using Markdown and was available at https://
github.com/RASpicer/MetabolomicsTools/wiki, however GitHub Markdown tables suffer
the major limitation of not being sortable without the user manually installing a plugin10 .
Therefore, the wiki was migrated to GitHub pages. The wiki is now written in HTML, with
CSS styling. JavaScript is used to automatically extract tables directly from a Google Sheet
(https://goo.gl/XpoJKi), which contains all of the information about the tools. The code for
this was adapted from https://github.com/crunchprank/google-sheets-to-html, accessed 1st
March 2018.
The main page features links to tables of tools, split into the main categories of the
taxonomy: Approaches, Functionality and Instrumental Data Type (Figure 4.2), as well as two
additional categories: Language and Software Type, which were added after feedback from
the community. Next an interactive Coggle implementation of the taxonomy is embedded.
Where a dedicated page of the wiki exists for that particular tool type, e.g. Annotation, the
taxonomy provides a direct link to this page. All taxa with blue text have a dedicated page.
The taxonomy is followed by a list of nomenclature, containing the full forms of all of the
abbreviations used in the taxonomy. Next there are instructions for adding new tools to the
wiki (Figure 4.3), including links to all tools already featured on the wiki. Practitioners are
instructed to add to tools to the wiki using the aforementioned Google Sheet. The Google
Sheet can also be used to update details about tools already on the wiki.
In total there are 43 tables of specific types of software tools on the wiki e.g. LC-MS
Tools, Statistical Analysis Tools and R Packages, of which 41 have the same page format.
They each feature a header linking to the main page, followed by the title that indicates the
type of tools included on the page and then a table including all the tools on the wiki of
that particular type. Figure 4.4 shows the Workflows page as an example of a “table of tools”
page. The tables feature links to the pages of individual tools on the wiki, as well as links to
the tools’ websites. Details of the tool’s Functionality, Instrumental Data Type, Approaches,
Software Type, Interface, Operating System (OS), Language and Last Update Date are also
10 https://github.com/Mottie/GitHub-userscripts/wiki/GitHub-sort-content,

accessed 3rd 2017
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included. All of the tables are sortable by every parameter they are comprised of. Initially the
table of tools pages included only functionality, instrumental data type and approaches, but
after responses from the metabolomics community, software type, interface, OS, language
and last update date were also added.
Compared to the other table of tools pages, the All Tools and Obsolete Tools pages
differ by including additional details about tools in their tables, however, this decreases the
readability of the tables and increases the time taken for them to load. These tables are
designed only to serve as a reference of all the tools included on the wiki, for developers
looking to see if their software are included, and are not intended for the majority of users of
the wiki.
For every tool on the wiki, we have aimed to compile the tools version, web address,
description, functionality, instrumental data type, approaches, computer skills, software
type, interface, OS, programming language written in, dependencies, license, associated
publications, PMID (PubMed unique identifier), accepted data input formats — both open
and proprietary, and dates of publication and most recent update. An example of an individual
tool page, for MetaboAnalyst, is illustrated in Figure 4.5. Whilst I have aimed to assemble as
much information about each software tool as possible, much information remains missing
as the version and license the software is available under are often not stated.
Obsolete tool pages differ from extant tool pages by featuring a red box across the top of
the page, which states that the tool is obsolete (Figure 4.6). On the wiki, only a single table,
Obsolete Tools, contains links to the individual obsolete tools pages, so that users will not be
accidentally directly towards software that is no longer available.
As of the 21st March 2018, a total of 168 extant tools are available on the wiki, along
with 13 obsolete tools. Of these 73% of tools are designed to analysis MS data and 18.45%
NMR.
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Fig. 4.2 Screenshot of the Metabolomics Tools Wiki Main Page taken on 13th March 2018.
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Fig. 4.3 Screenshot of the instructions for adding new tools on the Metabolomics Tools Wiki
Main Page taken on 13th March 2018.

Fig. 4.4 Screenshot of the Metabolomics Tools Wiki Workflows Table taken on 13th March
2018.
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Fig. 4.5 Screenshot showing an example of an individual tool page (for MetaboAnalyst) on
the Metabolomics Tools Wiki Main Page taken on 13th March 2018.
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Fig. 4.6 Screenshot illustrating an example of an obsolete metabolomics software tool,
MUSCLE, on the Metabolomics Tools Wiki taken on 13th March 2018.
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Additional Use of the Metabolomics Tools Taxonomy

PhenoMeNal (Phenome and Metabolome aNalysis)11 , is a H2020 funded e-infrastructure
that provides data analysis workflows for clinical metabolomics via a Virtual Research
Environment (VRE): the “PhenoMeNal Cloud Research Environment” (CRE). The main
workflow system used for PhenoMeNal is Galaxy [37], which allows for the integration of
multiple software tools into complete analytical workflows.
All of the tools that are currently available in the Galaxy workflows via the CRE are
displayed in the PhenoMeNal App Library (https://portal.phenomenal-h2020.eu/app-library,
accessed 10th March 2018). The App Library currently contains 61 tools, as of 10th March
2018 (Figure 4.7). The metabolomics tools taxonomy is used to categorised tools in the
PhenoMeNal App Library. The taxonomy was implemented as an AngularJS tree object by
PhenoMeNal developers.

Fig. 4.7 Screenshot of the PhenoMeNal App Library taken on the 13th March 2018, showing
that the taxonomy is used for filtering Apps.
11 https://phenomenal-h2020.eu/home/,

accessed 10th March 2018
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Discussion

