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With advances in high-throughput sequencing technology and decreasing costs,

microbiome science has permeated all fields of biological research, enriching our under-

standing of the essential roles microbes play in host biology. However, with this added

information comes added complexity; teasing out the effects of thousands of microbes on

host biology amongst variations in host genetics, diet, microbial exposures, xenobiotic

exposures, and other factors is exceedingly challenging. Murine models, which allow for
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control of many confounding factors, have been crucial for unraveling the complexity of

host-microbe interactions. They allow for targeted exploration of microbiome dysbiosis,

and the resulting downstream health consequences. In this dissertation, we sought to lever-

age the utility of the murine model to understand (a) how the microbiome influences the

chemistry of the whole-organism and (b) how does this change with microbial dysbiosis.

Chapters 1 & 2 serve as background and motivation for this work. Conducting a

microbiome study, from experimental planning to analysis, warrants special considerations

to generate accurate and useful results. Chapter 1 discusses these considerations and com-

mon pitfalls, summarizing how to study the microbiome. Chapter 2 highlights an example

of why host-microbe interactions are important to study, investigating how microbiome

dysbiosis affects drug metabolism.

Chapter 3 focuses on work utilizing a 3-D mouse model to understand the whole-

organism impact of the microbiome. In 3.1, we compare the metabolomes of germ-free to

specific-pathogen-free (SPF) mice at 96 different sample sites across 29 organs to under-

stand how microbes influence the chemistry of an entire mammal. In 3.2, we use a similar

3-D mouse model to investigate how antibiotics, a common agent of dysbiosis, alter the

microbiome and metabolome across a whole-organism. Chapter 4 utilizes a murine model

to focus on pathogen-induced dysbiosis in one specific body site, the vaginal tract, and

how a urogenital pathogen interacts with commensal flora.

Overall, this dissertation highlights how host-associated microbiomes have far rang-

ing impacts across the entire organism, and, how agents of dysbiosis can impact host

chemistry and commensal microbial communities.
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Chapter 1

Current methodologies and

considerations for studying the

microbiome
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1.1 Best practices for analysing microbiomes

Complex microbial communities shape the dynamics of various environments, rang-

ing from the mammalian gastrointestinal tract to the soil. Advances in DNA sequencing

technologies and data analysis have provided drastic improvements in microbiome analy-

ses, for example, in taxonomic resolution, false discovery rate control and other properties

over earlier methods. In this Review, we discuss the best practices for performing a mi-

crobiome study, including experimental design, choice of molecular analysis technology,

methods for data analysis and the integration of multiple ‘-omics’ data sets. We focus

on recent findings that suggest that operational taxonomic unit-based analyses should be

replaced for new methods that are based on exact sequence variants, methods for inte-

grating metagenomic and metabolomic data and issues surrounding compositional data

analysis, where advances have been particularly rapid. We note that although some of

these approaches are new, it is important to keep sight of the classic issues that arise dur-

ing experimental design and relate to research reproducibility. We describe how keeping

these issues in mind allow researchers to obtain more insight from their microbiome data

sets.

1.1.1 Introduction

Advances in DNA sequencing technologies have transformed our capacity to in-

vestigate the composition and dynamics of complex microbial communities that inhabit

diverse environments from mammalian gastrointestinal tracts to deep ocean sediments.
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These developments have led to vast increases in the number of microbiome studies being

performed in many fields of science, from clinical research to biotechnology. With this

transformation, researchers are often left holding massive amounts of data and confronted

with a bewildering array of computational tools and methods for analyzing their data.

Conducting a robust experiment is not trivial in microbiome research, and as with any

study, experimental methods, environmental factors and analysis methods can impact re-

sults. Standards for data collection and analysis are still emerging in the field, yet many

compelling results can be achieved with current practices.

Microbiome analysis methods and standards are rapidly advancing. In particular,

recommendations concerning differential abundance testing, using exact sequence variants

rather than operational taxonomic units (OTUs) and performing correlation analysis have

evolved quickly in the past two years. We can expect a similar pace of development in sev-

eral other areas, including metagenomic taxonomy and functional assignment; integration

of data sets from multiple sequencing runs; and further improvement in machine learning,

compositional data analysis and multi-omics analyses. However, many of the most fun-

damental issues that concern microbiome studies arise from statistical and experimental

design issues. The most important challenge for the field is to integrate new approaches

that are unique to microbiome studies, while remembering standard practices that are

broadly applicable to all scientific studies.

Although it is impossible to be fully comprehensive in one article, this Review aims

to provide straightforward guidelines for designing, executing and analyzing a microbiome

experiment, with particular focus on human, model organism and environmental micro-

3



biomes. We direct the reader to more specialized reviews on specific topics where these

exist.

1.1.2 Experimental design

Designing an experiment that generates meaningful data is an important first step

in your analysis. Typical scientific questions, such as case-control and longitudinal inter-

ventions or studies can all be studied in the context of the microbiome. Researchers can

identify potential differences in microbial community structure and composition, genetics,

or functional variation either between separate communities or over time. Notably, the

general approach to microbiome analysis is applicable regardless of sample origin (Box

1). However, specific details of the analysis may depend on the sample origin; for exam-

ple, 16S ribosomal RNA (rRNA) amplicon regions have variable success among different

sample types in recapitulating results from metagenomic sequencing data [195].

Other primary considerations when assessing different sample types are experimen-

tal design and sample collection. We have observed many confounding issues during human

microbiome studies, and therefore we emphasize the importance of experimental design

when performing these studies, though often many of the same considerations apply to

animal models and environmental samples (Box 2).

Meticulous experimental design is crucial for obtaining accurate and meaningful

results from microbiome studies. Many confounding factors, if not controlled, can obscure

patterns in microbiome data (Figure 1.1). Careful curation of metadata, appropriate

controls, including extraction and reagent blanks, and thoughtful study designs that isolate
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Figure 1.1: Experimental design considerations for microbiome experiments.
Conducting a robust microbiome experiment warrants careful attention to numerous fac-
tors.a Stratification by potential confounders (for example, age, gender, diet, lifestyle
factors and medications) can help resolve differences in microbiota between groups of in-
terest that might otherwise be masked by a confounder effect [83]. b Longitudinal studies
are especially powerful as they both control for confounding factors and allow for the as-
sessment of community stability [107]. c For all studies, standardizing technical factors
and sample processing are essential to control for variation introduced by kit reagents,
primers, sample storage and other factors. The collection and curation of metadata about
all aspects of each sample, from clinical variables to sample processing, are crucial for
data interpretation; without metadata, it is difficult to draw meaningful conclusions from
sequencing data. d Similar considerations apply to animal studies, though the additional
impact of coprophagy must be addressed in experimental design.
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and interrogate variables of interest are all essential.

First, the scope of the experiment must be defined, and an appropriate experimental

design selected for the question of interest. For example, cross-sectional studies are useful

for finding differences in microbial communities between different human populations, such

as healthy individuals and those with diseases, or individuals living in different geographic

regions. However, due to the large variation in the microbiome between individuals and

the profound influence of lifestyle [77, 215], diet [338], medication [83, 129] and physiology,

differences between populations may arise from factors other than the disease of interest.

For example, initial reports of changes in the microbiome in diabetic individuals were con-

founded by effects of the drug metformin [83]. Longitudinal studies, especially prospective

longitudinal studies that collect baseline samples before disease onset, can help resolve

these issues, although they are more expensive. For ease in downstream statistical analy-

ses, longitudinal studies should plan the timing of sample collection carefully: for human

studies, this may mean collecting samples at identical time points for each subject. Inter-

estingly, community instability rather than the specific taxa present at a single time point

can be a strong predictor of disease activity [107]. For example, individuals with inflam-

matory bowel disease (IBD) exhibit greater microbiome fluctuations than control cohorts

[107]. Interventional studies, including double blind randomized control studies, are espe-

cially useful for identifying specific effects of a course of treatment on the microbiome and

disease state. Designing a study with an analysis plan and specific experimental questions

to interrogate can help determine the sample size. For example, to test the effects of a new

broad-spectrum antibiotic on the mouse gut microbiota, more samples may be required
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to look at specific taxa shifts compared to assessing how alpha diversity (a quantitative

measure of community diversity) changes with antibiotic treatment, as baseline microbiota

composition varies between mice. The antibiotic may be expected to decrease alpha diver-

sity in all mice, but it could perturb their microbial community composition in different

ways. For any study design, appropriate methods to assess statistical power should be

employed in order to discern technical variability and real biological results [138]. How-

ever, statistical power and effect size analysis remains a challenge in microbiome research

[58]. Some methods that are currently used for power and effect size analysis are based on

PERMANOVA [138], Dirichlet Multinomial [155] or random forest analysis [143]. As these

methods are further developed to integrate metagenomics, metatranscriptomics, metapro-

teomics and metabolomics data sets, study design and selection of appropriate sample size

will also improve. For specific experimental design considerations, we recommend review-

ing the design of other successful studies with similar sample types and desired outcomes.

We expand on important considerations for microbiome experimental design below.

1.1.3 Box 1. Good working practices

It is crucial for microbiome analyses to be reproducible. Similar microbiome studies

can often have conflicting results, and without proper documentation of sample collection,

data processing and analysis methods, it is difficult to re-examine the data and reconcile

these differences. As the field evolves, it will be necessary to re-visit early experiments

and potentially re-analyse the data with updated tools. Reproducibility is paramount for

this process to be possible and efficient. When collecting samples, details of the collection
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process should be recorded in the experimental metadata to ensure that as much variability

as possible is accounted for. Additionally, the Genome Standards Consortium minimum

information standards (MIxS) for marker genes (MIMARKS) and metagenomes (MIMS)

[347] should be followed. These unified standards enable comparisons across data sets.

During bioinformatics processing, researchers should track all the commands that they run

and all software versions that they use and deposit their raw data and metadata in public

repositories. We recommend using tools such as Jupyter Notebooks1 or R Markdown2 to

facilitate this and then storing the notebooks in a revision control management system such

as GitHub3. Some software packages, such as QIIME 2 [39] and Galaxy4, automatically

track this information for researchers through an integrated data provenance tracking

system. Qiita5 and EBI6 are powerful meta-analysis and data archiving tools, respectively,

and when combined, allow a researcher to analyse their microbiome data in the context

of tens of thousands of other samples, which enables the data to be re-used by future

researchers.

1.1.4 Box 2. Considerations for different microbiomes

Although microbiome data analysis methods are widely applicable to many sample

types and environments, experimental design and method selection require careful consid-

eration for different sample types. First, one must consider the composition of the sample

1https://jupyter.org/
2https://rmarkdown.rstudio.com/
3https://github.com/
4https://usegalaxy.org/
5https://qiita.ucsd.edu/
6https://www.ebi.ac.uk/ena
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and feasibility of use for different methods. For samples that are heavily contaminated

with non-microbial DNA, such as tissue, shotgun metagenomic sequencing may not be

feasible without non-microbial DNA depletion. Depending on the experimental question,

samples heavily contaminated with relic DNA from dead microorganisms, such as soil

samples, may require physical removal of relic DNA by propidium monoazide [43] or other

methods before DNA extraction. The amount of sample to collect is also determined by

sample type. Whereas a high-biomass faecal sample may only require a swab, samples

with low microbial density may necessitate larger volumes and potentially concentration

for sufficient DNA extraction. For example, ocean microbiome samples are usually large

volumes of water run though a filter to trap and concentrate the target organisms before

DNA extraction [289]. Though in all cases, appropriate controls should be included, and

low-biomass environments, such as blood, spinal fluid or laboratory clean rooms, partic-

ularly necessitate controls that have gone through the entire sampling process to fully

characterize contaminants. DNA contaminants can be found in numerous reagents, in-

cluding swabs, DNA extraction kits and PCR reagents [260]. Furthermore, the method

of sample preservation is dictated by both analysis method and sample type. For exam-

ple, metatranscriptomics requires an RNase inhibitor, and metabolomics requires sample

preservation that does not interfere with metabolite extraction or data collection.

In addition to sampling considerations, study design and metadata collection also

require careful tailoring to sample type and environment. For example, animal studies

require an evaluation of co-housing cage effects and should stratify experimental groups

into multiple cages. Fresh samples should be collected, and the mouse of origin should be
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recorded in the metadata. Environmental samples require collection of metadata related

to environmental conditions, such as pH, salinity, elevation, and depth for soil samples.

The manner of collection is highly dependent on sample type and cannot be detailed for all

possible samples in this Review. We recommend consulting well-validated protocols related

to the sample type of interest. In any case, methods of collection, preservation and storage

in a study should remain consistent across all samples to avoid introducing confounding

variation. Sample composition can be affected by outgrowth of certain microorganisms

during storage at room temperature [6].

Defining controls and exclusion criteria

Defining clear inclusion and exclusion criteria limits confounding covariates. For

instance, variability in recovery time from antibiotics among individuals [63] suggests that

individuals that were treated with antibiotics in the preceding 6 months should be excluded

from most microbiome studies. Similarly, recovery of the skin microbiome after hand

washing takes ∼ 2 hours [80].

In case-control experimental designs, controls must be appropriately selected and

matched. Age and sex are common control criteria, despite the relatively weak effect of

sex on most human microbiomes across body sites [52, 126], while other variables such as

medication and diet are often more important confounders to control for. The relative effect

sizes of these microbiome variables are still emerging [58]. Collection of comprehensive

clinical data collection is crucial for identifying confounders that cannot be controlled.

This topic has been extensively reviewed in Ref. [187]. Environmental studies must also
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account for similar confounders, as plot-to-plot variation is a widely recognized confounding

phenomenon in the ecological literature that should be addressed with nested statistical

tests [244].

Animal models

The predominant animal models for studying the microbiome are rodents, such

as mice. Other models with varying microbial complexity such as bobtail squid, insects

or zebrafish are often useful for studying specific interactions between host and microor-

ganisms (for example, how the microbiome and the host genetics influence each other)

[147]. Nevertheless, rodents are often preferred because they are well-characterized and

have many physiological similarities to humans. Rodent microbiome studies require par-

ticularly careful design. As rodents are coprophagic, cagemate fecal microbiomes become

more homogenous over time, so experiments must be replicated across multiple cages to

control for cage effects [251]. Parental effects also necessitate randomizing littermates be-

tween cages and allowing for normalization. Single-housing stresses mice [248], and is thus

often technically or ethically infeasible. Even genetically identical rodents may differ in

their microbiomes due to environmental factors including diet, litter, vendor, shipment and

facility [165, 88]. Additionally, early life microbial exposures greatly impact the established

microbiota and can influence immune system development [277]. Similar considerations

apply to other co-housed model organisms, for example, zebrafish [281].
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Technical variation

Technical variability among experimental methods ranging from DNA extraction

to sequencing is high [275, 51]. The same reagent kits must be used for all samples in a

study [260], and multiple baseline samples should be collected to assess intrinsic variability

among time points in longitudinal studies. Using blanks during sampling, DNA extraction,

PCR and sequencing is essential for detecting contamination. Reads that are derived from

microorganisms introduced as contaminants or that grow during shipping can sometimes

be reduced during analysis [6], though samples should be at -80 °C when possible [84]. For

field studies or other situations where freezing is not possible, ambient storage methods,

such as 95% ethanol or commercial products such as RNAlater or the OMNIgene Gut kit

can be used [279]. Mock communities (reference samples with a known composition) are

useful for standardizing analyses [320], as is including the same standard specimens in each

DNA sequencing run [46]. In general, reconciling microbiome data that were generated

using different methods remains an unsolved challenge.

Depending on the scope of their experiment (which includes the overall experimental

design, sample types and source, sequencing method, and other factors that are discussed

below), researchers can aim to gain a broad, community-level overview of their samples, a

detailed genomic-level understanding, or even characterization of the functional variation

in microbial communities.
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1.1.5 Sequencing targets and methods

Different methods for surveying microbial communities, including marker gene,

metagenome and metatranscriptome sequencing, can produce varying results. All widely

used methods have strengths and weaknesses, so the question, hypothesis, sample type

and analysis goals should inform the choice of method Table 1.1. Here, we discuss the

trade-offs between cost, robustness, resolution and difficulty for marker gene, metagenome

and metatranscriptome sequencing. We outline the best workflow for each method in

(Figure 1.2). To attain a high-level, but low-resolution overview, the preferred method is

marker gene sequencing. Metagenomic sequencing provides more detail by analysing the

total DNA in a sample, allowing strain-level resolution and detection of genes that can pro-

vide information on molecular functions. We also discuss metatranscriptomic sequencing

of total RNA, which is used to characterize gene expression in the microbial community.

Marker gene analysis

Marker gene sequencing uses primers that target a specific region of a gene of

interest in order to determine microbial phylogenies of a sample. This region typically

contains a highly variable region that can be used for detailed identification, flanked by

highly conserved regions that can serve as binding sites for PCR primers. Marker gene

amplification and sequencing (such as 16S rRNA for bacteria and archaea and internal

transcribed spacer (ITS) for fungi) is a well-tested, fast and cost-effective method for ob-

taining a low resolution view of a microbial community. This approach works well for

host DNA contaminated samples, such as tissue and low-biomass samples. However, be-
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Figure 1.2: Best workflow for 16S ribosomal RNA, metagenomic and meta-
transcriptomic sequencing.After careful design and sample collection, microbiome data
are generated from 16S ribosomal RNA (rRNA), metagenomic or metatranscriptomic se-
quencing. After performing 16S rRNA sequencing, we recommend using Deblur [7] to
resolve sequence data into single-sequence variants called sub-operational taxonomic units
(sOTUs). Although DADA2 and Deblur achieve similar results, Deblur is an order of mag-
nitude faster than DADA2, is parallelizable and shows greater stability (that is, it obtains
the same sOTUs across different samples) [7]. Metagenomics and metatranscriptomics first
require preprocessing to remove either host DNA or rRNA and host RNA. The resultant
sequencing data can be analysed by either read-based profiling using state-of-the-art tools,
such as Kraken [337], MEGAN [125] or HUMAnN [3], or by assembly-based analyses, with
tools such as metaSPAdes [20] and MEGAHIT [166]. For each of these three methods,
higher-level analyses (for example, alpha and beta diversity, taxonomic profiling and ma-
chine learning) are subsequently used to find overall patterns in microbiome variation.
Random forests regression has been effective in many applications, ranging from dating
time since death of a corpse [196] to providing an index for microbiome maturation [286].
SourceTracker [144], a Bayesian estimator of the sources that make up each unknown com-
munity, is useful for classifying microbial samples according to environment of origin [161].
ITS, internal transcribed spacer.

15



cause DNA sequences vary in these primer-amplified regions, primers do not have equal

affinity for all possible DNA sequences, and consequently induce bias during PCR ampli-

fication. Other sources of inherent bias in marker gene sequencing include variable region

selection, amplicon size [314], and the number of PCR cycles [30]. Low-biomass samples

are particularly susceptible to bias introduced by over amplification – as the PCR cycle

number increases, contaminating microorganisms are increasingly over-represented [260].

Optimizing primer selection can help mitigate bias, but this requires a priori knowledge

of microbial community composition to assess taxonomic resolution and coverage of the

target community [315]. However, even well-optimized primers are often limited to genus

level taxonomic resolution. Marker gene sequencing generally correlates well with genomic

content [350, 217, 157, 15, 137] and is applicable to the broadest range of sample types

and study designs.

Whole metagenome analysis

Metagenomics is the method of sequencing all microbial genomes within a sample.

Metagenomic sequencing yields more detailed genomic information and taxonomic resolu-

tion than marker gene sequencing alone, but it is relatively expensive to prepare, sequence

and analyze the samples. This method captures all DNA present in the sample, including

viral and eukaryotic DNA. Given adequate sequencing depth (the number of sequencing

reads per sample), taxonomic resolution to species or strain level [265] and the assembly

of whole microbial genomes from short DNA sequence reads is possible [204]. However, de

novo annotation of functional genes is not possible in such settings. Metagenomic sequenc-
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ing profiles the functional capacity of an entire community at the gene level [3], moving

well beyond the limits of marker gene analysis. However, biases that are introduced by

library construction, assembly and reference databases for annotation are less understood

than biases that exist in well-characterized marker gene approaches. As the metagenomics

field matures, these annotation steps will continue to be improved and validated. For a

comprehensive review on metagenomics, we direct the reader to Ref. [239].

Metatranscriptome analysis

Metatranscriptomics uses RNA sequencing to profile transcription in microbiomes,

providing information on gene expression and the active functional output of the micro-

biome. Metatranscriptomics differs from both marker gene and metagenomic sequencing

that sequence DNA in a sample, regardless of cell viability or activity. Although there are

methods for depleting relic DNA from dead cells [43], sequencing microbial RNA provides

better insight into the functional activity of a microbial community, though it is biased

towards organisms with higher rates of transcription. It is worth noting that propidium

monoazide (PMA) depletion of relic DNA is an alternative method to identify live mi-

croorganisms [71]. Host RNA contamination, particularly the highly abundant rRNAs,

is also an important consideration and methods to exclude rRNAs from samples should

be considered [93]. RNA must be carefully preserved to avoid degradation in all cases,

though certain sample types may warrant specialized protocols for RNA purification. For

example, soil samples require removal of enzyme-inhibiting humic substances [319, 303].

Despite these technical difficulties, metatranscriptomic data can offer unique insight; tran-
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scriptomes vary more within individuals than metagenomes [86], and metatranscriptomics

can reveal microbial community response to perturbations, such as xenobiotic exposure

[186]. For a comprehensive review on metatranscriptomics analysis of the microbiome, we

direct the reader to Ref. [24].

1.1.6 Analyses

Ideally, each microbiome study would analyze samples with all three of the methods

discussed above. In most cases, however, there is not enough sample material or enough

project funding for performing all three analyses, and in some cases, the samples might

not be amenable to one of the sequencing methods. It is therefore paramount that the

researcher chooses the method of sequencing that is most effective for answering their

specific questions. If there are no budget constraints, we recommend performing metage-

nomics rather than marker gene sequencing. However, it is common practice to perform

marker gene sequencing to gain a low resolution understanding of the microbial community

composition. Next, depending on the focus of the study, the researcher can move on to

metagenomic and metatranscriptomic sequencing, though this may require a second study

for appropriate sample collection and processing.

Marker gene analyses

As noted above, marker gene approaches are sensitive to technical factors such as

primer choice [278], so well-validated protocols such as those used with the diverse sample

set in the Earth Microbiome Project should be used [297]. The first step in analyzing
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marker gene amplicon data is to remove sequencing errors: despite very low sequencing

error rates (for example, in Illumina sequencing 0.1% per nucleotide [97]), most of the

apparent sequence diversity arises from sequencing errors [153, 249]. Until recently, this

problem was addressed by clustering similar sequences into OTUs [39, 264]. Clustering

sequences into OTUs, termed OTU picking, consolidates similar sequences (usually with

a 97% similarity threshold) into single features, merging sequence variants including those

introduced by sequence error into a single OTU that can be used in subsequent anal-

ysis. However, this method misses subtle and real biological sequence variation, such

as single nucleotide polymorphisms (SNPs) that would be consolidated into single OTUs

[37]. Oligotyping[73] improves upon traditional OTU picking by including position-specific

information from 16S rRNA sequencing to identify subtle nucleotide variation and by dis-

criminating between closely related but distinct taxa. Algorithms such as Deblur [7] and

DADA2 [38] use error profiles to resolve sequence data into exact-sequence features (the

marker gene sequence) called ‘sub-OTUs’ (sOTUs). The resulting output from these meth-

ods is a table of DNA sequences and counts of these different sequences per sample rather

than OTU groups. We recommend that these methods replace OTU-based approaches for

all applications, except when it is necessary to combine sequence data that were gener-

ated using different technologies (that is, Illumina sequencing and 454 pyrosequencing) or

with different primer sets, when mapping to a common reference database of full-length

sequences is often still needed [172].

One key analysis step is to assign taxonomic names to microbial sequences in the

data. Taxonomy is typically assigned by machine learning approaches such as the RDP
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classifier [317], which uses Naive Bayes models that are trained on oligonucleotide fre-

quencies at the genus level to achieve 80% accuracy in genus-level assignments. Popular

microbiome analysis packages such as QIIME [39] and Mothur [264] provide support for

taxonomic classification. In principle, exact matching to reference databases (three of the

most characterized and frequently used are Greengenes, RDP, and Silva) should provide

better specificity in taxonomic assignment, but the sensitivity of this approach is poor

given the large number of unknown taxa. Furthermore, de novo phylogenetic trees that

are constructed from short marker gene sequences are typically poorly resolved, so insertion

of marker gene sequences into a characterized reference tree that is based on full-length

sequences [189] is desirable, given the importance of phylogenetic metrics [150]. ‘Unclas-

sified’ microorganisms should be checked for organelle sequences, and for many studies,

chloroplast and mitochondria sequences should be excluded before proceeding with analy-

sis (although for intestinal samples, these sequences can be useful for identifying consumed

foods and thus should not be disregarded completely).

Predictive functional profiling [217, 157, 15, 137] is a technique for linking marker

gene studies with available microbial genomes to make predictions about metagenomic con-

tent and thus the putative biological functions of a microbial community. This analysis

generally requires a reference-based OTU table. Methods based on evolutionary mod-

els (for example, PICRUSt[157]) provide confidence intervals on these predictions of gene

content, which will tend to be wider in regions of the tree distant from reference genome se-

quences, and narrower where many reference genomes are available. Thus, the availability

of sufficient closely related reference genomes is a main factor that influences the accuracy
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of these results. Another limitation for predictive functional profiling is that some families

of bacteria possess a very similar 16S rRNA variable region, despite being phenotypically

and genotypically divergent.

Most statistical analyses that are applied to microbiome data that is generated

from marker gene sequencing can also be applied to other types of ‘-omics’ analyses, and

are described below in the ‘Higher-level analyses’ section.

Metagenome and metatranscriptome analyses

Surveying the complete nucleic acid profile of a sample yields rich information

that can be used to investigate a broad range of taxonomic, functional, and evolutionary

aspects of microbial communities — even contaminants can provide important details

[219]. As with marker gene-based surveys, the analytical methods must be carefully chosen

to consider the sample origin and the specific hypotheses under investigation. Here, we

discuss the best approaches to perform these analyses.

Read-based profiling takes the unassembled DNA or mRNA sequence reads and

compares them against reference databases to assign taxonomy or annotate genes. With

the ever-increasing size of modern query datasets and databases, methods are continually

being refined to improve the speed of read-based profiling. Many tools utilize k-mers,

assigning taxonomy to short DNA fragments of length ‘k’, such as Kraken [337] or em-

ploy the Burrows-Wheeler transform which compresses the database by merging similar

sequences (for example, Bowtie2 [158] and Centrifuge [140]). For a more comprehensive

guide to tool selection, we direct the reader to Ref. [192]. ‘Marker gene’ methods (such as
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MetaPhlAn2 [301] and TIPP [211]) use specific genomic regions for taxonomy assignment,

focusing on universal, single-copy elements. Beyond taxonomy assignment, others tools

such as HUMAnN2 [3] can also be used for annotating genes and metabolic pathways.

Some tools, including MEGAN [125], incorporate both of these functionalities, and can be

a preferred method when both annotations are desired. Because each read is considered

independently, read-based methods scale efficiently to large, complex data sets, such as soil

microbiome data sets. It is important to note that as taxonomic or functional assignment

depends on homology between the single read and a reference, database choice is crucial.

For well-characterized environments like the human gut, curated genome databases such

as RefSeq [218] and protein family databases like Pfam [82] or UniRef [290] increase the

accuracy of results and decrease computational costs. For samples from poorly charac-

terized environments, the use of large databases such as NCBI nr and nt and IMG/MG

[181] should be considered because the databases are larger, despite the increased compu-

tational complexity and decreased assignment specificity. Specialized databases must be

used to annotate specific taxonomic or functional categories, such as PHASTER [14] for

bacteriophages, Resfams [94] for antibiotic resistance genes and FOAM for environmen-

tal samples [235]. Additionally, numerous metagenomic data catalogues are available for

many sample types, including Tara for ocean samples [289], the BGI catalogue for mouse

gut samples[341] and MetaHit for human gut samples [238].

Another method for analyzing metagenome and metatranscriptome sequencing

reads is to assemble the short reads into longer sequences (contigs). These contigs can

be further sorted or binned by similarity to assemble partial to full genomes of microor-

22



ganisms. This allows data exploration beyond taxa and gene annotation, enabling the

prediction of multi-gene biosynthetic pathways or even metabolic reconstructions with

tools such as antiSMASH [194]. However, assembly-based analyses are not universally

applicable; higher biodiversity, the presence of many related strains in samples or low cov-

erage yields fragmented assemblies and can obscure taxa from downstream analyses. For

example, soil samples are often difficult to assemble due to the high microbial diversity and

uneven distribution [116]. For samples that avoid these complications, metagenome as-

semblies provide valuable bespoke reference databases for read-based and assembly-based

metatranscriptome analyses [346, 209], thus recovering the ‘microbial dark matter’ that

is absent in curated databases [119]. Recommended tools for assembly-based analyses in-

clude metaSPAdes [20] and MEGAHIT [166]. A comprehensive discussion of these and

other tools can be found in Ref. [310]. To assemble partial to full genomes of individual

microorganisms, contigs are sorted (binned) into separate putative genomes with tools

such as MaxBin2 [339] and CONCOCT [5], which evaluate nucleotide composition and

abundance patterns across samples to perform sorting (binning). To evaluate the quality

of these binned and assembled genomes, single-copy gene profiling tools such as CheckM

[223] that use common single-copy genes to estimate genome completeness and contami-

nation can be used. Additionally, visualization tools like VizBin [156] display clustering

of metagenomic sequences without alignment to a reference database, allowing researchers

to visually inspect the sequence clustering of related organisms and assist with evaluating

bin quality. Employing integrated workflow tools to automate data processing such as

Anvi’o [72], ATLAS [4], or MetAMOS [299], is highly recommended because assembly-
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based methods are complex.

In order to compare samples with varying sequencing read counts, various methods

of normalization can be employed. Common methods of normalization include: read counts

per million (counts are scaled by the total number of reads), transcripts per kilobase million

(counts scaled by number of reads and length of reads), and converting the data to relative

abundance. Additionally, there are various tools for performing normalization including

edgeR [254] and DESeq2 [9].

New tools for both read-based and assembly-based approaches are under rapid

development. When possible, specific analytical decisions should be made based on per-

formance on well-studied or synthetic datasets (such as the Critical Assessment of Metage-

nomic Information [268]) that are most similar to the microbial community of interest.

1.1.7 Higher-level analyses

Processing microbiome data generates a matrix that relates feature abundance (taxa

or genes) to samples. This output is deceptively simple; microbiome data are highly

dimensional, often representing thousands of different taxa, and sparse, with many zeros

present in the matrix, requiring careful statistical treatment to extract meaningful results.

Overall patterns in microbiome variation are typically assessed by alpha and beta

diversity. Alpha diversity quantifies feature diversity within individual samples and can be

compared across sample groups. For example, when comparing a sample from an individ-

ual with a disease to a healthy control, the researcher can use alpha diversity to compare

the mean species diversity between the two samples. Measures of species richness (for
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example, the number of observed species, or Chao1 abundance estimator, which estimates

true species diversity) and phylogenetic measures (Faith’s phylogenetic diversity) are sen-

sitive to the number of sequences per sample, whereas measures that combine richness

and evenness (Shannon index) are much less so. However, it should be noted that these

methods have been evaluated exclusively for 16S rRNA data, and may not apply to other

microbiome data types. Beta diversity compares feature dissimilarity between each pair

of samples, generating a distance matrix of beta diversity distances between all pairs of

samples. Metric selection can influence the results obtained [23, 150] and should be chosen

with biological data interpretation in mind. Quantitative metrics (Bray-Curtis, Canberra

and weighted UniFrac) use feature abundance data in calculations whereas qualitative

metrics (binary-Jaccard and unweighted UniFrac) only consider the presence or absence of

features. Phylogenetic measures such as UniFrac typically provide interpretable biological

patterns [108], though these metrics require a phylogenetic tree and thus cannot be used

for direct comparison with ‘–omics’ data that lack trees. Software for performing alpha

and beta diversity calculations includes QIIME [39], Mothur [264], and the R package

Vegan [67]. The non-parametric permutation tests PERMANOVA and ANOSIM are used

for assessing significant beta diversity clustering between groups, but PERMANOVA may

perform better on datasets with varying dispersions within groups [11]. Calculation of

meaningful alpha and beta diversity measures requires the researcher to control for the

sampling effort (that is, the number of sequences per sample obtained), as this can differ

by orders of magnitude. The current best solution for UniFrac is rarefaction [326], though

for the special case of pairwise differential abundance testing, the full sample set should
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be used [193].

For visualizing beta diversity data, ordination techniques, such as principal coordi-

nates analysis (PCoA) or principal component analysis (PCA), are commonly used. These

methods reduce large and complex distance matrices into a visually manageable two di-

mensional or three dimensional representations of sample distances. Samples can then be

colored by various metadata categories to visualize clustering in an unsupervised manner.

