Bridging the Gap Between Analytical and Microbial Sciences in Microbiome Research
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Abstract: Metabolites produced by the microbiome influence human, animal, and environmental
health, but the diversity and functional roles of these compounds have only begun to be
elucidated. Comprehensively, profiling, identifying, and quantifying these molecules are
significant challenges, as it requires expertise in analytical methods, such as mass spectrometry
and nuclear magnetic resonance spectroscopy, skills that not many traditional microbiologists or
microbial ecologists possess. This creates a gap between microbiome scientists that want to
contextualize the role of microbial metabolites in systems biology, and the skills required to
generate and interpret complex metabolomics datasets. To bridge this gap, microbiome
scientists must engage analytical scientists to best understand the underlying chemical and
physical principles of the data. Conversely, analytical scientists must engage with microbiome
scientists to better understand the biological questions being asked with metabolomics data and
to best communicate its intricacies. This scientific dialogue is most beneficial if it begins at a
project’s inception and is maintained throughout the analysis steps. There is also a co-evolving
need for cheminformatic information exchange to bridge the gap between the instrumental data
and biological interpretation. Simple raw or minimally processed data dumps are insufficient for
most microbiome scientists to interpret. Collaborative data translation must occur to ensure that
biologists appropriately interpret the complex spectral information, which is often rife with
misinterpretation and ambiguous annotation. This two-way engagement must occur at the level
of basic scientists, group leaders, and institutional core centers that generate both the samples
and the analytical data. Better communication across the chemistry/biology disciplines will
further enable the understanding of the ‘dark matter’ within microbiomes that maintain healthy
humans and healthy environments.

Main Text

The chemical language of microbes is almost infinitely diverse. By this very nature, we poorly
understand the molecules that make up the text of their metabolic narratives. Many tools are
available to decipher the microbe-microbe and microbe-host chemical interactions, with some of
the most powerful being mass spectrometry (MS) and nuclear magnetic resonance (NMR)
spectroscopy. These highly advanced and technical instruments are the Rosetta Stones of
microbial chemical ecology, because they enable translation of these chemical languages.
Many impactful discoveries have been made with these tools demonstrating how microbial



chemistry promotes health, disease, immunity and metabolism of xenobiotics in both human
and environmental systems (1-5). Newly evolving technologies, such as metabolomics, enable
more comprehensive assessments of the chemicals within a biological system. The aim of
metabolomics is the large-scale quantitative and qualitative characterization of the small
molecules present in a biological sample, which represent the functional outputs of the
microbiome, its host and/or its environment. However, challenges exist in interpreting the
complex and highly technical data that metabolomics analyses provide. These challenges are
becoming more pronounced as the capacity to generate in-depth MS and NMR data on
microbial metabolomes grows. While it is becoming routine to capture this chemical information
with high degrees of accuracy, interpretation of its biological meaning, particularly relating to
microbiomes, requires extensive insight and some degree of validation of the chemical species
identified. Chemical ambiguity can be problematic in microbiome science, as it is the actual
chemical structure that determines the function of a microbial metabolite. For example, chemical
changes a subtle as unique epimers of bile acids induced by the microbiome can have dramatic
effects on host immunity (2). Identification of these microbiome-dependent or microbiome-
altering metabolites and their biological activities continues to be an active area of research,
since the identities of many microbial metabolites have not yet been elucidated (6—8) and the
biological context begins with metabolite identification. Thus, there is dire need for an in-depth
dialogue between analytical scientists who generate the metabolomics data and the microbiome
scientists who aim to interpret it.

The concept of metabolite identification and quantification exists on a spectrum of
certainty.

An important concept in analytical chemistry and metabolomics is that there is a
spectrum of certainty regarding the annotation and quantification of all metabolites, depending
on the methods and analytical approaches used. Biologists are cautioned to not assume that a
molecule identified from even the best metabolomics informatics pipelines is a known
compound without some further validation. Confidence in chemical identification is dependent
on the analytical platform, quality of the data and access to chemical standards. Analytical
platforms (NMR or MS) employ various mechanisms for distinguishing one chemical from
another (selectivity) and have differing ability to detect lower abundance chemicals (sensitivity).
Depending on the metabolomics platform, metabolite identification can be highly certain to
merely a marginal association, and biological interpretation will depend on this degree of
analytical (un)certainty (Fig. 1). Traditionally, unambiguous chemical identification requires
matching an authentic standard with experimentally-derived spectra and associated retention
times, drift times, or chemical shifts (9). The use of in-house libraries derived from analyses of
authentic reference standards (acquired under identical analytical conditions as study samples)
is the preferred approach for high confidence identifications. However, authentic microbial
standards are often not available for recently discovered chemicals or metabolic pathways,
which limits the ability to validate the identity of these molecules and their associated functions.
In some cases, such as in the absence of authentic standards, there is an additional need for
the synthesis or isolation and co-characterization of metabolites to confirm the identity. These
validation approaches are vital for reproducible microbiome research and dissemination of
metabolite data from microbiomes across laboratories.