Scientific software is critical for research: 91% of researchers rate software as important
for their own research and on average spend 40% of their time using software [341]. In
the metabolomics community, the majority of practitioners work in both wet and dry labs,
collecting data and then analysing it [28]. Only half have dedicated bioinformatics support
[28].
The discoverability of scientific software has been highlighted as a metric of good
software development [342]. Software should be easy to find by its functionality, without its
exact name being known. In metabolomics finding software can be challenging, as depending
on the search terms used, the majority of results are often for expensive commercial software,
which can be cost prohibitive to many researchers. The metabolomics tools taxonomy
produced in this work aims to make it easier for 1) researchers to find suitable software tools
for their needs and 2) for tool developers to classify their tools functionality. To date the
taxonomy has been used for categorising tools on the Metabolomics Tools Wiki and the
PhenoMeNal App library.
This research aimed to create a platform describing software for metabolomics data
analysis. The Metabolomics Tools Wiki also includes comprehensive descriptions of all
included software, and all software is categorised using the metabolomics tools taxonomy.
Anyone can manually add new tools to the Metabolomics Tools Wiki to inform the community
about them.
Currently in metabolomics there is a major problem of a lack of interoperability between
tools for the different steps of data analysis: the output of one tool is not always an acceptable input format for other tools for the subsequent stages of analysis. There can also be
incompatibility between dependencies and required software versions. By reporting accepted
input formats the Wiki aims to help address the lack of compatibility between tools.
However, a major limitation of the Metabolomics Tools Wiki is that I shall be unable to
maintain it long term. Whilst the wiki is far more up to date than the review, “Navigating
freely-available software tools for metabolomics analysis” [29], it is still missing many tools,
as new tools are constantly being published and the descriptions of some existing tools may
become out of date as tools are updated. It has been suggested that a more sustainable
long term solution would be to transfer the data from the wiki to bio.tools (https://bio.tools/,
accessed 7th May 2018), an Elixir run open-source registry of biological software tools. As of
7th May 2018, bio.tools contains 92 metabolomics tools, however ~10% of these are databases.
Nevertheless, a problem with this solution is that bio.tools does not provide the same level of
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granularity of tools classification as the Metabolomics Tools Wiki, with metabolomics tools
being labelled only as “Metabolomics” and “Command-line tool”, “Desktop application”,
“Web application” and/or “Library”.
An inherent disadvantage of the review paper format is that it can provide only a static
snapshot as to the state of the field at the time it was composed. Capped page or word counts
also limit the amount of information that can be conveyed in many review papers. Our review,
Spicer et al. [29] included only the most widely used tools (those with ≥ 50 citations on Web
of Science (as of 08/09/16) or the use of the tool being reported in the recent Metabolomics
Society survey [28]). If another survey were to be conducted today the tools that researchers
use may have changed, and more tools would be highly cited e.g. GNPS [128] was cited 13
times on Web of Science in 2016, but has been cited 135 times as of 27th March 2018.
Popularity is also not necessarily a good proxy for quality [343] and many novel bioinformatics algorithms are not directly compared to other existing algorithms [344]. A high
number of citations also do not mean that a resource is necessarily discoverable [345]. Older
software is likely to have acquired a higher number of citations, however it may be out of
date12 and no longer maintained. In the Metabolomics Society survey that was conducted in
2016 [28], researchers still reported using MSFACTs for GC-MS data analysis, a software
tool that has not been updated since 2003 (and which is now no longer available to download).
Our review also suffers from the limitation of not providing a direct comparison of tools,
in order to produce a ranked list of the “best” tools to perform a specific data analysis task e.g.
peak picking. Whilst there have been some reviews comparing the accuracy of peak picking
of a number of software for LC-MS and GC-MS, these reviews have mostly focused on
commercial software [242], have not optimised software parameters [346] or have not used
MS/MS data [347]. Recently there have been more studies comparing software published
[243, 348] but these have compared only 2 and 4 tools, respectively. There is also the
Metabolomics Research Group data analysis study13 , where any researchers were invited
to identify metabolites from the same set of mice LC-MS samples, however, at the time of
writing this thesis, the full results of this research have not been published. It would therefore
be beneficial for systematic reviews to be conducted, which compare larger numbers (5-10)
of freely available tools designed for specific tasks in metabolomics data analysis, using
benchmarked datasets containing only known metabolites, such as MTBLS5914 [349] and
12 https://www.the-scientist.com/?articles.view/articleNo/51260/title/Scientists-Continue-to-Use-Outdated-

Methods/, accessed 10th May 2018.
13 https://abrf.org/research-group/metabolomics-research-group-mrg accessed 19th December 2018.
14 https://www.ebi.ac.uk/metabolights/MTBLS59, accessed 10th May 2018.
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MTBLS7915 [350]. This is especially important for NMR-based metabolomics where no
such review has yet been conducted.
The Critical Assessment of Small Molecule Identification (CASMI) [138] competition
provides an alternative means of directly comparing metabolomics software. Teams compete
in a series of challenges with the aim of correctly identifying as many small molecules
as possible. To date there have been five competitions, running in 2012, 2013, 2014,
2016 and 201716 . In 2017 the categories were “Best Structural Identification on Natural
Products”, “Best Automatic Structural Identification — In Silico Fragmentation Only”, “Best
Automatic Structural Identification — Full Information” and “Best Automatic Candidate
Ranking”. The Best Automatic Structural Identification and Best Automatic Candidate
Ranking categories directly compare tools for small molecule identification. In previous
years winners have included MS-FINDER [351], IOKR [352], CSI:FingerID [353] and
CFM-ID [354]. Additional CASMI style competitions could directly compare software
designed specifically for other stages of data processing, e.g. peak picking, to find which
performed optimally.
As well as comparing data processing and analysis methods, it is also important to
examine the reproducibility of measurements between laboratories. If different instruments
detect metabolites at dissimilar levels this must be accounted for during data processing.
Over the last several years a number of ring trials have been conducted to compare the
measurement of metabolites between laboratories [355–358]. These studies have found
varying levels of replicability and have highlighted metabolites that are majors sources of
irreproducibility. Being aware of which metabolites are particularly challenging to measure
accurately will allow researchers to correct for their levels during data processing.
The FAIR principles [112] were originally written for data and not software, however
it is also important to consider the findability, accessibility, interoperability, and usability
of software. The expanded FAIR-TLC [117] principle of licensing is also highly relevant.
If software are not discoverable they will not be used, and a lack of licensing will prevent
their use. As with metadata reporting and data sharing (see chapters 2 and 3, respectively) it
is also highly important that there is standardisation of data formats, so that the inputs and
outputs of software are interoperable.
The primary means of disseminating scientific knowledge is via journal articles, which is
how the majority of scientific software are reported. However, as journal articles are static
15 https://www.ebi.ac.uk/metabolights/MTBLS79,
16 http://www.casmi-contest.org/,

accessed

10th

accessed 10th May 2018.
May 2018.
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objects, if the website address of a software tool is updated this cannot be easily changed in
the journal article, and may prevent the tool from being findable.
A final point of consideration is that mass spectrometry software developers overrate
the value of their tools, whilst users still feel many of their needs that are unfulfilled [359].
This can lead to a glut of software with very similar functionalities, but nothing that does
precisely what the user requires, leading the user to either manually analysing data or
spending significant amounts of time attempting to use general-purpose software. A goal of
this research is to increase the visibility of niche software, and hopefully begin to address
this problem by highlighting what software tools are already available.