EMPeror offers an interactive framework for manipulating PCoA plots [307].

Another common analysis approach is to look at differentially abundant microor-

ganisms or functional elements (for example, genes and pathways) in the comparison

groups of interest (that is, treatment versus control). Identifying microbial taxa that

explain differences between communities is particularly challenging because microbiome

data sets are high-dimensional (that is, they include thousands of taxa), sparse and com-

positional. Compositionality is the crux of the problem [135]; when the proportion of

one microorganism increases, the proportions of others must decrease for the proportions

to sum to 1. For example, suppose a patient is administered a drug that increases the

growth rate in only a single microbial genus, while not affecting the growth of others.

Although the other microorganisms are not impacted by the drug, they would have de-

creased in relative abundance due to the outgrowth of the single microbial genus. This

poses challenges for many classical methods, such as parametric statistical tests (for ex-

ample, Student’s t-test and ANOVA), and measures of correlation including Spearman’s

rank correlation, often leading to completely unacceptable false discovery rates above 90%

[326, 177, 325]. Recently, ‘compositionally-aware’ methods have addressed this problem
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of compositionality and relative abundance. One approach is to force strong biological as-

sumptions on the statistical test: for example, Lovell’s proportionality metric detects only

positive correlations [169]. Other tools that are widely applicable and have been optimized

for microbiome data, such as SparCC [87] and SPEIC-EASI [154], assume that few species

are correlated, so most correlation coefficients are zero. BAnOCC [267] is another tool for

addressing the compositionality problem that makes no assumptions about the data. We

recommend another approach that does not assume few species are correlated, which is

to test for differences between microbial communities using the isometric log ratio trans-

form (ilr) [sic]. The isometric log ratio transform approach controls for false positives due

to proportionality by testing for the changes in log ratios between microbial abundances,

commonly referred to as balances. Balances can be constructed using prior knowledge

such as evolutionary history [108, 321, 274] or microbial niche differentiation in response

to environmental factors such as pH [203]. After the ilr transform is applied, standard

statistical tools such as multivariate response, linear regression and classification can ef-

fectively test for differences on the balances or log ratios between microorganisms rather

than the raw microbial abundances, controlling for compositionally. Other recent methods

use absolute quantification to address compositionality by complementing sequencing with

microbial cell counts in each sample [306, 142].

Machine learning is emerging as an especially useful technique for determining

how microbiome data can be used to separate samples based on current state (usually

determined by metadata categories, such as ‘healthy state’ versus ‘diseased state’) [145,

345] or, excitingly, to predict future state [118, 294]. For instance, it is possible to model
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the severity and susceptibility of gingivitis based on an individuals’ oral microbiota [118].

Random Forests regression, a machine learning technique, has been effective in many

applications, ranging from dating time since death of a corpse [196] to providing a model

for determining microbiome maturation in child development [286]. SourceTracker [144], a

Bayesian estimator of the microbial sources that make up an unknown community, is useful

for classifying microbial samples according to environment of origin [161]. Importantly,

machine learning analyses need a substantial sample size and should always be coupled with

cross-validation, independent test sets, or other experimental and biological confirmation

to ensure robust findings.

1.1.8 Integrating other omics data

Knowing the composition of a microbial community is no longer a sufficient research

goal; we want to know the function of the community. Integrating other data types —

including marker gene sequencing, metagenomics, metatranscriptomics, metaproteomics,

metabolomics and other techniques — for a given study is crucial for a comprehensive

understanding of the composition and function of microbial communities. For example,

changes in the metabolite profile of a microbial community reflect changes in its biosyn-

thetic activity, mRNA and protein expression, and protein activity [257]. Multi-omics

analysis integrates chemical and biological knowledge to provide a more complete picture

of a biological system and is an active area of research with largely untested methods

(Figure 1.3).

Integrating multi-omics data types is inherently difficult. For example, gene expres-
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Figure 1.3: Integrating omics data with microbiome data. The central dogma of
molecular biology of progression from genes to downstream metabolic products is reflected
by the compendia of corresponding ‘omes’ co-occurring within the cell. Linking the knowl-
edge from different omics studies constitutes a multi-omics analysis. Panels around the cell
represent some integration examples of various omics data with marker gene sequencing:
a Three-dimensional visualization of mapped molecular and microbial (or any other) fea-
tures aids our understanding of spatial correlation thereof.b Sparse canonical correlation
analysis [336] identifies linear combinations of the two sets of variables that are highly
correlated with each other.c Correlation network analysis shows clustering of a particular
microorganism with metabolites that are potentially produced and/or processed by it. d
Metabolic activity networks help to predict microbial community structure and function
by mathematical modelling of the molecular mechanisms of particular organisms. e Pro-
crustes analysis enables the direct comparison of different omics data sets with the same
internal structure on a single principal coordinates (PC) analysis plot to reveal trends in
the data. f Multiple co-inertia analysis (MCIA) enables multidimensional comparisons
through graphical representation so that the similarity of different omics data can be more
easily understood. GSSG, oxidized glutathione; RNA-Seq, RNA sequencing.

29



sion and metabolism operate on different timescales [213], and microorganisms produce

many metabolites, often only in response to molecular signals from other species [318].

Also, the sparse nature of metagenomic and metabolomic data (where the data matrices

are composed mostly of zeros) is much greater than of metaproteomic data and this may

pose technical problems for some methods. Although the integration of different ‘-omics’

data sets is a work in progress, tools that integrate these datasets are becoming increasingly

available. For example, XCMS Online integrates metabolomic data with metabolic path-

ways, as well as transcriptomic and proteomic data [117]. Traditional correlation methods

such as Pearson and Spearman could enable pairwise correlation between features across

‘-omics’ data sets. However, these are prone to false positives due to the sparsity and

high-dimensionality of microbiome and metabolome datasets. Procrustes analysis [124]

uses dimensionally-reduced data to test if patterns (distances) between samples in one

dataset is observed in the other, essentially correlating ordination spaces rather than in-

dividual features (tested using Mantel [179] or PROcrustes randomization TEST). Other

methods integrate ‘-omics’ datasets by not only taking into account the relationships be-

tween samples, but also associating samples to particular metadata categories of interest

(such as examining healthy versus diseased or control versus treatment groups). These

methods include co-inertia analysis, which uses dimensionality reduction to associate sam-

ple patterns in two data sets and relevant metadata [68], and partial least-squares [31],

related methods such as canonical correlation analysis [336], or robust sparse canonical

correlation analysis, which is a variation of the method to deal with sparse ‘-omics’ data

[333]. Advanced integrative analysis tools include molecular networking with GNPS [316]
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to identify metabolites and pathway annotations [64], and general systems biology tools,

exemplified by XCMS Online [117]. Increasingly, multi-omics studies are investigating

temporal patterns in addition to spatial patterns. Spatial mapping [236], that can now be

performed with the tool ‘ili[236], adds a powerful dimension to multi-omics studies through

visual representations that are readily amenable to human interpretation.

Integration with other ‘-omics’ data can be performed using various statistical

methodologies [191]. However, these techniques have been shown to perform subopti-

mally on microbiome data sets [325]. Furthermore, simply finding correlations in various

‘-omics’ data by itself is only the first step. Establishing causation and correlation across

data sets is the next challenge. Box 3 gives an example of the integration of metabolome

and microbiome data sets and corresponding approaches to move beyond correlation and

determine causation. Correction for multiple comparisons is crucial in multi-omic analyses;

data sets can contain thousands of different microorganisms and metabolites, so significant

correlations are expected by random chance. Measures to correct significance testing for

multiple comparisons include the False Discovery Rate (for example, Benjamini-Hochberg

correction) or, for more conservative corrections, the Family-Wise Error (for example, Bon-

ferroni correction). Using these methods to penalize multiple comparisons in conjunction

with statistical models that incorporate sparsity and compositionality [325], false discovery

rates in large multi-omic comparisons can be reduced.

Despite these challenges, the future potential for ‘-omics’ data integration is promis-

ing. In particular, there are numerous examples where metagenome, metatranscriptome

and metabolome data have been successfully integrated, illuminating gene regulation in
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microbiomes [350] and correlating the presence of microorganisms with metabolites [328].

Such studies have provided insights beyond the capacity of single –omics, such as gut bac-

terial metabolism of xenobiotics [186] and how antibiotic-induced microbiome depletion

creates a favorable metabolomic environment for Clostridium difficile [296]. Compara-

tively, the integration of metaproteomics data with microbiome data is a relatively newer

field of investigation, though there are many recent examples of successful integration

ranging from identifying biomarkers of Crohn’s disease [74] to examining microbial pro-

tein production in layers of permafrost [122]. Additionally, tool development for metapro-

teomics annotations and analysis is ongoing [130, 48]. Overall, integrating ‘-omics’ data

can provide a more holistic and mechanistic understanding of microbiomes —from DNA

identification to functional production of metabolites and proteins —and ideally lead to

more actionable scientific insights.

1.1.9 Box 3. Metabolomics and the microbiome

Microbially produced metabolites influence host physiology, can shape microbial

community dynamics and are involved in both health and disease. These metabolites can

have both beneficial (for example, short-chain fatty acids (SCFAs) [253]) and detrimental

effects on the host (for example, the genotoxin colibactin [18]). However, identifying a

metabolite as sourced from the microbiome is particularly challenging. Even more chal-

lenging is identifying which microorganism or collection of microorganisms produced or

modified a particular metabolite. Here are several strategies to address this problem:
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• Compare metabolites from natural samples to those from cultured isolates of mi-

crobiome isolated microorganisms. One useful approach is matching tandem mass

spectrometry data from cultured isolates to data from clinical or environmental sam-

ples, showing that a particular metabolite signature can be sourced from the cultured

microorganism [242].

• Map metabolites detected in a microbiome sample to paired genome or metagenomic

data. Some metabolites are unique to particular microbial taxa. Detection of these

metabolites in a natural sample can enable determination of their likely source by

mining paired genomic data for genes known to produce that metabolite. For ex-

ample, 2,3-butanedione, a unique fermentation product, is a microbial metabolite

produced by Streptococcus spp. Detection of this metabolite in clinical samples

along with the biosynthetic genes facilitates mapping of reads to the biochemical

pathway back to the genome of the organism of origin [328].

• Build co-occurrence networks of microorganisms and metabolites. Co-occurrence

or correlation methods associate microorganisms with metabolite features. This is

an active area of research, but available algorithms that have been optimized for

detecting correlations between microorganisms in sparse microbiome data include

SparCC [87], CCLasso [78] and others [325, 162]. However, this approach warrants

caution because of the high false discovery rates across the large multivariate data

sets.

• Germ-free versus specific pathogen-free murine models. These comparisons identify
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metabolites from the microbiome as metabolites detected in colonized mice but not in

uncolonized mice are likely produced by microorganisms. Gnotobiotic mice (mono-

colonized or with defined communities) help identify specific microorganisms that

produce metabolites of interest [330].

1.1.10 Conclusions

In this Review, we discuss how all stages of conducting a microbiome study, from

designing the experiment to collecting and storing the samples to obtaining insight from

graphical displays of the sequence data, can substantially impact the results and their bi-

ological interpretation. As the effects of many of these technical steps are large compared

with the real biological variability to be explained, standardization is necessary in order to

compare and combine separate studies, and the first efforts to do this and to provide rec-

ommendations and best practices, such as the International Human Microbiome Standards

and the Microbiome Quality Control (MBQC) project, are already underway. Including

bioinformatics pipelines and controls into these standardization efforts, and in particular

using cloud-enabled reproducible computing resources that run open-source code on pub-

licly available data to reproduce scientific claims of publications, is a rapidly emerging

area that will bring consistency and comparability to the microbiome field. An important

part of such efforts will be spike-in standards (which have already been so important to

standardizing microarrays) and standardized, biologically realistic samples that can be

used to quantify systems-level accuracy in microbiome assays.

This article is focused primarily on DNA-level analyses at the whole-community
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level, but as expression-level profiling and single-cell profiling techniques continue to ad-

vance, many similar considerations will apply to those types of data also. Avoiding the

mistakes that have been repeated frequently in other expensive assays, such as inadequate

sample size and validation, and employing best practices for standards, sample handling,

compositional data analysis and other frequent pitfalls will accelerate progress in these

areas. Using standardized and well-characterized sample sets, such as those developed in

the MBQC project and in the Earth Microbiome Project, can greatly shorten the time

needed to understand the value and unique insights provided by a new technique.

As the field trends towards ever-larger data sets, understanding subtle confound-

ing factors long known to epidemiologists and taking more care with longitudinal study

designs will become increasingly important. The value of interventional studies over ob-

servational studies is considerable, especially when human, animal model and in vitro data

can be correlated across scales and systems. Increased standardization of techniques and

dissemination of methods with low noise and bias will greatly increase the ability of the

microbiome field to deliver on the promise of translatability from lab-scale studies to the

clinic, field or natural environment.
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Chapter 2

Microbiomes and our health
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2.1 Enhanced Characterization of Drug Metabolism

and the Influence of the Intestinal Microbiome:

A Pharmacokinetic, Microbiome, and Untargeted

Metabolomics Study

Determining factors that contribute to interindividual and intra-individual variabil-

ity in pharmacokinetics (PKs) and drug metabolism is essential for the optimal use of drugs

in humans. Intestinal microbes are important contributors to variability; however, such gut

microbe-drug interactions and the clinical significance of these interactions are still being

elucidated. Traditional PKs can be complemented by untargeted mass spectrometry cou-

pled with molecular networking to study the intricacies of drug metabolism. To show the

utility of molecular networking on metabolism we investigated the impact of a 7-day course

of cefprozil on cytochrome P450 (CYP) activity using a modified Cooperstown cocktail

and assessed plasma, urine, and fecal data by targeted and untargeted metabolomics and

molecular networking in healthy volunteers. This prospective study revealed that cefprozil

decreased the activities of CYP1A2, CYP2C19, and CYP3A, decreased alpha diversity and

increased interindividual microbiome variability. We further demonstrate a relationship

between the loss of microbiome alpha diversity caused by cefprozil and increased drug and

metabolite formation in fecal samples. Untargeted metabolomics/molecular networking

revealed several omeprazole metabolites that we hypothesize may be metabolized by both

CYP2C19 and bacteria from the gut microbiome. Our observations are consistent with
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the hypothesis that factors that perturb the gut microbiome, such as antibiotics, alter

drug metabolism and ultimately drug efficacy and toxicity but that these effects are most

strongly revealed on a per individual basis.

2.1.1 Study Highlights

What is the current knowledge on the topic?

There are few human studies investigating the clinical effect and mechanism of the

microbiome modulating drug metabolism. Animal studies suggest that bacteria present

in the gut may modulate regulatory elements in cytochrome P450 (CYP) genes leading to

alterations in activity.

What question did this study address?

This study addressed the following questions: (i) Does the antibiotic cefprozil mod-

ify the microbiome and cause significant changes in drug metabolizing enzyme activity?

(ii) Can untargeted metabolomics with molecular networking provide additional insight

into drug metabolism by the host and the microbiome?

What does this study add to our knowledge?

This study showed that the antibiotic cefprozil decreased CYP1A2, CYP2C19, and

CYP3A activity in humans, increased beta diversity, and decreased alpha diversity, which

correlated with increased drug and drug metabolites. In addition, this study illustrates

the important use of untargeted metabolomics and molecular networking together with
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targeted pharmacokinetics (PKs) to differentiate host and bacterial drug metabolism.

How might this change clinical pharmacology or translational science

This study is at the interface of translational science by asking a clinically important

question: Does altering the microbiome with antibiotics affect drug metabolism leading to

important changes in drug action? We investigate this question using a novel method of

untargeted metabolomics and molecular networking tools combined with traditional PK

analysis. This methodology may enhance future drug metabolism studies, particularly

involving the microbiome.

Identifying factors that contribute to the variability of drug action forms the basis

for precision medicine. Drug metabolism is influenced by a variety of factors, including

genetics, ontogeny, diet, xenobiotics, and circadian rhythms, is dynamic and occurs in

multiple locations in the human body (e.g., gut lumen and liver). The impact of the

gut microbiota on drug metabolism has been of recent interest leading to the burgeoning

field of pharmacomicrobiomics [271] with implications for toxicity [208, 216] and efficacy

[176, 99]. Gut microbes interact directly with drugs and indirectly with the human intesti-

nal drug metabolizing enzymes and transporters. Recent investigations have shown that

bacteria may generate metabolites previously unreported by traditional methods [103].

Additionally, animal and human studies suggest that microbes can alter the activities of

cytochrome P450 enzymes (CYP) in the intestine leading to alterations in drug action

[89, 269, 26, 163].

A traditional approach to studying drug metabolism in humans involves investigat-
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ing the pharmacokinetics (PKs) of probe compounds that serve as biomarkers for enzyme or

transporter activity. A probe compound is chosen and validated based upon its high speci-

ficity for the enzyme or transporter of interest, its safety profile, and availability. Cocktail

studies involving the simultaneous administration of multiple noninteracting drug probes

enable multiple enzymes to be probed with improved efficiency. The Cooperstown cocktail

has been validated [283] and used to study CYP1A2 (caffeine), CYP2D6 (dextromethor-

phan), CYP2C9 (warfarin), CYP2C19 (omeprazole), and CYP3A4 (midazolam). Enzyme

phenotypes are assessed by PK parameters, such as oral clearance or parent:metabolite

area under the curve (AUC) ratios.

Mass spectrometry (MS) is a common technology used in measuring drugs and

their transformation in biofluids and tissues; MS is used for targeted PK methods, which

provide accurate quantification with low limits of detection as well as untargeted meth-

ods, including those used for metabolomics, and provide a broad characterization of the

chemicals [266]. MS detects the mass-to-charge (m/z ) of ions and charged versions of

neutral chemicals, thus providing information on the intrinsic mass of the chemical as

well as a corresponding abundance, which is related to but not directly proportional to

concentration. Further, MS can provide structural information of chemicals via product

ion scans (one type of MS2) that contain interpretable fragments of a chemical structure

when supplied with an excess of internal energy (such as higher-energy collision dissocia-

tion). Often, MS is coupled to chemical separation, such as liquid chromatography (LC)

or gas chromatography, prior to mass analysis to facilitate analysis of complex samples.

Targeted MS methods, such as those used for PKs, are very sensitive (often able to detect
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chemicals in the low part-per-billion range) and specific as the chemicals to be detected

are determined a priori, but are rarely used to monitor tens to hundreds of chemicals

concurrently. Untargeted MS methods are more akin to a screening approach in which

the aim is to detect all chemicals present in a given sample without any prior knowledge.

With respect to the understanding of drug metabolism, targeted PKs and untargeted MS

provide complementary information.

One challenge of the untargeted MS approach is the overwhelming amount of data

generated. A solution is to use molecular networking, which connects chemicals with sim-

ilar molecular structures based on MS2 fragmentation patterns via the Global Natural

Products Social Molecular Networking (GNPS) platform [316, 241]. The MS2 spectra

are also used to provide putative annotations for their corresponding MS1 feature (i.e.,

m/z and retention time). Chemical annotations are generated by comparing measured

MS2 spectra with that of reference MS2 spectra in GNPS. GNPS annotations are consid-

ered level 2 (putative annotation based on spectral library similarity) or level 3 (putatively

characterized compound class based on spectral similarity to known compounds of a chem-

ical class) by the 2007 metabolomics standard initiative [288]. Feature-based molecular

networking provides the ability to link the MS2 data processed in GNPS with the MS1

features making qualitative assessments of PKs possible.

Our approach to improving understanding of the influence of the intestinal mi-

crobiome on human drug metabolism is reported in this proof-of-concept investigation.

Traditional targeted PK analysis was conducted using a modified Cooperstown cocktail

to simultaneously assess CYP1A2, CYP2C19, CYP2D6, and CYP3A activities in healthy
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volunteers before and after a 7-day course of oral cefprozil–an antibiotic with no known

direct effect on CYP-mediated drug metabolism. This was paired with untargeted MS

coupled with molecular networking to detect and qualitatively measure drug metabolites

in plasma, urine, and feces. Finally, 16S rRNA analysis of the microbiome was used to

investigate changes in microbial composition and diversity after antibiotic therapy. Utiliz-

ing this methodology allowed us to more deeply interrogate gut microbial and host drug

metabolism interactions and the effects of antibiotic perturbation of the gut microbiome

on CYP drug metabolism.

2.1.2 Methods

Clinical protocol

This prospective, two-period, crossover study was approved by the UC San Diego

Human Research Protections Program (Protocol #161940). All procedures were conducted

upholding the ethical standards according to the Declaration of Helsinki. All subjects

provided written informed consent.

Fourteen healthy human subjects aged ≥ 18 years who met the inclusion/exclusion

criteria were enrolled. Subjects were excluded if they were or had household contact

within 2 weeks of the following: healthcare facility worker, farm worker, slaughterhouse

worker, animal care worker; or were a vegetarian, smoker, consumed moderate amounts

of alcohol chronically, on antibiotic therapy, hospitalized within the last 12 months, living

with someone or an animal that had been on antibiotic therapy in the last month, had
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any gastrointestinal illness, any chronic illness, any infection requiring chemotherapy or

antibiotics, diarrhea in the past 3 months, taking medications affecting the gastrointesti-

nal system, CYP3A, CYP1A2, CYP2D6, CYP2C19 enzyme systems, immunomodulatory

medications, allergy to beta-lactams, pregnant or lactating, taking any herbal, dietary, or

naturally derived supplements, or had an abnormal body mass index.

In order to phenotype multiple drug metabolizing enzymes simultaneously, we used

a modified and validated Cooperstown cocktail [45, 173]. The Cooperstown cocktail is a

panel of four drugs used in PK studies to determine drug metabolizing enzyme activity. We

used the following drug probes: caffeine for CYP1A2 [102], omeprazole for CYP2C19 [1],

dextromethorphan for CYP2D6 [349], and midazolam for CYP3A [225]. We excluded war-

farin and the evaluation of CYP2C9. We genotyped subjects for common allelic variants

of CYP2C19, CYP2D6, CYP3A4, and CYP3A5.

Subjects were admitted to the outpatient unit of the Clinical and Translational

Research Institute at UC San Diego. On study days 1 and 9, simultaneous single oral doses

of caffeine 2 mg/kg, omeprazole 40 mg, dextromethorphan 30 mg, and midazolam 0.075

mg/kg were administered. On study days 2-8, subjects took the antibiotic cefprozil 500

mg orally twice daily. The cefprozil dosing regimen was chosen based upon its therapeutic

use and a previous study demonstrating a reproducible effect on the gut microbiome [247].

Blood (5 mL) samples were taken prior to and 5 minutes, 0.5, 1, 2, 4, 5, 6, and 8 hours after

drug administration on study days 1 and 9. Urine was sampled every 2 hours during the

8 hours after drug administration to dynamically assess metabolomics. Duplicate aliquots

were obtained for metabolomic analysis. Fecal samples were obtained prior to study day
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1 as a baseline, daily during antibiotic therapy, and on study days 1 and 9, as well as

days 15 and 38, which corresponded to 7-day and 30-day postantibiotic therapy. Subjects

fasted overnight, including avoidance of alcohol or caffeine, and were given standardized

meals and snacks on study days 1 and 9 (Figure 2.1).

Figure 2.1: Clinical protocol design and sampling schema. Subjects received the
Cooperstown cocktail on study days 1 and 9. Cefprozil was taken study days 2–8. Nine
blood samples, five urine samples, and fecal samples were obtained on study days 1 and
9. Fecal samples were taken each day during cefprozil therapy and on study days 15 and
38. CAF, caffeine; DEX, dextromethorphan; MDZ, midazolam; OME, omeprazole.

Pharmacokinetic analysis

Caffeine, omeprazole, 5-hydroxyomeprazole, dextromethorphan, dextrorphan, and

midazolam PKs were determined by noncompartmental analysis using Phoenix version

8.1 (Pharsight, Cary, NC, USA). The AUC from time zero to infinity (AUC0-∞) was

calculated as the sum of AUC from time zero to the last measurable concentration (AUC0-

last) plus the ratio of the last measurable concentration and the elimination rate constant.

Midazolam and caffeine apparent oral clearances were calculated as F∗Dose/AUC0-∞. A

log-linear trapezoidal method was used to calculate AUC0-last. Additional PK parameters
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calculated included maximum plasma concentration (Cmax), the volume of distribution,

elimination rate constant, and half-life.

Statistical analysis

Fourteen subjects were randomized to detect a 25% difference (80% power) with

an alpha = 0.05 based upon the change in midazolam oral clearance using previously

published mean and SD data [302]. Data were log-transformed prior to analyses. Based

on January 2020 Food and Drug Administration Guidance for Clinical Drug Interaction

Studies: Study Design, Data Analysis, and Clinical Implications1, analyses of variance

and a general linear model were performed that included subject and treatment effects as

factors and calculated least squares geometric mean ratios (LS-GMRs). Ninety percent

confidence intervals (CIs) were calculated and expressed as a percentage relative to the

LS-GMR of the pre-antibiotic cocktail phase. If the 90% CI is within the 0.8 to 1.25

interval, it is concluded that there is no significant drug interaction. In contrast, values

outside the 0.8 to 1.25 interval are indicative of an interaction between cefprozil and

the specific drug-metabolizing enzyme [332]. This statistical approach has been used in

previous phenotyping cocktail studies [282, 340]. Statistical analyses were performed using

SAS version 9.3 (SAS Institute, Cary, NC, USA).

1https://www.fda.gov/media/134581/download
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Pharmacogenomic analysis

Genotyping of the genes and variants listed below was performed by using poly-

merase chain reaction (PCR) and TaqMan allele discrimination in a custom designed

microarray. TaqMan reagents consisted of a pair of unlabeled PCR primers and a TaqMan

probe with a FAM or VIC dye label on the 5′ end and minor groove binder and nonflu-

orescent quencher on the 3′ end. TaqMan probes were designed to anneal within a DNA

region amplified by a specific set of primers. As the Taq polymerase extended the primer

and synthesized the nascent strand, the 5’ to 3’ exonuclease activity of the polymerase

degraded the probe that annealed to the template. Degradation of the probe released

the fluorophore from it and broke the close proximity to the quencher, thus relieving the

quenching effect and allowing fluorescence of the fluorophore. The fluorescence detected in

the quantitative PCR thermal cycler was directly proportional to the fluorophore released

and the amount of DNA template present in the PCR. Using TaqMan probes for both

the normal and variant allele enabled genotyping. Each variant was tested individually or

within a custom array. For copy number analysis, gene specific (CYP2C19, CYP2D6, and

CYP3A) and a reference gene were compared. Individual samples were run in quadru-

plicate. Each replicate was normalized to the reference gene to obtain a ∆Ct (FAM dye

Ct, VIC dye Ct), and then an average ∆Ct for each sample (from the 4 replicates) was

calculated. All samples were then normalized to a calibrator sample to determine ∆∆Ct.

The relative quantity was 2-∆∆Ct, and copy number was 2X relative quantity.
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Targeted mass spectrometry

Quantitative simultaneous determination of caffeine, omeprazole, 5-hydroxy (5-

OH) omeprazole, and midazolam in human plasma and dextromethorphan, dextrorphan,

and dextrorphan-O-glucuronide in human urine was accomplished by the use of high-

performance liquid chromatography with tandem MS detection. Caffeine, omeprazole,

5-OH omeprazole, and midazolam were precipitated from 50 µL of plasma with 100 µL

of 100% acetonitrile (ACN). Twenty µl of supernatant was injected directly onto a C-18

reversed phase high-performance liquid chromatography (HPLC) column (MacMod Ace-5,

2.1 × 150 mm). The LC mobile phase consisted of HPLC grade water with 0.1% formic

acid (elute A) and ACN with 0.1% formic acid (elute B), and eluted with a gradient

program of 0.5-3 minutes/90% B; 3.25–10 minutes/10% B at a flow rate of 0.4 mL/min.

MS/MS detection was made in positive electrospray ionization mode, at mass transitions

of 196→ 137 m/z (caffeine), 346→ 198 m/z (omeprazole), 362→ 214 m/z (5-OH omepra-

zole), and 326 → 291 m/z (midazolam). The method had a dynamic range of 2–25,000

ng/mL. Dextromethorphan, dextrorphan, and dextrorphan-O-glucuronide were precipi-

tated from 100 µL of urine with 200 µL of 100% ACN. Twenty µL of supernatant was

injected directly onto a C-18 reversed phase HPLC column (MacMod Ace-5, 2.1 × 150

mm). The LC mobile phase consisted of HPLC grade water with 0.1% formic acid (elute

A) and ACN with 0.1% formic acid (elute B), and eluted with a gradient program of

0.5-3 minutes/100% B; 3.50-10 minutes/0% B at a flow rate of 0.3 mL/minutes. MS/MS

detection was made in positive electrospray ionization mode, at mass transitions of 272→
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171 m/z (dextromethorphan), 261 → 156 m/z (dextrorphan), and 434 → 258 m/z (5-OH

dextrorphan-O-glucuronide). The method had a dynamic range of 0.98-500 ng/mL. For

analytes in both plasma and urine, calibration standards were used to generate a curve

using a linear regression algorithm to plot the peak area ratio vs. concentration with 1/×

weighting, over the full dynamic range of analyte concentrations. Dextromethorphan to

dextrorphan molar ratios were evaluated for CYP2D6 activity; however, as many samples

were below the lower limit of quantitation of the assay (0.98 ng/mL), the results were not

interpretable.

Untargeted mass spectrometry

Sample preparation: Plasma

Three hundred µL of MeOH (100%) was added to each well of the 96-well plate

Phree Phospholipid Removal Kit and centrifuged at 500 g for 5 minutes, 3 times prior

to sample addition; the MeOH was discarded in the laboratory hazardous waste. Blood

plasma was stored at -80 C prior to extraction in 1.5 mL microtubes. The blood plasma

microtubes were thawed at room temperature prior to extraction. Blood plasma samples

were placed into one of four Phree Phospholipid Removal Kit 96-well plates randomly. The

thawed blood plasma samples were vortexed for 5 seconds and centrifuged for 1 minute

at 5,000 rpm prior to pipetting 50 µL of each sample into the 96-well Phree Phospholipid

Removal Kit. Two hundred µL of MeOH (100%) was added to each well using a multi-

channel pipette; the solution was aspirated and dispensed 5 times to mix the blood plasma

and organic solvent. A 96-well plate (Eppendorf Microplate 96/U-PP) was placed under
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the Phree Phospholipid Removal Kit to collect the sample and centrifuged at 500 g for

5 minutes. The Phree Phospholipid Removal Kit portion was discarded in the solid bio-

hazardous waste and the sample-containing 96-well plate was evaporated until dry using

a CentriVap Benchtop Vacuum Concentrator (Labconco, Kansas City, MO). The 96-well

plate containing the dried extract was covered (Storage Mat III 3080) and stored at -80

C prior to analysis. Immediately prior to analysis, the dried extract material was resus-

pended in 200 µL of MeOH-water (1:1), sonicated for 5 minutes, centrifuged for 5 minutes

at 500 g, and covered with a plate-sealing film (Zone-Free Sealing Films).

Sample preparation: Urine

Urine samples collected using BD Vacutainer tubes were stored at −80°C prior

to extraction. Urine samples were thawed at room temperature. The Vacutainer tubes

were vortexed for 5 seconds and centrifuged at 600 g for 5 minutes. The Vacutainer tube

cap for each sample was carefully removed and 20 µL was pipetted into a well in the 96-

well plate (Eppendorf Microplate 96/U-PP). Five µL of an internal standard solution (20

µg/mL solution of omeprazole-d3, caffeine-d3, midazolam-d4, dextromethorphan-d3, and

dextrorphan-d3) was added to the sample as well as 175 µL of ACN-water (1:174). The

96-well plate was covered with a plate sealing film (Zone-Free Sealing Films) for analysis.

Sample preparation: Feces

Fecal samples were stored at −80°C prior to extraction. The swab tip of the

BD Falcon SWUBE Collection and Transport System swabs were cut into Nunc 96-Well

Polypropylene DeepWell Storage Plates. Sample barcodes were scanned using a barcode

scanner and saved into a Google Sheets spreadsheet generating a record of which sample
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was positioned in each well of the plate. Three hundred µL of MeOH-water (1:1) was

added to each well using a multichannel pipette. The deep well plate was covered with a

storage mat and floated in an ultrasonic bath for 5 minutes. The samples were placed in

a 4°C refrigerator overnight to extract. Subsequently, the swabs were removed from each

well using tweezers, rinsing in between with nanopure water. The swab tips were disposed

of in the solid biohazardous waste. Extracts were evaporated until dry using a CentriVap

Benchtop Vacuum Concentrator (Labconco, Kansas City, MO, USA). The 96-well plates

containing the dried extract were covered (96-deep well plate mats, Nunc 96 Well Caps for

1.0 mL Polystyrene DeepWell Plates) and stored at −80°C prior to analysis. Immediately

prior to analysis, the dried extract material was resuspended in 300 µL of MeOH-water

(1:1), sonicated for 5 minutes, and centrifuged for 5 minutes at 500 g. One hundred µL of

extract from each well was transferred into a 96-well plate (Eppendorf Microplate 96/U-

PP) and diluted twofold using MeOH-water (1:1), and covered with a plate-sealing film

(Zone-Free Sealing Films).

