PLOS BIOLOGY

Check for
updates

G OPEN ACCESS

Citation: Noecker C, Sanchez J, Bisanz JE,
Escalante V, Alexander M, Trepka K, et al. (2023)
Systems biology elucidates the distinctive
metabolic niche filled by the human gut microbe
Eggerthella lenta. PLoS Biol 21(5): €3002125.
https://doi.org/10.1371/journal.pbio.3002125

Academic Editor: Sebastian E. Winter, UT
Southwestern: The University of Texas
Southwestern Medical Center, UNITED STATES

Received: October 4, 2022
Accepted: April 14, 2023
Published: May 19, 2023

Copyright: © 2023 Noecker et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: All resources and
data associated with this publication are publicly
available. RNA sequencing data are available in
NCBI GEO accession number GSE212420.
Metabolomics datasets are available in the
Metabolomics Workbench repository, accession
number PR001620. Genome-scale metabolic
reconstructions of E. lenta strains and associated
data are available from Zenodo at doi:10.5281/
zenodo.7063254. Processed datasets underlying
all figures are also available at Zenodo at doi:10.

Systems biology elucidates the distinctive
metabolic niche filled by the human gut
microbe Eggerthella lenta

Cecilia Noecker', Juan Sanchez?, Jordan E. Bisanz'™, Veronica Escalante’,
Margaret Alexander', Kai Trepka', Almut Heinken*®, Yuanyuan Liu®, Dylan Dodd*®,
Ines Thiele®*®7, Brian C. DeFelice?, Peter J. Turnbaugh®'2*

1 Department of Microbiology & Immunology, University of California, San Francisco, San Francisco,
California, United States of America, 2 Chan Zuckerberg Biohub—San Francisco, San Francisco, California,
United States of America, 3 School of Medicine, National University of Ireland, Galway, Ireland,

4 Department of Pathology, Stanford University, Stanford, California, United States of America,

5 Department of Microbiology & Immunology, Stanford University, Stanford, California, United States of
America, 6 Ryan Institute, University of Galway, Galway, Ireland, 7 APC Microbiome Ireland, Cork, Ireland

ng Current address: Department of Biochemistry and Molecular Biology, Pennsylvania State University,
State College, Pennsylvania, United States of America

ab Current address: INSERM UMRS 1256, Nutrition, Genetics, and Environmental Risk Exposure (NGERE),
University of Lorraine, Nancy, France

* peter.turnbaugh @ucsf.edu

Abstract

Human gut bacteria perform diverse metabolic functions with consequences for host health.
The prevalent and disease-linked Actinobacterium Eggerthella lenta performs several
unusual chemical transformations, but it does not metabolize sugars and its core growth
strategy remains unclear. To obtain a comprehensive view of the metabolic network of E.
lenta, we generated several complementary resources: defined culture media, metabolo-
mics profiles of strain isolates, and a curated genome-scale metabolic reconstruction. Sta-
ble isotope-resolved metabolomics revealed that E. lenta uses acetate as a key carbon
source while catabolizing arginine to generate ATP, traits which could be recapitulated in sil-
ico by our updated metabolic model. We compared these in vitro findings with metabolite
shifts observed in E. lenta-colonized gnotobiotic mice, identifying shared signatures across
environments and highlighting catabolism of the host signaling metabolite agmatine as an
alternative energy pathway. Together, our results elucidate a distinctive metabolic niche
filled by E. lentain the gut ecosystem. Our culture media formulations, atlas of metabolo-
mics data, and genome-scale metabolic reconstructions form a freely available collection of
resources to support further study of the biology of this prevalent gut bacterium.

Introduction

Human gut bacteria perform diverse and specialized metabolic functions with consequences
for host health. Yet the core metabolic strategies relied upon for growth by many commensal
gut microbes remain unclear, which is reflected in the large number of gut taxa that remain
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difficult to culture [1,2]. The growth strategies of individual gut species and strains shape their
ability to colonize a host and their potential chemical interactions with other community
members and with the host [3,4]. Efforts to describe and model the metabolism and growth of
various community members have included detailed biochemical studies of resource utiliza-
tion by individual model species such as members of the genus Bacteroides [5] and Clostridium
sporogenes [6], as well as large-scale efforts to characterize species-level metabolic activity
using community multiomic profiling [7,8]. However, these efforts have been most fruitful for
members of the microbiota that are found at high abundance and with prior knowledge of
well-annotated metabolic pathways.