4.6

Conclusion

There are now >250 software tools specific for metabolomics. The sheer number can make it
a daunting task for practitioners to select tools for data analysis. I have therefore produced a
taxonomy of metabolomics software tools, in order to formally categorize them. I have also
developed a GitHub Pages wiki — https://raspicer.github.io/MetabolomicsTools/, that aims
to provide extensive details about all included software, such as instrumental technology data
designed for, operating system, accepted data input formats, programming language written
in, dependencies and dates of publication and most recent update.

Chapter 5
Conclusions
5.1

Summary

Metabolomics has been defined as “the study of the entire set of small molecules present
within an organism, organ, biological tissue or cell” [1]. No single analytical technique
is able to measure the entire metabolome, due the diversity of structures and polarities of
metabolites, and instead specific fractions are measured using complementary techniques
such as MS and NMR.
There is hope that metabolomics can be applied to measure exposures, to toxicology
and precision medicine. However, for metabolomics to be utilised for these applications,
rigorous meta-analyses must be performed to ensure that measurements are reliable and
accurate across studies. For meta-analyses to be performed sufficiently annotated data must
be available. Even when datasets cannot be made publicly available (e.g. clinical data), it is
important that data is FAIR, to facilitate its reuse.
Reporting standards can be an important component in making data reusable by ensuring
metadata are reported in a consistent manner across studies; however poorly worded reporting
standards can hinder reuse. The Metabolomics Standards Initiative (MSI) guidelines were
first published a decade ago and included reporting standards for all stages of metabolomics
analysis: experimental design, biological context, chemical analysis and data processing.
Over the subsequent decade a series of public metabolomics repositories have arisen, to
which the MSI guidelines can be applied.
In chapter 2 the compliance of 483 public datasets, from five dedicated metabolomics
repositories, with the MSI biological context metadata reporting standards, were investigated.
None of the reporting standards were fully complied with in every publicly available study,
although compliance rates varied greatly, from 0 to 97%. The in vitro reporting standards
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were the least complied with and the plant were the most. The findings of this study, along
with complementary research by Considine et al. [208], indicate that the MSI reporting
standards are no longer fit for purpose and should be revisited and revised. For this the
community, data curators, publishers and funders should all be consulted. The open data that
are already available in repositories can also serve to guide the selection of updated or new
minimal reporting standards.
Compared to the other omics, metabolomics is lagging behind in regards to data sharing.
The value of open data has been clearly demonstrated in transcriptomics and proteomics, and
there are many examples of data reuse. In chapter 3 data sharing within the metabolomics
community and the reuse of open metabolomics datasets were examined. Whilst journal
policies exist that require data sharing in metabolomics, these are not necessarily strongly
enforced, and the majority of publications do not have their underlying data publicly shared.
However, the metabolomics data that is shared openly is being increasingly reused, indicating
its importance.
The PLOS publishing group has been a pioneer of mandating open data. Since March
2014, all articles have been required to share data and include data availability statements.
PLOS ONE is also one of the largest publishers of metabolomics research. It was therefore
surprising to find only 12 publicly available datasets in metabolomics repositories, published
since 2015, directly linked to PLOS ONE articles, when ~400 metabolomics papers had been
published in the same time period. Potential reasons for this discrepancy were therefore
investigated.
It was found that only a minority of metabolomics studies openly shared raw data (8.08%),
and >50 shared data only as figures. Whilst 35.4% of articles included human data, potentially
preventing data sharing due to privacy concerns, only a single paper stated that data could
not be made available due to ethical concerns, with an additional 8.1% of studies stating data
are available on request. This suggests that ethical concerns are not the primary reason for a
lack of open data sharing. Instead the findings suggest that sharing only processed data is the
standard within the metabolomics community, meaning that raw data sharing is not required
in order to comply with PLOS ONE’s data sharing guidelines. There also appears to be a
lack of understanding as to what actually constitutes raw data.
More than 250 software tools that are specific for metabolomics data now exist. The
sheer number can make it a daunting task for practitioners to select tools for data analysis,
and it can also be difficult to find appropriate tools for more niche tasks. Chapter 4 details a
taxonomy that has been developed in order to formally categorize metabolomics software
tools, along with a GitHub Pages wiki. The wiki aims to provide extensive details about
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all included software, such as instrumental technology data designed for, operating system,
accepted data input formats, programming language written in, dependencies and dates of
publication and most recent update.

5.2

Conclusions

Currently, the data reporting practices within the metabolomics community are insufficient
to enable reuse of the bulk of studies. The majority of studies do not openly share data: if
the estimate of the total number of metabolomics studies in chapter 3 (17,614) were correct,
then only 2% of metabolomics studies have deposited their data in a dedicated metabolomics
repository. Whilst this estimate of the total number of metabolomics papers is inaccurate,
sharing data in a dedicated metabolomics repository appears to be the most popular method
of openly sharing metabolomics data. The number of metabolomics studies with open data is
therefore far lower than for other omics.
In more mature communities such as genomics, data sharing has become the standard,
despite greater concerns about participant re-identification than for metabolomics. The
research in this thesis suggests that, at least in PLOS ONE, the main reason for not sharing raw
metabolomics data is not ethical concerns. Instead, it appears that the accepted community
standard is to share only processed data in tables or figures. This is concerning given the
disparity of outputs between different preprocessing software. The importance of open raw
data must accordingly be highlighted to the field. At the very minimum, all studies should
report which metabolites were identified or annotated within the study.
Where sensitive metabolomics datasets cannot be openly shared, the data can still be
made FAIR by being deposited in controlled access repositories such as European Genomephenome Archive (EGA) and Database of Genotypes and Phenotypes (dbGaP). These
repositories allow researchers to identify studies of interest by searching for diseases, variants,
technology and sample type (metadata), and to then apply for access to the study.
There are also challenges relating to the description of datasets, as a lack of appropriate
metadata can prevent studies from being reusable, or greatly increase the time taken to do
so. Openly sharing data can be a very time consuming process, and doing so with sufficient
metadata takes even longer. However, open data is only valuable if it is reusable. As funding
bodies are increasingly mandating open data, grants should include exclusively allocated
time to enable researchers to prepare their data for sharing.
To date, data citations have not been widely adopted by the metabolomics community.
The majority of studies that reused >100 metabolomics datasets did not cite each individual
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dataset. It may be unrealistic to include such a large number of citations in the body of a
journal article, however data citations can instead be included as supplementary material.
Data are valuable research outputs in their own right, and should be cited as such.
Understanding of the metabolome and the factors that affect it has greatly increased since
the MSI standards were first published a decade ago. Reporting standards for metabolomics
must be updated to reflect this. There is currently ongoing work by the Metabolite Identification task group of the Metabolomics Society to update the metabolite identification reporting
standards, new data exchange formats have been released and MERIT has been launched.
This progress is promising, however reporting standards for other stages of metabolomics
analysis must also be updated. At minimum, a sufficient amount of metadata to enable
replication of an experiment should be reported. Ideally consideration would also be given to
the minimum amount of metadata required to be able to reuse data to the fullest potential.
Ontologies or MeSH should be used to ensure metadata is reported consistently across
studies.
Scientific software is critical to metabolomics research; it is highly impractical to process
and analyze complex metabolomics data without it. However, currently many metabolomics
software tools are not FAIR. Researchers struggle to find the correct tool for their needs,
and instead end up wasting time either manually analysing data or attempting to use general
purpose software, without the functionally to meet their specific needs. There is also a
lack of interoperability between software tools, with incompatible input and output formats,
and dependencies. Additionally, not all freely available metabolomics software is correctly
licensed, preventing its reuse — if software does not have a license then it cannot be reused.
There must be efforts by metabolomics software developers to make their tools more FAIR.
It is also important the newly published algorithms and software are directly compared to
established ones, to enable researchers to better decide which tool is right for them. This
could be done by reviews, or CASMI style competitions to directly compare software for
different stages of processing e.g. peak picking.