Data acquisition

Blood plasma, urine, and fecal samples were analyzed using an ultra-high-performa-

nce LC (UltiMate 3000; Thermo) coupled to a quadrupole time-of-flight MS (maXis Im-

pact, Bruker). Chromatographic separation was carried out on the analytical C18 column

with corresponding C18 guard cartridge maintained at 40°C during separation. Then,

5.0 µL of the extract was injected per sample. Mobile phase composition was as follows:

A, water with 0.1% formic acid (v/v) and B, ACN with 0.1% formic acid (v/v). Gradi-
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ent elution was performed as follows: 0.0–0.8 minutes, 3% B; 0.8–5.0 minutes, 100% B;

5.0–6.5 minutes, 100% B; and 6.6 minutes–7.6 minutes, 3% B. MS data were collected

using data dependent acquisition. An MS1 scan from m/z 50–1,500 at 3 Hz was followed

by MS2 scans. Fragmentation was produced by stepped collision induced dissociation,

of the five most abundant ions in the prior MS1 scan. Electrospray ionization, positive

mode, was used to convert solution phase molecules into gas-phase ions for MS analysis

using the following source parameters: drying gas, 9.0 L min−1; dry gas heater, 200 C;

capillary voltage, +4.5 kV; end plate offset, −0.5 kV; and nebulizer, 2.0 bar. Hexakis (2,2-

difluoroethoxy) phosphazene, lock mass standard, was sublimed in the ionization source;

the lock mass standard was added such that a signal of ∼ 1 × 105 signal was observed.

Data processing and data analysis

Lock mass corrected.mzXML files were generated from the raw qToF file (.d) using

DataAnalysis (Bruker). MZmine2 was used to perform feature finding [233] (file with all

parameters available in MassIVE MSV000082493), yielding a data matrix of MS1 features

(i.e., m/z and retention time) and associated peak area. Feature-based molecular network-

ing outputs were generated from MZmine2 using the “export to GNPS” module, which

generates a “quant.csv” which contains the MS1 feature information and a corresponding

.mgf file, which contains MS2 information linked to the MS1 features when an MS2 was

detected.
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Molecular networking (GNPS)

Lock mass corrected.mzXML files were generated from the raw qToF file (.d) us-

ing DataAnalysis (Bruker). MZmine2 was used to perform feature finding27 (file with all

parameters available in MassIVE MSV000082493), yielding a data matrix of MS1 features

(i.e., m/z and retention time) and associated peak area. Feature-based molecular network-

ing outputs were generated from MZmine2 using the “export to GNPS” module, which

generates a “quant.csv” which contains the MS1 feature information and a corresponding

.mgf file, which contains MS2 information linked to the MS1 features when an MS2 was

detected.

Molecular networking (GNPS) A molecular network was created with the feature

based molecular networking workflow2 on GNPS3. The data were filtered by removing

all MS2 product ions within ± 17 m/z of the precursor m/z. MS2 spectra were window

filtered by choosing only the top 6 fragment ions in the ± 50 m/z window throughout

the spectrum. The precursor m/z tolerance was set to 0.02 m/z and a MS2 product ion

m/z tolerance of 0.02 m/z. A network was then created where edges were filtered to have

a cosine score above 0.7 and more than 4 matched peaks. Further, edges between two

nodes were kept in the network if and only if each of the nodes appeared in each other’s

respective top 10 most similar nodes. Finally, the maximum size of a molecular family

(i.e., network component) was set to 100, and the lowest scoring edges were removed from

molecular families until the molecular family size was below this threshold. The spectra in

2https://ccms-ucsd.github.io/GNPSDocumentation/featurebasedmolecularnetworking/
3https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=b3966445abad4658a3cdc63c8198a666
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the network were then searched against GNPS spectral libraries. The library spectra were

filtered in the same manner as the input data. All matches kept between network spectra

and library spectra were required to have a score above 0.7 and at least 4 matched peaks.

Curves were generated in blood plasma, urine, and feces samples using code (R

language) available at GitHub (see below). The MS1 features corresponding to the drug

and drug metabolites were subsetted from the MS1 feature table (“quant.csv”) generated

for feature-based molecular networking by linking the chemical annotations from GNPS

(based on MS2 spectral matching) or the monoisotopic mass (confirmed by manual inter-

pretation of the MS2 product ion spectra). MS1 features detected in urine were normalized

by the peak area of creatinine to compensate for variable concentration in random urine

collection. MS1 features detected in fecal samples were normalized by the peak area of

stercobilin, a heme catabolite responsible for the brown color of feces, to compensate for

variable amounts in material extracted. Blood samples were analyzed without normal-

ization as a fixed amount of volume was extracted in each sample. The results were

subsequently plotted using the ggplot2 library in R. Note, nonfinite values were dropped

when applying log10-scaling to the y-axis to facilitate interpretation as the peak areas for

the drug and drug metabolites span multiple orders of magnitude.

Metabolomics data and code availability

All MS data (.d and .mzXML files) are publically available via GNPS/MassIVE4,

a public MS data repository, under the accession number MSV000082493. All other code

4massive.ucsd.edu
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and materials (R) used to process data and generate plots are freely available at GitHub5.

Microbiome

Sample and data processing The Earth Microbiome Project [297] DNA extrac-

tion and 16S sequencing protocol was used for sample processing. In brief, stool sample

DNA was extracted from swabs using the 96-well MoBio Powersoil DNA kit, and barcoded

515F-806R primers targeting the V4 region of the 16S rRNA gene were used for 16S am-

plification. The resulting V4 amplicons were sequenced at UCSD Institute for Genomic

Medicine on an Illumina MiSeq.

Raw 16S sequencing data were uploaded to Qiita [98], where it was demultiplexed,

trimmed to 150 bp reads, and processed to suboperational taxonomic units (sOTU)s using

Deblur [7]. The resulting feature table and representative sequences were downloaded and

further analyzed with QIIME 2 [29] to perform rarefaction, taxonomic assignments, phy-

logenetic tree generation, and differential abundance testing, and to calculate alpha and

beta diversity. Taxonomic assignments used the naive bayes sklearn classifier [2] in QIIME

2 trained on the 515F/806R region of Greengenes 13 8 99% operational taxonomic units

(OTUs). Phylogenetic tree generation was performed by inserting representative sequences

into the Greengenes 13 8 99% tree with SEPP [131] in QIIME 2. The feature table was

rarefied to 5,000 reads per sample before performing alpha diversity (observed OTUs) and

beta diversity (unweighted UniFrac) calculations in QIIME 2. Statistical significance of al-

pha diversity comparisons between days was determined with the alpha-group-significance

5github.com/alan-jarmusch/UntargetedMS-DrugMetabolism
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command (Kruskal–Wallis) in QIIME 2. Differentially abundant features (microbes) be-

tween study days 1 and 9 were calculated with discrete false discovery rate [134] on the

rarified feature table collapsed to species-level and on the noncollapsed table, implemented

in QIIME 2. Repeated measures correlations were calculated using the python package

Pingouin [304], which implements repeated measures correlation (rmcorr) [16] in python

and were run individually for each metabolite. Unweighted UniFrac distances used in re-

peated measures correlations were the unweighted UniFrac distances for each individual

subject at study days 2–9 compared with their study day 0 (baseline) sample. Compar-

isons of beta diversity variability between subjects by day were calculated by taking the

unweighted UniFrac distances between all subjects for each day and performing pairwise

Kruskal–Wallis tests with Scipy [309] between the study day 0 distances and all other days.

Data visualizations were generated with the python packages seaborn (seaborn:

statistical data visualization — seaborn 0.9.0 documentation6 and matplotlib [123].

Microbiome data availability

Sequencing data are publicly available in Qiita7 and the EBI accession number is

ERP117671. Jupyter notebooks with data analysis code are available at8.

6http://seaborn.pydata.org/
7https://qiita.ucsd.edu/study/description/11766
8https://github.com/afvrbanac/Tsunoda-Drug-Metabolism
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Table 2.1: Pharmacokinetic measurement of CYP activity prior to and after cefprozil.

CYP Parameter

Geometric mean

period 1

(no antibiotic)

Geometric mean

period 2

(after antibiotic)

LS-

GMR

90%

CI

CYP1A2
Caffeine (CL/F;

mL/hour)
24.9 23.5 0.93

0.53–

1.33α

CYP2C19
OME/5-OH OME

(AUC)
1.4 1.2 0.89

0.63–

1.17α

CYP3A4
Midazolam

(CL/F; mL/hour)
9.7 9.6 0.98

0.78–

1.19α

2.1.3 Results

Cefprozil decreased activity of multiple CYP isoforms

After a 7-day course of oral cefprozil at therapeutic doses (500 mg twice daily),

the LS-GMR of the PK parameter for caffeine, omeprazole, and midazolam decreased (Ta-

ble 2.1). Furthermore, the 90% CI of the LS-GMR for caffeine, omeprazole, and midazolam

were all outside the 0.8 to 1.25 interval. Consequently, the decrease in the LS-GMRs and

accompanying 90% CIs suggest a decrease in CYP1A2, CYP2C19, and CYP3A4 activities.

Due to uninterpretable results, dextromethorphan (CYP2D6) data are not reported. No

trends could be explained from sex, race, or the genetic variation in the CYPs (Table A.1).

Cefprozil modified the gut microbiome

Microbiome alpha diversity (i.e., the number of observed OTUs per sample, re-

mained similar between enrollment (study day 0) and the pre-antibiotic Cooperstown
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cocktail administration (study day 1). The antibiotic cefprozil was taken orally beginning

on study day 2, which resulted in an observed decrease in alpha diversity over the week-

long course (Figure 2.2a), and alpha diversity was significantly lower on study days 5, 7,

8, and 9 (postantibiotic Cooperstown cocktail administration) compared with study day

1. Alpha diversity recovered to pre-antibiotic levels by study day 15 after cessation of

antibiotics on study day 8. Although cefprozil decreased alpha diversity in subjects, the

induced changes in the microbiome of subjects were individualistic. Unweighted UniFrac

distances, a measure of beta diversity between subjects were significantly higher on study

days 3–9 and 15 compared with enrollment (study day 0), Figure A.1. Cefprozil was qual-

itatively detected using untargeted metabolomics in the fecal samples beginning on study

day 3 through study day 9, affirming subject adherence, Figure A.2.

Despite an increase in microbiome variability (i.e., beta diversity) between sub-

jects with cefprozil treatment, changes in certain bacteria were consistent across subjects.

Collinsella aerofaciens, Lachnospiraceae Blautia, Blautia obeum, Coprococcus, Roseburia,

and Ruminococcus were significantly decreased in the study day 9 fecal samples compared

with study day 1 (Figure 2.2b). Although the Lachnospiraceae family overall was signif-

icantly lower in study day 9 samples, differential abundance testing at the sOTU level

(individual 16S sequences) revealed multiple bacteria in the Lachnospiraceae family that

increased with antibiotic treatment, including a Lachnospiraceae Clostridium sOTU and

a Clostridium lavalense sOTU.
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Figure 2.2: Box and whisker plots displaying changes in fecal microbiota. (a)
Alpha diversity was measured by observed operational taxonomic units (OTUs). Boxes
shaded in grey indicate the period of time in which oral cefprozil was administered. As-
terisks indicate statistical significance (Kruskal-Wallis) compared with alpha diversity on
study day 1. (b) Differentially abundant bacteria between study days 1 and 9. Statisti-
cal significance was assessed with dsFDR [134] on the rarified feature table collapsed to
species-level. Plots are displayed as relative abundance for ease of interpretability. The
boxes represent the 25%, 50%, and 75% quartile and the whiskers extend ±1.5 times the
interquartile range.
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Untargeted metabolomics and molecular networking enhance characterization

of drug metabolism

Metabolomics data collected using untargeted MS were analyzed using molecular

networking. Molecular networking links similar chemicals based on similar MS/MS frag-

mentation patterns. Every unique MS/MS spectrum is displayed as a node (ellipse) in

Figure 2.3 and colored by annotation status (green annotated or grey unannotated). The

majority of nodes, a proxy for how many different chemicals were detected, were unanno-

tated. The CYP probe drugs, midazolam (components 1 and 3), omeprazole (components

2 and 5), and dextromethorphan (component 4) were molecular networked. Midazolam

metabolites generated by CYP3A4 and glucuronosyltransferase (1-hydroxymidazolam, 1-

hydroxymidazolam-O-glucuronide, and dihydroxymidazolam glucuronide) were detected in

component 3. Omeprazole metabolites generated by CYP2C19, CYP3A4, and glucurono-

syltransferase were detected in component 2 (5-hydroxyomeprazole, 5-carboxyomeprazole,

and 5-hydroxyomeprazole-O-glucuronide, respectively). Component 4 contained the CYP-

2D6-derived metabolite dextrorphan. Caffeine was detected in the samples but is not in-

cluded in the network as it falls below the networking criteria for the minimum number of

fragment peaks (i.e., product ions).

Component 5 of the molecular network (Figure 2.3) included additional omeprazole

metabolites, including omeprazole sulfide (a reported bacterial metabolite) and omepra-

zole sulfone (a reported CYP3A metabolite) [45, 173, 102]. An unannotated node with a

measured m/z of 346.1226 was linked to omeprazole sulfide, and was tentatively annotated

60



Figure 2.3: Molecular networking via Global Natural Products Social Molecular Net-
working for all samples with nodes (ellipse) representing unique tandem mass spectrometry
(MS/MS) consensus spectra and edge (lines) indicating similarity in MS/MS fragmenta-
tion. Annotation is concurrently performed via MS/MS spectral library matching (level
2) and is indicated in grey (unannotated) or green (annotated). Authentic chemical stan-
dards improve confidence in annotation (level 1), red node outline. Illustrative molecular
networking components (i.e., chemical families) are enlarged to highlight the detection and
networking of CYP drug probes as well as metabolites.
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as hydroxyomeprazole sulfide (presumed to be the 5-hydroxy metabolite) upon the man-

ual interpretation of the MS/MS spectra (Figure A.3 and A.4). Characteristic product

ions of m/z 313.1422 (neutral loss of -SH), 198.0571, and m/z 149.0684 were noted. The

neutral loss of 18.0110 (-H2O), 32.9803 (-HS), 63.9620 (-SO2) was observed in omeprazole,

omeprazole sulfide, and omeprazole sulfone, respectively. The neutral loss corresponding

to the substituted benzimidazole ring (m/z 148.0652), also detected as a product ion of

m/z 149.0684, was observed in omeprazole, omeprazole sulfide, and omeprazole sulfone,

and the respective product ions of m/z 198.0581, 182.0619, and 214.0521. The detec-

tion of m/z 198.0571 corresponding to the charged substituted pyridine ring (and neutral

loss of the substituted benzimidazole ring) matched that of omeprazole. The fragments

suggested the presence of a chemical, isobaric with omeprazole with the same molecular

formula, but differing in the location of oxygen atoms. The tentatively annotated hydroxy-

omeprazole sulfide shared a product ion of m/z 167.0922 with that of 5-hydroxyomeprazole

indicating hydroxylation. In summary, the link between molecular networking indicated a

chemical similar to omeprazole sulfide, a bacterial metabolite, with an MS/MS spectra in-

dicative of hydroxylation of the substituted pyridine ring, which we presume is the known

5-hydroxymetabolite produced by CYP2C19.

The metabolomics data provided a global view of drug metabolism when analyzed

via multivariate statistics (i.e., principal component analysis (PCA)). The urine data were

relatively similar in chemical composition indicated by the grouping and a large amount of

overlap in the PCA score plots in Figure 2.4a,b for pre-antibiotic and postantibiotic study

days. Data along the principal component (PC1) axis, displayed in the density plot (inset),

62



indicate a shift associated with time after drug administration. The median in samples

PC1 values shift in the positive PC1 direction after 0 minutes (pre-administration of drugs)

and continues to do so until ∼ 240 or 360 minutes before beginning shifting in the negative

direction on the PC1 axis at 480 minutes. The high-level view of metabolism indicated that

chemical shifts following the metabolism of the drugs is detectable, whereas modest differ-

ences are noted reflecting the minor effect of adding a few drugs to the complex chemical

composition of urine. Untargeted metabolomics data provided semiquantitative informa-

tion about the temporal changes in plasma, urine, and fecal samples of known drug and

drug metabolites, such as omeprazole, hydroxyomeprazole, and omeprazole sulfide (Fig-

ure 2.4c–e), as well as putatively annotated drug metabolites resulting from molecular

networking (e.g., hydroxyomeprazole sulfide). Assuming similar ionization efficiency (i.e.,

the rate of converting neutral molecules to charged forms for detection via MS) based on

the structural similarity of omeprazole and plotted metabolites, one could interpret the rel-

ative levels of the metabolites. In plasma, Figure 2.4c, omeprazole, 5-hydroxyomeprazole,

and hydroxyomeprazole sulfide were similar in abundance, whereas omeprazole sulfide was

less abundant. The level of omeprazole began to increase ∼ 30 minutes after dosage. Hy-

droxyomeprazole levels began increasing ∼ 60 minutes after dosage, quickly increasing to

the peak level at 120 minutes. Similar trends in omeprazole sulfide and hydroxyomeprazole

sulfide were observed with a more gradual increase to peak levels (∼ 120 to 240 minutes)

beginning at 30 to 60 minutes. In urine, omeprazole and omeprazole sulfide were less

abundant than hydroxyomeprazole sulfide and 5-hydroxyomperazole. Similar to the blood

levels, hydroxyomeprazole sulfide levels more gradually increased over time compared with
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hydroxyomeprazole. The values for study day 1 and study day 9 are displayed in different

colors revealing trends, but the changes were not statistically significant in plasma or urine.

The fecal data, Figure 2.4e, indicated that during the period of time after the initial dose

of omeprazole, the parent drug, and its metabolites were detected in fecal samples over

the following week.

Decreased microbiome alpha diversity correlated with increased formation of

drug and drug metabolites in feces

Microbiome perturbation was associated with elevated drug and drug metabolites

in fecal samples. Using a repeated measures correlation [16] to account for interindivid-

ual variation, we found microbiome alpha diversity was anticorrelated with both levels of

omeprazole and omeprazole metabolites (Figure 2.5), independent of time (Figure A.5).

Additionally, the unweighted UniFrac distance for each individual’s sample to their study

day 0 (baseline) sample was positively correlated with omeprazole and omeprazole metabo-

lites (Figure 2.5). Taken together, this indicates that the magnitude of microbiome dis-

ruption, measured by both microbiome alpha diversity changes and individual deviation

from baseline (beta diversity), was associated with omeprazole and omeprazole metabolite

accumulation in feces. A similar trend was observed for other drugs, including caffeine

and midazolam (Figure A.6), although midazolam accumulation in feces was significantly

associated with time (Figure A.5).
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2.1.4 Discussion

After a 7-day course of the oral antibiotic cefprozil, the phenotyping parameters

for caffeine, omeprazole, and midazolam were altered reflecting decreased activities of

CYP1A2, CYP2C19, and CYP3A, respectively. Cefprozil had a greater effect on CYP2C19

and modest effects on CYP3A4 and CYP1A2. The mechanism for this effect is not likely

due to cefprozil directly affecting CYP-mediated metabolism as the majority of the drug

is excreted unchanged in the urine; hepatic metabolism is thought to be minimal, and

no CYP-mediated drug-drug interactions have been reported with these probe compounds

[22]. Cefprozil is a second-generation cephalosporin that has activity against gram positive

bacteria (e.g. Streptococci, Haemophilus influenza) as well as gram negative bacteria (e.g.,

Escherichia coli); and affects specific organisms in the gut microbiome [247]. Therefore,

we propose that cefprozil is modifying the gut microbiome and affecting CYP activity. It

is possible that other antibiotics that more dramatically alter gut microorganisms may

have different effects on CYP-mediated metabolism.

Cefprozil decreased microbiome alpha diversity, which significantly recovered by

study day 15. Similar to a previous study [247], there was significant interindividual vari-

ability in the gut microbial changes after cefprozil (Figure A.1). Most of the gut bacteria

that decreased with cefprozil treatment (Lachnospiraceae, Blautia, Coprococcus, Roseburia,

and Ruminococcus) were from the Firmicutes phyla, which together with Bacteroides com-

poses the majority of the human gut microbiome. Although none of these bacteria have

been previously associated with changes in drug metabolism, interesting associations with
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human disease and drug activity have been reported. Increased Lachnospiraceae Blautia

was associated with survival in graft-vs.-host disease [133]. Coprococcus has been shown to

be depleted in depression [305]. Roseburia has been associated with several diseases sug-

gesting that it may be a biomarker for a healthy microbiome [174]. Collinsella aerofaciens

from the actinobacteria phylum was significantly decreased in our study. Interestingly,

C. aerofaciens has been associated with inflammatory bowel diseases, aging, and drug

activity. A recent in vitro drug screen suggests that C. aerofaciens may contribute to the

metabolism of 16 different drugs [354] and an increased abundance was associated with

greater response to anti-PD-1 therapy in patients with metastatic melanoma [185].

Recent investigations have drawn attention to the role of Faecalibacterium praus-

nitzii in the disposition of the CYP3A substrate and immunosuppressive agent tacrolimus.

The abundance of F. prausnitzii in feces was positively correlated to tacrolimus dosing in

patients who underwent kidney transplantation [163]; and, upon further investigation, F.

prausnitzii was shown to form a tacrolimus metabolite [103]. We did not observe a change

in F. prausnitzii in our data, although it was shown to be present throughout individuals

over time (Figure A.7). Cefprozil did not significantly affect this particular organism in

our cohort.

Metabolomics performed using untargeted MS provided information on drug metabo-

lites via molecular networking, an overall picture of drug metabolism via PCA, and qual-

itative information on the temporal dynamics of drug metabolites. Molecular network-

ing was able to connect parent and metabolite drugs, including known CYP biotrans-

formation products, such as 1-hydroxymidazolam (CYP3A4), dextrorphan (CYP2D6),
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and 5-hydroxyomeprazole (CYP2C19) across blood plasma, urine, and feces. Deuterated

chemical standards of the parent drugs and select metabolites networked with their re-

spective parent drugs increased confidence in chemical annotations provided via spectral

library matching in GNPS. Phase II drug metabolites were concurrently detected (e.g., glu-

curonidation). The drug metabolites that were not assigned a chemical annotation were

more often than not due to the unavailability of a reference MS2 spectrum in the GNPS

(a compilation of nearly all public MS2 reference spectra, including MoNA, MassBank,

MassBank EU, etc.); however, connections to known metabolites could be established

using molecular networking facilitating annotation de novo.

Omeprazole sulfide was detected in the blood, urine, and fecal samples in support

of previous reports in human blood plasma [250], human urine [210], and wastewater

samples [27]. The exact mechanism or location in the human body at which omeprazole

sulfide is produced cannot be conclusively determined in this study; however, there is prior

evidence that omeprazole sulfide can be produced by the intestinal microbiome of rat feces

ex vivo as well as in the blood of rats after oral ingestion and intrarectal dosage [323].

Further, human and rabbit feces incubated with sulphinpyrazone and sulindac resulted

in sulfoxide reduction, which is also observed in rabbits in vivo [284]. Biochemically, the

reduction of the sulfoxide functional group may serve as an electron acceptor in anaerobic

respiration. We cannot discount the role of chemical reduction, particularly in acidic

conditions, that may occur. Regardless of the mechanism and location of production,

our study affirms that omeprazole sulfide can be detected in blood plasma, urine, and

feces in humans. Further, molecular networking indicated the presence of a chemical,

69



connected to omeprazole sulfide, which was tentatively identified as hydroxyomeprazole

sulfide based on MS/MS and exact mass (2.02 ppm mass error). This metabolite was

reported previously in wastewater samples [27]; but a source was never identified. We

postulate that this metabolite is the combined product of both host CYP and intestinal

gut microbiota metabolism, although we did not test this directly.

With respect to the omeprazole metabolites, we investigated the changes in alpha

diversity and beta diversity, and the formation of omeprazole and its metabolites over

study days 2–9. We found alpha diversity was negatively correlated with omeprazole and

omeprazole metabolites, associating a loss of microbial diversity with the accumulation of

omeprazole, 5-OH omeprazole, and 5-OH omeprazole sulfide in feces. This was not simply

an artifact of time, neither omeprazole nor its metabolites were significantly correlated

with day (Figure A.5). We also quantified the magnitude of microbiome changes for each

individual over the course of the study by looking at the unweighted UniFrac distances

from the study day 0 baseline sample to study days 2–9. An increase in UniFrac distance

to baseline, indicating a greater change in microbiome composition, was significantly cor-

related with omeprazole, 5-OH omeprazole, and 5-OH omeprazole sulfide accumulation in

feces. Although we cannot directly link these results to bioavailability of the drug, disrup-

tion of the microbiome seems to be associated with drug and drug metabolite content in

feces. Notably, we did not observe a significant correlation with changes in CYP activity

and alpha or beta diversity, although unlike fecal metabolite correlations, we were limited

to data from only study days 1 and 9 where CYP activity was measured.

In conclusion, using the tools of targeted MS and untargeted MS/molecular net-
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working and microbiome analysis, we demonstrated a relationship between perturbation

of the gut microbiome and drug metabolism. Untargeted MS data analyzed by molecular

working via GNPS were useful in connecting drugs with their known CYP and phase II drug

metabolites, suggesting the presence of uncharacterized drug metabolites, which could be

confirmed using exact masses, molecular formulae, and interpretation of MS2 product ion

spectra; and that qualitative assessment of PK levels in multiple human biofluids is possi-

ble. We affirm the presence of omeprazole sulfide in human blood plasma, urine, and fecal

samples. We report the presence of 5-hydroxyomeprazole sulfide, 5-carboxyomeprazole sul-

fide, and 4-hydroxyomeprazole sulfide-O-glucuronide in human blood plasma and urine,

and hypothesize they are produced through the combination of human CYP and phase II

metabolism and that of intestinal microbiota. Enhanced interrogation of drug metabolism

with our methodology provides insight into the chemical modifications, which may be pre-

viously unknown and allows differentiation between host and microbe. Alteration of drug

metabolizing enzymes by antibiotics may be an important mechanism to consider in the

variability of drug PKs, drug action, and pharmacodynamics. Future studies to identify

gut microbes and their products and the molecular mechanisms of this interaction will be

important. Other factors that change the gut microbiome may also significantly impact

intestinal and hepatic drug metabolism. Understanding these contributions to overall drug

bioavailability brings us closer to optimal drug utilization and discovery.
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Chapter 3

Developing and utilizing 3D mouse

models to assess the whole-organism

impact of the microbiome on host

chemistry
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3.1 Global chemical effects of the microbiome include

new bile-acid conjugations

A mosaic of cross-phylum chemical interactions occurs between all metazoans and

their microbiomes. A number of molecular families that are known to be produced by the

microbiome have a marked effect on the balance between health and disease [252, 95, 330,

180, 199, 96, 183, 200, 291]. Considering the diversity of the human microbiome (which

numbers over 40,000 operational taxonomic units [126]), the effect of the microbiome on

the chemistry of an entire animal remains underexplored. Here we use mass spectrometry

informatics and data visualization approaches [316, 324, 236] to provide an assessment

of the effects of the microbiome on the chemistry of an entire mammal by comparing

metabolomics data from germ-free and specific-pathogen-free mice. We found that the

microbiota affects the chemistry of all organs. This included the amino acid conjugations

of host bile acids that were used to produce phenylalanocholic acid, tyrosocholic acid and

leucocholic acid, which have not previously been characterized despite extensive research on

bile-acid chemistry [114]. These bile-acid conjugates were also found in humans, and were

enriched in patients with inflammatory bowel disease or cystic fibrosis. These compounds

agonized the farnesoid X receptor in vitro, and mice gavaged with the compounds showed

reduced expression of bile-acid synthesis genes in vivo. Further studies are required to

confirm whether these compounds have a physiological role in the host, and whether they

contribute to gut diseases that are associated with microbiome dysbiosis.
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3.1.1 Main

In total, we analysed 768 samples from 96 sample sites of 29 different organs from

4 germ-free and 4 colonized mice by liquid chromatography–tandem mass spectrometry

(LC–MS/MS) and 16S rRNA gene sequencing (Supplementary Table 1 in [240]1). Mapping

the first principal coordinate position of each sample from specific-pathogen-free (SPF)

mice onto a three-dimensional (3D) mouse model [236] enabled us to visualize the sim-

ilarity of the microbiome and metabolome through all organs and organ systems (Fig-

ure 3.1;the 3D model is available as Supplementary Data). Different sections through the

gastrointestinal tract had unique microbiome and metabolome profiles. There was a dis-

tinct difference between the similarity of the two data types in mouse faecal samples. The

metabolome differed between faecal samples and the distal gastrointestinal tract, whereas

the microbiome was more similar between faeces and colon or caecum samples.

1https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-020-2047-9/MediaObjects/
41586 2020 2047 MOESM3 ESM.xlsx
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Figure 3.1: Global effect of the microbiome on the chemistry of an entire
mammal. a, Three-dimensional model of mouse organs mapped with the mean first prin-
cipal coordinate (Supplementary Data Fig. B.1) as a heat map (according to the colour
scale), from the germ-free and SPF mice (n = 4 mice each)3 b, Mean percentage and
total number of unique spectra in each organ sampled from the two mouse groups. c,
Relative abundance (normalized to total ion current (TIC)) of the 30 most differential
metabolites between the guts of germ-free and SPF mice. The metabolites are coloured as
secondary bile acids (blue), primary bile acids (red), soyasaponins (pink), peptides (yellow)
and unknown (brown). Annotations are based on spectral matching or molecular network
propagation (level two or three [288]). Stereochemistry of the annotated molecules cannot
be discerned using these methods. d, Mean and 95% confidence interval of the Shan-
non–Weiner diversity of the metabolomic data in each sample from the gastrointestinal
tracts of germ-free and SPF mice. Statistical significance between metabolome diversity
in the same sample location between germ-free and SPF mice was tested with a two-sided
Mann–Whitney U-test, n = 4. P = 0.028, #P = 0.057. e, Results of meta-mass-shift
chemical profiling [109] showing the spectral counts of known mass differences between
unique nodes in either germ-free or SPF mice. Each mass difference corresponds to the
node-to-node gain or loss of a particular chemical group.
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3.1.2 Molecular networking of mouse data

To characterize the chemical effect of the microbiome, we subjected the mass spec-

trometry data to molecular networking [324]. The algorithm identified 7,913 spectra, of

which 14.7 ± 2.2% were observed in colonized mice and 10.0 ± 0.7% were exclusive to

germ-free mice (Figure 3.1c, Supplementary Data Fig. B.1). Although the overall profiles

showed that the strongest differences between germ-free and SPF mice were in the gas-

trointestinal tract, molecular networking identified unique chemical signatures from the

microbiome in all organs—ranging from 2% in the bladder to 44% in stools (Figure 3.1b).

The metabolome of the caecum, the main site of microbial fermentation of food, was most-

markedly affected by the microbiota. Spectral library searching enabled the annotation

of 8.9% of nodes in the molecular network [324, 343] (level two or three, according to

previously published standards [288]). Many of the changes attributed to the microbiome

were location-specific, resulting from the metabolism of plant natural products from food

and bile acids (Figure 3.1c, Supplementary Data Figs. B.2- B.4, Supplementary Data).

In the upper gastrointestinal tract, the Shannon diversity of the metabolomes of

germ-free mice mirrored those of SPF mice; in both sets of mice, diversity was low in the

oesophagus and higher in the stomach and duodenum. Upon transition to the caecum,

however, the diversity of the two groups of mice began to separate (Fig. 3.1d). The

molecular diversity in the caecum and colon of colonized mice was higher than that of

germ-free mice, but this was not the case in the stool samples (Fig. 3.1d). In the duodenum

(the location at which the gallbladder adds bile to the intestine), there was a contrast in
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microbiome and metabolome diversity: a high metabolome diversity corresponded to a

low microbial diversity (Fig. 3.1d, Supplementary Data Fig. B.1).