One key group of human gut microbes whose core metabolism remains particularly unclear
are those that are fully asaccharolytic, i.e., derive no growth benefit from sugars and instead
may rely on a range of more unconventional nutrients. Many of these taxa are members of the
family Eggerthellaceae, which are widely found in mammalian gut microbiota [9] but rarely
found in other environments. The species Eggerthella lenta is a notable example of this group.
E. lenta is a gram-positive facultative anaerobe found at high prevalence in human gut micro-
biota [10]. Although E. lenta is commonly found in healthy individuals, it can cause severe bac-
teremia [11] and is increased in abundance in the gut microbiota of patients with several
autoimmune diseases [12-15].

E. lenta has distinctive metabolic properties and a capacity for many unusual chemical
transformations, but it remains unknown how these properties fit into its overall metabolic
network and evolutionary strategy. E. lenta strains can metabolize varied mammalian and die-
tary substrates, including cardenolides, bile acids, plant lignans, and dopamine [10,16-19].
However, none of these compounds except dopamine have been reported to provide a growth
or fitness advantage in any conditions reported to date. Genome analysis of E. lenta has also
predicted that it may be able to perform autotrophic acetogenesis [20], but this prediction has
not been biochemically validated. E. lenta culture conditions typically require rich media and
high levels of the amino acid L-arginine. Past studies reported little to no growth of E. lenta in
minimal or chemically defined media formulations [1,21,22], complicating mechanistic bio-
chemical studies of its metabolism.

In this study, we first developed a chemically defined media that supports strong growth of
E. lenta strains and described the metabolic footprint and growth determinants of E. lenta in
this environment. We used stable isotope-resolved metabolomics (SIRM) to investigate the
pathways by which E. lenta metabolizes 2 key nutrients, acetate and arginine. This platform
allowed us to curate and interpret a genome-scale metabolic model of the E. lenta-type strain
to make predictions about untested growth conditions and to identify gaps in the metabolic
network representing novel enzymes or pathways. Extending this approach, we further docu-
mented extensive diversity in the metabolic footprint of a collection of E. lenta strain isolates.
Finally, we evaluated the relevance of these findings to a host-associated context by profiling
the metabolome of E. lenta-colonized gnotobiotic mice, defining shared and divergent meta-
bolic activities between in vitro and in vivo environments. In total, we elucidate an unusual
metabolic niche and lay a comprehensive foundation for future mechanistic studies of E. lenta
metabolism.

Results

Extensive metabolite footprint of Eggerthella lenta in chemically defined
media

To identify key nutrients and metabolic pathways required for growth of E. lenta, we first
developed a custom chemically defined media formulation, referred to as Eggerthella Defined
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Media 1 (EDM1). We designed the initial EDM1 formulation by making several modifications
to a recipe previously reported to support growth of many human gut bacterial isolates but not
E.lenta [1]. We increased the quantity of L-arginine, removed sugars, and ensured the avail-
ability of all amino acids and vitamins/cofactors with fragmented or missing biosynthetic path-
ways in the E. lenta DSM 2243 genome (Virtual Metabolic Human database annotations [23];
Materials and methods, S1 Table). The resulting media is composed of compounds typically
present in the mammalian gut from microbial, host, and/or dietary sources. It supported
robust E. lenta growth at a level comparable with standard culture conditions (Brain Heart
Infusion media supplemented with 1% arginine; S1A and S1B Fig).

Using this platform, we sought to identify primary metabolites used and produced by E.
lenta and the underlying core metabolic pathways active in the EDM1 condition. We used
untargeted metabolomics to analyze culture supernatants of the type strain E. lenta DSM 2243
across 6 time points over its 50-hour growth curve in EDM1 batch culture (Fig 1A). We
assigned putative identifications to metabolomics features by comparison with local library
standards and public databases, with associated confidence levels for each identification based
on a modified version of the Metabolomics Standards Initiative (MSI) framework (Materials
and methods). After dereplication of features from positive and negative ionization modes,
4,095 features were detected, of which 636 (15.6%) were not detected in sterile control media
(sample mean intensity >3x blank sample mean; Fig 1B). This large number of features likely
represents a complex mixture of true known and unknown metabolites along with fragmenta-
tion products and other chemical artifacts, as is typically observed in untargeted metabolomics
experiments [24]. A total of 612 features (14.9% of features overall) were significantly different
in abundance between sterile controls and supernatants at the final time point (false discovery
rate (FDR)-adjusted p < 0.1; Fig 1C), of which the majority (444, 72.5%) were increased in E.
lenta cultures. Notably, the number of differentially abundant features at the final time point,
both in total and among those assigned an identification, is substantially higher than previ-
ously reported metabolomic profiles of this species in ISP-2 and Mega media [25,26] (S1C
Fig). This increased sensitivity was expected given our use of both chemically defined culture
media and untargeted metabolomics.