However, extensive validation of a chemical’s structure with labor intensive analytical
rigor may not always be required depending upon the goals of a microbiome scientist.
Microbiome scientists can obtain valuable information about a biological system without the
need to identify, for example, the stereochemistry of a particular chemical group. Instead,
annotation at the molecular family level can still be valuable, as one can assess overall
chemical shifts from a host or environmental perturbations. Microbiome scientists can further
calculate diversity measures (both alpha- and beta-diversity) using metabolomics data, whether



the metabolites measured are annotated or not, and these metrics can reveal important
biological phenomena, such as resistance and resilience of a microbiome system. Recent
advances in MS data analyses have furthered the biological information that can be mined from
spectral data without knowledge of a metabolite annotation, such as molecular networking (10)
and capture of chemical mass shifts between related molecules (11). Herein lies the need for
dialogue between microbiome scientists and analytical scientists to learn from one another
about what can be harnessed from metabolomics data and how to best interpret that
information.

Similarly, quantification of metabolites in microbiome studies can be done from the level
of precise concentrations to relative changes in abundance. This too must be interpreted
appropriately. It is important for the microbiome scientists to know that accurately quantifying a
compound comes at the cost of measuring only a few compounds at a time. The thousands of
metabolites measured in an untargeted metabolomics experiment will only be quantified in
relative abundance across samples. However, this too is a concept microbiome scientists are
guite familiar with, creating a common place for dialogue and sharing of strategies for the
analysis of multi-variate and relative data. Much of the data analyses approaches commonly
used in omics studies were developed by ecologists and fine-tuned by microbial ecologists (12,
13). Thus, it is important for microbiome scientists to communicate to the more analytically
inclined that many of these approaches can be applied to metabolomics datasets with the
potential to enrich their interpretability (14). Another important concept in metabolomics is its
untargeted or targeted nature. For example, a metabolite or a panel of metabolites identified as
important in a discovery study can then be rigorously quantified in a confirmatory or replicating
study, reducing the cost by narrowing down the number of targeted metabolite analyses.
Parallels exist in microbiome science as well, such as gPCR-based targeting of specific genes
for rigorous quantification compared to more exploratory metagenomics methods for
characterizing a microbiome’s genetic complement.
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Fig. 1. The spectrum of (un)certainty in identifying and quantifying microbial metabolites.

Bridging the gap

Analytical scientists, many of which work in, or are in charge of, institutional core
centers, are highly encouraged to transparently discuss the challenges and intricacies of
metabolomics data for microbiome samples at the initial stages of a project’s discussion and



maintain a continuous dialogue through its completion. This includes explaining the spectrum of
certainty described above and the per sample cost of targeted and untargeted analysis.
Analytical scientists are also encouraged to learn the details of the microbiome to be studied,
such as field conditions for naturally acquired samples, or growth media composition for
laboratory-derived samples. Resources are needed at academic and federal institutions to
provide core centers and analytical chemists time and resources to work with microbiome
scientists to avoid the inevitable ‘data dump’ that can lead to either incorrect biological
interpretation or wasted effort on data that is never fully analyzed. In turn, many microbiome
scientists are well versed in analytical methods, but most do not have the academic or technical
training to interpret raw metabolomics data. Thus, educating oneself in the types of
metabolomics platforms and instruments used is one step towards improving the dialogue.
Perhaps more importantly, there is also a need to explain to the analytical scientists a project’s
specific goals. Most analytical scientists are unaware of the statistical approaches that can pull
out biological information from multi-omics datasets even without labor intensive accurate
guantification and annotation of compounds. Diversity indices, machine learning approaches
and multi-omics integration can provide biological insights at the dataset scale (15-17). If
accurate quantification is required, and it often is, this must be explained to the analytical
scientist so they can appropriately design an assay and provide a fair cost estimate.

The need for cheminformaticians in microbiome science.

We propose that research institutions, core centers and academic labs, support and train
‘cheminformaticians’ to bridge the gap between the highly technical science of metabolomics
and the urgent need to understand the role of microbiomes in human and environmental health,
The desired dialogue described above is intensive and time consuming, prohibitively so for
many core centers and academic labs. Thus, including and training individuals with experience
in interpreting the technical language of metabolomics data but with a microbiome/biological
background is highly beneficial. This is akin to the early years of genomics in microbiology,
when labs with bench microbiology experience began to need bioinformaticians to help interpret
the genomic data that they were generating. We advocate for funding agencies, academic
institutions and Pls to advertise the need for and training of ‘cheminformaticians’ in microbiome
science to develop a workforce of analytical language translators who can bridge the gap
between microbiome and analytical science. Together this will lead to new and exciting findings
about our microbiome’s metabolic narratives.
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