5.3

Recommended Future Research

A commonly cited reason for not openly sharing data is fear of not being able to generate
as many publications from it, and being scooped. This fear does not appear to be justified
for metabolomics, where nearly 50% of publications that reused metabolomics data shared
at least one author with the original study. However, to date, the effect of open data on
citation rates in metabolomics has not been investigated. This would be an interesting area
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of future research as open data has been found to increase citation rates of gene expression
microarray journal articles [88]. An increase of citation rate would entice more metabolomics
researchers to make their data public.
Over recent years there has been much concern about the reproducibility of scientific
research. In a systematic review Considine et al. [208] found that only a single metabolomics
biomarker discovery study had the potential to be reproducible (although data and code were
not available so this was not tested). It would therefore be interesting to investigate whether
it is possible to repeat data analysis for metabolomics research, as has been done in other
fields [224, 360, 361]. Whilst data must be either requested or openly available for such an
analysis, there are now >1,500 publicly available metabolomics datasets, which should be
sufficient to enable this investigation. The findings of such research could be important for
updating the MSI minimal data analysis reporting standards.

5.4

Closing Remarks

Metabolomics has the potential to be utilised in many areas, and to become a valuable
clinical tool. However for this to come to fruition, a cultural shift within the metabolomics
community must occur and data sharing must become routine. I hope that research conducted
for this thesis can help to guide journal data sharing policies and future revisions to the MSI
guidelines, such as the ongoing work by the Metabolite Identification task group.
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327. Szymańska, E., Saccenti, E., Smilde, A. K. & Westerhuis, J. A. Double-check:
Validation of diagnostic statistics for PLS-DA models in metabolomics studies.
Metabolomics. 8(Suppl 1), 3–16. doi:10.1007/s11306-011-0330-3 (2012).
328. Gromski, P. S. et al. A tutorial review: Metabolomics and partial least squaresdiscriminant analysis - a marriage of convenience or a shotgun wedding. Analytica
Chimica Acta. 879, 10–23. doi:10.1016/j.aca.2015.02.012 (2015).
329. Booth, S. C., Weljie, A. M. & Turner, R. J. Computational Tools for the Secondary
Analysis of Metabolomics Experiments. Computational and Structural Biotechnology
Journal. 4(5), e201301003. doi:10.5936/csbj.201301003 (2013).
330. Caspi, R. et al. The MetaCyc database of metabolic pathways and enzymes and the
BioCyc collection of pathway/genome databases. Nucleic Acids Research. 44(D1),
D633–D639. doi:10.1093/nar/gkx935 (2016).
331. Jewison, T. et al. SMPDB 2.0: Big improvements to the small molecule pathway
database. Nucleic Acids Research. 42(Database issue), D478–D484. doi:10.1093/nar/
gkt1067 (2014).

References

169

332. Tsizin, S. et al. Comparison of electrospray LC–MS, LC–MS with Cold EI and
GC–MS with Cold EI for sample identification. International Journal of Mass Spectrometry. 422, 119–125. doi:10.1016/j.ijms.2017.09.006 (2017).
333. Chambers, M. C. et al. A cross-platform toolkit for mass spectrometry and proteomics.
Nature Biotechnology. 30(10), 918–920. doi:10.1038/nbt.2377 (2012).
334. Tautenhahn, R., Böttcher, C. & Neumann, S. Highly sensitive feature detection for
high resolution LC/MS. BMC Bioinformatics. 9, 504. doi:10.1186/1471-2105-9-504
(2008).
335. Benton, H. P., Wong, D. M., Trauger, S. A. & Siuzdak, G. XCMS2: Processing tandem
mass spectrometry data for metabolite identification and structural characterization.
Analytical Chemistry. 80(16), 6382–6389. doi:10.1021/ac800795f (2008).
336. Ramautar, R., Somsen, G. W. & de Jong, G. J. CE–MS for metabolomics: Developments and applications in the period 2014–2016. Electrophoresis. 38(1), 190–202.
doi:10.1002/elps.201600370 (2017).
337. Hinz, C., Liggi, S. & Griffin, J. L. The potential of Ion Mobility Mass Spectrometry
for high-throughput and high-resolution lipidomics. Current Opinion in Chemical
Biology. 42, 42–50. doi:10.1016/j.cbpa.2017.10.018 (2018).
338. Winnike, J. H. et al. Comparison of GC-MS and GCxGC-MS in the analysis of
human serum samples for biomarker discovery. Journal of Proteome Research. 14(4),
1810–1817. doi:10.1021/pr5011923 (2015).
339. Oetjen, J. et al. Benchmark datasets for 3D MALDI- and DESI-imaging mass spectrometry. GigaScience. 4, 20. doi:10.1186/s13742-015-0059-4 (2015).
340. Kruk, J. et al. NMR Techniques in Metabolomic Studies: A Quick Overview on
Examples of Utilization. Applied Magnetic Resonance. 48, 1–21. doi:10.1007/s00723016-0846-9 (2017).
341. Hannay, J. E. et al. How do scientists develop and use scientific software? Proceedings
of the 2009 ICSE Workshop on Software Engineering for Computational Science and
Engineering, SECSE 2009, 1–8. doi:10.1109/secse.2009.5069155 (2009).
342. Artaza, H. et al. Top 10 metrics for life science software good practices [version 1; referees: 2 approved]. F1000Research. 5(ELIXIR), 2000. doi:10.12688/f1000research.
9206.1 (2016).
343. Joppa, L. N. et al. Troubling Trends in Scientific Software Use. Science. 340, 814–816.
doi:10.1126/science.1231535 (2013).
344. Smith, R., Ventura, D. & Prince, J. T. Novel algorithms and the benefits of comparative
validation. Bioinformatics. 29(12), 1583–1585. doi:10.1093/bioinformatics/btt176
(2013).
345. Hwang, L., Fish, A., Soito, L., Smith, M. & Kellogg, L. H. Software and the Scientist:
Coding and Citation Practices in Geodynamics. Earth and Space Science. 4(11), 670–
680. doi:10.1002/2016ea000225 (2017).
346. Coble, J. B. & Fraga, C. G. Comparative evaluation of preprocessing freeware on
chromatography/mass spectrometry data for signature discovery. Journal of Chromatography A. 1358, 155–164. doi:10.1016/j.chroma.2014.06.100 (2014).