Molecular networking enabled meta-mass-shift chemical profiling [109] (an analysis

of chemical transformations on the basis of parent mass shifts between related spectra

without the requirement of knowing the molecular structures) of the gastrointestinal tracts

of germ-free and SPF mice. In colonized mice, there was a signature for water loss in the

duodenum and jejunum and the loss of H2, acetyl and methyl groups in later parts of the

gastrointestinal tract (Fig. 3.1e). Of all the H2 shifts, 23.1% were associated with bile acids,

which indicates that colonization resulted in the oxidation of bile acids (a known microbial

transformation) [110]. Deacetylations were also prevalent in colonized mice, although the

metabolites on which this occurred remain unidentified. Germ-free mice had mass gains

that corresponded to saccharides in all regions of the gastrointestinal tract (Fig. 3.1e);

these gains were primarily associated with plant natural products, such as soyasaponins

and flavonoids. The absence of these sugars in SPF mice implicates the microbiome in

their metabolism (Supplementary Data Figs. B.2, B.3). A unique mass gain of C4H8 was

detected in the jejunum and ileum of SPF mice (Fig. 3.1e) and 18.2% of spectra with

this mass gain were derived from an unknown molecule related to the conjugated bile acid

glycocholic acid (GCA) (Fig. 3.2a). Overall, both germ-free and SPF mice had frequent

and diverse mass losses between related molecules, but in colonized mice there were fewer

molecules that gained a molecular group (Fig. 3.1e). This indicates that the microbiome

contributed more to the catabolic breakdown of molecules, and less to anabolism. However,

we found the addition of C4H8 to GCA to be a particularly interesting anabolic reaction
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that was dependent on the gut microbiome, and we sought to investigate this further.

3.1.3 Discovery of new conjugated bile acids

Glycine- and taurine-conjugated bile acids were detected in both germ-free and

SPF mice. The glycine and taurine amino acids were removed as they passed through

the gastrointestinal tract in SPF mice only, which is a known microbial transformation

[313] (Fig. 3.1b, Supplementary Data Fig. B.4). The molecular network of conjugated bile

acids had several modified forms of these compounds that were present only in colonized

mice, including the C4H8 addition that was related to the tandem mass spectra of GCA

(Fig. 3.2a). Our analysis of the tandem mass spectra of three of these SPF-mouse nodes

(m/z 556.363, 572.358 and 522.379) showed the maintenance of the core cholic acid, but

with a fragmentation pattern that was characteristic of the presence of phenylalanine,

tyrosine or leucine through an amide bond at the conjugation site in place of glycine or

taurine (Supplementary Data Fig. B.5, Supplementary Table B.1). This represents a set

of unique amino acid amide conjugations to cholic acid that are mediated by the micro-

biome, which create the newly identified bile acids phenylalanocholic acid (Phe-chol), ty-

rosocholic acid (Tyr-chol) and leucocholic acid (Leu-chol). These structures were validated

with synthesized standards by retention time and MS/MS matching on several instrument

platforms including targeted mass spectrometry (level one matches [288]) (Supplementary

Data Figs. B.5, B.6, Supplementary Tables B.1, B.5, B.6). These molecules were detected

in the duodenum, jejunum and ileum of SPF mice only, with tenfold-lower levels found

in the caecum and colon after targeted mass spectrometry analysis using isotopically la-
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Figure 3.2: Newly identified microbial bile-acid conjugates. a, Structures and
molecular networks of newly identified microbiome-conjugated bile acids, with host-
conjugated GCA shown for comparison. The molecular network is coloured by mapping
to germ-free or SPF mice (according to the colour legend). Inset highlights the parent
masses and mass differences between the newly discovered molecules and GCA. Each node
represents a clustered tandem mass spectrum; connections between the nodes indicate
relationships through the cosine score with their width scaled by the cosine size (cut-off
minimum of 0.7). Circular nodes are unknown molecules, and arrowheads are spectra
with matches in the GNPS libraries.b, Dot plot of the area-under-the-curve abundance of
the newly identified and host-synthesized bile- acid conjugates in each SPF mouse (n=4),
through the mouse gastrointestinal tract and its subsections.
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belled internal standards (Supplementary Tables B.2- B.4). The liver-synthesized glycine

and taurine conjugates were not only found in these same gut locations, but were also

observed in the gall bladder and liver (Fig. 3.2b, Supplementary Data Fig. B.6). Phe-chol

was the most abundant microbial conjugate, on average, across the gastrointestinal tract;

it was present at 147.0 nmol g−1 tissue (s.d.± 99.9) in the jejunum, 83.6 nmol g−1 tissue

(s.d. ± 81.3) in the ileum, 4.7 nmol g−1 tissue (s.d. ± 3.4) in the caecum and 11.6 nmol

g−1 tissue (s.d.± 12.2) in the colon. Phe-chol was present at its highest concentration at

447.2 nmol g−1 tissue in a single sample from the jejunum (limit of detection (LOD) in

Supplementary Tables B.2- B.4, B.7, B.8).

The decreased abundance of these unique bile conjugates in the lower gastroin-

testinal tract prompted us to investigate whether there was reabsorption in the ileum or

further metabolism by the microbiota. We collected portal and peripheral blood from an

additional four SPF and six germ-free mice, and screened for the presence of conjugated

bile acids. Both taurocholic acid and GCA were present in the portal and peripheral blood

of colonized and sterile mice, but the newly identified amino acid amide conjugates were

not detected (Supplementary Data Fig. B.6). Furthermore, incubation of these molecules

with an actively growing human faecal batch culture showed that the Tyr-, Phe- and Leu-

conjugated bile acids were not deconjugated by the microbiota—even when deconjugation

readily occurred on the host-synthesized GCA control, a well-known amidate hydrolase

activity of bile acids that is mediated by the human microbiota [121] (Supplementary

Data Fig. B.6). However, oxidation of the cholate core occurred on all three of the newly

identified conjugates, which indicates that they could be modified by microbial enzymes
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even when no concurrent oxidation of GCA was observed (Supplementary Data Fig. B.6).

In the extensive literature relating to bile acids (comprising more than 42,000 pub-

lication records in PubMed [205, 232, 100, 348, 293, 106, 207], descriptions of unusual

conjugations of bile acids are rare. Through 170 years of research into bile-acid chemistry,

the accepted standard has been that mammalian bile acids are amide conjugated by a

host liver enzyme (known as bile acid–CoA:amino acid N-acyltransferase (BAAT )) with

either glycine or taurine. Here we report amide conjugations with phenylalanine, tyrosine

and leucine associated with the microbiome in mice, and show that these compounds are

common in humans.

Translation to humans

We performed a search using the Mass Spectrometry Search Tool (MASST) of 1,004

public datasets available in the Global Natural Products Social Molecular Networking

(GNPS) database, which revealed spectral matches that correspond to Phe-chol, Tyr-chol

and Leu-chol in 28 studies comprising samples from the gastrointestinal tract of both mice

(3.2 to 59.4% of all samples) and humans [316] (1.6 to 25.3% of all samples) (Supplementary

Data Fig. B.7). In data from faecal samples collected for the American Gut Project [188],

at least one of these unique bile acids was found in 1.6% of human faecal samples; Tyr-

chol was the most prevalent (n = 490 samples) (Fig. 3.3a). These bile acids were found

in higher frequency in samples from patients with inflammatory bowel disease or cystic

fibrosis, or from infants, than in samples from the American gut project (Fig. 3.3a).
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Figure 3.3: Presence, synthesis and function of microbial bile-acid conjugates.
a, Percentage of samples that were positive for the newly identified bile acids from GNPS
public datasets and from paediatric patients with cystic fibrosis (compared to controls
without cystic fibrosis). AGP, American gut project [188]; CF, cystic fibrosis; IBD, in-
flammatory bowel disease; PS, pancreatic-sufficient; PI, pancreatic-insufficient. The colour
coding of the bile acids applies to a–c. b, Abundance of the newly identified conjugates
in the PRISM and iHMP (NIH Integrative Human Microbiome Project) datasets [168].
The statistical significance for the PRISM data was tested using the Wald’s test (Crohn’s
disease (CD), n = 68 individuals; ulcerative colitis (UC), n = 53 individuals; noninflamma-
tory bowel disease, n = 34 individuals) and for the iHMP dataset with a linear two-sided
mixed-effects model. The iHMP comparisons are separated by type of inflammatory bowel
disease, and by dysbiotic or nondysbiotic state (for ulcerative colitis, n = 12 dysbiotic and
110 nondysbiotic metabolomes; for Crohn’s disease, n = 48 dysbiotic, and 169 nondysbiotic
metabolomes; for noninflammatory bowel disease, n = 15 dysbiotic and 107 nondysbiotic
metabolomes). Significance is shown using Benjamini–Hochberg-corrected P values. Leu-
chol, q = 0.031; Tyr-chol, q = 0.0074; Phe-chol, q = 0.0043. *q < 0.05, **q < 0.05. Boxes
represent the interquartile range, notch is the 95% confidence interval of the mean, centre is
the median and whiskers are 1.5× the interquartile range. c, Extracted ion chromatograms
of Phe-chol from cultured isolates of C. bolteae compared to medium control at 0 h and 96
h (top). Experiment was performed twice. d, The ratio of 13C-Phe-chol:12C-Phe-chol in
faecal samples of a mouse fed a high- fat diet with 13C-labelled phenylalanine (blue line)
or unlabelled phenylalanine (black line) over time. Grey area indicates a three-day period
during which a high-fat diet was fed; red indicates when the high-fat diet was supple-
mented with Phe. e, Quantitative PCR with reverse transcription data showing the mean
and s.e.m. of the gene-expression ratio (δδCt) of Fgf15, Shp, Cyp8b1 and Cyp7a1 to the
36B4 (also known as Rplp0 ) reference control in the ileum and/or liver of mice gavaged
with different bile acids, compared to a mock control (corn oil) after 72 h. Statistical
significance was tested against the mock control with a two-tailed t-test (n = 4 or 5 mice
per group). CA, cholic acid.

84



85



We reanalysed data deposited in the GNPS/MassIVE repository from a previously

published study of the mouse microbiome and liver cancer, which enabled us to compare

the abundance of the newly identified bile acid conjugates in mice fed a high-fat diet in

comparison to their abundance when the mice were fed a normal chow with or without

antibiotics [270] (Supplementary Data Fig. B.7). The Phe, Tyr, and Leu amino acid conju-

gates were undetectable upon exposure to antibiotics, whereas GCA remained—supporting

the role of the microbiome in the newly identified conjugation. In the same study [270] ,

Phe-chol and Leu-chol were more abundant in mice fed a high-fat diet, with no change ob-

served in the host-conjugated GCA (Supplementary Data Fig. B.7). We further validated

this association in data from a separate study in which atherosclerosis-prone mice fed a

high-fat diet also had increased levels of the microbial conjugates, without a correspond-

ing change in the host-produced taurocholic acid (Supplementary Data Fig. B.7). Cystic

fibrosis is known to result in insufficient production of pancreatic lipase, microbial dysbio-

sis and the build-up of fat in the gut [178]. Reanalysis of the public data from a cohort

of paediatric patients, we found that these compounds were more prevalent in patients

with cystic fibrosis (particularly in those with pancreatic insufficiency) than in healthy

controls (Fig. 3.3a). Finally, detection of the newly identified conjugates in patients with

inflammatory bowel disease led us to mine metabolome data from the second stage of the

human microbiome project (HMP2) [168], which focused on differences between controls

and patients with inflammatory bowel disease, including patients with Crohn’s disease or

ulcerative colitis-subtypes of inflammatory bowel disease [168] (Fig. 3.3b, Supplementary

Table B.9). All three metabolites were significantly higher in the dysbiotic state associated
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with patients with Crohn’s disease, but not in patients with ulcerative colitis (Fig. 3.3b,

Supplementary Data). Our MASST-based mining of public data from the GNPS database

showed that these compounds are not only found in healthy humans but are also enriched

in individuals with fatty guts and inflammatory bowel disease, which suggests that these

compounds may have a potential role in (or be symptoms of) gut dysbiosis and human

disease.

Microorganisms make the new bile acids

There was a strong positive correlation between the presence of a species of Clostrid-

ium and all three bile acids when mice were fed a high-fat diet (Pearson’s r for Phe-chol, r

= 0.73; for Tyr-chol, r = 0.50; and for Leu-chol, r = 0.74) (Supplementary Data Fig. B.7,

Supplementary Table B.9). The clostridia are known to oxidize, epimerize and deconjugate

bile acids [111, 335]. We therefore cultured 20 human gut microorganisms (with an em-

phasis on Clostridium species) in faecal culture medium [190] that contained amino acids

and cholic acid precursors to screen for production of the newly identified conjugates. The

Clostridium bolteae strains WAL-14578 and CC43001B both synthesized both Phe-chol

and Tyr-chol (Supplementary Data Fig. B.8). The addition of labelled 13C-phenylalanine

to the medium verified that WAL-1457 could synthesize Phe-chol from the amino acid

and cholate precursors (Supplementary Data Fig. B.8). Similarly, we fed mice a high-

fat diet with 13C-phenylalanine and were able to detect labelled Phe-chol in their faeces,

which demonstrates microbial synthesis in vivo and shows that the amino acid precursors

could come from the diet (Fig. 3.3d). C. bolteae is a bile-resistant gut bacterium that
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is more common in children with autism spectrum disorder [81], is associated with ab-

dominal infections [59] and—together with Blautia producta—prevented colonization by

vancomycin-resistant Enterococcus species in mice [35]. The production of these bile acids

by C. bolteae further verifies their association with the microbiota of the mouse gut, and

implicates them as potentially important for intermicrobial interactions in the gut micro-

biome. However, addition of the newly identified conjugates to batch cultures of human

faecal samples did not affect community structure (Supplementary Data Fig. B.8), which

led us to investigate how these compounds may affect gut physiology through host receptor

signalling.

3.1.4 New bile acids and the farnesoid X receptor

The farnesoid X receptor (FXR) is a key receptor for bile acids that is expressed

in the intestine, liver and other tissues. The most-potent naturally occurring agonistic

ligand of FXR is chenodeoxycholic acid, whereas tauro-β-muricholic acid is an FXR an-

tagonist [262]. To assess the ability of the newly identified bile acids to affect human

FXR signalling, we established a luciferase reporter assay in human embryonic kidney

(HEK)293 cells [70]. Phe-chol and Tyr-chol were strong human-FXR agonists (Supple-

mentary Data Fig. B.9, Supplementary Table B.10). The phenylalanine conjugate (R2 =

0.92, half maximal effective concentration (EC50) = 4.5 µM) was twice as strong of an

agonist as chenodeoxycholic acid (R2 = 0.88, EC50 = 9.7 µM), and the tyrosine conjugate

was the most potent of them all (R2 = 0.93, EC50 = 0.14 µM). Furthermore, gavage of

mice with these compounds increased expression of the FXR effector genes Fgf15 and Shp
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(also known as Nr0b2 ) in the intestine (12.2- and 13.3-fold with Tyr-chol at 24 h, P =

0.029 and 0.009; 6.2 and 9.3-fold at 72 h, P = 0.009 and 0.019) (Fig. 3.3e, Supplementary

Data Fig. B.9). Although Shp expression did not change detectably in the liver at 24 h

after gavage, levels were increased 2.3-fold after 72 h (P = 0.017) (Fig. 3.3e, Supplemen-

tary Data Fig. B.9). Changes in expression of the bile-acid synthesis genes Cyp7a1 and

Cyp8b1 also showed a time-dependent effect. Cyp7a1 was at 9% of control levels at 24 h

(P = 0.001) and Cyp8b1 was at 69% (P = 0.004) (Supplementary Data Fig. 9). At 72

h (after 4 gavages), Cyp7a1 expression was at 8% of control levels (P = 0.004), and for

Cyp8b1 the transcript was further reduced to 2% (P = 0.0002) (Fig. 3.3e). The strong

time-dependent reduction in liver Cyp7a1 and Cyp8b1 transcripts indicates that—similar

to the primary bile acid cholic acid—gavage of mice with the newly identified compounds

reduced the expression of downstream FXR-target genes that are responsible for bile-acid

synthesis in the liver. However, the possibility that this effect was due to FXR agonism

through release of cholate from amide conjugate hydrolysis cannot be excluded.

Bile-acid metabolism by the microbiome was first described in the 1960s [104]. The

four known mechanisms of microbial metabolism are dehydroxylation, dehydration and

epimerization of the cholesterol backbone, and deconjugation of the amino acids glycine

or taurine [252, 198, 92]. Here, we identify bile-acid transformation by the microbiome

mediated by a fifth and completely different mechanism: amide conjugation of the cholate

backbone with the amino acids phenylalanine, tyrosine and leucine. Although there are

homologues of the human bile-acid-conjugation gene BAAT in clostridial genomes, the

microbial enzyme in question remains unknown. Regardless of the mechanism of their
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synthesis, the newly identified conjugates stimulate the human FXR receptor in a cell-

based system and the expression of FXR-target genes that are responsible for bile-acid

production in the liver were reduced when administered to mice. Additional studies are

needed to understand the health implications of bile-acid reconjugation by the human

microbiome and its potential effects on FXR-related diseases.

3.1.5 Conclusion

This study shows that the chemistry of all organ systems is affected by the pres-

ence of the microbiome. The strongest signatures come from the gut, particularly via the

breakdown of plant natural products from food and the manipulation of bile acids. The

microbiome is primarily a catabolic entity, breaking down compounds through the enzy-

matic removal of chemical groups. However, we found an anabolic reaction that represents

a fifth mechanism of bile-acid metabolism by the microbiome, which operates through

unique amino acid conjugations of cholic acid. As the connections between humans and

our microbial symbionts become increasingly appreciated, a combination of globally un-

targeted approaches and the development of tools that interlink these datasets (such as

the GNPS and MASST analysis infrastructure) will enable the more-efficient characteri-

zation of microbial molecules and efficient translation between model animals and human

studies, leading to a better understanding of the deep connection between our microbiota,

our metabolites and our health.
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3.2 Evaluating Organism wide Changes in the Metab-

olome and Microbiome Following a Single Dose of

Antibiotic

Antibiotics are a mainstay of modern medicine, but as they kill their target pathoge-

n(s), they often damage the commensal microbiota. Antibiotic-induced microbiome dys-

biosis is a growing research focus and health concern, often assessed via analysis of fecal

samples. However, such analysis does not inform how antibiotics influence the micro-

biome across the whole host, nor how such changes subsequently alter host chemistry. In

this study, we investigated the acute (1 d post-administration), and delayed (6 d post-

administration) effects of a single systemic dose of two common antibiotics, ampicillin or

vancomycin, on the global metabolome and microbiome of mice across 77 different body

sites from 25 different organs. The broader spectrum agent ampicillin had the greatest

impact on the microbiota in the lower gastrointestinal tract (cecum and colon) where

microbial diversity is highest. In the metabolome, the greatest effects were seen 1 d post-

treatment, and changes in metabolite abundances were not confined to the gut. The local

abundance of ampicillin and its metabolites correlated with increased metabolome effect

size and a loss of alpha diversity vs. control mice. Additionally, small peptides were

elevated in the lower gastrointestinal tract of 1 d post-antibiotic treated mice. While

a single dose of systemic antibiotic did not drastically alter the microbiome, changes in

the metabolome were nevertheless observed both within and outside the gut. This study
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provides a framework for how whole-organism –omics approaches may be employed to

understand the impact of antibiotics on the entire host.

Importance: We are just beginning to understand the detrimental effects of an-

tibiotics on our health. In this study, we aimed to define an approach by which one could

obtain a comprehensive picture of (a) how antibiotics spatiotemporally impact commensal

microbes throughout the gut and (b) how these changes influence host chemistry through-

out the body. We found that just a single dose of antibiotic altered host chemistry in a

variety of organs, and that damage to host commensal microbes was not uniform through-

out the gut. As technological advances increase the feasibility of whole-organism studies,

we argue that using these approaches can provide further insight on both the wide-ranging

effects of antibiotics on health, and how to restore microbial communities to mitigate these

effects.

3.2.1 Observation

Antibiotics, a cornerstone of modern medicine, have saved countless lives from

infectious disease since their widespread introduction in the 1940s [91]. However, in recent

years, the collateral damage that antibiotics inflict on the commensal microbiome has

become an increasing health concern. By ablating commensal microbes, antibiotics can

allow secondary infections, such as Clostridium difficile colitis [34] and candidiasis [342].

Early life antibiotic exposure is particularly damaging [28], and has been associated with

greater risk of asthma [148], eczema [115], inflammatory bowel disease [149], and obesity

[298].
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For antibiotic-induced microbiome perturbation to be transduced into altered dis-

ease risk, changes in the metabolism and/or molecular composition of the host must occur.

However, little is known about how antibiotic-induced microbiome changes alter the overall

chemical makeup of the body. Numerous studies have used fecal samples to assess micro-

biome composition [62, 231, 85] and stool metabolites [13, 136, 312] after antibiotic treat-

ment. Here, we deployed novel mass spectrometry informatic and 3D whole organism data

visualization approaches [240] to understand how a single dose of systemic antibiotics im-

pacts the gastrointestinal tract microbiome and the local metabolome of every organ. We

treated 10 mice each with commonly prescribed parenteral antibiotics, ampicillin (AMP),

a broad-spectrum beta-lactam, and vancomycin (VAN), a narrower-spectrum glycopeptide

with activity against Gram-positive bacteria [331], and 10 mice with phosphate-buffered

saline (PBS) control by intraperitoneal injection. One day and 6 days later, we sampled

77 different body sites from 25 different organs to evaluate the whole organism impact of

antibiotics acutely and after microbiome recovery.

Antibiotic Impacts on the Microbiome

The greatest effects on the microbiome occurred in mice who had received antibi-

otics 24h prior (AMP.d1 and VAN.d1). Compared to control mice, the proportion of

Gram-positive bacteria was significantly reduced in the fecal pellet, stomach, ileum, ce-

cum, and colon of AMP.d1 mice, but only in the fecal pellet of VAN.d1 mice (Fig. C.1).

By day 6, neither antibiotic-treatment group (AMP.d6 and VAN.d6) showed significantly

reduced Gram-positive bacteria vs. control.
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Antibiotic treatment also reduced microbiome alpha diversity (Fig. 3.4A). Specifi-

cally, Shannon diversity was reduced in the lower GI tract (cecum and colon) of AMP.d1

mice and in the upper GI tract (stomach duodenum, jejunum, and ileum) of VAN.d1 mice.

We next calculated unweighted UniFrac distance [171] for each group and compared ef-

fect size to controls down the GI tract (Fig. 3.4B). AMP.d1 mice had significantly altered

beta diversity with high effect sizes particularly in the lower GI tract, while beta diver-

sity changes for VAN.d1 mice were only significant in a few GI sections. Effect size and

diminished Shannon diversity were significantly correlated (Fig. 3.4C). Compositionally,

increased Proteobacteria was observed in both AMP.d1 (cecum & fecal) and VAN.d1 mice

(duodenum & stomach) at the phylum level, and differentially abundant sOTUs were seen

in AMP and VAN treated mice at day 1 but not day 6 (Fig. 3.4D). AMP had a greater ef-

fect on the gut microbiota overall compared to VAN, consistent with its broader spectrum,

recognizing that the biodistribution of systemic VAN into the gut is poorly studied. Both

AMP and VAN are renally excreted, and it is possible that some antibiotic was consumed

orally via coprophagy through urine contacting fecal pellets.
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Figure 3.4: Antibiotics impact the GI microbiome. (a)Change in Shannon diversity
(alpha diversity) index relative to control samples for each anatomical section moving down
the GI tract. Asterisks indicate significantly different Shannon diversity from control
(Mann-Whitney U test); error bars represent the 95% CI. (b) Pairwise effect size for
each group compared to control samples, progressing down the GI tract. Significance was
determined by PERMANOVA (p<0.05) [10] effect size is the PERMANOVA r2 value.
(c) Spearman correlation of change in Shannon diversity from control with effect size for
each group at every GI section; shaded area represents the 95% CI. (d) Stacked bar plots
of the average relative abundance of bacterial phyla by organ in control, and 1-day post
antibiotic-treated mice and countplot of significantly different sOTUs compared to control;
significance testing was performed with dsFDR [134] (FDR control level 0.05).
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The Global Metabolome

To evaluate the global impact of antibiotics on metabolome composition we calcu-

lated effect size using Bray-Curtis distance comparing each treatment group to controls

(Fig. 3.5A). For each body site/organ, averaging those with multiple samples (e.g. colon

with 6 sections), only AMP.d1 and VAN.d1 showed significant differences in beta diversity

(Fig. 3.5B). Both AMP.d1 and VAN.d1 had significantly different Bray-Curtis distance

vs. control mice in fecal samples. In peripheral organs, AMP.d1 mice differed significantly

from control in Bray-Curtis distance in the gallbladder, ovaries, and uterine horn, while

VAN.d1 mice differed significantly in adrenal glands. We observed differentially abun-

dant features in various organs compared to control mice (Fig. 3.5A, inset barplots), some

putatively annotated with Global Natural Product Social Molecular Networking (GNPS)

[316]. Gallbladders of AMP.d1 had many differentially abundant features including bile

acids. Uterine tissue of VAN.d1 and AMP.d1 mice had significantly higher levels of arachi-

donic acid and its metabolites, including 8-HETE and prostaglandin E2, and linoleic acid

metabolites such as 9-OxoODE. Significantly different features in adrenal glands of all an-

tibiotic treatment groups compared to control included a variety of elevated acylcarnitines

and oxidized glutathione (GSSG). Glutathione is a key antioxidant in the adrenal cortex

where steroidogenesis generates reactive oxygen species [234], and GSSG is a biomarker

of oxidative stress [256]. VAN is nephrotoxic [19] and only kidneys of VAN.d1 mice had

differentially abundant features, including elevated palmitoylcarnitine, a potential marker

of renal toxicity in rats [353].
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Molecular networking analysis [316] of the raw metabolomics data revealed a cluster

of features (molecules or metabolites) associated with AMP (Fig. C.2). Many of these net-

work features were present in our MS1 feature table and only in AMP.d1 mice, so these were

summed to examine the collective distribution of AMP and its metabolites. Concentrated

in the lower GI tract of AMP.d1 mice (Fig. C.3A), the abundance of these AMP-network

features correlated with metabolome effect size (Bray-Curtis distance) and reduced Shan-

non diversity vs. control mice (Fig.S C.2B, C.3C), indicating that metabolome and

microbiome effects were greatest in areas of high local AMP concentration. VAN (MW

1449.2 g/mol) was not detected in our samples, limited by the LC-MS/MS MS1 scan range

of m/z 100-1500.

In the lower GI tract, differential abundance testing revealed an increase in small di-

and tri-peptides was observed in AMP.d1 and VAN.d1 mice. To investigate this further,

the metabolomics data was processed through PEAKs [352] to yield peptidomics data.

For most sections of the lower GI tract and fecal pellet, the total number of peptides

was significantly higher in day 1 post-antibiotic mice vs. day 6 post-antibiotic mice and

untreated controls (Fig. C.4A). These peptides aligned to several host proteins, including

histones, which were particularly enriched in the AMP.d1 and VAN.d1 mice. Peptide

fragments from histones H2A and H2B were significantly elevated in multiple sections

of the lower GI (Fig. C.4B). H2A and H2B can contribute to host defense by direct

antimicrobial activity [224, 113] or as components of neutrophil extracellular traps [32]. In

broiler chickens, H2A is elevated in the ileum of chickens with experimental gut damage

[57].
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Figure 3.5: Organism-wide impact of antibiotics on the metabolome. a Pairwise
effect size for each group compared to control samples, mapped onto body site using a 3D
mouse model and a 2D illustration of the GI tract and percentage of significantly different
metabolites compared to control; significance determined by dsFDR [134](FDR control
level 0.1) (b) Pairwise effect size for each group compared to control samples. For body
sites with multiple samples (i.e. colon, cut into 6 sections) the metabolites were averaged
for each mouse prior to calculating Bray-Curtis distance. Significance was determined by
PERMANOVA (p < 0.05) [10] and effect size is the PERMANOVA r2 value.
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Metabolome-Microbiome Interactions

For gut samples with paired 16S sequencing and metabolomics data, mmvec [201]

was used to find co-occurrence probabilities between metabolites and microbes. Metabo-

lites of the same general class, defined by putative GNPS annotations, had similar patterns

of co-occurrence with microbes (Fig.S5A). To investigate these relationships in more detail,

a multinomial regression model (Songbird [202]) was used to find sOTUs that were highly

associated with AMP.d1 and VAN.d1 mice vs. controls. Coprococcus and Sutterella were

associated with AMP.d1 mice, and two family S24-7 bacteria were associated with VAN.d1

mice. Looking just at putatively annotated metabolites, all of these sOTUs had high co-

occurrence probabilities with tri or di-peptides, and lowest co-occurrence probabilities with

13-docosenamide, a compound equally abundant in blanks (Fig.S5B). Coprococcus and

Sutterella, the sOTUs associated with AMP.d1 mice, had high co-occurrence probabilities

with several AMP-network features, and low co-occurrence probabilities with certain bile

acids. Both the S24-7 sOTUs and Coprococcus had low co-occurrence probabilities with

certain oligosaccharide or sugar-related molecules such as maltose. Differential abundance

testing recapitulates some of these findings (elevated small peptides & AMP-network fea-

tures), though, in general, we did not observe alterations in abundance of bile acids or

sugar-related molecules. Studies with longer antibiotic courses report altered differential

abundance of bile acids and sugars/carbohydrates [296, 105], and our co-occurrence data

hints at a relationship between specific microbes enriched with antibiotic treatment and

these metabolites. Administering a single systemic dose of either of the two common an-
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tibiotics did not drastically alter the microbiome nor metabolome beyond recovery; in fact,

microbiome alterations were primarily resolved by day 6. Nevertheless, a single dose of

AMP or VAN still altered the metabolome at day 1 at a variety of body sites, both within

and outside the GI tract. Presumably, extended courses of antibiotics as typically pre-

scribed in multiple daily doses would exert even greater effects on the global metabolome,

as previously seen in studies focused on the GI tract [295]. Notably, we observed differen-

tial microbiome impacts with antibiotic type and by location in the GI tract. Successful

restoration of microbial communities after antibiotic administration may require tailoring

for antibiotic type and an understanding of what local GI communities are most impacted.

Organism-wide analyses of the scale we have undertaken remain ambitious and still

encumber significant cost and manpower. However, as continual advances in technology

have markedly reduced the costs of -omics platform analyses, this work provides a roadmap

for understanding the real-time whole organism-scale biological and chemical effects of

antibiotic administration.
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Chapter 4

Dysbiosis & Disease: How does the

microbiome influence disease in

murine models?
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4.1 The murine vaginal microbiota and its perturba-

tion by the human pathogen group B Streptococ-

cus

Background Composition of the vaginal microbiota has significant influence on

female urogenital health and control of infectious disease. Murine models are widely uti-

lized to characterize host-pathogen interactions within the vaginal tract, however, the

composition of endogenous vaginal flora remains largely undefined with modern micro-

biome analyses. Here, we employ 16S rRNA amplicon sequencing to establish the native

microbial composition of the vaginal tract in adult C57Bl/6 J mice. We further interrogate

the impact of estrous cycle and introduction of the human vaginal pathobiont, group B

Streptococcus (GBS) on community state type and stability, and conversely, the impact of

the vaginal microbiota on GBS persistence.

Results Sequencing analysis revealed five distinctive community states of the vagi-

nal microbiota dominated largely by Staphylococcus and/or Enterococcus, Lactobacillus, or

a mixed population. Stage of estrus did not impact microbial composition. Introduction of

GBS decreased community stability at early timepoints; and in some mice, GBS became

the dominant bacterium by day 21. Endogenous Staphylococcus abundance correlated

with GBS ascension into the uterus, and increased community stability in GBS-challenged

mice.

Conclusions The murine vaginal flora is diverse and fluctuates independently of
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the estrous cycle. Endogenous flora may impact pathogen colonization and dissemination

and should be considered in urogenital infection models.

4.1.1 Background

The vaginal microbiota is intimately linked to women’s health. In humans, the

vaginal microbiota exists in 5 distinct community state types (CSTs) which are generally

dominated by Lactobacillus spp. [246]. Composition of the microbiota varies in temporal

stability, with greatest instability exhibited during menses [90]. Subcategory CST IV-A,

a community dominated by facultative and strict anaerobes in place of Lactobacillus spp.

[246], has been associated with increased incidence of vulvovaginal atrophy [33], and col-

onization by group B Streptococcus (GBS) [255]. Furthermore, vaginal dysbiosis, denoted

clinically as bacterial vaginosis (BV), is characterized as a heterogeneous vaginal micro-

biota not dominated by a single taxon [280]. BV or high bacterial diversity has been

associated with adverse health outcomes including preterm birth [69, 66], HIV acquisition

[170, 141], and infection with other urogenital pathogens including Trichomonas vaginalis

[245, 182], Chlamydia trachomatis [292], and Neisseria gonorrhoeae [329]. The vaginal mi-

crobiota represents a key constituent of host-pathogen interactions in the vaginal mucosa,

with significant implications for understanding susceptibility to disease and optimizing

prevention and treatment strategies.