Metabolites of diverse chemical classes are modified by E. lenta (Fig 1C and 1D). Com-
pounds produced by E. lenta tended to be amino acid and nucleic acid metabolites. As
expected, these included ornithine and citrulline, suggesting activity from the arginine deimi-
nase pathway, which is highly expressed by E. lenta in the presence of arginine [16]. However,
other arginine-related metabolites were also produced at lower levels, including N,N-dimethy-
larginine, N5-(1-iminoethyl)-ornithine, and homocitrulline, suggesting that arginine may also
be metabolized via other pathways. Several other metabolites produced at lower levels
appeared to be products of metabolism of other amino acids in the media, including 4-methyl-
2-hydroxy-pentanoic acid (from leucine), indole-3-acetate and indole-3-lactic acid (from tryp-
tophan), and 3-phenyllactic acid (from phenylalanine), consistent with one previous report of
production of indole-containing compounds and phenyl acids by E. lenta [27]. Other metabo-
lites produced in supernatants included the amino acids alanine, glutamate, glutamine, histi-
dine, and lysine, as well as several intermediates in biosynthesis of both purines and
pyrimidines (inosine, orotic acid, hypoxanthine, uridine, and thymidine). Overall, the set of
metabolites produced by E. lenta supports its previously reported dependence on arginine
catabolism but is highly multifaceted.

Of the 54 compounds in our EDM1 recipe, 22 were detected by untargeted metabolomics
but just 3 were depleted significantly in E. lenta cultures (Figs 1D and S1D): arginine, ribofla-
vin, and EDTA (which is likely depleted due to complexing with metal ions rather than from
direct uptake or metabolism). This result suggested that most compounds were included in
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https://doi.org/10.1371/journal.pbio.3002125.g001
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excess, leading us to reduce the concentration of several nondepleted amino acids for subse-
quent experiments (S1 Table). Interestingly, 5 of the identified metabolite features signifi-
cantly depleted by E. lenta were not explicitly included in our defined media formulation,
including guanine and 4 arginine dipeptides (Fig 1D). Since these compounds were found at
low intensities and were annotated with high confidence, we inferred that they may be trace
contaminants from commercial preparations of one or more EDM1 media components,
which was partially supported by a preliminary follow-up analysis of fresh media (Materials
and methods, S1E Fig). Regardless, the rapid depletion of these compounds indicates that
their presence may influence growth and metabolic activity and reinforces the value of untar-
geted metabolomic profiling.

We examined the dynamics of metabolite production and depletion over the 50-hour
growth of E. lenta in batch culture. Hierarchical clustering of metabolite trajectories indicated
that among both produced and depleted features, some metabolites are produced/depleted
rapidly early in growth, while others shift more dramatically later as the culture approaches
stationary phase (Figs 1D and S1F). This observation suggests that 2 or more distinct growth
phases may be occurring as resources are consumed from the media. Among identified metab-
olites, the trace guanine and arginine dipeptides are first depleted from the culture in early
time points, while citrulline, inosine, and indole-3-lactic acid are produced at relatively higher
rates (Fig 1D). In the later phase, arginine is depleted more rapidly, while alanine, 4,6-dihy-
droxypyrimidine, and various N-acetylated amino acid metabolites are produced.