170

References

347. Lange, E., Tautenhahn, R., Neumann, S. & Gröpl, C. Critical assessment of alignment procedures for LC-MS proteomics and metabolomics measurements. BMC
Bioinformatics. 9, 375. doi:10.1186/1471-2105-9-375 (2008).
348. Li, Z. et al. Comprehensive evaluation of untargeted metabolomics data processing
software in feature detection, quantification and discriminating marker selection.
Analytica Chimica Acta. 1029, 50–57. doi:10.1016/j.aca.2018.05.001 (2018).
349. Franceschi, P., Masuero, D., Vrhovsek, U., Mattivi, F. & Wehrens, R. A benchmark
spike-in data set for biomarker identification in metabolomics. Journal of Chemometrics. 26, 16–24. doi:10.1002/cem.1420 (2012).
350. Kirwan, J. A., Weber, R. J., Broadhurst, D. I. & Viant, M. R. Direct infusion mass
spectrometry metabolomics dataset: A benchmark for data processing and quality
control. Scientific Data. 1, 140012. doi:10.1038/sdata.2014.12 (2014).
351. Vaniya, A., Samra, S. N., Palazoglu, M., Tsugawa, H. & Fiehn, O. Using MS-FINDER
for identifying 19 natural products in the CASMI 2016 contest. Phytochemistry Letters.
21, 306–312. doi:10.1016/j.phytol.2016.12.008 (2017).
352. Brouard, C. et al. Fast metabolite identification with Input Output Kernel Regression.
Bioinformatics. 32(12), i28–i36. doi:10.1093/bioinformatics/btw246 (2016).
353. Dührkop, K., Shen, H., Meusel, M., Rousu, J. & Böcker, S. Searching molecular
structure databases with tandem mass spectra using CSI:FingerID. Proceedings of
the National Academy of Sciences of the United States of America. 112(41), 12580–5.
doi:10.1073/pnas.1509788112 (2015).
354. Allen, F., Pon, A., Wilson, M., Greiner, R. & Wishart, D. CFM-ID: A web server
for annotation, spectrum prediction and metabolite identification from tandem mass
spectra. Nucleic Acids Research. 42(Web Server issue), W94–W99. doi:10.1093/nar/
gku436 (2014).
355. Martin, J. C. et al. Can we trust untargeted metabolomics? Results of the metabo-ring
initiative, a large-scale, multi-instrument inter-laboratory study. Metabolomics. 11(4),
807–821. doi:10.1007/s11306-014-0740-0 (2015).
356. Djekic, D., Pinto, R., Vorkas, P. A. & Henein, M. Y. Replication of LC–MS untargeted lipidomics results in patients with calcific coronary disease: An interlaboratory reproducibility study. International Journal of Cardiology. 222, 1042–1048.
doi:10.1016/j.ijcard.2016.07.214 (2016).
357. Siskos, A. P. et al. Interlaboratory Reproducibility of a Targeted Metabolomics Platform for Analysis of Human Serum and Plasma. Analytical Chemistry. 89(1), 656–665.
doi:10.1021/acs.analchem.6b02930 (2017).
358. Bowden, J. A. et al. Harmonizing lipidomics: NIST interlaboratory comparison exercise for lipidomics using SRM 1950–Metabolites in Frozen Human Plasma. Journal
of Lipid Research. 58(12), 2275–2288. doi:10.1194/jlr.M079012 (2017).
359. Smith, R. Conversations with 100 Scientists in the Field Reveal a Bifurcated Perception
of the State of Mass Spectrometry Software. Journal of Proteome Research. 17(4),
1335–1339. doi:10.1021/acs.jproteome.8b00015 (2018).
360. Hothorn, T. & Leisch, F. Case studies in reproducibility. Briefings in Bioinformatics.
12(3), 288–300. doi:10.1093/bib/bbq084 (2011).

References

171

361. Gilbert, K. et al. Recommendations for utilizing and reporting population genetic
anlyses: the reproducibility of genetic clustering using the program STRUCTURE.
Molecular Ecology. 21(20), 4925–4930. doi:10.1111/j.1365-294X.2012.05754.x
(2012).

Appendix A
Code and Data for Introductory Figures
Code and data for reproducing figures 1.4 and 1.6 can be found at: https://github.com/
RASpicer/thesis_introduction_figures. Analysis was performed using R version 3.5.1 with
the packages: ggplot2 version 3.0.0, reshape2 version 1.4.3. and plyr version 1.8.4..