Murine models of vaginal infection and colonization are commonly used to char-

acterize microbial pathogenesis determinants, host immune responses, and therapeutic

interventions for urogenital pathogens including HIV [60], group B Streptococcus [228],
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Candida albicans [243, 344], Trichomonas vaginalis [197], Gardnerella vaginalis [273], and

Chlamydia trachomatis [285]. Despite the widespread use of this animal model, the com-

mensal murine vaginal microbiota has yet to be longitudinally characterized with modern

microbiome sequencing methods. Earlier culture-based studies identified Enterobacteri-

aceae, Streptococcus spp., Staphylococcus spp., Corynebacterium spp., and Lactobacillus

spp. among the murine vaginal flora [214, 53], while 16S sequence-based studies have

either focused on select microbes of interest [132] or have failed to account for estrus

[21]. Variation in vaginal communities across time and in relation to estrus have not been

described.

Integrating detailed knowledge of the mouse vaginal microbiota into host-pathogen

infections can provide a more direct application for these models to human urogenital

pathogens. In this study, we characterize the murine vaginal microbiota of the post-

pubertal female C57Bl/6 J Jackson mouse over time to assess the composition and stability

of the vaginal flora throughout the estrous cycle. We also introduce the vaginal commensal

bacterium and opportunistic pathogen, GBS to evaluate microbiota changes in the context

of a relevant human infection model.
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4.1.2 Results

Murine vaginal microbiota can be categorized into distinct community state

types

Little is known about the compositional stability of the murine vaginal flora. Mice

have short estrous cycles that last 4–5 days and consist of four stages: proestrus, estrus,

metestrus, and diestrus [36].To assess stability of the mouse vaginal microbiota in this

context, we used one of the most commonly utilized mouse strains/ages and sources: post-

pubertal 8-week-old female C57Bl/6 J mice, obtained from Jackson Laboratories. Mice

were received at 7 weeks of age, randomized upon arrival into 5 mice per cage, and accli-

mated over a one-week period. We longitudinally sampled the vaginal microbiota every

three days over a period of 15 days by lavaging with phosphate-buffered saline (PBS).

We lavaged a second set of mice only twice, on days 0 and 15, to test whether frequent

lavaging itself alters the microbiota. The corresponding estrous cycle stage of each lavage

sample was determined by light microscopy. Samples were processed for 16S rRNA gene

sequencing as detailed in the Methods section. Contaminants from sequencing reagents

(primarily Pseudomonas, Geobacillus, and Sphingobium reads) or chloroplast and mito-

chondrial sequences were removed before assessing community composition.

For comparison to earlier human vaginal microbiome characterization studies [246,

90], samples were assigned murine community state types (mCST) by hierarchical cluster-

ing with Ward’s linkage of Euclidean distances (Figure 4.1) (silhouette score of 0.732), with

the rarefied OTU table at 1500 reads per sample. The most predominant community state
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type, mCST I, consisted of Staphylococcus-dominant flora. mCST II samples contained

vaginal flora comprised primarily of both Staphylococcus and Enterococcus, while mCST

III was predominantly Enterococcus. mCST IV samples were Lactobacillus-dominant and

mCST V samples were not dominated by either Staphylococcus or Enterococcus and had

higher alpha diversity (p< 0.001), Shannon diversity and observed operational taxonomic

units (OTU). Additionally, there was one single sample dominated by Bifidobacterium, and

this sample was excluded from subsequent analyses as it was thought to be contaminated.

Murine vaginal community states are unstable

Interestingly, community states were relatively unstable in mice. Of mice that had

at least two successfully sequenced samples (at least 1500 reads/sample), 70% had sam-

ples in at least two different community states (Figure 4.2). mCST I appeared to be the

most stable community state: for samples from consecutive timepoints that successfully

sequenced, 12/14 mCST I samples were assigned mCST I at the next time point (Fig-

ure 4.2). In comparison, only 1/5 samples in mCST II were also mCST II at the next

consecutive time point.

Estrous cycle does not impact vaginal community state type

After filtering and rarefaction to 1500 reads per sample, few samples staged as

diestrus and proestrus remained (19.5 and 31.1% respectively) compared to estrus and

metestrus (64.1, and 66.6% respectively, Figure 4.3). Though sequencing success may

vary over estrous cycle stage, community state type was not significantly associated with
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Figure 4.1: Murine community state types and bacterial landscape of the
murine vaginal microbiota. Murine community state types and bacterial landscape
of the murine vaginal microbiota. Samples are clustered by community state with Ward’s
linkage of Euclidean distances (silhouette score of 0.732, sklearn). Estrous cycle stage is
depicted by shades of purple and bacterial abundances are indicated by heatmap intensity
corresponding to the colorbar ranging from purple to yellow
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Figure 4.2: Vaginal Microbiome Stability. Mice from the cohort sampled every
three days are displayed ordered by mouse and time point (left). Missing samples indicate
sequencing failure (< 1500 reads/sample) and point color depicts the community state type
of the sample. Mice with fewer than two successfully sequenced samples were excluded.
Bray-Curtis distances between all samples from each individual mouse (right)
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different stages in the estrous cycle (X2 = 17.29, p = 0.138). A random forest classifier

(scikit-learn) for estrous cycle stage performed on the rarefied OTU table achieved an

accuracy of only 0.125, indicating that bacterial composition is a poor predictor of es-

trous cycle stage. Additionally, beta diversity clustering for estrous cycle stage was not

significant and clustering by cage, stratified by day, was only significant on days 0 and 9.

(Figure 4.4)).

Group B Streptococcus challenge destabilizes vaginal community states

To investigate how urogenital pathogens may perturb the murine vaginal micro-

biota, we longitudinally sampled a second cohort of mice experimentally challenged with

GBS and compared them to an uninfected control group. These mice received intraperi-

toneal injection of 0.5 mg β-estradiol 24 h before infection to synchronize estrus and pro-

mote colonization [227]. Mice were lavaged and vaginally inoculated with 1× 107 colony

forming units (CFU) of a well characterized human serotype III GBS isolate COH1 in 10µl

PBS or 10µl PBS alone (control), then lavaged 3, 7, 14, and 21 days after infection for

microbiome sampling. GBS CFUs were also monitored by plating. On days 3, 14, and 21,

twelve mice per group were sacrificed to determine bacterial tissue burdens. Lavage sam-

ples were processed for 16S rRNA sequencing following the same protocol as the staging

cohort.

Although these mice were ordered in a separate shipment, they exhibited simi-

lar vaginal microbiota and community-state type clustering (Supplementary Figure D.1).

Community state type mCST I consisted of Staphylococcus-dominant flora and mCST II
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Figure 4.3: Estrous cycle stage influences 16S rRNA sequencing success. 16S
rRNA sequences after removing contaminants, mitochondria, and chloroplast sequences
(top). Images (bottom) depict representative microscopy images from vaginal lavages in
the different estrous cycle stages, Magnification: 200X
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Figure 4.4: Significant clustering by mCST, but not estrous stage. PCoA Plots
of the Bray-Curtis distance matrix of mCST (top left), estrous stage (top right), and
cage (bottom). Clustering by mCST was significant (p = 0.001, pseudo-F-statistic = 52.13,
by PERMANOVA with 999 permutations), while clustering by estrous stage was not
(p = 0.089, pseudo-F statistic = 1.69, by PERMANOVA 999 permutations). Clustering by
cage was only significant on days 0 (p = 0.002, pseudo-F-statistic = 3.00) and 9 (p = 0.001,
pseudo-F-statistic = 35.5)
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samples contained vaginal flora primarily comprised of Staphylococcus and Enterococcus,

and in some cases, Streptococcus reads from GBS colonization. mCST VI samples were

dominated by GBS (Streptococcus), while mCST III was predominantly Enterococcus. Lac-

tobacillus comprised most of the flora in mCST IV samples and mCST V samples consisted

of a mix of bacteria. Streptococcus 16S reads were only abundant in GBS-colonized mice

and deblurred 16S sequences mapped to Streptococcus agalactiae (GBS) in Genbank. To

preserve more samples for longitudinal analysis, samples were rarefied to 500 reads per

sample (rarefaction plots in Supplementary Figure D.2).

Though mCST VI represented the GBS-dominant state, GBS CFU determined by

plating of vaginal lavage samples was not significantly different at day 3 or 7 across all

mCSTs (ANOVA p = 0.68, p = 0.75, respectively)(Figure 4.5a). However, by day 21 GBS

CFU were only detected in mice with mCST VI where GBS had completely overtaken the

vaginal flora (Figure 4.5a). Initially, GBS challenge significantly destabilized the vaginal

microbiota; pairwise Bray-Curtis distances between consecutive days for individual mice

revealed significantly increased distances in the GBS-challenged mice for days 3 (distance

from day 0 to day 3) and 7 (distance between days 3 and 7) (Figure 4.5c). By day 21, the

majority of the GBS mice had GBS-dominant flora (mCST VI), significantly reducing the

pairwise distance between days 14 and 21 compared to PBS mice. To look specifically at

how changes in prominent taxa were contributing to the initial increased pairwise sample

distance with GBS colonization while minimizing the effects of compositionality, we took

the log ratio of Staphylococcus relative abundance over Streptococcus relative abundance

or GBS CFU and Enterococcus relative abundance over Streptococcus relative abundance
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or GBS CFU. Correlating these log ratios to the Bray-Curtis distances between the day 0

and day 3 samples within mice revealed that a decrease in the ratio of Staphylococcus to

Streptococcus or GBS CFU was significantly correlated with increased distance between

samples. Conversely, the ratio of Enterococcus to Streptococcus had no significant corre-

lation with Bray-Curtis distance and the log ratio of Enterococcus relative abundance to

GBS CFU was correlated with reduced distance between samples (Figure 4.6). As the

ratio of Staphylococcus to GBS is associated with community instability (distance), this

suggests that turnover of Staphylococcus for GBS is contributing to the increase in pairwise

distances.

For GBS-challenged mice, only 8/27 samples assigned to mCST I remained mCST

I at the next consecutive time point. In comparison, control PBS mice had 19/27 mCST

I samples assigned mCST I at the next consecutive time point. Additionally, mCST

I mice exhibited significantly higher CFU/g in the uterus on day 3 (Figure 4.5b) and

uterus CFU was significantly correlated with Staphylococcus relative abundance (spear-

man, p = 0.0027), but this difference was nullified at later time points. By day 21, only

mCST VI mice had GBS CFU remaining in vaginal, cervical, and uterine tissue (Fig-

ure D.3).

4.1.3 Discussion

Like humans, laboratory mouse strain C57Bl/6 J exhibit distinct vaginal microbiota

community states (here named mCSTs) generally dominated by single bacterial taxa (Fig-

ure 4.1). Three of the murine vaginal microbiota mCSTs were dominated by bacteria from
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Figure 4.5: GBS colonization across community states. a GBS CFU recovered
from vaginal lavage fluid and grouped according to mCST classification on day 0. b GBS
CFU recovered from tissues on day 3 and grouped according to mCST classification on
day 0. c Bray-Curtis distance of vaginal lavage sequences of GBS and PBS groups over
time. Statistical significance indicated with asterisk (p< 0.05, Mann-Whitney U Test)
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Figure 4.6: Community instability induced by GBS colonization correlates with
Staphylococcus GBS turnover. Spearman correlations of pairwise Bray-Curtis dis-
tance between day 0 and day 3 samples with the log ratio of Staphylococcus relative
abundance over Streptococcus relative abundance (top left) or GBS CFU (bottom left)
and Enterococcus relative abundance over Streptococcus relative abundance (top right) or
GBS CFU (bottom right)
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different genera of Gram-positive facultative anaerobes: Staphylococcus, Enterococcus, and

Lactobacillus. This dramatic variation in vaginal flora composition within an in-bred strain

of mice raises the question of whether the commensal microbiota should be monitored in

murine vaginal colonization and infection models. It is also likely that vaginal micro-

biota varies across vivaria, vendor, and mouse strain. Previous studies have examined the

vaginal microbiota of BALB/c [21] and ICR mice [214]. In the ICR study, culture-based

techniques revealed frequent presence of Streptococcus/Enterococcus, Staphylococcus, Lac-

tobacillus, and Gram-negative rods [214]. In the BALB/c study, 16S amplicon sequencing

described the most abundant phyla were Firmicutes and Proteobacteria, with distinctive

separation of vaginal communities into two subclusters, one of which was dominated by

Streptococcus [21]. Although the consistent presence of organisms such as Staphylococcus,

Enterococcus, and Lactobacillus suggest there may be a core set of vaginal organisms across

mouse strains, direct comparison of our results with these studies is difficult due to dif-

ferences in sampling and analyses and smaller sample size (10 BALB/c mice and 27 ICR

mice). Our findings indicate that the urogenital pathogens under study may encounter

and interact with completely different commensal vaginal flora, even within the same cage

of mice, potentially introducing variation and influencing experimental outcomes.

Numerous studies have examined constituents controlling vaginal persistence in

mice including innate and adaptive immune responses [229, 17, 311] and GBS regulatory

and virulence factors [50, 272, 226]. Additionally, several studies have noted GBS in the

vaginal lumen in close proximity to native vaginal flora [311, 42]; however, none to date

have examined the role of native vaginal microbiota in this model. Our study did not
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establish a definitive role for the microbiota in experimental GBS challenge, and this may

be due to the high inoculum dose utilized in this model, which typically achieves > 90%

colonization within the first week post-infection [227]. Future studies should examine

a titration of inoculum to reveal more subtle contributions of the endogenous flora on

GBS persistence. Nonetheless, we did note the otherwise relatively stable Staphylococcus-

dominated CST I was perturbed by GBS challenge. Mice with mCST I also exhibited

increased GBS ascension into uterine tissue by day 3. In multiple human studies, GBS

has been co-isolated with Staphylococcus spp. in both pregnant and non-pregnant women

[255, 44, 12]. Additionally, in invasive GBS polymicrobial infections, S. aureus is the

most frequently co-isolated organism [79, 276]. One study demonstrated induction of S.

aureus toxic shock syndrome toxin-1 by GBS culture supernatants in vitro [175], but

whether this phenomenon occurs in the vaginal mucosa, or whether GBS virulence is also

impacted, remains to be described.

In humans, vaginal CST does not generally correlate with GBS colonization status,

except for the sub-group CST IV-A, a non-Lactobacillus dominant state [255]. Antagonism

between Lactobacillus and GBS has been reported in both in vitro [56, 221, 258] and in vivo

[55] model systems. Oral probiotics containing Lactobacillus have demonstrated efficacy in

controlling GBS colonization in pilot human trials [112, 220]. Likewise, in mice dominated

by Lactobacillus (CST IV), we were unable to detect any GBS beyond day 7, however,

our sample size was too small (n = 2) to observed statistical differences. Furthermore, we

observed that GBS was able to completely overtake the vaginal microbiota in some mice

(> 80% of 16S reads), even 21 days post-infection. These mice had significantly higher
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GBS CFU over the course of the study than mice with flora that was not taken over by

GBS on day 21 (student’s t-test, t-stat = 2.45, p = 0.018).

To our knowledge, the acquisition and maturation of the murine vaginal micro-

biota has not yet been examined. In this study, we used post-pubertal, non-pregnant

mice, 8 weeks of age, which is a common age used to model urogenital diseases [344, 227].

At this age, the estrous cycle does not appear to influence the composition of the vaginal

microbiota, but does impact sequencing success (Figure 4.3). In line with this observa-

tion, previous studies using culture-based quantification have reported increased bacterial

abundance in estrus compared to diestrus [214, 229, 159]. We selected vaginal lavage as

our sampling method due to precedence in the literature for > 90% bacterial recovery

[159, 160] and for inter-sample consistency and collection volume between our cohorts. To

overcome the low biomass resulting from vaginal lavage, future studies may consider alter-

natives such as swabbing or scraping to obtain more biomass from the mucosa. Though

physiology and immune cell populations fluctuate throughout the estrous cycle, poten-

tial variability in bacterial abundance provides further impetus for synchronization. The

precedence for steroid hormone administration to achieve optimal infection of urogenital

pathogens in murine models supports this observation [128, 222].

While factors such as mouse strain, facility, and vendor could certainly influence

mCSTs as observed with gut microbiota [212, 75], our two separate studies and shipments

of mice exhibited remarkable vaginal mCST homogeneity (Figure D.1) with the exception

of an emerging Streptococcus-dominated mCST in GBS-infected mice. Future microbiome

sequencing of the murine vaginal microbiota extended to other ages, strains, vendors, and
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vivaria, may reveal the existence of more community states or sub-groups within mCSTs.

4.1.4 Conclusions

This current study is the first to our knowledge to characterize the murine vaginal

microbiota throughout estrus using 16S rRNA sequencing. We further demonstrate the

influence of endogenous flora on successful colonization and by a human pathogen. This

work underscores the importance of continuing to assess the native murine flora in models

of human vaginal pathogens.

4.1.5 Methods

Mouse model and sample collection

All animal studies were reviewed and approved by the UC San Diego Animal Care

and Use Committee and conducted using accepted veterinary standards. Mice were main-

tained on a 12 h light/dark cycle, with controlled temperature (19–22 ◦C) and 40–60%

humidity. Mice were fed a commercial diet (2020X, Teklad) and sterile water ad libitum.

See Figure D.4 for an overview of experimental design. For the estrous staging study

(Study 1), 7-week-old female C57Bl/6 J mice (n = 40) were purchased from the Jackson

Laboratory and housed five mice per cage. Mice were allowed to acclimate for one week

prior to sample collection. To sample the vaginal microbiota, mice were manually re-

strained, and lavaged twice with 50µl of sterile phosphate-buffered saline (PBS) using

200µl Gel-Loading pipet tips (Fisher Scientific) in a laminar flow hood [227]. To control
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for environmental contamination, each day that lavage was performed, we used a single

container of PBS, open in the hood during the entire sampling time. Every pipette tip was

introduced to the same PBS container before lavaging. At the end of sample collection,

an aliquot of this PBS was collected and used as a control for sequencing contamination.

Twenty-five mice were lavaged every 3 days for 15 days, and fifteen mice were lavaged only

twice, 15 days apart. After collecting lavage samples, 3µl was removed from each sample

for estrous cycle staging. Samples were visualized with a Zeiss Observer.D1 microscope

at 200X magnification and the estrous cycle stage was identified independently by two

individuals with results corroborated. For the GBS pathogen challenge study (Study 2),

7-week-old female C57Bl/6 mice (n = 72) were purchased from the Jackson Laboratory,

housed four mice per cage, and allowed to acclimate for 1 week before infection. For

GBS inoculation, we utilized a previously described GBS vaginal colonization model [227].

Briefly, mice were first injected IP with 0.5 mg of βestradiol suspended in 100µl sesame

oil, and 24 h later, mice were vaginally inoculated with 1× 107 CFU of GBS COH1 [334]

in 10µl of PBS or PBS only as a control. Vaginal lavage sampling as described above was

performed on days 0, 3, 7, 14, and 21 post-inoculation. For tissue collection at days 3, 14,

and 21, mice were sacrificed and vagina, cervix, and uterus dissected and homogenized in

PBS using 1 mm silica beads (Biospec) and shaken at 6000 rpm for 60 s using a MagNA

Lyser (Roche). To quantify bacterial burdens, tissue homogenates were diluted and plated

on CHROMagar StrepB (DRG International) to distinguish GBS CFU as light pink or

mauve colonies.
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16S rRNA gene amplicon sequencing

Sample processing was performed following the Earth Microbiome Project [297]

DNA extraction and 16S sequencing protocol, detailed on the EMP website1. In brief,

lavage sample DNA was extracted using the 96-well MoBio Powersoil DNA kit. Barcoded

515F-806R primers targeting the V4 region of the 16S rRNA gene were used to for 16S am-

plification, and the resulting V4 amplicons were sequenced at UCSD Institute for Genomic

Medicine (IGM) on an Illumina MiSeq.

Sequencing analysis

Raw 16S sequencing data was demultiplexed in Qiita [98] and processed using

Deblur [7]. Microbiome data analysis, including feature table filtering, rarefaction, alpha

diversity, beta diversity, and taxonomic assignments, was performed with QIIME 2 [151] v

2017.10. Taxonomic assignments used the naive bayes sklearn classifier in QIIME 2 trained

on the 515F/806R region of Greengenes 13 8 99% OTUs. As many of the samples were low

biomass, DNA contaminants from sequencing reagents and kits had a substantial impact on

the dataset. Negative controls that went through the entire pipeline, from DNA extraction

to sequencing, were used to catalog these contaminants. Sequences that appeared in

negative controls were removed from the lavage samples, excluding a sample-abundant

Lactobacillus sequence that was believed to be well to well contamination. Mitochondria

and chloroplast 16S sequences were also removed.

Community state types were assigned using the hierarchical clustering with Ward’s

1http://www.earthmicrobiome.org/protocols-and-standards/16s/
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linkage (SciPy) of Euclidean distances calculated on a table rarefied to 1500 sequences

per sample and validity of clusters assessed with Silhouette Coefficient (sklearn). Data

visualizations were generated with the python packages seaborn [322], matplotlib [123],

and EMPeror [307] was used to create PCoA plots.

Statistical analysis was performed using SciPy [309] to perform the Mann-Whitney

U for comparing pathogen CFU between mCSTs and Bray-Curtis distances between PBS

and GBS mice at individual timepoints, and to perform spearman correlations for log

ratios and Bray-Curtis distance. PERMANOVA implemented in QIIME 2 was used to

assess statistical significance of beta diversity clusters.
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Chapter 5

Conclusions
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5.1 Conclusions

The complexity and variety of factors that can influence human-associated micro-

biomes [327, 49] have inspired the exploration of in vivo model systems for parsing causative

vs correlative roles of the microbiome in disease. In particular, murine models have en-

abled us to directly test a wide array of hypotheses concerning host-microbiome dynamics,

enriching our understanding of the factors that can induce microbiome dysbiosis, and the

potential linkages of microbiome dysbiosis to disease. Germ-free mouse models, in which

the stark absence of the microbiome is considered, have been instrumental in proving how

the presence of microbes has profound impacts on host physiology and disease risk.

Beginning my graduate studies at UC San Diego, I wanted to both learn the process

of microbiome analysis and explore the myriad ways that microbiome dysbiosis relates to

disease. To achieve this, I played a key bridging role in collaborations with many labs

and analyzed their murine fecal microbiome data, in most cases introducing a microbiome

component to their mouse research for the first time. Through this experience I came

to understand both the power of the murine model for mechanistic microbiome studies,

certain important limitations, and the specific issues pertaining to murine microbiome

study design (detailed in Chapter 1.1.2 and 1.1.4).

Seeing how the microbiome was influential in multiple murine disease models moti-

vated me to become deeply involved in the new ambitious studies our labs were undertaking

to explore the metabolic effects of the microbiome on a whole organism scale. Establish-

ment of this model allowed us to ask a very simple, but powerful and essential question –
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how does the presence of a microbiome impact host chemistry? We found in chapter 3.1

that the presence of a microbiome impacts the chemistry of all organs, and understanding

the extent of host-microbiome interactions in the holobiont will require examination both

within and outside the gastrointestinal tract. This exploratory analysis also enabled the

unexpected discovery of novel conjugated bile acids, and prompted the investigation and

discovery that bacteria can transform bile acids via amide conjugation of cholate with

amino acids.

With the successful use of this whole-organism model to compare germ-free vs.

specific pathogen free mice, I next turned to using this model for characterizing dysbiosis.

Antibiotics, a fixture of modern medicine, are a common agent of microbiome dysbiosis,

and associated with a variety of negative health outcomes [34, 148, 298]. In chapter 3.2.

we investigated how just a single exposure to antibiotics can influence the microbiome

and metabolome across the whole-organism both acutely (1-day post-exposure) and after

recovery (6-days post-exposure). We found that this single dose of antibiotics altered host

metabolites at bodysites devoid of a microbiome, and that impacts to the microbiome were

not uniform throughout the gastrointestinal tract. Though the overall effects observed in

this study were modest, this study provides a framework for evaluating the holistic impacts

of antibiotic-induced dysbiosis. As the costs of high-throughput -omics experiments de-

crease and technologies evolve, whole-organism murine models will become more accessible

and feasible for microbiome studies.

Exploring microbiome composition and dysbiosis at the whole-organism level pro-

vided both exposure to and an appreciation of the diverse array of microbial communities in
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and around the human body. The vaginal microbiome stood out as a particularly interest-

ing microbial community for the strong, and less complex connection between microbiome

dysbiosis and disease. Bacterial vaginosis, an important women’s health condition with

increased vaginal pH, malodor, expansion of Gram-negative anaerobes, and mucosal in-

flammation [152] can be associated with infection by a variety of urogenital pathogens.

Such direct associations between infection and a dysbiotic vaginal microbiome make the

vaginal microbiome an attractive target for improving women’s urogenital health. Chapter

4 is the first published work that fully characterizes the murine vaginal microbiome, and

investigates how commensal microbes interact with a urogenital pathogen. We found that

Staphylococcus-dominant vaginal microbiomes were less protective against uterine ascen-

sion of group B Streptococcus (GBS) than other community states, and that microbiome

instability correlated with Staphylococcus-GBS turnover. Murine vaginal infection models

are frequently used to study the host immune response, therapeutic interventions, and

molecular pathogenesis of urogenital pathogens, and we conclude that such studies should

incorporate microbiome analysis to both understand how variation in commensal microbes

impacts infection, and improve translation to human health applications.

5.1.1 Translation to Humans

We have just begun to tap into the translational potential of microbiome science,

and while microbiome-based treatments and therapeutics are slowly being incorporated

into modern medicine, there are still many challenges that have hampered this process.

First, determining what a “healthy” microbiome is remains surprisingly complex.
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Human microbiomes are comprised of hundreds or thousands of different bacteria that

vary in composition, diversity, biomass, and temporal stability across different bodysites

[126]. Efforts to catalog the extensive variation in healthy human microbiomes are ongoing

[188, 127], aided by decreasing sequencing costs.

Applying a personalized medicine approach to track inter-individual microbiome

variation over time represents a promising method of assessing microbiome health. For

example, inflammatory bowel disease (IBD) is associated with decreased microbiome sta-

bility overtime [107, 168], and many microbiome studies of dysbiosis have noted that dis-

persion or variation between individuals is greater for dysbiotic microbiomes [351]. This

observation has been termed the ‘Anna Karenina principle’ named for the opening line of

Leo Tolstoy’s Anna Karenina: “all happy families look alike; each unhappy family is un-

happy in its own way” [351]. The findings that I have described in Chapter 2 support this

principle, as we found antibiotics increased β-diversity variation between subjects (Figure

A.1).

A second primary challenge for microbiome therapeutics is to determine how best

to treat microbiome dysbiosis. Numerous studies have achieved clinical success by directly

transplanting microbiomes from healthy to diseased people for a variety of bodysites and

conditions, including fecal microbiome transplants for C. difficile colitis [120], skin mi-

crobiome transplants for atopic dermatitis [206], and vaginal microbiome transplants for

bacterial vaginosis [164]. However, in the real world scenario, this process is difficult to

regulate, and can pose significant risk of infection if donor samples are not extensively

screened for pathogens. Microbiome therapeutics, which are produced in a controlled lab-
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oratory setting rather than harvested from a donor, are much more feasible from both a

safety and product consistency perspective. These include product formulation such as

prebiotics, probiotics, engineered bacterial strains, and “postbiotics” or small molecules.

In general, these products have not yet achieved widespread usage, though this is an area

of rapidly expanding research and commercial investment; as of May 2020, 3,678 trials

listed in https://clinicaltrials.gov/ involve the microbiome.

We have spent the past 20 years getting to know the microbiome, understanding

who is there and why it matters. Now, we move towards using this knowledge for the

betterment of human health.
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Appendix A

Supplementary Information for

Chapter 2.1

A.1 Supplementary Methods

A simultaneous LC-MS/MS assay was developed and validated to measure caf-

feine, dextromethorphan, omeprazole, midazolam. Methods were adapted from previously

validated LC-MS/MS assays [47, 259, 101, 237, 184, 308].
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Figure A.1: Box plots of unweighted UniFrac distances between all subjects at
each day. Asterisks indicate a statistically significant difference to study day 0 values as
determined by a Kruskal-Wallis test. The boxes represent the 25%, 50%, and 75% quantile
and the whiskers extend ±1.5 times the interquartile range.

Figure A.2: Box and whisker plot displaying study day versus the peak area
of the MS feature associated with cefprozil. (#1945, m/z 390.1132, rt 2.26).
The boxes represent the 25%, 50%, and 75% quantile and the whiskers extend ±1.5 times
the interquartile range. b Line plot displaying the study day versus peak area of the
MS feature associated with cefprozil, colored by subject. Note, values are log10-scaled to
facilitate interpretation and points with non-finite values are not displayed.
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Figure A.3: MS/MS spectrum of (a) omeprazole and (b) omeprazole sulfide
with putative product ion structures.
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Figure A.4: MS/MS spectrum of (a) 5-hydroxyomeprazole and (b) hydroxy-
omeprazole sulfide with putative product ion structures.
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Figure A.5: Correlation of fecal drugs and drug metabolites levels with time.
Samples taken from study days 2-9 were used with a repeated measures correlation. Plots
display individual regression lines for each subject and statistics are from the repeated
measures correlation.
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Figure A.6: Correlations between fecal caffeine and midazolam levels, and
alpha diversity (Observed OTUs) or unweighted UniFrac distance to each sub-
ject’s baseline sample. Plots display regression lines for each individual subject and
statistics displayed are from the repeated measures correlation using study days 2-9.

141



Figure A.7: Relative abundance of Faecalibacterium prausnitzii for study days
1 and 9. No statistically significant difference was observed by performing dsFDR [134] on
the rarified feature table collapsed to species-level or the sOTU level. The boxes represent
the 25%, 50%, and 75% quantile and the whiskers extend ±1.5 times the interquartile
range.
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Appendix B

Supplementary Information for

Chapter 3.1

B.1 Methods

Animals: Germ-free (GF) C57Bl/6J mice were generated via caesarian section and

microbiologically-sterile animals were cross-fostered by GF Swiss-Webster dams at the Cal-

ifornia Institute of Technology. GF animals were housed in open-top caging within flexible

film isolators (Class Biologically Clean; Madison, WI) and maintained microbiologically

sterile, confirmed via 16S rRNA PCR from fecal-derived DNA and culture of fecal pellets

on Brucella blood agar or tryptic soy blood agar (Teknova; Hollister CA) under anaerobic

and aerobic conditions, respectively. The same mice as the GF were grown under non-GF

conditions. Conventionally-colonized specific pathogen free (SPF) mice (C57Bl/6J) were

housed in autoclaved, ventilated, microisolator caging. All animals received autoclaved
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food (LabDiet Laboratory Autoclavable Diet 5010; St Louis, MO) and water ad libitum,

were maintained on the same 12-hour light-dark cycle and housed in the same room of

the facility. All animal husbandry and experiments for this component were approved

by the California Institute of Technology’s Institutional Animal Care and Use Committee

(IACUC). All animal dissections and sample collection for the GF and SPF mouse aspect

of the study were carried out at University of California at San Diego under IACUC ap-

proval, protocol S00227M. For MRI imaging, a female, C57Bl/6 mouse, 8 weeks of age,

was obtained from Jackson Laboratory and housed with food and water ad libitum. For

metabolome and microbiome studies, four germ-free (GF) and four specific-pathogen-free

(SPF) female 8-week-old C57Bl/6J mice were acquired from the California Institute of

Technology’s vivarium. Samples of the food the animals were provided were also collected

and analyzed (GF were fed LabDiet 5010 and SPF were fed LabDiet 5053, LabDiet, St.

Louis, MO). An additional 24 male ApoE knockout mice in the C57BL/6J background

raised for use in a study of hypoxia on the murine microbiome according to the methods

of Tripathi et al. 2018 [300] were also analyzed in this study for the effects of high-fat-diet

and feeding 13C-Phe on the new bile acids. The fecal samples collected, and the data

presented here were not published in that study and approved under IACUC S05534. The

source data from this murine experiment is available online.

Human Sample Collection: Fecal samples were collected from two separate

pediatric cystic fibrosis patient cohorts for detection of novel bile acids. One sample set

was collected from patients at the Rady’s Children’s Hospital in San Diego, CA using dual

fecal swabs according to the procedure outlined in the American Gut Project [188] under
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IRB approval #160034. The second collection was done on CF patients with pancreatic

sufficiency, without pancreatic sufficiency and healthy controls at Yale New Haven Hospital

(New Haven, CT) under IRB approval #1206010476 according to the procedure outlined

in [54]. Two separate IBD cohorts were also analyzed for the presence of the novel bile

acids. The first for detection through GNPS data searching according to the American

Gut Project fecal collection protocols and the second for searching a completely different

patient cohort with different collection methods and mass spectrometry analysis from the

human microbiome project 2 (HMP2) according to the methods of [127]. The UCSD

stool sample collections from patients with IBD were collected as part of the UCSD IBD

Biobank under IRB #131487. Human infant fecal samples were collected at the University

of Michigan under IRB #103575.