To gain a better understanding of the contributions of individual nutrients to E. lenta
growth, we systematically tested the effect of their removal from the media on growth of E.
lenta DSM 2243 (Materials and methods, S2 Table). We collected growth curve data from
EDM1 with and without each component and fit logistic growth models to the results, finding
that 21 out of 41 compounds tested had a significant effect on the area under the growth curve
(Wilcoxon rank-sum test, FDR-adjusted p < 0.2; S2A Fig). The only compounds whose indi-
vidual removal fully prevented growth of E. lenta were arginine, tryptophan, riboflavin, biotin,
and magnesium (although it is plausible that other compounds are required in trace amounts
and were not fully removed by our preparation methods, particularly minerals such as iron).
In general, removing amino acids most commonly tended to reduce carrying capacity, consis-
tent with a role as carbon and/or energy sources, while removing vitamins had more varied
effects on the growth curve (S2B Fig).

Acetate and arginine are key carbon and energy sources for E. lenta

Surprisingly, we found that sodium acetate contributed substantially to E. lenta growth in
EDM1 (S2A Fig), even though it was included at a relatively low concentration (1 mM, com-
pared to 57 mM arginine in EDM1). Since acetate is an abundant and variable metabolic
byproduct of diverse human gut microbes [28], dependence on acetate could shape the eco-
logical interactions of E. lenta in the human gut microbiota. Although our untargeted liquid
chromatography-mass spectrometry (LC-MS) workflow was not able to quantify acetate, we
had observed accumulation of several N-acetylated compounds in supernatant (Fig 1D), sug-
gesting that the amount of acetate incorporated into core metabolic pathways may be relatively
small. However, acetate provided a dose-dependent increase in carrying capacity for E. lenta
up to a concentration of at least 10 mM in EDM1 (Fig 2A). We therefore used a targeted deriv-
atization and LC-MS/MS method to quantify acetate levels in supernatants from 3 strains of E.
lenta (DSM 2243, AB8n2, and Valencia) grown in EDM1 with different acetate concentrations
(0, 1, or 10 mM). Acetate was depleted to approximately the limit of quantification in cultures
from the 1 mM acetate group, but not the 10 mM acetate group, confirming that a relatively
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intracellular metabolite extracts or culture supernatants. Corresponding enzymes are annotated in the E. lenta DSM 2243 genome for all reactions
shown and labeled in gray with the NCBI locus tag number. For pathways shown at a summary level (gluconeogenesis, pentose phosphate
pathway, purine and pyrimidine biosynthesis, peptidoglycan biosynthesis), only the first enzyme in the pathway is labeled on the plot. See also S3-
S5 Figs and S1 Data. EDM1, Eggerthella Defined Media 1; FDR, false discovery rate; MID, mass isotopologue distribution; MSI, Metabolomics
Standards Initiative; SIRM, stable isotope-resolved metabolomics.

https://doi.org/10.1371/journal.pbio.3002125.g002

small quantity is required for the observed level of E. lenta growth (S3A Fig). We tested the
effect of replacing acetate with equimolar amounts of 10 other small carbon compounds, find-
ing that no tested alternative compound provided a comparable benefit (Fig 2B). Based on
these results, we chose to further investigate E. lenta’s acetate utilization pathways.

First, we used our untargeted LC-MS metabolomics workflow to compare metabolites in
supernatant over time from the same 3 E. lenta strains grown in EDM1 with different acetate
concentrations (E. lenta DSM 2243 shown in Fig 2C; AB8n2 and Valencia in 3B and S3C
Fig). Using smoothing spline models, we found that many produced or depleted compounds
had significantly different abundance trajectories across the growth phase (FDR-adjusted
p < 0.25) depending on the presence of acetate. These included pyrimidine metabolites, N-
acetylated amino acids, amino acid metabolites including indole-3-lactic acid and 2-hydroxy-
glutaric acid, and 423 unidentified metabolite features (Fig 2C). Of the 612 features produced
by E. lenta, 53.4% had significantly different trajectories in the no acetate condition. Most dif-
ferentially abundant compounds were associated with cell density and produced by E. lenta at
higher levels when grown with higher acetate concentrations, reinforcing the general loss of
biomass production in the absence of acetate.

To identify the specific pathways by which acetate is metabolized by E. lenta, we next pro-
filed metabolites in the supernatant across time during growth of the same 3 strain isolates of
E. lenta with '>C, acetate provided as a stable isotope-labeled substrate (DSM 2243 in Fig 2D~
2F; 2 additional strains in S4 Fig). We detected the incorporation of °C labeled atoms in 52
features in E. lenta supernatants from any strain at the final time point, of which 24 were previ-
ously identified as responsive to acetate concentrations (Materials and methods, Figs 2D and
S4). Acetate was incorporated into diverse products across metabolite classes but was found at
the highest enrichment levels in nucleotide and carbohydrate metabolites (S1 Data).