Appendix B
Data Citations for Compliance with MSI
Reporting Standards
Pieter Dorrestein (2014) GNPS - Topobiographical molecular analysis of human skin. GNPS,
MSV000078556.
Pieter Dorrestein (2014) GNPS-Lung_cysticFibrosis_tandemMS. GNPS, MSV000078565.
Pieter Dorrestein and Forest Rohwer (2016) GnPS CF and non-CF sputa UPLC-MS/MS.
GNPS, MSV000078586.
Forest Rohwer and Pieter Dorrestein (2014) GNPS CF and non-CF sputa UPLC-MS/MS.
GNPS, MSV000078589.
Pieter Dorrestein (2014) GNPS_mouse_embryo_nanoDESI_PNAS2013_Hsu. GNPS, MSV000078590.
Pieter Dorrestein (2014) GNPS - 3D molecular analysis of skin surface_Volunteer 3-man_
Volunteer 4-Woman. MS/MS Data. GNPS, MSV000078622.
Pieter Dorrestein (2014) GNPS_mouse_embryo_nanoDESI_PNAS2013_Hsu – raw Thermo
files. GNPS, MSV000078637.
Pieter Dorrestein (2014) GNPS_mouse embryo tissue section nanoDESI data dependent
collection. GNPS, MSV000078638.
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Pieter Dorrestein and Forest Rohwer (2014) GNPS_A549 Epithelial cell Bacteria Interaction
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Pieter Dorrestein (2014) GNPS - 3D molecular analysis of skin surface_Time_Course_
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(2014) GNPS_Lipidomics charactarization of SARS infected 2B4 cells positive ionization.
GNPS, MSV000078780.
Michael Katze, Ralph Baric, Amy Sims, Katrina Waters, Dick Smith and Thomas Metz
(2014) GNPS_Lipidomics charactarization of SARS infected 2B4 cells negative ionization.
GNPS, MSV000078781.
Sarkis K. Mazmanian (2014) GNPS_Autism_MIA_mouse_model_20140808. GNPS, MSV000078801.
Pieter Dorrestein (2014) GNPS - Trace detection of skin molecules on objects_Volunteer 6.
MS/MS Data. GNPS, MSV000078816.
Pieter Dorrestein (2014) GNPS - Trace detection of skin molecules on objects_Volunteers
1-11_MS/MS Data. GNPS, MSV000078832.
Scott Kelly (2014) GNPS_Periodontitis. GNPS, MSV000078894.
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Sanjay Swarup, Amit Rai and Shivshankar Umashankar (2016) Coordinate Regulation
of Metabolite Glycosylation and Stress Hormone Biosynthesis by TT8 in Arabidopsis.
MetaboLights, MTBLS129.
Christina Ranninger, Marc Rurik, Alice Limonciel, Paul Jennings, Oliver Kohlbacher and
Christian Huber (2015) Metabolome analysis via an HPLC-ESI-MS-based experimental and
computational pipeline for chronic nephron toxicity profiling. MetaboLights, MTBLS140.
Sam Ansari, Stephanie Boue and Kim Ekroos (2015) Comprehensive systems biology
analysis of a seven-month cigarette smoke inhalation study in C57BL/6 mice. MetaboLights,
MTBLS143.
Hemi Luan (2015) Pregnancy-Induced Metabolic Phenotype Variations in Maternal Plasma.
MetaboLights, MTBLS146.
Kathleen Vermeersch and Mark Styczynski (2014) Distinct metabolic responses of an ovarian cancer stem cell line using gas chromatography mass spectrometry. MetaboLights,
MTBLS150.
Kathleen Vermeersch and Mark Styczynski (2015) ovarian serous adenocarcinoma cell line.
MetaboLights, MTBLS152.
Martina Vermathen (2015) 1H HR-MAS NMR Based Metabolic Profiling of Cells in Response to Treatment with a Hexacationic Ruthenium Metallaprism as Potential Anticancer
Drug. MetaboLights, MTBLS156.
Susann Mönchgesang, Nadine Strehmel, Stephan Schmidt, Lore Westphal, Franziska Taruttis,
Erik Müller, Siska Herklotz, Steffen Neumann and Dierk Scheel (2016) Natural variation of
root exudates in Arabidopsis thaliana-linking metabolomic and genomic data. MetaboLights,
MTBLS160.
Christopher Armstrong and Paul Gooley (2015) NMR-based metabolic profiling of Chronic
Fatigue Syndrome patients. MetaboLights, MTBLS161.
Michael Eiden and Julian Griffin (2015) Mechanistic insights revealed by lipid profiling in
monogenic insulin resistance syndromes. MetaboLights, MTBLS162.

186

Data Citations for Compliance with MSI Reporting Standards

Mesut Bilgin and Andrej Shevchenko (2015) Quantitative profiling of endocannabinoids in
lipoproteins by LC–MS/MS. MetaboLights, MTBLS163.
Simona Cristescu and Phil Brown (2016) Searching for metabolic changes in urine headspace
composition as an effect of strenuous walking. MetaboLights, MTBLS164.
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Appendix C
Dunn Post-hoc Tests for Compliance
with MSI Guidelines
Table C.1 Dunn Post Hoc Test, with Benjamini-Hochberg correction, comparing compliance
with the MSI minimal reporting standards in the MetaboLights repository.

Reporting Standard 1

Reporting Standard 2

Z

p-value

q-value

Clinical

in vitro

-1.53

0.13

0.25

Clinical

Pre-clinical

-1.33

0.19

0.28

Clinical

Plant

-1.16

0.24

0.29

in vitro

Pre-clinical

-2.80

0.0052*

0.031*

in vitro

Plant

-2.55

0.011*

0.032*

Pre-clinical

Plant

0.04

0.97

0.97

* indicates significant values
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Dunn Post-hoc Tests for Compliance with MSI Guidelines

Table C.2 Dunn Post Hoc Test, with Benjamini-Hochberg correction, comparing compliance
with the MSI minimal reporting standards in the Metabolomics Workbench repository.

Reporting Standard 1

Reporting Standard 2

Z

p-value

q-value

Clinical

in vitro

-1.20

0.23

0.27

Clinical

Pre-clinical

-0.42

0.67

0.67

Clinical

Plant

-4.34

1.41 × 10-5 *

4.23 × 10-5 *

in vitro

Pre-clinical

-1.65

0.099

0.15

in vitro

Plant

-5.11

3.26 × 10-7 *

1.95 × 10-6 *

Pre-clinical

Plant

-4.24

2.26 × 10-5 *

4.52 × 10-5 *

* indicates significant values

Table C.3 Dunn post-hoc test, with Benjamini-Hochberg correction, comparing compliance
with the MSI minimal reporting standards in the GNPS repository.

Reporting Standard 1

Reporting Standard 2

Clinical

in vitro

-1.58

0.11

0.17

in vitro

Pre-clinical

-2.34

0.019*

0.057

Clinical

Pre-clinical

-0.76

0.49

0.45

* indicates significant values

Z

p-value q-value
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Table C.4 Dunn post-hoc test, with Benjamini-Hochberg correction, comparing compliance
with the MSI optional reporting standards in the MetaboLights repository.