3D Model Generation: A female, C57Bl/6J mouse, 8 weeks of age, was eutha-

nized using carbon dioxide inhalation and then immediately brought to the UCSD Center

for Functional MRI. The MRI images were acquired on a Bruker 7T/20 MRI scanner us-

ing a quadrature birdcage transceiver. A 3D FLASH protocol with TE/TR=6 ms/15 ms

and matrix size 128x64x156 was used, prescribing a field of view to match the body size.

The dicom files from the mouse MRI were imported into the Invesalius software [8]. In

Invesalius, the dicom files were visualized as stacked images through the axial, sagittal

and coronal slices. Organs of interest were then traced in each slice according to their

best visualization in the different viewpoints. The tracing was done using ”create new

mask” feature in Invesalius using the manual edition mode. The brush feature was used

to trace the outline of each organ of interest in the appropriate slice, stack by stack, until
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the entire organ was outlined through all slices in each orientation such that its outline

was smoothed and did not bleed into other organs. Numerous iterations of this process

led to the mapping of each organ through the MRI stacked images. The ”Configure 3D

surface” feature was then used to translate the 2D stack tracings into a 3D image of each

organ. This was completed for all organs sampled except for blood, fecal and skin sam-

ples, successively, until an entire 3D-model of all organs of interest to this study was built.

Blender 1 was used to smooth the model and color each organ differently, enabling better

visualization of the different organs and organ systems. Blood and skin samples were not

mapped onto the model and a representative fecal sample was added after MRI modeling

using Invesalius to allow mapping to a theoretical fecal sample.

Sample Collection: Mice were euthanized via carbon dioxide asphyxiation. Prior

to dissection, external sites including the skin (left and right flank), ears, mouth and

feet were sampled using a cotton swab with vigorous contact for 5 seconds. Blood was

collected via cardiac puncture using a 22-gauge needle and 1 ml syringe. Mice were then

sterilely dissected under open flame using straight scissors and fine forceps that were

cleaned with 70% ethanol (v/v) between handling of each organ. The following organs were

dissected: Adrenal gland, bladder, brain, cecum, cervix, colon, duodenum, esophagus, foot,

gall bladder, heart, ileum, jejunum, kidney, liver, lung, ovaries, spleen, stomach, thymus,

trachea, uterus and vagina. Additional samples were collected using swabs including skin,

ear, foot, and mouth. The sample collection order is shown in Quinn et al [240] table

S1. Sections of each organ were made using sterile razor blades, with the number of

1https://www.blender.org/
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sections listed. The liver and lung were sectioned into their corresponding lobes (Liver:

right and left median lobes, right and left lobes and caudate lobe; Lung: superior lobe,

middle lobe, inferior lobe, post-caval lobe and left lung lobe). The heart was sectioned

into left and right ventricle and left and right atrium. Each kidney was sub-sectioned by

targeting the outer cortex and inner medulla. The uterus was subsampled by collecting

each left and right uterine horn and oviduct and a single sample of the uterine fundus.

The brain was subsampled by collecting the left and right cerebellum and cerebrum. The

GI samples were sectioned into 6 equal length pieces based on the full length of each GI

section (including 6 sections of the cecum). Margins of the duodenum and jejunum were

determined at the site of the suspensory muscle of the duodenum. The junction of the

jejunum and ileum was estimated as 6 cm proximal to the cecum based on previously

reported lengths6. The GI samples were not cleaned or flushed prior to sample collection.

The spleen (4 sections), pancreas (3 sections), adrenal gland (2 sections), and vagina (2

sections) were also sectioned into equal length pieces according to size ([240] table S12). It

took approximately 45 minutes to fully dissect each mouse immediately after euthanasia.

Four stool samples were also collected from each group of mice from the bedding of the

sterile shipping containers immediately after arrival in the UCSD analysis laboratory. With

such collection method it is not known which mouse produced which stool sample. Food

samples fed to both GF and SPF mice were also collected and analyzed. Sample collection

for the additional published murine studies were completed according to [300, 270]. In

2https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-020-2047-9/MediaObjects/
41586 2020 2047 MOESM3 ESM.xlsx
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addition, fecal samples were collected from mice fed a high-fat diet starting at 10 weeks

and compared to animals fed the control normal chow diet according to the methods of

[300]. The data from[300] was not published as part of that manuscript.

Sample Processing: All samples were contained in 2 ml sterile Eppendorf Biopur

Safe-Lock tubes, wet tissue mass recorded, and then frozen at -80°C until metabolite and

DNA extraction. For the swab samples, the wooden end of the swab was cut off with

scissors, added to a microcentrifuge tube and 1 ml of PBS was added. After thawing, all

of the non-swab samples were diluted in a 1:10 mass:volume in sterile phosphate buffered

saline. A Qiagen (Qiagen Inc., Valencia, CA) 5 mm stainless steel bead was added to

each tube and the samples were homogenized in a Qiagen TissueLyzer II homogenizer at a

frequency of 20/s for 5 min. After homogenization two aliquots of 50 µl of the homogenate

or PBS/swab mix was added to separate 96-well deep well plates, one for metabolite

extraction and one for DNA extraction. Metabolites were extracted from the samples in

the 96-well deep well plate by adding 200 µl of LC-MS grade 70% methanol in LC-MS

grade water and vortexing each plate for 5 seconds. Samples were left to extract overnight

at 4°C and then spun down to pellet debris in a 96-well plate Sorvall Legend centrifuge

at 2500 rpm for 1 minute. DNA was extracted from the homogenized tissue according to

protocols benchmarked for the Earth Microbiome Project (EMP)3 [39, 40].

LC-MS/MS Mass Spectrometry: A 50 µl aliquot of the extracted sample in

methanol was added to a 96-well plate and diluted with 150 µl of LC-MS grade methanol

containing 2 µl of ampicillin MS internal standard. The chromatographic separation was

3http://www.earthmicrobiome.org/emp-standard-protocols/
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conducted on a ThermoScientific UltraMate 3000 Dionex UPLC system (Fisher Scientific,

Waltham, MA USA) with eluent subsequently electrospray ionized and analyzed with a

Bruker Daltonics MaXis qTOF mass spectrometer (Bruker, Billerica, MA USA). Metabo-

lites were separated using a Kinetex 2.6 µm C18 (30 x 2.10 mm) UPLC column containing

a guard column. Mobile phases A 98:2 and B 2:98 ratio of water and acetonitrile, re-

spectively, containing 0.1% formic acid and a linear gradient from 0 to 100% for a total

run time of 840 s at a flow rate of 0.5 mL min-1 were used. The mass spectrometer

was calibrated daily using Tuning Mix ES-TOF (Agilent Technologies) at a 3 mL min-

1 flow rate. A lock mass internal calibration was used by soaking a wick with hexakis

(1H,1H,3H- tetrafluoropropoxy) phosphazene ions (Synquest Laboratories, m/z 922.0098)

located within the source. Full scan MS spectra (m/z 50 – 2000) were acquired in the

qTOF and the top ten most intense ions in a particular scan were fragmented using colli-

sion induced dissociation at 35 eV for +1 ions and 25 eV for +2 ions in the collision cell.

A data dependent automatic exclusion protocol was used such that an ion was fragmented

upon its first detection, then fragmented twice more, but not again unless its intensity

was 2.5x the previous fragmentation. The isolation width was dependent on m/z with

a 4 m/z isolation for 50 m/z to 8 m/z at 1000 or higher. This exclusion method was

cyclical, being restarted after every 30 seconds. Mass spectrometry data for the mice fed

a high-fat diet compared to normal chow for 10 weeks was generated separately from this

study on a ThermoScientific qExactive mass spectrometer according to the procedure of

[300]. The mass spectrometry data generation for the HMP2 (PRISM and iHMP datasets)

was completed also on a ThermoScientific qExactive, but in negative mode as described in
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[168]. These methods are less likely to capture known microbiome derived volatiles such

as short chain fatty acids.

Metabolomics Data Processing and Analysis: Each LC-MS/MS file in the

Bruker format (.d) was converted to .mzXML format using the Bruker DataAnalysis ”Pro-

cess with Method” batch script. Lock mass calibration was applied during conversion to

aid in mass accuracy. The .mzXML files were uploaded to the UCSD MassIVE data stor-

age server for GNPS analysis. The entire dataset is publicly available and found under the

ID MSV000079949. In addition, the area under curve feature abundances were calculated

in batch for all files using the Optimus [236] software based on the OpenMS feature finding

algorithms [139]. The Optimus parameters were as follows: m/z tolerance 15.0 ppm, noise

threshold of 3000, retention time tolerance of 20 s, intensity factor compared to blanks

at 3.0, and a feature observation rate of 0.01. The data was then trimmed to contain

information only from 60 s to 550 s of the run during the linear gradient; this removed

wash steps programmed into the run at the start and end of the chromatographic program.

The feature abundances were normalized to the total ion current (TIC) in each sample for

statistical analysis by dividing the area-under-curve abundance for each feature in each

sample by the total ion current of that sample (TIC-normalization). For organ-by-organ

beta-diversity analysis the features present in individual organs were extracted as separate

feature tables and any features not present at all in a particular organ were removed. Ad-

ditional data for the HFD study [300] was generated with a ThermoScientific qExactive

mass spectrometer, and processed using the mzMine software [233] with the feature table

TIC-normalized. Parameters were as follows: MS1 minimum threshold of 10000 counts,
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MS2 threshold of 5000 counts, a mass tolerance of 0.03Da and retention time tolerance

of 0.2 min. The data was deconvoluted, deisotoped and filtered for compounds present

in at least 3 samples. This additional metabolomics dataset is publicly available under

MassIVE ID MSV000082480.

Molecular networking was performed on GNPS with the GF and SPF mice samples

separated from each other and from blank and quality control samples using the group-

mapping feature. The molecular networking and MS-cluster parameters were as follows:

parent and fragment ion mass tolerance 0.05 Da, minimum cosine score of 0.7, minimum

matched fragment ions of 4, and a minimum cluster size of 4 (to minimize detection of

more rare nodes found in few samples). The library search parameters of the molecular

networking search were a minimum-matched peaks of 4 and a cosine score of 0.65. Any

library hits from the results were inspected directly between the spectrum and query and

are considered level two according to the metabolomics standards consortium guidelines

[288]. The estimated false discovery rate (FDR) for spectral matching is 4.1% under our

search parameters [263]. A link to the full data molecular network used for statistical

analysis and annotation is available here4

Meta-mass shift chemical profiling of chemical transformations between nodes was

done using the method of [109]. Briefly, all nodes unique to either GF or SPF were

searched for an edge connection to a node from one or the other groups (GF to SPF, SPF

to GF, GF to shared or SPF to shared). This represented a molecule unique in either

GF or SPF mice that was related to a molecule in the other group, indicating it was

4https://gnps.ucsd.edu/ProteoSAFe/status.jsp?task=9ea760fb819449d7bc7aca8fec07bd8d.
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modified in sterile or colonized mice. In each instance, the mass gain or loss relative to

the unique node was recorded along with the spectral count for each node as a measure of

its abundance. Mass differences were binned into known molecular modifications within a

0.03 Da window as described in [109] with the addition of unique modifications relevant

to this dataset, such as saccharides. All other unknown mass shifts were ignored. Mass

shifts that were counted included H2 (m/z2.02) acetyl (m/z42.05), methyl (m/z14.02),

H2O (m/z18.01), C2H4 (m/z28.03) O (m/z16.00), CH2O (m/z30.91), NH3 (m/z17.03),

C2H2 (m/z26.02), C (m/z12.01), C2 (m/z24.02), CH4 (m/z16.04), SO3 (m/z79.96), C4H8

(m/z56.06), 2H2 (m/z4.03), C2H6 (m/z30.05), CH2O2 (m/z46.01), CO2 (m/z43.99), OH

(m/z17.01) and sugars corresponding to C6H10O4 (m/z146.06), C6H10O5 (m/z162.05),

C5H8O4 (m/z132.04) and 2 glycone units C12H18O11 (m/z338.09). The spectral counts

for node representing the specific modification were summed and plotted as total spectral

counts for that modification in GF and SPF mice as either mass gains or losses.

16S rRNA Gene Amplicon Sequencing of Mouse Samples: On all murine

samples collected both GF and SPF and control samples of solutions and swabs underwent

DNA extraction, 16S rRNA gene variable region 4 (V4) PCR and amplicon preparation for

sequencing according to protocols benchmarked for the Earth Microbiome Project (EMP)

found here5 [40, 41]. The microbiome data was processed through the Qiita software

(qiita.ucsd.edu). The data was demultiplexed, reads trimmed to 150 bp, and Deblur [7]

was used to de-noise the data into sub-OTUs (sOTUs). The resultant .biom files were used

for downstream analysis with QIIME [39]. To create a phylogenetic tree for UniFrac [171]

5http://www.earthmicrobiome.org/emp-standard-protocols/
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analysis, deblurred sOTU sequences were inserted into the annotated Greengenes [61]

tree with SEPP [131] and taxonomy assigned using the corresponding taxonomic label

on the internal node where the sequence inserted. The microbiome data is available at

(https://qiita.ucsd.edu/, study ID:10801).

3D Mapping in ’ili : Metabolomics and microbiome data were mapped onto the

3-D mouse model by recording the location of the sampling and orientation of each sample

in the model according to the methods described in [236]. Some organs only contained one

sample (bladder, blood, cervix, gall bladder and thymus) all other organs contained 2-6

samples and the actual location of the dissected sample was mapped to the appropriate

point representing that same sample in the 3D model. The point mapping was done using

the GeoMagic Wrap software. The full .stl model of the laboratory mouse was loaded into

GeoMagic Wrap and the location of each sampling point was selected with the ‘points’

tool (available as supplemental data). The x,y,z coordinate information in the model from

all points was then exported as a .csv file for matching to its representative sample in

the metabolomics or microbiome data (available as supplemental data). Sub models of

different organ systems were also created in the same manner to aid visualization, such as

the GI tract and liver. Mapping to these models was done as described for the full model.

For ‘ili visualization, the matching samples for the 4 GF and 4 SPF mice were averaged

and a new feature or OTU table created based on these mean abundances. This feature

table was then matched to the x,y,z coordinates from the model according to the correct

sample. This OTU or metabolite feature table was then uploaded into the ‘ili software

simultaneously with the mouse model. This enabled automatic mapping of the abundance
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of a microbial or metabolite variable to the point representing its collection location in the

GF and SPF mouse 3D-model. Visualization in ‘ili was done using a linear scale with the

‘viridis’ color map and automatic min/max mapping was selected.

Statistical Analysis Of the Mouse Data: The microbiome .biom table and

metabolome feature table were analyzed using principal coordinate analysis after calcula-

tion of a distance matrix between all samples. Alpha diversity of the metabolome data

was calculated using the Shannon-Weiner index on the TIC-normalized feature table from

the murine GI tract in the R statistical software. The microbiome distance matrix was

generated using the unweighted UniFrac distance [171] in QIIME and QIIME2. Beta-

diversity of the microbiome data was calculated on a feature table rarified to 500 reads

per sample to enable visualization of GF and sterile samples which had a low number of

16S rDNA gene reads. Repetition at higher read thresholds produced very similar results

for the SPF samples, as expected from prior studies. The metabolomic beta-diversity was

calculated using the Bray-Curtis dissimilarity. The resulting distance matrix was visual-

ized using principal coordinates analysis (PCoA) and each sample highlighted by either

GF/SPF or organ source for both groups of mice. To assess the overall similarities between

the metabolome of murine organs the Bray-Curtis dissimilarity was calculated between all

paired samples (compared for the same subsection location for the same organ) between

the GF and SPF states for all mice and these dissimilarities were averaged per organ and

plotted with notch plots. This same comparison was done within GF and SPF groups to

determine the level of variation for mice of the same classification. In addition, the within

group variation was compared between GF and SPF mice separately in the same manner.
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To determine the number of unique metabolites between GF and SPF in each organ

molecular networks were built with the same above parameters for samples from each of

the 29 organs. The molecular networking data was then downloaded from GNPS and the

source of each node as GF or SPF was tabulated. A spectrum was considered unique to

either class of mice only if it was detected in at least 3 out of 4 individual mice sampled per

category. Each instance of these unique nodes was counted and reported as a percentage of

the total number of nodes from each organ and as the total number of nodes per organ to

visualize abundance. This was also done at the level of each individual mouse comparison

to obtain a degree of variation in the overall unique metabolite differences.

To visualize the effect of the GF or SPF classification on the gut metabolomic data

a random forests classification was run on all GI tract samples (including the esophagus)

and the variable importance for classification of each metabolite was determined. The

random forest analysis was done using 5000 trees with the R-statistical package ‘random

forests’. The variable importance plot was then computed for the metabolites most dif-

ferentiating the GF and SPF states of the animals. These variables of importance were

analyzed for known compounds in GNPS and their molecular family memberships. The

30 most differentially abundant metabolites according to their variable importance were

then visualized using a stacked bar graph showing their relative abundance to the entire

metabolome. This enabled visualization of the changes in the most differential metabolites

through the GI tract and an indication of how abundant these differential metabolites were

overall. The Shannon-Weiner index of diversity was calculated on the entire metabolome

from each GI tract associated sample using the R statistical software. The mean Shannon-
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Weiner diversity for each sample location was visualized for the two groups of mice through

the GI tract. The Mann-Whitney U-test was used to determine a statistically significant

difference (p<0.05) between the Shannon diversity of each GI tract sample collected at the

same location between the GF and SPF mice. The microbiome diversity was calculated

using the Faith’s phylogenetic diversity index in the Qiita software and mean diversity

between the four individual mice was presented only for the SPF mice.

Tests of the differential abundance of the novel bile acids between mice fed antibi-

otics or high fat were done using the Mann-Whitney U-test with a significance level of

p<0.05. Correlations between the feature abundance of the novel bile acids and bacterial

OTUs from the HFD experiment were calculated using the Pearson’s correlation on de-

blurred reads. Reads with the highest correlations were assigned by BLAST to the NCBI

nucleotide database with only cultured representatives included in the search.

The alpha diversity of the batch culture experiment was calculated using the

Shannon-Index on the deblurred OTU table produced through Qiita and the duplicate

sequenced samples were averaged.

Synthesis of Novel Conjugated Bile Acids: The procedure was adapted from a

previous method by Ezawa et al. [76] Cholic acid (100mg, 0.25mmol, 1 eq.) was dissolved

in THF (4.9mL, 0.05mM) and cooled to 0◦C in an ice water bath with stirring. Ethyl

chloroformate (28µL, 1.2 eq.) was added followed by triethylamine (41µL, 1.2eq) and the

reaction stirred for 0.5 hours cold. After complete conversion of the starting material

by TLC a cold, aqueous solution (4.9mL) of amino acid (0.37mmol, 1.5 eq.) and base

(0.37mmol, 1.5 eq.) is added in one portion. The reaction is stirred for 1 hour at 0◦C to
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completion. THF is removed under reduced pressure and 2M HCl is added to acidify to

pH < 2 and a white precipitate appears. The mixture was extracted with ethyl acetate (3

x 20mL), the combined organic layers washed with brine (1 x 50mL), dried over sodium

sulfate, and concentrated. Purification was done by column chromatography with 6% →

18% Methanol/DCM + 1% acetic acid to give the desired product as a white solid.

Leucine Conjugate: 62% Yield. Product made using the general procedure. White

solid. 1H NMR (600 MHz, MeOD) δ 4.37 (s, 1H), 3.96 (s, 1H), 3.80 (d, J = 2.6 Hz, 1H),

3.40 – 3.34 (m, 1H), 2.36 – 2.22 (m, 3H), 2.21 – 2.13 (m, 1H), 2.03 – 1.94 (m, 3H), 1.93 –

1.78 (m, 4H), 1.78 – 1.51 (m, 10H), 1.47 – 1.27 (m, 5H), 1.15 – 1.06 (m, 1H), 1.04 (d, J =

6.5 Hz, 3H), 1.02 – 0.94 (m, 4H), 0.94 – 0.89 (m, 6H), 0.71 (s, 3H). 13C NMR (151 MHz,

MeOD) δ 176.80, 74.05, 72.87, 69.04, 48.12, 47.49, 43.18, 42.99, 41.96, 41.00, 40.44, 36.91,

36.48, 35.90, 35.85, 34.02, 33.33, 31.16, 29.56, 28.73, 27.86, 26.13, 24.24, 23.56, 23.16, 21.81,

17.73, 13.00. M.P. = 175-178C. IR – 3390.24, 2933.2, 2868.59, 2426.01, 1634.38, 1464.67.

HRMS (ESI) exact mass calculated for [M+H]+ (C30H52NO6) requires m/z 522.3789,

found 522.3793 with a difference of 0.77 ppm. Isoleucine Conjugate: 58% Yield. Product

made using the general procedure. White solid. 1H NMR (599 MHz, MeOD) δ 4.32 – 4.27

(m, 1H), 3.96 (s, 1H), 3.80 (d, J = 2.8 Hz, 1H), 3.40 – 3.34 (m, 1H), 2.38 – 2.15 (m, 4H),

2.03 – 1.93 (m, 3H), 1.93 – 1.78 (m, 4H), 1.78 – 1.50 (m, 10H), 1.45 – 1.27 (m, 4H), 1.26

– 1.19 (m, 1H), 1.11 (qd, J = 11.8, 5.6 Hz, 1H), 1.05 – 1.02 (m, J = 7.0, 2.0 Hz, 3H), 1.01

– 0.90 (m, 10H), 0.71 (s, 3H). 13C NMR (151 MHz, MeOD) δ 176.86, 74.06, 72.87, 69.04,

48.12, 47.48, 47.48, 43.18, 42.98, 41.00, 40.44, 38.33, 36.93, 36.48, 35.89, 35.84, 33.87,

33.35, 31.16, 29.56, 28.72, 27.86, 26.24, 24.23, 23.17, 17.73, 16.15, 13.00, 11.85. M.P. =
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144-148C. IR – 3392.17, 2933.2, 2871.49, 2483.87, 1639.20, 1461.78. HRMS (ESI) exact

mass calculated for [M+H]+ (C30H52NO6) requires m/z 522.3789, found 522.3792 with

a difference of 0.57 ppm. Phenylalanine Conjugate: 63% Yield. Product made using the

general procedure. White solid. 1H NMR (599 MHz, MeOD) δ 7.28 – 7.17 (m, 5H), 4.60

(dd, J = 8.9, 4.8 Hz, 1H), 3.93 (t, J = 2.7 Hz, 1H), 3.80 (d, J = 2.8 Hz, 1H), 3.40 – 3.35 (m,

1H), 3.22 (dd, J = 13.9, 4.8 Hz, 1H), 2.94 (dd, J = 13.9, 9.1 Hz, 1H), 2.33 – 2.18 (m, 3H),

2.11 – 2.04 (m, 1H), 2.01 – 1.94 (m, 3H), 1.86 – 1.78 (m, 3H), 1.76 – 1.63 (m, 3H), 1.62 –

1.50 (m, 5H), 1.47 – 1.33 (m, 3H), 1.21 (m, 2H), 1.09 (qd, J = 11.9, 5.3 Hz, 1H), 1.02 –

0.95 (m, 4H), 0.92 (s, 3H), 0.68 (s, 3H). 13C NMR (151 MHz, MeOD) δ 17138.76, 130.28,

129.38, 127.68, 74.04, 72.87, 69.04, 48.02, 47.44, 43.18, 42.97, 40.99, 40.44, 38.47, 36.84,

36.48, 35.89, 35.84, 33.87, 33.23, 31.16, 29.56, 28.66, 27.86, 24.22, 23.16, 17.66, 13.00.

M.P. = 142-146C. IR – 3395.07, 2934.16, 2865.70, 2494.47, 1638.23, 1455.99. HRMS (ESI)

exact mass calculated for [M+H]+ (C33H50NO6) requires m/z 556.3633, found 556.3637

with a difference of 0.72 ppm. Tyrosine Conjugate: 57% Yield. Product made using the

general procedure. White solid. 1H NMR (599 MHz, MeOD) δ 7.03 (d, J = 8.5 Hz, 2H),

6.68 (d, J = 8.5 Hz, 2H), 4.52 (dd, J = 8.6, 4.8 Hz, 1H), 3.94 (t, J = 2.7 Hz, 1H), 3.80

(d, J = 2.8 Hz, 1H), 3.40 – 3.34 (m, 1H), 3.11 (dd, J = 14.0, 4.8 Hz, 1H), 2.84 (dd, J =

13.9, 8.8 Hz, 1H), 2.33 – 2.20 (m, 3H), 2.07 (m, 1H), 2.02 – 1.93 (m, 3H), 1.88 – 1.78 (m,

3H), 1.77 – 1.63 (m, 3H), 1.62 – 1.51 (m, 5H), 1.45 – 1.34 (m, 3H), 1.27 – 1.18 (m, 2H),

1.10 (qd, J = 11.8, 5.4 Hz, 1H), 1.02 – 0.95 (m, 4H), 0.92 (s, 3H), 0.69 (s, 3H). 13C NMR

(151 MHz, MeOD) δ 176.65, 157.21, 131.26, 129.41, 116.10, 74.05, 72.87, 69.05, 48.05,

47.44, 43.17, 42.97, 40.99, 40.44, 37.73, 36.85, 36.47, 35.89, 35.83, 33.95, 33.26, 31.16,
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29.55, 28.67, 27.86, 24.23, 23.16, 17.67, 13.00. M.P. = 174-178C. IR – 3398.92, 2936.09,

2867.63, 1614.13, 1446.35. HRMS (ESI) exact mass calculated for [M+H]+ (C33H50NO7)

requires m/z 572.3582, found 572.3584 with a difference of 0.35 ppm. 13C9, 15N-labelled

Tyrosine Conjugate: 94% yield. Product made using the general procedure with slight

modifications. The reaction time for initial activation of the carboxylic acid at 0°C was

extended from 0.5 h to 2 h. Additionally, following addition of the labelled tyrosine and

NaOH, the reaction time was extended to 2h. The product was obtained as a white solid.

1H NMR (599 MHz, MeOD) δ 7.21 – 6.86 (m, 2H), 6.85 – 6.52 (m, 2H), 4.56 (d, J =

141.7 Hz, 1H), 3.94 (t, J = 3.0 Hz, 1H), 3.80 (q, J = 3.1 Hz, 1H), 3.41 – 3.35 (m, 1H),

3.27 – 2.97 (m, 1H), 2.97 – 2.67 (m, 1H), 2.33 – 2.19 (m, 3H), 2.14 – 2.04 (m, 1H), 2.03 –

1.90 (m, 3H), 1.89 – 1.77 (m, 3H), 1.77 – 1.62 (m, 3H), 1.62 – 1.48 (m, 5H), 1.47 – 1.32

(m, 3H), 1.25 – 1.16 (m, 2H), 1.09 (qd, J = 11.9, 5.6 Hz, 1H), 1.03 – 0.94 (m, 4H), 0.91

(s, 3H), 0.68 (s, 3H). 13C NMR (151 MHz, MeOD) δ 157.13, 157.06, 131.21 (t, J = 55.2

Hz), 128.95, 116.16 (t, J = 62.4 Hz), 74.05, 72.82, 69.08, 49.43, 49.28, 49.14, 49.00, 48.86,

48.72, 48.57, 48.00, 47.39, 43.06, 42.90, 40.88, 40.35, 37.56 (dd, J = 47.0, 27.7 Hz), 36.77,

36.41, 35.83, 35.75, 33.84, 33.20, 31.08, 29.46, 28.60, 27.78, 24.19, 23.13, 17.66, 12.98.

Novel Bile Conjugates Validation Experiments: To validate the synthetic

standards of the tyrosine, phenylalanine, leucine and isoleucine cholic and muricholic acids

conjugates, the compounds were dissolved in methanol, diluted to 5 µM and run on the

LC-MS/MS method described above. The data is publicly available under MassIVE ID:

MSV000082467. Retention times and MS/MS spectra were analyzed to verify the molecu-

lar characteristics. To determine the approximate concentration of Phe-chol in the murine
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GI tract an ileal sample from a GF mouse was spiked with standard curve of concentrations

of pure Phe-chol (non-murine form). Final concentrations of 100 µM, 25 µM, 5 µM, 1 µM,

0.1 µM and 0.02 µM, were directly added to the extracted ileal sample and analyzed with

mass spectrometry using the same methods as described above. A standard curve of these

concentrations was calculated by plotting the known concentrations to their corresponding

area-under-curve (AUC) abundance of the Phe-chol peak. The same AUC abundance was

then captured for each sample positive for the molecule in the colonized mice. The con-

centration in the murine samples was then calculated based on the concentrations of the

standard curve. Because isoleucine and leucine cannot be distinguished with MS/MS data,

we analyzed the synthetic isoleucocholic acid standard and leucocholic acid standard on

an extended gradient HPLC column. The two standards were injected with the jejunum3

sample from mouse SPF2 and subjected to a 40% LC gradient of the same solvents de-

scribed above with ramp to 40% solvent B at 3 minutes followed by 22 min of ramping to

100% B and then wash steps. The MS/MS method was identical to that described above

and retention time differences were recorded between the two chemical standards and the

murine sample. To determine whether the base bile acid was either cholic or muricholic

acids, the muricholic forms were synthesized according to the supplementary methods in

place of cholic acids and all 3 amino acid conjugates of each bile acid backbone were an-

alyzed using the original LC-MS/MS with sample SPF2 jejunum 3, which contained the

same molecules detected in the murine gut. Retention time analysis was used to identify

whether each molecule in the mouse sample was either muricholic or cholic acid forms.

Links to mirror plots showing matches between the novel conjugated bile acids in the
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murine data and standards are found as follows Leu-chol6 Phe-chol7 Tyrososocholic acid8

Mining Public Data Mining on GNPS: The single spectrum search feature in

GNPS (MASST9) that allows one to search public MS/MS data through spectral align-

ment11 was used to search for the unique amino acid conjugated bile acids in publicly

available data. The parameters of the search were as follows: 0.03 Da window of parent

mass and fragment ion matching, 0.7 cosine score and a minimum matched peaks of 4

ions. In datasets with a positive hit, the source organism and % of samples positive for

each compound was recorded. Two datasets comprised of LC-MS/MS data analyzed on

a Bruker Maxis qTOF from fecal swabs of CF patients (massive IDs MSV000079134 and

MSV000082406) were further analyzed according to the metadata of the studies as pancre-

atic sufficient, insufficient or samples from healthy individuals. The presence of an MS/MS

spectrum for each of these classes was tabulated by individual and reported as the percent

of subjects positive for each molecule in each class. The results from the MASST searches

are available at the following links: Phe, Tyr, and Leu and can be cloned to search against

all public data sets that have become available through GNPS since the these jobs were

performed in Sept 2018.

Development of UPLC-Triple Quadrupole Mass Spectrometry Method

for Bile Acids Quantification and Assessment of Matrix Effects: The above chro-

6https://gnps.ucsd.edu/ProteoSAFe/result.jsp?task=7ec1a92395c540d78faa34613a64deac&view=
view all annotations DB#%7B%22main.Compound Name input%22%3A%22leuco%22%7D

7https://gnps.ucsd.edu/ProteoSAFe/result.jsp?task=7ec1a92395c540d78faa34613a64deac&view=
view all annotations DB#%7B%22main.Compound Name input%22%3A%22phenylalano%22%7D

8https://gnps.ucsd.edu/ProteoSAFe/result.jsp?task=7ec1a92395c540d78faa34613a64deac&view=
view all annotations DB#%7B%22main.Compound Name input%22%3A%22tyroso%22%7D

9https://gnps.ucsd.edu/ProteoSAFe/index.jsp?params=%7B%22workflow%22:%22SEARCH
SINGLE SPECTRUM%22,%22library on server%22:%22d.speclibs;%22%7D
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matography method used in the murine tissues analysis was transferred to a Thermo

Ultimate 3000 UHPLC coupled with a Thermo TSQ Quantum Access Max ESI triple

quadrupole (QQQ) system. An identical column, mobile phases, sample injection volume,

and column thermostat temperature setting were used as described in the LC-MS/MS

section above. However, In order to increase sample throughput, the gradient was slightly

modified: gradient elution was set to start with one-minute hold at 5% organic composi-

tion, then linearly increase to 90% over four minutes followed by 90% organic content hold

for 2 minutes and decrease to 5% and hold for 5 minutes to equilibrate the system before

the subsequent injection. The flow rate was set to 0.25 ml/min to match optimal operat-

ing regime for the QQQ mass analyzer. The ESI sprayer parameters are summarized in

table B.5, B.6. Multiple reaction monitoring (MRM) transitions were selected to achieve

the highest sensitivity and specificity of the targeted molecules. The optimal MRM tran-

sitions were selected independently for both regular and stable 13C-Phenylalanine isotopic

labeled synthetic conjugate and 13C9,15N-Tyrosine isotopic labeled synthetic conjugate.

The Retention Time (RT) and two transitions per molecule were used for the specificity

to achieve level 1 annotation [288]. These MRM parameters of all quantified molecules are

summarized in Table B.5, B.6.