Because many core metabolites are not produced in excess or secreted during growth, we
also analyzed intracellular metabolites from extracts collected at a single time point in the late-
exponential growth phase. Labeled intracellular compounds included glutamate, glutamine,
sugars, nucleotide metabolites, and UDP-N-acetyl-glucosamine, a primary component of pep-
tidoglycan (Fig 2E), as well as 7 labeled compounds of unknown identity. The signal from car-
bohydrate-related compounds including glucose-6-phosphate and UDP-N-acetyl-
glucosamine was almost exclusively from labeled isotopologues (97.5% in 1 mM acetate and
100% in 10 mM acetate), indicating that synthesis of these compounds using acetate may be
more efficient than any alternative non-acetate—dependent pathways available to E. lenta in
the EDM1 condition.

Acetate-derived extracellular and intracellular metabolites were consistent across the 2
additional strains of E. lenta. While the overall rate of acetate incorporation differed between
the 3 strains, the set of extracellular and intracellular labeled compounds was fully consistent.
Isotopic enrichment for 2 additional extracellular metabolites (malonic acid and 3-hydroxy-
myristic acid) was identified in both of these strains as well as 4 additional intracellular metab-
olites in one or both strains (all of unknown identity), confirming that acetate is incorporated
by E. lenta into varied biosynthetic pathways (S4 Fig).

Based on these results and metabolic gene annotations of the E. lenta DSM 2243 genome,
we hypothesized that E. lenta converts acetate to acetyl-CoA via acetate kinase
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(ELEN_RS08645) and phosphate acetyltransferase (ELEN_RS08640). Acetyl-CoA could then
be used as a carbon source via 2 routes: conversion to glutamate by a partial citric acid cycle,
and synthesis of pyruvate by the enzyme pyruvate-ferredoxin oxidoreductase (PFOR;
ELEN_RS10770) (Fig 2F). This hypothesis is consistent with the organization of the E. lenta
DSM 2243 genome, as 2 of the 3 enzymes required for conversion of acetyl-CoA to glutamate
are colocated (aconitate hydratase and isocitrate dehydrogenase, ELEN_RS11710,
ELEN_RS11715). Genes for another partial component of the citric acid cycle—fumarate
hydratase and malate dehydrogenase—are colocated in another region of the genome
ELEN_RS056[70-90], suggesting that they may act in a separate functional role. Taken
together, these data suggest that E. lenta uses acetate as a key carbon source for synthesis of
biomass components, in tandem with ATP generation from arginine catabolism, anaerobic
respiration, and/or other unknown pathways.

However, we inferred that acetate is likely not the sole carbon source used by E. lenta in
EDM]1, given the relatively low concentration required for growth promotion and the abun-
dance of unlabeled isotopologues detected for many produced compounds (S1 Data). We
wondered whether arginine or ornithine may also be substrates for synthesis of biomass com-
ponents, or if arginine is exclusively catabolized to ornithine for ATP production, as suggested
by one previous study in rich media [29]. We first confirmed that citrulline, but not ornithine,
can replace arginine with nearly equivalent growth in EDM1, replicating a previous result in
rich media ([16]; S5A Fig). We then analyzed intracellular and extracellular metabolites from
E. lenta DSM 2243 growing in EDM], this time with '>Cq L-arginine as a stable isotope-labeled
substrate. We found by far the largest composition of °C enriched isotopologues in ornithine,
citrulline, and other closely related compounds (S5B-S5E Fig), indicating that arginine is pre-
dominately processed by the arginine deiminase pathway. However, we observed M+1 enrich-
ment (i.e., incorporation of a single '*C carbon atom from arginine) in produced glutamine,
orotic acid, and pyrimidines, among others (S5C and S5D Fig), suggesting biosynthesis from
the carbamoyl phosphate intermediate. Labeled M+5 isotopologues of proline and prolina-
mide also appeared at low levels at later time points, likely indicating a slower flux producing
these compounds from accumulated ornithine (S5D and S5E Fig). Yet in total, only 29/324
features were detected with '*C enrichment for 5 or more carbon atoms in intracellular
extracts, and most appeared closely related to arginine, citrulline, and ornithine (S1 Data).
These results confirm that arginine is primarily an energy source and not a major biosynthetic
precursor for E. lenta (S5F Fig).