Guideline 1

Guideline 2

Z

p-value

q-value

Clinical

in vitro

2.60

0.0095*

0.028*

Clinical

Pre-clinical

-1.95

0.051

0.077

in vitro

Pre-clinical

0.07

0.95

0.95

* indicates significant values

Table C.5 Dunn post-hoc test, with Benjamini-Hochberg correction, comparing compliance
with the MSI optional reporting standards in the Metabolomics Workbench repository.

Reporting Standard 1

Reporting Standard 2

Z

p-value

q-value

Clinical

in vitro

3.086

0.0020*

0.0060*

Clinical

Pre-clinical

-2.36

0.018*

0.027*

in vitro

Pre-clinical

0.038

0.97

0.97

* indicates significant values
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Dunn Post-hoc Tests for Compliance with MSI Guidelines

Table C.6 Dunn post-hoc test, with Benjamini-Hochberg correction, comparing compliance
with MSI plant reporting standards between metabolomics repositories.

Repository 1

Repository 2

Z

p-value

q-value

MeRy-B

MetaboLights

-0.69

0.49

0.49

MeRy-B

Metabolomics Workbench

-2.75

0.0060*

0.036*

MetaboLights

Metabolomics Workbench

-2.05

0.040*

0.12

MeRy-B

MetaPhen

-1.53

0.13

0.25

MetaboLights

MetaPhen

-0.84

0.40

0.48

Metabolomics Workbench

MetaPhen

1.21

0.23

0.34

* indicates significant values

Appendix D
Suggested Metadata Classification
A suggested update to the Metabolomics Standards Initiative (MSI) biological context
metadata reporting standards. The existing standards are classified as either Mandatory
(should be reported for all studies), Required (should be reported for all studies where used
e.g. treatment) or Optional (reporting is down to the authors discretion). The standards are
also classified as whether they should be reported on a per sample or per study basis.
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Suggested Metadata Classification

Table D.1 Suggested update to the MSI Mammalian Clinical Trials and Human Studies
Reporting Standards. Metadata that are recommended further information under the existing
MSI standards are in italics.

MSI Classification - Clinical

Experimental
Subject
Descriptors

Experimental
Design

End Points

Mandatory/
Per Study/
Required/
Per Sample
Optional

Weight range and Height and/or BMI
Trial Type
Diet
Smoking Status
Drug Consumption
Alcohol Consumption
Metal Exposure
Malnutrition

R
R
O
O
O
O
O
O

Sample
Study
Sample
Sample
Sample
Sample
Sample
Sample

Number of Groups
Inclusion Criteria
Exclusion Criteria

M
R
R

Study
Study
Study

Fasting Status
Treatment
Treatments/ Treatment Dose
Fasting
Treatment Duration
Treatment Route
Treatment Vehicle

R
R
R
R
R
R

Sample
Sample
Sample
Sample
Study
Study

Urea
Creatinine
Hemoglobin
Hemocrit
Glucose
Total Cholesterol
HDL Cholesterol
LDL Cholesterol
Triglycerides
Total Protein

O
O
O
O
O
O
O
O
O
O

Sample
Sample
Sample
Sample
Sample
Sample
Sample
Sample
Sample
Sample
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Mandatory/
Per Study/
Required/
Per Sample
Optional

MSI Classification - Clinical

End Points

Albumin
Sodium
Potassium
Platelets
Bilirubin
ALT
ALP
-GT
White Blood Count

O
O
O
O
O
O
O
O
O

Sample
Sample
Sample
Sample
Sample
Sample
Sample
Sample
Sample

Biofluid or Tissue
Volume or Quantity of Collection
Sample Storage Temperature
Sample Storage Duration

O
M
R
O

Sample
Study
Study
Study

O

Study

O

Study

R
O

Study
Study

O

Study

O
O
O

Study
Study
Study

O
O

Study
Study

Metabolomicsrelated
sample
Blood
collection

Urine

Location of Collection
Time from Collection
to Freezing
Anticoagulant
Speed of Centrifugation
Temperature of
Centrifugation
Time of Centrifugation
Arterial or Venous Blood
Haemolysis
Mid Flow/ Total Urine
Bacteriostatic Agent
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Table D.2 Suggested update to the MSI Microbial and in vitro Reporting Standards. Metadata
that are best practice and not mandatory under the existing MSI standards are in italics.
Metadata in the category Other were not included in the original MSI guidelines, however it
was felt that these were important and should be included in the updated guidelines.

MSI Classification - in vitro

Minimal
Reporting
Standards

Harvesting Method
Time Until Quenching
Temperature from Sampling to Quenching
Quenching Method
Cell Integrity
Extracellular Metabolites Discriminated
Metabolite Extraction
Recovering from Extraction
Normalisation (Cell No.)
Sample Clean-up
Sample Storage
Sample Storage (Duration)
Quality Control
Detection Limit
Stability

M
O
O
M
O
O
M
O
O
O
R
O
O
O
O

Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study

R
R

Study
Study

Supplier
Cell Type
Immortalized or transformed

M
M
O

Study
Sample
Study

Growth container
Growth container (Supplier)
Growth Support
Growth Support (Supplier)
Growth configuration
Subculturing and splitting protocols
Inoculation size

M
O
R
O
O
R
R

Study
Study
Study
Study
Study
Study
Study

Experimental Replicates
Design
Additional -omics Datasets

Biosource

Growth
Environment

Mandatory/
Per Study/
Required/
Per Sample
Optional
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MSI Classification - in vitro

Mandatory/
Per Study/
Required/
Per Sample
Optional

Medium/ Substrate
Medium/ Substrate (Supplier)
Medium/ Substrate (Concentration)
Temperature
pH
Gas Composition
Humidity
CO2
Stirrer Speed
Evaporation
pO2
Growth Rate

M
M
M
R
R
R
R
R
R
R
R
R

Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study
Study

Treatment

Treatment
Treatment Dose
Treatment Vehicle
Treatment Time
Pretreatment
Pretreatment Time
Labeling

R
R
R
R
O
O
R

Sample
Sample
Sample
Sample
Sample
Sample
Sample

Harvesting

Harvesting Growth Phase
Harvesting Time
No. Generations Until Harvesting
Stabilization Time
Number of Culture Passages
Marker of Differentiated Stage
Harvesting Cell Density
Harvesting Depletion of nutrients

O
M
O
O
O
O
O
O

Sample
Sample
Study
Study
Study
Study
Study
Study

Sample Storage (Temperature)
Harvesting Volume

R
M

Study
Study

Growth
Environment

Other
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Table D.3 Suggested update to the MSI Mammalian Pre-clinical Studies Reporting Standards.
Metadata that are recommended further information under the existing MSI standards are in
italics.