Assessment of Matrix Effects and Measuring of Limit of Detection (LOD)

in Different Matrices: Matrix effects on the novel conjugated bile acids from the murine

GI tract samples were evaluated to characterize the interferences observed during the un-

targeted analysis. For this, sample aliquots for each tissue and sample type of GF mice

were pooled together, injected, and quantified using an external standard calibration. The
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calibration curve was created using standards in the 5 ng/ml to 250 ng/ml range. The

same samples were also spiked with the 50 ng/ml of each bile acid conjugate and analyzed

in identical fashion. Matrix effect values were calculated by comparing the expected value

(50 ng/ml) to the difference observed between the assayed samples and the samples with

added standard (table B.5, B.6). As the matrix could affect the LODs due to ion suppres-

sion or ion enhancement; the GF samples (which do not contain the target compounds)

were spiked with different concentrations and injected to the HPLC-MS system. Limit of

detection was calculated as three times of the standard error of the fitted regression line

divided by the slope for each conjugate separately and for each tissue type.

Quantification of Novel Bile Conjugates in SPF mice with Internal Stan-

dard Calibration and Matrix Matched Calibration: The original samples from SPF

mice were re-analyzed with the HPLC-ESI-QQQ targeted quantification method described

above with two separate quantification approaches. 1) Internal Standard Calibration: all

samples were injected with 2 µL of 13C-Phenylalanine isotopic labeled synthetic bile conju-

gate and 13C9,15N-Tyrosine isotopic labeled synthetic bile conjugate as internal standard

mixture (250 ng/ml); mixed in the HPLC injector loop. As the Phe-chol internal standard

only had one 13C modification the natural distribution contribution of the M+1 isotope

was corrected during the calculation. 2) Matrix-matched calibration: calibration curves

were built to cover the range of 2.5 ng/ml to 1 µg/ml for each tissue type by adding ex-

ternal standards into pooled GF mice samples lacking targeted bile conjugates. For both

calibrations, linear fitting was used to determine slope and intercept of the calibration

curve. These parameters were used to calculate the concentration of unknown samples.
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The obtained concentrations were then expressed in µM/g quantities based on masses of

original samples.

Quantification of The Phenylalanine Bile Acid Conjugate Production by

Bacterial Strains: Correlations between the novel bile acids were assessed using the

Pearson correlation and mmvec [201]. Cultures of C. bolteae CC43 001B and C. bolteae

WAL-14578 strains were extracted as previously described for the mouse sample process-

ing method. The bile acids in the extracts were quantified using targeted quantification

method described above. Elution gradient was set to start with one-minute hold at 5%

organic composition, then linearly increase to 90% over four minutes followed by 90% or-

ganic content hold for 2 minutes and decrease to 5% and hold for 5 minutes to equilibrate

the system before the subsequent injection. The flow rate was set to 0.25 ml/min through-

out. The calibration curves were calculated from a range of 0.25 ng/ml to 100 ng/ml with

standards.

Fecal Culture Bioreactor Inoculation: A 4g stool sample was resuspended in

40mL modified yeast casitone fatty acids media (mYCFA, DMSZ recipe) with 0.25% An-

tifoam B Silicon Emulsion (Baker) in a vinyl anaerobic chamber (Coy). The resuspension

was centrifuged at 500 x g for 5 minutes to pellet solids. The supernatant was decanted

through a sterile 70 µM filter. The filtrate was centrifuged at 4450 x g for 10 minutes

to pellet cells. The supernatant was discarded, and the pellet was resuspended in 40mL

mYCFA. The resuspension was drawn into a 60 mL syringe and injected into a 500 mL

vessel of an Infors Multifors 2 bioreactor. The chemostat process parameters was modified

from a previous process developed in [190]. The chemostat volume parameters were; 400
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mL culture volume, 24-hour retention rate, 50 mL/min nitrogen, stirrer at 250 rpm, and

37°C temperature. 10mM stocks of cholic acid, chenodeoxycholic acid, glycocholic acid,

Leu-chol, Phe-chol and Tyr-chol were prepared in 100 µL methanol. 15 µL stocks were

added to 12 mL mYCFA. After 11 days of continuous culturing, 24 mL bioreactor culture

was withdrawn and transferred to the anaerobic chamber. 3 mL culture was added to the

12mL mYCFA aliquots with the bile acids, for a total volume of 15mL and final concentra-

tion of 10 µM bile acid. The cultures were vortexed and split into three 5mL aliquots. At

time 0 (blanks for each bile acid), 1, 3, 6, 12 and 24 hours, 0.1mL aliquots were removed

from the samples for metabolomics and 16S rRNA gene sequencing. A separate experi-

ment in 96 deep-well plate format was completed in similar fashion with media formulated

according to [190] (designed to mimic human gut contents). A fresh fecal swab (sampled

according to methods from the American Gut Project [188]) was first resuspended in 1x

PBS and then 20 µL of fecal resuspension was inoculated into 500 µL of media in each

well. Conjugated bile acids (Phe-chol, Tyr-Chol, Leu-Chol and Gly-chol) were added to

the cultures prior to incubation in triplicate. The cultures were incubated at 37°C for 48

hours. Both culture experiments (batch culture and 96-well plate format) were extracted

with 70% methanol according to the same methods described above and analyzed with

LC-MS/MS using the same instrument and methods as described above for GF and SPF

mouse studies. The batch culture experiment had microbiome sequencing completed and

analyzed.

16S rRNA Gene Amplicon Sequencing of Batch Cultures: DNA was ex-

tracted from the bioreactor samples using QIAGEN AllPrep 96 PowerFecal DNA/RNA,
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(QIAGEN custom product # 1114341) with bead-beating on a Tissuelyser II (QIAGEN).

16S rRNA gene libraries targeting the V4 region of the 16S rRNA gene were prepared

by first using qPCR to normalize template concentrations and determine optimal cycle

number. To ensure minimal over-amplification, each sample was normalized to the lowest

concentration sample, amplifying with this sample optimal cycle number for the library

construction PCR. Four 25 µL reactions were prepared per sample with 0.5 units of Phusion

with 1X High Fidelity buffer, 200 µM of each dNTP, 0.3 µM of 515F10 and unique reverse

barcode primer from the Golay primer set [40]. After amplification, replicates were pooled

and cleaned via Agencourt AMPure XP-PCR purification system. Prior to final pooling,

purified libraries were diluted 1:100 and quantified again via qPCR (Two 25 µL reactions,

2x iQ SYBR SUPERMix (Bio-Rad, REF: 1708880 with Read 111, Read 212. Pools were

quantified by Qubit (Life Technologies, Inc.). Final pools were sequenced on an Illumina

MiSeq 300 using custom index 5’-ATTAGAWACCCBDGTAGTCCGGCTGACTGACT-3’

and custom Read 1 and Read 2 primers mentioned above.

Farnesoid X Receptor Stimulation from Bile Acids: Human kidney cell

line HeK-293 was obtained from American Type Culture Collection (ATCC CRL-1573,

tested for Mycoplasma contamination every 6 months). These cells were chosen due to

their high transfectability and low FXR expression which allows for a robust signal to

noise ratio. These 293 cells were cultured in Dulbecco’s modified Eagle’s medium/F-12

(DMEM) supplemented with 10% (V/V heat-inactivated fetal calf serum (FBS) and 100

105‘-AATGATACGGCGACCACCGAGATCTACACTAT
GGTAATTGTGTGCCAGCMGCCGCGGTAA-3‘

115‘-TATGGTAATTGTGTGYCAGCMGCCGCGGTAA-3‘
125‘-AGTCAGTCAGCCGGACTACNVGGGTWTCTAAT-3‘
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units/ml penicillin G and 100 µg/ml streptomycin. 10,000 cells were seeded per well in

96-well plates one day before transfection of plasmids. DNA was transiently transfected

by Lipofectamine 2000 and Opti-MDM in fasting state. The ratio of plasmid used in per

well were 50ng of FXR response element (FXRE)/luciferase reporter plasmid, 10 ng of

pCMV-3flag-FXR (human) plasmid, 10 ng of pCMV-RXR (human) plasmid, and 5ng of

Renilla luciferase reporter plasmid as internal standard for transfection efficiency. After

12 hrs of transfection, 293 cells were treated with the indicated concentration of bile acids

(Phe-Chol, Tyr-Chol, Leu-Chol, CDCA, DCA and T-βMCA.) with FXR synthetic agonist

GW4064 as control. Cells were harvested 24 hrs later and lysed with passive lysis buffer

(Promega). Luciferase activities were measured by the Dual-Luciferase Reporter (DLR)

Assay kit and read by Luminometer (Perkin Elmer). The final Luciferase activities were

normalized by dividing the relative light units by Renilla luciferase activity. Statistical

analyses were performed using Prism software. Each dosage was done in 12 replicates.

13C-Phenylalanine Feeding of Mice and Analysis of Fecal Samples: ApoE-

/- (Jackson Labs Stock No. 002052) females approximately 16 weeks old were used for this

experiment. Fecal pellets were collected from each mouse at baseline (mice were fed regular

chow (RC) prior to experiment) and each day after for the duration of the experiment HFD

feeding (between 9-11 am each day). Each mouse was housed in an individual cage lined

with nestlets. The diet was then shifted to HFD containing 1.25% cholesterol and 21%

milk fat (TD96121; Envigo, Madison, WI) at day 0. The overall experiment duration was

9 days with the final stool collection being on day 10. On days 1-3, each mouse was fed the

HFD alone. On days 4-6, the experimental mouse was shifted to HFD supplemented with
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the 13C-labeled phenylalanine (Catalog # 490091 Sigma-Aldrich) and the control mouse

to HFD supplemented with unlabeled phenylalanine. Both groups of mice were shifted

back to the HFD without supplemental phenylalanine on days 7-9. The food was prepared

as follows each day: each day the HFD pellets were mixed with water from the mouse

bottles at 1.5mL water per 10 grams of food to make a uniform slush inside a small dish

that is placed on the cage bottom. For days 4-6, the amino acid powder at 10 µg/mg was

spread on top of the food, water was added and mixed. Fecal samples were collected from

these animals and screened for the production of labeled and unlabeled Phe-chol. Fecal

samples from the feeding experiment were extracted and prepared with the same protocol

as described above for the original GF and SPF mice. Targeted analysis method was used

for detection of phenylalanine conjugates for both unlabeled and C13 labeled molecules.

The areas under the curves were extracted and used for ratio calculations.

LC-MS Metabolomics Data Processing from PRISM and iHMP cohorts

from the HMP2 IBD Datasets: The raw LC-MS data were acquired to the data

acquisition computer interfaced to each LC-MS system and then stored on a robust and

redundant file storage system (Isilon Systems) accessed via the internal network at the

Broad Institute. Nontargeted data were processed using Progenesis QIsoftware (v 2.0,

Nonlinear Dynamics) to detect and de-isotope peaks, perform chromatographic retention

time alignment, and integrate peak areas. Peaks of unknown ID were tracked by method,

m/z and retention time. The novel conjugated bile acids were searched for by matching

m/z in negative mode and subsequently verified using LC-MS/MS and synthetic standards

of Phe-chol, Tyr-chol and Leu-chol from pooled samples (table ??).
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Statistical Analysis of HMP2 Metabolomics Data: Prior to model fitting,

raw metabolite abundances were median-normalized within sample and then log-transformed

with a pseudocount of 1. We used linear models implemented in R to associate metabo-

lite abundances with IBD phenotype while controlling for clinical covariates. For the

cross-sectional PRISM data, we treated categorical IBD diagnosis (UC, CD, and non-IBD

control) as the phenotype of interest with “non-IBD” as a reference group. Age was in-

cluded as a continuous covariate, while antibiotics, immunosuppressants, mesalamine, and

steroids use were coded as binary covariates. The model was evaluated as follows using

R’s lm function:

metabolite ∼ (intercept) + diagnosis + age + antibiotic + immunosuppressant +

mesalamine + steroids.

The nominal p-values of the diagnosis coefficients for each metabolite were adjusted

for multiple hypothesis testing using the Benjamini-Hochberg FDR method. A more so-

phisticated mixed-effects model was applied per-feature to the HMP2 metabolomics data

to account for repeated measures over subjects and the multiple recruitment sites within

the study. In addition, the transformed abundance of each metabolite was modeled as a

function of a combined phenotype: diagnosis (as defined above) and dysbiosis state as a

nested binary variable within each diagnosis (with non-dysbiotic as reference). The defi-

nition of “dysbiosis state” is presented in detail in the next section. Model results were

further adjusted for consent age as a continuous covariate and antibiotics use as a binary

covariate. The mixed effects model was evaluated as follows using the lme function in R’s

nlme package [where (1 — subject) and (1 — recruitment site) indicate random effects for
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subject and recruitment site, respectively]:

metabolite ∼ (intercept) + diagnosis + diagnosis/dysbiosis + antibiotic use +

consent age + (1 — recruitment site) + (1 — subject)

Statistical significance (p-value) of metabolite-phenotype associations were assessed

using Wald’s test and corrected for multiple hypothesis testing as described above.

Dysbiosis analyses

Dysbiosis score To identify samples with highly divergent (dysbiotic) metage-

nomic microbial compositions in the HMP2 dataset, a “dysbiosis score” was defined as in

[168] based on Bray-Curtis dissimilarities to non-IBD metagenomes. First, a “reference

set” of samples was constructed from non-IBD subjects by taking all samples after the

20th week after the subject’s first stool sample. This was chosen since a subset of the non-

IBD subjects at the start of their respective time series may not yet have overcome any

gastrointestinal symptoms that triggered the initial visit to a doctor, though ultimately

not caused by IBD. The dysbiosis score of a given sample was then defined as the median

Bray-Curtis dissimilarity to this reference sample set, excluding samples that came from

the same subject. To identify highly divergent samples, we then thresholded the dysbiosis

score at the 90th percentile of this score for non-IBD samples. This therefore identifies

samples with a feature configuration that has a <10% probability of occurring in a non-

IBD subject. By this measure, 272 metagenomes were classified as dysbiotic. Samples

from CD and UC subjects are overrepresented in the dysbiotic set, with 24.3% and 11.6%

of their samples classified as dysbiotic, respectively. A metabolite measurement was then
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defined as dysbiotic only if its paired metagenome is defined as dysbiotic according to the

above definition. Only metabolomes with matched metagenomes were used in differential

abundance testing (for UC, 12 dysbiotic and 110 non-dysbiotic metabolomes; for CD, 48

dysbiotic and 169 non-dysbiotic).

Bile acid Gavage of Mice: Eight-week-old Male C57BL/6J mice (Jackson Lab-

oratory) were acclimated for 14 days and housed in groups of two throughout the duration

of the experiment to mitigate cage effects. Mice were then dosed 2 times (24 hour) or 4

times (72 hour) (t = 0 hr, t = 24 hr, t = 48hr, t = 72hr) by oral gavage with either a

mock control of corn oil without bile acids, or corn oil infused Tyr-chol (500 mg/kg body

weight), Leu-chol (500 mg/kg body weight), cholic acid (500 mg/kg body weight) or the

control FXR agonist GW4064 (10 mg/kg body weight). Starting 3 hours after the last

gavage (t = 75 hr, 72 hour treatment or t = 25, 24 hour treatment), mice were euthanized

by CO2 asphyxiation and samples were collected within a 6 hour period and snap frozen

in a liquid nitrogen bath and stored at -80°C prior to analysis. All mice were handled

in accordance with guidelines for the humane care and use of experimental animals, and

the procedures used were approved by the University of California, San Diego Institutional

Animal Care and Use Committee and the Salk Institute for Biological Studies Institutional

Animal Care and Use Committee. Ileum and liver samples were used for qPCR.

RT-qPCR Analysis of Downstream FXR Gene Expression: Mouse liver

and ileum segments were directly homogenized in TRIzol and total RNA isolated. cDNA

was synthesized from 1µg of DNase-treated total RNA using Bio-Rad iScript Reverse

Transcription supermix (#1708841) and mRNA levels of Fgf15, Shp, Cyp7b1 and Cyp7a1
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were quantified by quantitative PCR with Advanced Universal SyBr Green Supermix (Bio-

Rad, cat #725271). All samples were run in technical triplicates and relative mRNA levels

were calculated by using the standard curve methodology and normalized to 36B4. All

primers are listed in the Supplementary Table B.10.

B.2 Supplementary Data

Overall Microbiome and Metabolome Relationships.

A broad overview of data relationships was first assessed through principal coor-

dinates analysis (PCoA) using the Bray-Curtis dissimilarity matrix (metabolome) and

UniFrac distance (microbiome) (Supplementary Data Fig. B.1a). The metabolome data

was most strongly influenced by organ source (Supplementary Data Fig. B.1b,c). When

plotted by organ, four distinct metabolome clusters emerged: the gastrointestinal (GI)

tract, epidermal swabs, blood rich organs (lung, heart, spleen, and blood itself), and a

cluster of all other visceral organs (Supplementary Data Fig. B.1a,b). We further col-

lected 16S inventories to understand the spatial pattern of bacterial colonization in the

mice. As expected, the microbiome data was dictated by colonization status. GF mice

and sterile organs in SPF mice clustered tightly with background sequence reads from

blanks (reflecting their sterility), whereas colonized organs within the SPF mice clustered

apart from these samples (Supplementary Data Fig. B.1a,b). Notable separation of certain

organ systems was observed in the microbiome of SPF mice, including a distinct grouping

of the GI tract (including the esophagus) and clustering of the vagina and cervix sam-
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ples (Supplementary Data Fig. B.1a,b). To quantify the effect of microbial colonization

on the metabolomic data, the Bray-Curtis dissimilarity was calculated between the MS1

data of GF and SPF mice, then compared to the within group variation for all paired

sample locations with statistical significance being determined by Mann-Whitney U-test.

The strongest separation between the metabolomic data was present in stool, followed by

the cecum, other regions of the GI tract, and samples from the surface of the animals

including ears and feet (Supplementary Data Fig. B.1c). Thus, the major molecular sig-

natures distinguishing colonized and GF mice were present in the gut and epidermis with

particularly strong effects in the stool, cecum and ileum. The liver also had signatures

suggestive of metabolomic differences between the GF and SPF mice, but this was not

significant compared to the within individual variation (Supplementary Data Fig. B.1c).

The 16S rRNA gene microbiome profiles of the GI tract were dominated by Bacteroidales

clade S24-7, Firmicutes, Lactobacillus and Akkermansia muciniphila (Supplementary Data

Fig. B.1d). Large changes in microbial profiles were observed traversing the GI tract. The

esophagus, stomach and duodenum had relatively similar profiles, but a dramatic shift

in the jejunum with the expansion of Lactobacillus and A. muciniphila and a decrease

in the relative abundance of Bacteroidales S24-7 was evident. The community transi-

tioned again through the ileum with a further expansion of Lactobacillus. At the cecum

an abrupt transition was observed with a reduction of Lactobacillus and increase in the

relative abundance of Firmicutes (Supplementary Data Fig. B.1d), this community was

largely maintained through the colon until the stool, where the Firmicutes were reduced

(Supplementary Data Fig. B.1d).
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Figure B.1: Microbiome and metabolome diversity in germ-free and SPF mice.
a, Principal coordinate (PC) analysis of microbiome and mass-spectrometry data high-
lighted by sample source as germ-free (GF) or SPF (n = 4 mice in each group). The
microbial signatures from the germ-free mice are an important control, which represents
background reads found in buffers, tips and tubes and other experimental materials. b,
Data from a highlighted by organ source (n = 4 mice in each group). c, Bray–Curtis dis-
similarities of the metabolome data collected from mouse organs. The dissimilarities are
calculated within individual mice of the same group (germ-free or SPF, ‘within’) or across
the germ-free and SPF groups (‘GF-SPF’) (n = 4 mice in each group). Only samples col-
lected from exact same location (subsection) are compared. Significance was tested with a
two-sided Mann–Whitney U-test. Boxes represent the interquartile range (IQR), the notch
is the 95% confidence interval of the mean, the centre is the median and whiskers are 1.5×
the IQR. d, Microbiome profile of the gastrointestinal tracts of SPF mice. Data were gen-
erated by sequencing 16S rRNA gene amplicons from each organ and organ section, and
analysed through the Qiita Deblur pipeline as described in the Supplementary Methods.
Bacterial taxa of relevance are colour-coded according to the legend. e, Molecular network
of LC–MS/MS data with nodes coloured by source as germ-free, SPF, shared or detected
in blanks. Molecular families with metabolites annotated by spectral matching in GNPS
are listed by a number that corresponds to the molecular family. These are level-2 or
-3 annotations according to the metabolomics standards consortium [288]. 12-OAHSA,
12-(9Z-octadecenoyloxy)-octadecanoic acid.
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Unique molecules from the microbiome.

Molecular networking paired with statistical analysis enabled identification of molec-

ules unique or enriched between the two groups of mice. These included bile acids,

flavonoids, triterpenoid saponins, and urobilins (Supplementary Data Fig. B.1- B.4). The

soyasaponins and flavonoids were prevalent, diverse and differentially abundant between

the two groups of mice. These compounds were sourced from the mouse chow that had a

dominant soybean component. A cluster of 76 connected nodes in the molecular network

representing soyasaponins was found in both GF and SPF mice and their food pellets, but

these clusters were enriched in nodes from the GI tract of GF mice (Supplementary Data

Fig. B.2). This molecular family contained a variety of unique soyasaponins all comprised

of the core soyasapogenol triterpenoid backbone, but with different glycosylations and hy-

droxylations. Soyasaponins were present throughout the GI tract of GF mice, including

the stool sample, but in SPF mice they disappeared upon passage into the cecum (Sup-

plementary Data Fig. B.2). Conversely, there was a separate cluster only found in SPF

mice that was annotated as soyasapogenols, which represent the triterpenoid backbone

of soyasaponin without glycosylation (Supplementary Data Fig. B.2). 3D-molecular car-

tography showed that soyasaponin I was abundant throughout the GI tract of GF mice,

particularly the cecum, colon and stool, but was absent from these organs in SPF animals.

In direct contrast, soyasapogenol was not found at all in GF animals, but was detected in

the cecum of the SPF mice through to the stool. This differing presence of the glycone and

aglycone forms indicates that cecal microbial activity was responsible for the metabolism
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of soyasaponin into soyasapogenol by removal of the saccharides (Supplementary Data

Fig. B.2). The abundance of soyasapogenol E (m/z 457.36) was then regressed against

the microbiome data for significant associations between this metabolite and microbial

operational taxonomic units (OTUs) (Bonferonni corrected p-value for 195 OTUs p < 2.6

x10-4). The Firmicute Allobaculum sp. (Pearson’s r = 0.491) was significantly corre-

lated to the abundance of soyasapogenol E; the only cultured representative of this genus

contains the β-glucosidase enzyme known to perform deglycosylation of plant natural prod-

ucts. Microbiome breakdown of plant flavonoids was also observed (Supplementary Data

Fig. B.3). In the mouse chow, glucuronides and aglycone flavones and isoflavones were

detected, but not their sulfated forms. Because many isomeric forms of flavonoids exist

that cannot be differentiated with our MS/MS methods, we focused on molecular changes

in the predominant soybean isoflavonoids daidzein, genistein and glycitein, because they

have characteristic MS/MS signatures. In the GF mice, 3D-molecular cartography showed

that the glucuronidated and sulfated isoflavonoids were detected throughout the GI tract

from the stomach through to the stool, indicating they pass through the GI tract intact.

In SPF mice, however, these same glucuronides and sulfides were undetectable in the distal

GI tract. The aglycones were present in both the GF and SPF mice, but more abundant in

the distal GI tract of GF animals (Supplementary Data Fig. B.3, Mann-Whitney U-test,

p<0.05). Because the aglycones were detected in both groups, host and microbial enzymes

(or chemical processes) could have been responsible for the deglycosylation; however, the

complete removal of the sugars and sulfates in the SPF mice indicated that the micro-

biota significantly enhanced this process. Furthermore, in the cecum of the SPF mice, the
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aglycone isoflavonoids were depleted and in some cases no longer detectable through to

the stool samples, indicating that further metabolism of these compounds was occurring

in the cecum and colon due to the presence of bacteria.

The production of secondary bile acids was also prevalent in SPF mice, but not GF

mice. Deoxy- and keto-forms (dehydrogenated) of cholic acid were abundant in the distal

GI tract of SPF mice but absent from GF mice (Supplementary Data Fig. B.4). In contrast,

the primary bile acid tauromuricholic acid was abundant throughout the gut of GF mice

but was depleted in the distal GI tract of SPF mice. Muricholic acid was also exclusive to

the guts of SPF mice but was found in the liver of sterile animals (Supplementary Data

Fig. B.4).

MS/MS Annotation of Novel Conjugated Bile Acids.

Analysis of the unique nodes in SPF mice related to glycocholic acid (Fig. 3.2a)

led to the discovery of the unique conjugation with different amino acids. The major

core fragment of cholic acid in all conjugated bile acids is shown in Supplementary Data

Figure B.5d at mass m/z 337.25. This represents the core steroid backbone of cholic acid

with loss of the amino acid conjugate and all hydroxyl groups. In the new Tyr, Phe and

Leu conjugates the difference in mass of a whole amino acid can be seen from the parent

ion and this fragment. Furthermore, this amino acid ion appears in the lower m/z range

of the spectrum as the whole amino acid plus a hydrogen ion (H+). Further verification

of these molecules comes from the presence of unique immonium ions, a characteristic of

peptide fragmentation, which are seen in the lower mass range corresponding to each of
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Figure B.2: Microbial metabolism of soyasaponins in metabolomics data from
germ-free and SPF mice. n = 4 mice in each group. a, Molecular network cluster of
soyasaponins, coloured by source of each node as germ-free, SPF or shared. Structures
of corresponding molecules are shown in nodes highlighted in yellow, according to the
numbering scheme. Mean total-ion-current-normalized abundance of each soyasaponin
metabolite from the gastrointestinal tracts of germ-free and SPF mice. Ce, caecum; co,
colon; D, duodenum; I, ileum; J, jejunum; stl, stool; sto, stomach. Boxes represent the
IQR, the centre is the median and whiskers are 1.5× the IQR. n = 4 mice in each group. b,
Molecular family of soyasapogenols, their structures and relative abundances in gut organs
of germ-free and SPF mice (data are in the same format as in a). c, Three-dimesional model
visualization (generated using ’ili) of the normalized abundance of soyasaponin I in the
mouse gastrointestinal tract. The abundance of the metabolite is indicated according to the
rainbow spectrum (high, red; low, blue). n = 4 mice in each group. d, Three-dimensional
cartography (generated using ’ili) of the normalized abundance of soyasapogenol B onto
an magnetic resonance imaging organ model of the mice. e, Mean normalized abundance
of soyasaponin I through all gastrointestinal sample locations in the germ-free and SPF
mice. f, Mean normalized abundance of soyasapogenol through all gastrointestinal sample
locations. The annotations are level two or three [288].
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Figure B.3: Microbial metabolism of plant isoflavones in metabolomics data
from germ-free and SPF mice. a, Structures, molecular network and total-ion-
chromatogram-normalized abundance of glycone isoflavanoids in the mouse gastrointestinal
tract. Nodes are coloured according to their source in germ-free or SPF mice (n = 4 mice
each), and known library hits are shaped as arrowheads. Boxes represent the IQR, the
centre is the median and whiskers are 1.5× the IQR. b, Same information as in a, for the
aglycones. c, Three-dimensional molecular cartography mapping the abundance of the
daidzein and glycitein glycone and sulfated forms through entire 3D mouse model. The
normalized abundance of a particular molecule is indicated as a heat map. Red, most
abundant; blue, least abundant. d, Three-dimesional molecular cartography mapping the
abundance of the daidzein and glycitein aglycone forms through entire 3D mouse model.
The gastrointestinal-tract model is inset for reference. The annotations are level two or
three [288].
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the three amino acids (Supplementary Data Figure B.5d, table B.5, B.6).

Amino Acid Conjugate Synthesis and Validation.

Both cholic and muricholic forms of the three novel amino acid conjugates and

an isoleucine conjugate were chemically synthesized and verified using nuclear magnetic

resonance spectroscopy (NMR spectra below). Polarity and MS/MS fragmentation patters

of these compounds were subsequently analyzed and the higher hydrophilicity of muricholic

acid forms were validated by earlier retention times for all four synthesized compounds

(Supplementary data Fig. B.5b,c). MS/MS patters of muricholic and cholic acid forms

were identical and the spectra from the SPF mouse duodenum were subsequently verified

to match these synthetic compounds by molecular networking, retention time analysis

and MS/MS matching (Supplementary data Fig. B.5). In the mouse jejunum sample the

extracted ion chromatogram for leucocholic acid (m/z 522.3700) contained a single peak

that most closely matched leucocholic acid, however, there was a small shoulder on this

peak indicating that it cannot be ruled out that some isoleucocholic acid may be present

(Supplementary data Fig. B.5c). MS/MS patters of synthetic standards and novel bile

acids from mouse gut samples showed high similarity (Supplementary data Fig. B.6a)

Bile Acids in Murine Portal and Peripheral Blood.

An additional 4 SPF and 6 GF female mice of the same strain analyzed for the

initial study on the microbial metabolome were raised for analysis of blood. Portal blood

and peripheral blood were sampled as described in the methods section and analyzed with
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the same LC-MS/MS protocols as the original animals. Parent masses for the Phe, Tyr and

Leu conjugated microbial bile acids that were searched for in the GNPS molecular network

were not found (Supplementary data Fig. B.6c). The conjugated bile acid molecular family

was further inspected for the presence of these compounds but was also negative for the

presence of the novel conjugates in either peripheral or portal blood samples from either

mouse group. The host conjugated taurocholic acid and glycocholic acid were however,

found in both blood types of both murine groups.

183



Figure B.5: Mass spectrometry analysis of newly identified conjugated bile
acids. a Extracted-ion-chromatogram MS1 traces of Tyr-chol (m/z 572.37 ± 0.05 Da),
Phe-chol (m/z 556.37 ± 0.05 Da) and Leu-chol (m/z 522.37 ± 0.05 Da). Experiments were
performed four times. b, Extracted ion chromatograms for the synthetic muricholic and
cholic acid versions of the Phe (m/z 556.37 ± 0.05), Tyr (572.37 ± 0.05) and Leu (522.37 ±
0.05) conjugates, showing the different retention times from the muricholic- and cholic-acid
forms. c, Retention time alignments of synthetic muricholic- and cholic-acid conjugates
with the newly identified conjugates found in a sample from the jejunum of a colonized
mouse. The isoleucocholic- and leucocholic-acid analysis was run on a long-gradient high-
performance liquid-chromatography column to separate isomeric Ile and Leu conjugates,
and to compare to those detected in vivo. d, Annotation of MS/MS fragmentation patterns
for the three conjugated bile acids and GCA. Structures of the immonium ions from amino
acid fragmentation, whole amino acid fragments and the major sterol fragment are shown.
Loss of the amino acid mass on the bile-acid steroid backbone is also highlighted.
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Figure B.6: Distribution and metabolism of newly identified conjugated bile
acids. a Molecular network of MS/MS data from synthesized amino acid conjugated bile
acids and the duodenum of SPF mice. LC–MS/MS data from synthetic standards were
networked with mouse samples and spectral matching. Molecular networking is indicated
by node colouring. Mirror plots show the alignment between the mouse and the synthetic
standards. Nodes shaped as arrowheads had hits in the GNPS libraries, and node size is
scaled to the spectral count. Tauro, taurocholic acid. These experiments were performed
twice. b, Three-dimensional molecular cartography of the mean abundance of the newly
discovered conjugates mapped onto a 3D-rendered model of the mouse gastrointestinal
tract, as a heat map according to the colour scale. Organs are labelled as described
in Fig. 3.1. c, Molecular network of conjugated bile acids from portal and peripheral
blood of germ-free and SPF mice. Nodes are coloured by source as germ-free portal,
germ-free portal and peripheral blood, SPF portal and peripheral blood, GF portal and
peripheral blood and SPF peripheral blood, and all. Arrowhead nodes represent known
compounds in the GNPS spectral database; circular nodes represent unknown compounds.
The annotations were obtained through spectral matches against reference libraries (level
two or three [288]). d, Mean area-under-the-curve abundance and s.d. of bile acids of
interest during incubation with an actively growing batch human faecal culture for 24 h
(n = 3 independent incubations). e, Molecular network of newly identified conjugated bile
acids after incubation in a human faecal batch culture experiment. Each node represents
a unique tandem mass spectrum; arrowhead-shaped nodes indicate known spectra in the
GNPS database. The nodes are coloured by their retention time according to the legend,
and the mass shifts between nodes are mapped onto the edge representing the cosine
connection between related spectra. The H2 mass shift representing oxidation of the
newly identified conjugates is shown. f, Mean ion intensity and s.d. of the oxidized forms
of Phe-chol, Tyr-chol and Leu-chol through the 24-h batch faecal culture incubation (n =
3 independent incubations).
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Synthesis of Novel Conjugate Bile Acids by Clostridium bolteae.