A genome-scale metabolic model of the E. lenta type strain recapitulates
growth, metabolite, and gene expression phenotypes

COnstraint-based Reconstruction and Analysis (COBRA) is a set of computational tools that
has been applied to interpret -omics data and optimize metabolic activities for various
microbes of importance in basic science, metabolic engineering, and medicine [30-32]. It has
been proposed as a promising strategy to predict phenotypes and design modifications to com-
plex host-associated microbial communities by synthesizing information about the physiology
of individual members and the available nutrients into a rational framework [8,33,34]. How-
ever, the value of such a framework is dependent on its ability to accurately describe the contri-
butions of metabolically active community members. The reconstructions currently available
for many anaerobic microbes have only been curated to a limited degree and remain mini-
mally validated. Therefore, we used our in vitro platform to curate and analyze a genome-scale
metabolic network model of E. lenta DSM 2243 growth in EDM1 and assessed the degree to
which this model can explain E. lenta metabolic phenotypes across conditions.
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We obtained a genome-scale metabolic reconstruction from the AGORA database version
2.0.0 [35], which we term iEL2243_2. Initial testing indicated that the model was incapable of
biomass production in EDM1 media, so we performed additional curation of model reactions
and transporters (S3 Table). We curated the reconstruction based on genome annotations
from multiple sources [36-38] and added transporters for strongly depleted and produced
compounds that were identified with high confidence in our metabolomics data. Throughout
this process, we compared model results with experimentally observed growth in chemically
defined media conditions, using these results to inform the curation process and add missing
reactions where supported by experimental data. We simulated metabolic fluxes in different
conditions by converting defined media concentrations into estimated maximum nutrient
uptake rates for each compound, assuming a fixed and evenly mixed concentration of E. lenta
cells (Materials and methods). Nutrient constraints for other metabolites detected in EDM1
media by untargeted metabolomics were applied qualitatively following previous work (Mate-
rials and methods; [39]). While these models are typically validated by comparison with gene
essentiality data [40], the tools to generate such data are not yet available for E. lenta. We
instead evaluated whether the model was consistent with observed metabolite utilization and
production and with gene expression during exponential growth in EDM1, and whether pre-
dicted essential genes were conserved across strain genomes. We did not use metabolite pro-
duction or transcriptomic data to refine the model so that we could instead use these datasets
to independently evaluate the effectiveness of the growth-based curation.

This process resulted in a model with 1,244 reactions linked to 727 gene annotations and
1,218 metabolites (Fig 3A). The largest number of reactions were in the subsystems of fatty
acid synthesis, extracellular transport, and glycerophospholipid biosynthesis (Fig 3B). Flux
balance analysis of the final model estimated the maximum growth rate of E. lenta DSM 2243
in EDM1 to be 0.96 h™", higher than experimental values (median 0.32 h™'; S2B Fig). The dif-
ference between these values is not surprising given that bacteria do not necessarily grow at
their theoretical maximum growth rate, and growth constraints may exist that are not encoded
in the metabolic network model [40]. However, the relatively large discrepancy indicates that
additional modifications to the biomass equation may further improve the model. In particu-
lar, we found that the maximum growth rate was sensitive to the biomass requirements for fla-
vin compounds and for ATP (S6 Fig).

The initial model with nonzero growth in EDM1 did not recapitulate the experimentally
observed dependencies on either arginine or acetate (Fig 3C). We noticed that this lack of
dependency was linked to the inclusion of Wood-Ljungdahl acetogenesis reactions in the
model, previously suggested to be present in E. lenta [20,22]. The presence of these reactions
allowed the model to draw on an effectively unlimited source of acetyl-CoA from CO, and H,.
Regardless of whether the previous annotation of this pathway (which has not been biochemi-
cally validated) is correct, reductive acetogenesis may not be thermodynamically favorable
during in vitro growth in our anaerobic chamber, where the H, concentration is <5% [41].
Blocking model flux through the carbon monoxide dehydrogenase reaction of this pathway
increased growth dependency on uptake of both arginine and acetate, reflecting our experi-
mental observations (Fig 3C). The model also found no growth benefit from pyruvate, citrate,
and other fatty acids based on a lack of annotated transporters for these compounds, consistent
with experimental results.