MSI Classification - Mammalian Preclinical

Experimental
Subject
Descriptors

Strain
Additional Phenotypic Model
Age at Study Start
Age at Collection or Euthanization
Animal Supplier
Weight Range

Housing

Husbandry

Group or Individual Housing
Germ-free or Conventional
Housing
Bedding Type
Cage Cleaning Frequency
Cage Type
Environment Enrichment:
Temperature
Environment Enrichment:
Humidity

Light Cycle

Experimental-

Mandatory/
Per Study/
Required/
Per Sample
Optional
M
O
M
M
M
R

Sample
Sample
Sample
Sample
Study
Sample

O

Study

O

Study

O
O
O

Study
Study
Study

R

Study

R

Study

R

Study

Feed

Diet
ad lib or Restricted Diet

M
M

Study
Study

Water

Tap or Purified Water

O

Study

Veterinary
treatments
if any

Use of Anesthesia
Anesthesia Time
Anesthesia Dose

R
R
R

Study
Study
Study

Acclimation

Acclimation Duration
to Experimental Facility

R

Study

R

Study

Inclusion Criteria
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MSI Classification - Mammalian Preclinical

Mandatory/
Per Study/
Required/
Per Sample
Optional

Number of
Groups

Number of Groups
Sex

M
M

Sample

Treatments

Treatment
Treatment Dose
Treatment Duration
Treatment Route
Treatment Vehicle

R
R
R
R
R

Sample
Sample
Sample
Sample
Sample

Fasting

Fasting Status
Fasting Duration

R
R

Study
Study

Euthanasia method
Biofluid or Tissue
Tissue Processing
Body Weights or
Food Consumption

R
M
R

Study
Sample
Study

O

Sample

Volume or Quantity of Collection

M

Study

Sample Storage Temperature

R

Study

Sample Storage Duration

O

Study

Collection Time

M

Sample

Location of Collection
Anticoagulant

O
O

Study
Study

Collection Method
Collection Frequency
Collection Duration
Bacteriostatic Agent
Temperature of Collection
Tube

O
O
O
O

Study
Study
Study
Study

O

Study

Experimental
Design

End Points

Metabolomicsrelated
Blood
sample
collection

Urine
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Table D.4 Suggested update to the MSI Plant Reporting Standards.

MSI Classification - Plant

Biosource

Genotype
Organ/ Cell Type
Biosource Amount

M
M
M

Sample
Sample
Study

M
O
O
R
R
R
O
R
M

Study
Study
Study
Study
Study
Study
Study
Study
Sample

Treatment
Treatment Dose
Treatment Time

R
R
R

Sample
Sample
Sample

Harvest Time/Date
Plant Growth Stage
Metabolism quenching method
Harvest Method
Sample Storage

M
O
R
R
R

Sample
Study
Study
Study
Study

Growth Support (Soil/Agar/Media)
Growth Location
Plot Design
Light
Growth Environment Humidity
Temperature
Watering Regime
Nutrients Regime
Timing/ Dates

Treatment

Harvest

Mandatory/
Per Study/
Required/
Per Sample
Optional
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Table D.5 Suggested update to the MSI Environmental Reporting Standards. Metadata that
are recommended further information under the existing MSI standards are in italics.

MSI Classification - Environmental Context

Sample

Organism Taxonomy
Common Name
Genotype
Ecotype
Sample Composition
Sample Type
Phenotypic
Characteristics
Weight
Age
Sex
Development Stage

Geographic Location
Altitude/Depth
Habitat
Weather Type
Description of Any Humidity
Field Environment Precipitation
Wind Speed and
Direction
Environment
Lunar/Solar Phase
Pollutant Concentration

Mandatory/
Per Study/
Required/
Per Sample
Optional
M
O
M
M
O
M

Sample
Sample
Sample
Sample
Study
Sample

O

Sample

R
R
R
R

Sample
Sample
Sample
Sample

R
R
R
R
R
R

Study
Study
Study
Study
Study
Study

R

Study

R
R

Study
Study

Description of
Any Laboratory
Equipment

Laboratory Address
Laboratory Contact
details

M

Study

M

Study

Description of
Terrestrial
Environment

Inclination and Aspect
Substrate Type
Substrate Temperature

M
R
R

Study
Study
Study
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MSI Classification - Environmental Context
Description of
Terrestrial
Environment

Substrate pH
Substrate Organic
Context

O

Study

O

Study

Description of
Aquatic
Environment

Submerged/Emerged
Water Temperature
Tidal Phase
pH
Salinity
Dissolved (in)organic
content

R
R
R
R
R

Study
Study
Study
Study
Study

R

Study

R

Study

R
O

Study
Study

R

Study

R

Study

R
R

Study
Study

R
O

Study
Study

O

Study

R

Study

O

Study

O

Study

R

Study

Environment
Description of
Atmospheric
Environment

Description of
Biotic
Environment

Process

Mandatory/
Per Study/
Required/
Per Sample
Optional

Atmospheric
Temperature
Atmospheric pressure
(In)organic content
Description of host
organism
Relationship of
organism(s) to host
pH
Temperature

Description of
capture/sampling
of sample or
organism(s)

Capture Method
Reason for Capture
Other Capture
Parameters

Description of
storage/
preservation of
sample(s)

Storage/Preservation
Medium
Reason for Storage/
Preservation
Temperature

Description of-

Type of Housing
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MSI Classification - Environmental Context

Process

Mandatory/
Per Study/
Required/
Per Sample
Optional

Description of
maintenance of
organism(s)

Reason for Maintenance
Feeding Regime
Cage Dimensions

O
R
O

Study
Study
Study

Description of
transportation of
samples or
organism(s)

Means of Transport
Reason for
Transportation
Other Transportation
Parameters

R

Study

O

Study

O

Study

Description of
acclimation of
organism(s)

Type of Housing
Reason for acclimation
Other acclimation
parameters

R
O

Study
Study

O

Study

R

Study

Description of
general
manipulation
of sample or
organism(s)

Manipulation type
Description of
manipulation procedure
Reason for
manipulation
Other manipulation
parameters

O

Study

O

Study

O

Study
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