After finding a strong association between all three novel conjugates and a Clostrid-

ium sp. in mice fed high fat diet [293] (Supplementary data Fig. B.7, table S3 of [240]),

twenty isolates of human gut bacteria were cultured in fecal culture media and screened for

the production of these compounds using the same extraction and LC-MS/MS methods

described for the mouse organ analyses. Using GNPS integrated with mzMine feature

finding, Phe-chol was detected in the extracts from three separate Clostridium strains,

but at very low intensity. Only C. bolteae had produced the molecule clearly at a level

at least 3x the abundance of the background extracted ion chromatogram trace. Thus,

using the more sensitive targeted and quantitative assay we subsequently repeated these

experiments with two isolates of C. bolteae and validated the production of both Phe-chol

and Tyr-chol in the culture extracts (Supplementary data Fig. B.8). More of the tyrosine

conjugate was made than (∼20 ng/ml) the phenylalanine conjugate (∼7 ng/ml). Further

validation was provided using media supplemented with 13C labeled phenylalanine added

to the media. This labeled amino acid was incorporated into the Phe-chol produced by C.

bolteae WAL-14578 demonstrating that free amino acids from the media can be used for

the conjugation and providing direct evidence that these bile acids are made by microbes

(Fig. 3.3, Supplementary data Fig. B.8).

Detection of Novel Bile Acid Conjugates in HMP2 dataset.

Phe-chol, Leu-chol and Tyr-chol were detected in the HMP2 dataset with negative

ion mode (table B.9). The statistical testing for differences between inflammatory bowel
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Figure B.7: MASST search results and associations of newly identified con-
jugated bile acids with high-fat diet. a Proportion of samples in which Phe-chol,
Tyr-chol and Leu-chol were found from a single-spectrum MASST search of publicly avail-
able data on GNPS. Massive dataset identifers are shown for each dataset, are divided into
mouse (‘murine’) or human gastrointestinal samples. b, Box plots of the newly identified
conjugates in a previously published mouse study, in which mice were fed high-fat diet
(HFD) (n = 14 mice) or normal chow (NC) (n = 19 mice) (Gly, P = 0.72; Phe, P =
0.038; Tyr, P = 0.083; Leu P = 9.4 × 10−5) and dot plot of mice treated with (n = 27
mice) or without antibiotics (Ab) (n = 415 mice) [270]. Boxes represent the IQR, the line
is the median and whiskers are 1.5× the IQR. Colour legend applies to both a and b.
c, Mean normalized abundance of the three newly identified conjugated bile acids com-
pared to taurocholic acid in mice (ApoE-knockout on a C57BL/6J background) fed either
a high-fat diet (n = 12 mice) or normal chow (n = 12 mice) for 10 weeks. Faecal sam-
ples were collected and extracted in 50:50 methanol:water and analysed with LC–MS/MS
metabolomics, as described in the Supplementary Methods. The s.d. around the mean
is shown, and significance between a high-fat diet and normal chow at each time point is
tested with two-sided Student’s t-test. P < 0.001. d, Correlations between rarefied reads
of a deblurred read assigned to a Clostridium sp. from atherosclerosis-prone mice fed a
high-fat diet over time (n = 12 mice). The line of best fit is plotted using the lm method
in the R statistical software; grey area around the line of best fit is the 95% confidence
interval.
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Figure B.8: Synthesis of newly identified conjugated bile acids by Clostridium.
a Dot plot of the measured production of Phe-chol and Tyr-chol using a targeted liquid
chromatography–mass spectrometry method for two C. bolteae strains grown in faecal
culture medium (FCM) with or without labelled Phe (n=2 independent cultures). b, The
mean ratio and s.e.m. of 13C-Phe-chol:12C-phe-chol from the same C. bolteae strains when
grown with faecal culture medium with 13C-labelled phenylalanine (bottom left) (n=2
cultures). c, Mean and s.d. of the Shannon index of human faecal batch culture (n=3
cultures) before and after 24-h growth exposed to conjugated bile acids or a mock control.
NS, not significant by Mann–Whitney U-test. d, Box-and-whisker plots of concentration
of Phe-chol and Tyr-chol in original samples from the gut of SPF mice. Boxes represent
the IQR, the centre is the median and whiskers are 1.5× the IQR. n=4 mice.
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disease patients in HMP2 are as follows: IBD patients (Fig. 3.3c, PRISM dataset, FDR-

corrected p-value (q-value) from Wald’s test of linear effects model of Leu = 0.03, Tyr

= 0.0074 and Phe = 0.004, control non-IBD n = 34, CD n = 68, and UC n = 53).

Furthermore, they were enriched in CD dysbiosis (HMP2 dataset q-value, Phe = 0.0003,

Tyr = 0.007, Leu = 9.0 x 10-5, n=48 CD-dysbiotic, n= 169 CD non-dysbiotic) but not

statistically different in UC dysbiosis (q=1.0, 0.8, 0.9 for Phe, Tyr, Leu-cholate amidates,

n=12 UC dysbiotic, n=110 UC -non-dysbiotic) and not in non-IBD (q=0.4, 0.5, 0.5 for

Phe, Tyr, Leu-cholate amidates, n=15 non-IBD-dysbiotic, n=107 non-IBD-non-dysbiotic,

Wald’s test).

Sequencing of Fecal Cultures Exposed to Novel Bile Acid Conjugates.

In the batch culture experiment where an actively growing fecal culture was exposed

to the novel conjugated bile acids and other control molecules, the microbiome of the

culture media was sequenced using 16S rRNA amplicon sequencing after 24 hours. The

data was processed with the Qiita pipeline and the resultant cultures were analyzed for

changes in the microbiome structure due to conjugated bile acid exposure. There was

no change in the microbiome alpha-diversity when cultured in the presence of any bile

acids added to the media compared to the mock control. The Shannon diversity of the

community decreased over time, but this was not different than the mock control with no

bile acids added (Supplementary data Fig. B.8c).
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Quantification of Bile Acids.

The concentration of the new bile acids in the mouse gut samples was quantified in

negative-mode using the targeted method by comparison to the standard curves measured

of each molecule in the various tissue samples spiked into the GF mice samples. The

calculation was then normalized to the initial g/tissue collected (masses of samples in

table S1 of [240]) and the dilution through extraction and mass spectrometry analysis

(Table B.2- B.4, Supplementary data Fig. B.8).

Matrix Effects on Novel Conjugated Bile Acids.

Standards of the novel conjugated bile acids were added to the gut and other sam-

ples of germ-free mice to determine the matrix effects on each compound in the targeted

method using a triple-quad mass spectrometer (see methods). Although some ion sup-

pression (64% for the phenylalanine conjugated cholic acid in the duodenum) and ion

enhancement (135% for the leucine conjugated cholic acid in the duodenum) were ob-

served, the average matrix effects using the positive mode method was 100% (table B.7).

Calculated matrix effect values were in the range of 80 to 120%, indicating low matrix

effects in the ESI positive ion source on these bile acid compounds. Matrix effect was

stronger using the negative-mode targeted method, particularly in the blood samples (ta-

ble B.8) but the limit of detection was 11x lower than positive mode thus it was used for

quantification with matrix matched calibration.
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Figure B.9: Effect of newly identified bile acids on FXR. a Mean normalized
luciferase activity as a readout of human FXR stimulation when exposed to various con-
jugated and unconjugated bile acids, as a function of the compound dose. n = 8 mea-
surements, ± s.e.m. DCA, deoxycholic acid; CDCA, chenodeoxycholic acid; T-βMCA,
tauro-β-muricholic acid. b, Ileum mean fold expression change compared to 36B4 control
of various bile acids after gavage in mice. Error bars are s.e.m. c, Liver fold expression
change compared to 36B4 control of various bile acids after gavage in mice. Significance
was tested with two-tailed t-test compared to the mock corn-oil control. Error bars are
s.e.m.
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RT-qPCR analysis of downstream FXR effector genes.

The gene expression of Fgf15 and Shp in the ileum and Shp, Cyp8b1 and Cyp7a1

in the liver of mice gavaged with bile acids of interest were analyzed using quantitative

reverse transcriptase-PCR analysis. The expression levels were normalized to the cellular

housekeeping gene ribosomal phosphoprotein PO (36B4). Mice were sacrificed at both 24

hr (Supplementary data Fig. B.9) and 72 hr post (Fig. 3.3e) gavage. At the 24-hr time

point expression of the downstream FXR effectors Fgf15 were both significantly elevated

(p<0.05) after gavage with Tyr-chol in the ileum, significance was also reached for Shp with

cholic acid (CA) and the GW4064 synthetic agonist. In the liver at 24hrs, Cyp8b1 and

Cyp7a1 were significantly reduced in expression in the Tyr-chol, Leu-chol and cholic acid

treatments (Supplementary data Fig. B.9). Shp signaling was not significantly affected at

this time point. At 72 hrs post gavage, ileum Fgf15 and Shp signaling were significantly

increased for the Tyr-chol, Leu-chol, and CA groups (Fig. 3.3e). Liver expression of Shp

was also significantly elevated, but only in the Tyr and Leu conjugates. The bile acid

synthesis enzymes Cyp8b1 and Cyp7a1 were both significantly reduced compared to the

corn oil control in Tyr-chol, Leu-chol and CA gavages (Fig. 3.3e).

Supplementary 3D Mouse Model Provided in the online SI of [240] are .stl

files that comprise the 3D mouse model for 3D-molecular cartography mapping. These

include a full mouse model, the liver only, the GI tract only, and the GI tract without the

liver. Also included are x,y,z coordinates that will enable mapping of multi-omics data to

locations of interest on all four .stl files.
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Table B.1: Mass spectrometry details and ions of interest for identification of novel
conjugated bile acids.

Compound
Exact
Mass

Observed
Mass

Charge
Immonium

Ion

Amino
acid

fragment

Other diagnostic
fragments

Phenylalanocholic
acid

555.3559 556.362 H+ 120.0816 166.0862
337.2525,
319.2420,
227.1398

Tyrosocholic
acid

571.3509 572.356 H+ 136.0758 182.081
337.2525,
319.2420,
227.1398

Leucocholic
acid

521.3716 522.379 H+ 86.0977 132.1002
337.2525,
319.2420,
227.1398

Table B.2: Quantification of novel conjugated bile acids in mouse SPF gut samples (n=4)
and standard deviation of the mean across the different organ samples.

Mean nmol/g tissue Standard Deviation

Organ Tyr Phe Tyr Phe

Jejunum 114.09 147 79.01 99.91

Ileum 56.03 83.56 57.85 81.33

Cecum <LOD 4.74 0 3.38

Colon <LOD 11.61 0 12.21

Table B.3: Number of samples that had values above LOD included in the calculations
for Table Table B.2

Tyr Leu Phe

Cecum (n=24) 0 0 11

Colon (n=24) 0 0 9

Ileum (n=24) 18 16 18

Jejunum (n=24) 18 18 18
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Table B.4: Limit of detection of novel conjugated bile acids with different background
matrices.

Limit of Detection (ppb)

Organ Tyr Ile Phe

Jejunum 2.70 3.12 1.74

Ileum 2.73 1.89 3.01

Cecum 3.30 2.45 1.78

Colon 7.25 5.00 1.19

Table B.5: Negative mode MRM transitions and mass spectrometry details for targeted
method. Spray voltage: 2500, Vaporizer Temperature: 267, Sheath gas pressure: 39, Aux
gas pressure: 33, Capillary temperature: 355.

Negative Mode

Q1 Q3 CE Tube lens tr (min)

Leu 520.4 130.2 44 100 6.31

Leu 520.4 458.2 38 100 6.31

Phe 554.4 147.2 42 100 6.38

Phe 554.4 164.1 42 100 6.38

PheC13 555.4 148.2 44 100 6.38

PheC13 555.4 165 42 100 6.38

Tyr 570.4 119.1 48 100 5.96

Tyr 570.4 179.9 38 100 5.96

Tyr10 580.4 190 41 150 5.96

Tyr10 580.4 535.2 38 150 5.96
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Table B.6: Positive mode MRM transitions and mass spectrometry details for targeted
method. Spray voltage: 3000, Vaporizer Temperature: 350, Sheath gas pressure: 39, Aux
gas pressure: 33, Capillary temperature: 380.

Positive Mode

Q1 Q3 CE Tube lens tr (min)

Leu 522.4 337 25 170 9.36

Leu 522.4 468.1 19 170 9.36

Phe 556.4 337.1 23 190 9.6

Phe 556.4 389 37 190 9.6

Tyr 572.4 337.1 20 160 8.5

Tyr 572.4 518 17 160 8.5

Table B.7: Matrix effect values for different sample types in positive ionization mode for
the conjugated bile acids. The effects are expressed as a percentage from the analyzed
chemical standard.

Tyr-Chol Leu-Chol Phe-Chol

Stool 124 92 95

Jejunum 99 135 69

Ileum 83 130 87

Duodenum 124 128 85

Cecum 96 91 64

Colon 123 113 95

Stomach 83 96 80
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Table B.8: Matrix effect values for different sample types in negative ionization mode
using the targeted method for the conjugated bile acids. The effects are expressed as a
percentage from the analyzed chemical standard.

Tyr-Chol Leu-Chol Phe-Chol

Ileum 27 52 48

Cecum 66 79 77

Colon 21 23 22

Jejunum 32 57 55

Fecal 67 83 86

Blood 4 22 25

Stomach 83 96 80
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Table B.10: Primers used for qPCR quantification of Fgf15, Shp, Cyp8b-1 and Cyp7a-1
compared to the 36b4 housekeeping gene control.

Primer Sequence

m36b4-F ACCTCCTTCTTCTTCCAGGCTTT

m36b4-R CCCACCTTGTCTCCAGTCTTT

mFgf15-F GCCATCAAGGACGTCAGCA

mFgf15-R CTTCCTCCGAGTAGCGAATCA

mShp-F CTACCCTCAAGAACATTCCAGG

mShp-R CACCAGACTCCATTCCACG

mCyp8b1-F GAACTCAACCAGGCCATGCT

mCyp8b1-R AGGAGCTGGCACCTAGACT

mCyp7a1-F CATCTCAAGCAAACACCATTCC

mCyp7a1-R TCACTTCTTCAGAGGCTGGTTTC
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Appendix C

Supplementary Information for

Chapter 3.2

C.1 Methods

Experimental Design Thirty 7-week-old female C57BL/6 mice (Jackson Labs)

were randomized to 3 or 2 mice per cage upon receipt and allowed to acclimatize for 6

days before antibiotic administration. AMP and VAN were administered by i.p. injection

in 100 mg/kg doses dissolved in 100 µl PBS. Control mice were given 100 µl PBS via i.p.

injection. Control mice were dissected at both day 1 and day 6 time points.

Sample Collection and Processing Mice were dissected alternating between

treatment groups. The dissection protocol was as follows: mice were sacrificed by CO2

asphyxiation followed by cardiac puncture. Dissection was carried out under an open

flame with forceps and scissors cleaned with 70% ethanol between removal of each organ.
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Fresh fecal samples were collected prior to CO2 asphyxiation and organs removed in the

following order: spleen, gallbladder, liver, pancreas, stomach, duodenum, jejunum, ileum,

cecum, colon, kidneys, adrenal glands, urinary bladder, ovaries, uterine horns, uterine

body, cervix, vagina, thymus, heart, lungs, esophagus, trachea, brain. Organ sub-sections

(e.g. lobes of the liver) were collected in separate tubes for a total of 77 samples per mouse.

Samples were flash frozen in 2 mL eppendorf tubes in an isopropanol dry ice bath (-

77C) and stored at -80C. All samples were weighed and 10 µl of sterile water per milligram

of tissue added to each tube (i.e. 20 mg tissue, 200 µl water). For samples under 15 mg,

150 µl of water was added. Samples were homogenized in a Qiagen TissueLyser II using

stainless steel beads.

Sample Plating Scheme As the large number of samples required an extensive

amount of LC-MS/MS instrument time, which was not available in a continuous block, we

separated the samples into three organ groups to avoid issues with comparing treatment

groups across metabolomics runs. These groups included: “gut” samples (fecal, esophagus,

stomach, duodenum, jejunum, ileum, cecum, colon, pancreas, liver, gallbladder), “repro-

ductive” samples (kidneys, adrenal glands, ovaries, vagina, cervix, uterus, uterine horns,

bladder), and “circulatory” samples (blood, spleen, heart, lung, trachea, thymus, brain).

To avoid plate effects biasing the results, samples were plated by cycling through treat-

ment groups, resulting in every 96-well plate containing samples from multiple treatment

groups. Both the metabolome and sequencing plates were prepped at the same time for

the gut samples to avoid extra freeze-thaw cycles.

Metabolomics Prep and Data Acquisition 5 mg of tissue homogenate (50
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µl) was added to 96-well plates containing 150 µl of 70% HPLC grade methanol (chilled)

spiked with 5 µM sulfamethoxine for a final concentration of 50% methanol. Plates were

sealed, vortexed, and stored at 4C overnight (12 h) for extraction. To remove insoluble

material, plates were centrifuged at 2000 rpm at 4C for 10 min and 130 µl from each well

aliquoted to a new 96-well plate. Plates were stored at -80C, and immediately prior to

running on the instrument for LC-MS/MS, centrifuged at 2000 rpm at 4C for 10 min and

100 µl aliquoted to a new 96-well plate.

LC-MS/MS data acquisition was performed on a Vanquish ultrahigh-performance

liquid chromatography (UPLC) system using a core-shell silica C18 column (50 by 2 mm,

1.7-µm particle size, 100 Å pore size, Kinetex, Phenomenex) coupled to a Q Exactive

Orbitrap mass spectrometer (Thermo Fisher Scientific, Bremen, Germany). Five µl of

sample was injected and run at 0.5 ml/min on a gradient of solvent A (HPLC-grade water

with 0.1% formic acid) and solvent B (HPLC-grade acetonitrile with 0.1% formic acid).

The column was maintained at 40°C. The UHPLC elution gradient ran for 12.5 minutes

per sample with the following gradient: 5% B from 0 min to 1 min, a linear gradient of

5-100% B over 8 min, a hold at 100% B for 2 min, a return to 5% B over 0.5 min, and

a hold at 5% B for 2 min to equilibrate the column for the next sample. The flow was

directed into a heated electrospray ionization source operated in positive ionization mode

with the following parameters: an auxiliary gas flow rate of 14 arbitrary units (a.u.), sweep

gas flow rate of 3 a.u., sheath gas flow rate of 52 a.u., spray voltage of +3.5 kV, capillary

temperature of 270 C, auxiliary gas heater temp of 435 C, and S-Lens RF level of 50. Data

dependent acquisition mode was used to acquire the data in which MS1 scans from m/z
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100-1500 (scan rate 7Hz) were followed by an MS2 scan, specifically a product ion scan

produced using stepped normalized collision energy higher-energy collisional dissociation,

of the five most abundant ions from the prior MS1 scan. Raw data is available on MassIVE

under the datasets MSV000082049, MSV000082157, and MSV000082048.

LC-MS/MS Raw Data Processing Raw data was uploaded to MassIVE1 and

converted to .mzML. Converted .mzML files were imported into MZmine2 [233] and trun-

cated at m/z 1500 and 9.5 min retention time. Due to some retention time shift while

running the larger gut sample set, the parameters are slightly modified from the non-gut

sample sets and are indicated in parentheses. The parameters for the gut samples used in

MZmine2 are as follows: mass detection was performed with a noise threshold of 2.0e5 for

MS1 and 2.0e3 for MS2 (1.0e3 non-gut) in centroid mode and chromatograms built with

a 0.05 min time span, 1.0e6 min height, and 10 ppm m/z tolerance. Chromatograms were

deconvoluted with the baseline cut-off algorithm and a min peak height of 1.0e6, peak du-

ration of 0.05-1.0 min, and a baseline of 1.0e4. Isotope peak removal was performed with

15 ppm m/z tolerance, 0.3 retention time tolerance (0.05 RT non-gut), and max charge

of 4, and peaks were aligned with 10 ppm m/z tolerance, 75 weight m/z tolerance, and

0.4 RT tolerance (0.05 non-gut). Gap filling was also performed with 10% intensity toler-

ance, 15 ppm m/z tolerance, and 0.3 RT tolerance (0.1 non-gut). Peaks were also filtered

to remove singletons found in only one sample. Both MS1 and MS2 feature tables were

exported, and the “export for GNPS” feature was used to generate a .mgf file for GNPS

[316]. The signal intensities of the MS1 features were normalized (probabilistic quotient

1https://massive.ucsd.edu/
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normalization) [65] to the sulfamethoxine internal standard.

Metabolite Annotation Global Natural Product Social Molecular Networking

(GNPS) [316] was used to obtain putative annotations for the MS1 feature table via

spectral library matching. The following parameters were used: no mscluster, network

was filtered to have edges with a cosine score above 0.7 and at least 4 matched peaks,

matches between network spectra and library spectra had a minimum of 6 matched peaks,

and a minimum cosine score of 0.7.

For molecular networking with the raw files, the following parameters were used:

MS-Cluster with a parent mass tolerance of 0.02 Da and a MS/MS fragment ion tolerance

of 0.02 Da, consensus spectra with less than 5 spectra were discarded. The network filtered

to have edges with a cosine score above 0.7 and at least 6 matched peaks and matches

between network spectra and library spectra had a minimum cosine score of 0.7 and at

least 5 matched peaks.

Peptidomics Data Processing LC-MS/MS .mzXML formatted files were loaded

into PEAKS Studio 8.51 [352] for identification of peptidic spectra matching the Uniprot

mouse protein database (uniprot.org, accessed 04/28/2018). Data was imported and re-

fined according to PEAKS settings for Orbitrap instruments under CID fragmentation

mode. Error tolerance parameters were set to 15 ppm parent mass error tolerance, and

0.02 Da fragment mass error tolerance. The search settings included no added restriction

enzymes, and variable modifications for dehydration, Acetylation (N-Term), Oxidation

(M) and Formylation (N-term). The max variable post-translational modifications per

peptide was set to 3. Label free quantification mode was used and the final FDR for
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peptide spectral matches was reported to be 2.9%. Quantification was normalized to the

total ion chromatograph.

Microbiome Sample Processing DNA was extracted from 100 ul of each gut

sample using a MoBio PowerMag Soil DNA isolation kit (Qiagen, Carlsbad, CA) following

the Earth Microbiome Project protocol [297]. Samples were sequenced on an Illumina

MiSeq.

Microbiome & Metabolome Data Processing and Analysis Raw sequencing

data was transferred to Qiita [98] where it was demultiplexed, trimmed to 150 bp reads, and

denoised to sOTUs using Deblur [7]. QIIME2 v2019.4 [29] was used for rarefaction (5000

sequences per sample), and to calculate beta diversity (unweighted UniFrac) and alpha

diversity (Shannon) on microbiome data, and to calculate beta diversity (Bray-Curtis) on

the metabolome data. For Bugbase, closed reference OTU picking was performed with the

GreenGenes database (v13 8) [189] at a 97% identity threshold. Using QIIME2 v2019.4

[29] , the closed reference OTU table was filtered to exclude non-gut samples and samples

with less than 5000 reads. The resulting .biom table was uploaded to BugBase2 for analysis.

Sequencing data is available under the EBI accession number ERP121045.

Statistics and Data Visualization SciPy [309] was used to run the Mann-

Whitney U test for comparing proportions of Gram-positive bacteria, delta Shannon dis-

tance to control, and peptide sum down the GI tract. SciPy was also used to run Pearson

correlations. dsFDR [134] was used for differential abundance testing. Beta diversity sig-

nificance was calculated with the scikit-bio implementation of PERMANOVA, and effect

2https://doi.org/10.1101/133462
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size was calculated by computing the PERMANOVA r-squared value in python, analogous

to the r-function adonis [10]. Figures were generated with matplotlib [123] and seaborn

[322]. The 3D mouse model was generated as described in Quinn et al. [240].

C.2 Supplementary Figures

Figure C.1: Antibiotics reduce Gram-positive bacteria. Asterisks indicate a signif-
icant difference in the proportion of Gram-positive bacteria compared to control (Mann-
Whitney U test). For body sites with multiple samples per mouse (i.e. colon with 6
sections), the proportion of Gram-positive bacteria was averaged per mouse per body site.
Error bars represent the 95% confidence interval (CI).
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Figure C.2: Molecular Network of Ampicillin and Ampicillin-network Features.
(a) GNPS molecular network displaying the molecular family in which ampicillin was anno-
tated based on spectral library matching (blue) with unannotated analogs (green). Circles
outlines in orange indicate a putative ampicillin analog. Neutral-charge chemical struc-
tures proposed are indicated. (b) MS/MS spectra for AMP, 1 (upper left); 5 (upper right);
6a (lower left); and 6b (lower right). Putative fragments ions resulting from fragmentation
of the proposed neutral-charge chemical structures are indicated using color.
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Figure C.3: Ampicillin-network Features Correlate with Changes in the
Metabolome and Microbiome. (a) The sum of peak area of putative ampicillin-
network features moving down the GI tract; error bars represent the 95% CI. (b) Pearson
correlation of ampicillin-network features with metabolome pairwise effect size to control
(Bray-Curtis) for gut samples (stomach to fecal, down the GI) only from the ampicillin
1 day group. (c) Pearson correlation of ampicillin-network features with the change in
Shannon diversity (alpha diversity) relative to control samples for gut samples (stomach
to fecal, down the GI) only from the AMP.d1 group. Shaded area represents 95% CI.
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Figure C.4: Small Peptides are Elevated in the Lower GI tract 1 day post-
antibiotic exposure. (a) Sum of peptide spectral abundances along the lower GI tract
comparing AMP.d1 and VAN.d1 (acute antibiotic) treated mice to control and 6-day post
treatment mice (non-acute). Significance indicates p < 0.05 by Mann-Whitney U test. (b)
Abundances of peptides from histones, both H2A and H2B, were elevated in the lower GI
tract of acute antibiotic treated mice (AMP.d1 and VAN.d1) compared to other groups;
significance testing by dsFDR. Error bars represent the 95% CI.
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Figure C.5: Co-occurrence probabilities for microbes and metabolites cluster
by metabolite class. (a) Log conditional co-occurrence probabilities for all microbes
and putatively annotated metabolites. Microbial phylum is indicated on the left by row
and general metabolite class is indicated on the top by column (non-biological metabolites
are those which were highly abundant in blanks). (b) A multinomial regression model was
used to find sOTUs that were most associated with the AMP.d1 mice (Coprococcus and
Sutterella) and VAN.d1 (both family S24-7) compared to control. Annotated metabolites,
that had the highest and lowest co-occurrence probabilities with these sOTUs are displayed
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Appendix D

Supplementary Information for

Chapter 4.1

D.1 Additional Files
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Figure D.1: Community States are Consistent between Datasets. Deblurred
data from the staging study and GBS colonization study were merged and rarified to 500
sequences per sample. Merged data was clustered by community state with Ward’s linkage
of Euclidean distances (silhouette score 0.659, sklearn). Bacterial abdunances are indicated
by heatmap intensity corresponding to the colorbar ranging from purple to yellow.
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Figure D.2: Rarefaction Curves for GBS Challenge Experiment. Curves were
generated with QIIME2 to calculate Observed OTUs alpha diversity for samples with
contaminant, mitochondria, and chloroplast reads removed. Samples with less than 500
reads are not depicted in these images.

214



Figure D.3: GBS CFU is only recovered in mCST VI mice on Day 21. Tissue
CFU/g on days 14 (top) and 21 (bottom) grouped according to mCST classification.
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Figure D.4: Murine Study Design. a Study 1: Estrous Cycle staging experiment,
b Study 2: GBS Pathogen Challenge experiment. Mouse image is an open source image
taken from Pixabay.
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2: Modular framework for processing, visualizing, and analyzing mass spectrometry-
based molecular profile data. BMC Bioinformatics, 11(1):395, Jul 2010.

[234] R. Prasad, J. C. Kowalczyk, E. Meimaridou, H. L. Storr, and L. A. Metherell.
Oxidative stress and adrenocortical insufficiency. The Journal of endocrinology, 2014.

[235] Emmanuel Prestat, Maude M. David, Jenni Hultman, Neslihan Taş, Regina
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gras, Bédis Dridi, Philippe Leprohon, Pier-Luc Plante, Richard Giroux, Ève Bérubé,
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Monika Balvočiutė, Lars Hestbjerg Hansen, Søren J. Sørensen, Burton K.H. Chia,
Bertrand Denis, Jeff L. Froula, Zhong Wang, Robert Egan, Dongwan Don Kang,

246



Jeffrey J. Cook, Charles Deltel, Michael Beckstette, Claire Lemaitre, Pierre Peter-
longo, Guillaume Rizk, Dominique Lavenier, Yu Wei Wu, Steven W. Singer, Chirag
Jain, Marc Strous, Heiner Klingenberg, Peter Meinicke, Michael D. Barton, Thomas
Lingner, Hsin Hung Lin, Yu Chieh Liao, Genivaldo Gueiros Z. Silva, Daniel A.
Cuevas, Robert A. Edwards, Surya Saha, Vitor C. Piro, Bernhard Y. Renard, Mihai
Pop, Hans Peter Klenk, Markus. Critical assessment of metagenome interpretation
- a benchmark of metagenomics software. Nature Methods, 2017.

[269] Felcy Pavithra Selwyn, Sunny Lihua Cheng, Curtis D. Klaassen, and Julia Yue Cui.
Regulation of hepatic drug-metabolizing enzymes in germ-free mice by convention-
alization and probiotics. Drug metabolism and disposition: the biological fate of
chemicals, 44(2):262–274, Feb 2016.

[270] Shabnam Shalapour, Xue-Jia Lin, Ingmar N. Bastian, John Brain, Alastair D. Burt,
Alexander A. Aksenov, Alison F. Vrbanac, Weihua Li, Andres Perkins, Takaji Matsu-
tani, Zhenyu Zhong, Debanjan Dhar, Jose A. Navas-Molina, Jun Xu, Rohit Loomba,
Michael Downes, Ruth T. Yu, Ronald M. Evans, Pieter C. Dorrestein, Rob Knight,
Christopher Benner, Quentin M. Anstee, and Michael Karin. Inflammation-induced
iga+ cells dismantle anti-liver cancer immunity. Nature, 2017.

[271] Anukriti Sharma, Mary M. Buschmann, and Jack A. Gilbert. Pharmacomicro-
biomics: The holy grail to variability in drug response? Clinical Pharmacology
& Therapeutics, 106(2):317–328, 2019.

[272] Tamsin R. Sheen, Alyssa Jimenez, Nai-Yu Wang, Anirban Banerjee, Nina M. van
Sorge, and Kelly S. Doran. Serine-rich repeat proteins and pili promote streptococcus
agalactiae colonization of the vaginal tract. Journal of bacteriology, 2011.

[273] Luz-Jeannette Sierra, Amy G. Brown, Guillermo O. Barilá, Lauren Anton, Carrie E.
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Anne M. Archibald, Antônio H. Ribeiro, Fabian Pedregosa, Paul van Mulbregt, and
SciPy 1. 0 Contributors. Scipy 1.0: Fundamental algorithms for scientific computing
in python. Nature Methods, 17:261–272, 2020.

[310] John Vollmers, Sandra Wiegand, and Anne Kristin Kaster. Comparing and evalu-
ating metagenome assembly tools from a microbiologist’s perspective - not only size
matters! PLoS ONE, 2017.

[311] Jay Vornhagen, Blair Armistead, Verónica Santana-Ufret, Claire Gendrin, Sean
Merillat, Michelle Coleman, Phoenicia Quach, Erica Boldenow, Varchita Alishetti,
Christina Leonhard-Melief, Lisa Y. Ngo, Christopher Whidbey, Kelly S. Doran,
Chad Curtis, Kristina M. Adams Waldorf, Elizabeth Nance, and Lakshmi Rajagopal.
Group b streptococcus exploits vaginal epithelial exfoliation for ascending infection.
The Journal of clinical investigation, 2018.

[312] Anne Vrieze, Carolien Out, Susana Fuentes, Lisanne Jonker, Isaie Reuling, Ruud S.
Kootte, Els van Nood, Frits Holleman, Max Knaapen, Johannes A. Romijn,
Maarten R. Soeters, Ellen E. Blaak, Geesje M. Dallinga-Thie, Dorien Reijnders,
Mariëtte T. Ackermans, Mireille J. Serlie, Filip K. Knop, Jenst J. Holst, Claude
van der Ley, Ido P. Kema, Erwin G. Zoetendal, Willem M. de Vos, Joost B.L.
Hoekstra, Erik S. Stroes, Albert K. Groen, and Max Nieuwdorp. Impact of oral
vancomycin on gut microbiota, bile acid metabolism, and insulin sensitivity. Journal
of Hepatology, 2014.

[313] Annika Wahlström, Sama I. Sayin, Hanns-Ulrich Marschall, and Fredrik Bäckhed.
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