In another key curation step, required to enable biomass production by the model in
EDM]1, we noticed that E. lenta lacks an annotated gene for the enzyme enoyl-acyl protein car-
rier reductase, which performs the elongation in the typical type 2 fatty acid synthesis pathway
used in bacteria. Because fatty acid biosynthesis is essential and previous studies have noted a
high level of diversity in this essential step among bacterial genomes [42], we preserved this
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httpsz//doi.org/10.1371/journal.pbio.3002125.g003

step in the model without any current gene annotation. This gap may indicate a novel enzyme
family performing this conversion (S3 Table).

We applied the iEL2243_2 model to predict growth phenotypes across our leave-one-out
chemically defined media conditions, finding that these were generally consistent with some
remaining notable exceptions (Fig 3D; overall Matthews correlation of 0.35, Fisher exact test
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odds ratio = 9.1, p = 0.06). Amino acid dependencies matched well between the model and
experimental data, with the exception of cysteine, which likely provides a benefit as a reducing
agent that is not accounted for by the model [43]. Vitamin dependencies were also generally
consistent, with the notable exception of folate, which had no effect on growth despite the lack
of several genes for reactions in the canonical folate biosynthesis pathway and the absence of a
known dihydrofolate reductase enzyme [44]. The phenomenon of presumed-essential but
absent folate genes in bacterial genomes has been recognized previously [44-46], suggesting
the possible existence of undiscovered alternative enzymes. Notably, growth was negatively
affected by the removal of the folate precursor p-aminobenzoate (S2A Fig). Most of the
remaining discrepancies between the model and the growth data are in conditions in which
metal ions were removed, which were expected to be required by the model (Cu®*, Ca**) but
were not essential based on our experiments (Fig 3E). However, these likely reflect difficulties
in fully removing trace minerals in our experiment rather than errors in the model
reconstruction.

While we curated the model based on growth data, we did not incorporate our metabolo-
mics data except to add transporters for highly differentially abundant metabolites. Even so,
we found that there was a high correspondence between observed metabolite shifts and the
possible uptake and secretion fluxes inferred by flux variability analysis (FVA) of the model.
FVA identifies the range of fluxes for each reaction that are compatible with near-maximum
growth. All 37 identified metabolites present in both the model and our metabolomics data
displayed experimental shifts in abundance qualitatively compatible with inferred flux ranges
(Fig 3F), providing additional support for model quality.

We further compared the iEL2243_2 inferred flux profile with RNA-Seq data from E. lenta
growing in this condition, which was not used for model curation (Materials and methods).
Genes linked to active reactions were 3.4 times more likely to be in the top half of metabolic
genes by expression level than those linked to inactive reactions (71.9% of active versus 42.9%
inactive, p < 2.2 x 107'®). Expression level and absolute flux magnitude were correlated across
all genes linked to metabolic reactions (Spearman rho = 0.34, p < 2.2 x 10~'%; Fig 3G). While
we would not expect a perfect correlation between expression and metabolic flux, correspon-
dence between the two provides support that our model has correctly identified pathways with
high activity.

Having established consistency with experimental data, we next examined overall reaction
fluxes and key pathways in the final model. We found that fewer than half of reactions were
predicted to be active in EDM1 by parsimonious flux balance analysis (pFBA; Fig 3A). In the
PFBA solution, acetate is incorporated into a partial reductive citric acid cycle via pyruvate for-
mate oxidoreductase (PFOR), which then feeds lipid and carbohydrate biosynthesis pathways,
consistent with our SIRM results and with our RNA-Seq data, where PFOR was one of the
most highly expressed genes. The vast majority (99.6%) of arginine uptake flux was directed to
ATP generation, and 58.4% of ATP generation was sourced from the arginine deiminase path-
way (which contains the first, third, fourth, and fifth most highly expressed protein-coding
genes in our RNA-Seq data; S4 Table). The remainder of ATP generation in the pFBA solution
was attributed to anaerobic respiration via an ATP synthase reaction, although the specific
electron transport chain substrates were not clear. However, consistent with this hypothesis,
genes linked to respiration were expressed at moderate levels, including ATP synthase sub-
units and an Rnf electron transport complex, and E. lenta is known to have a large number of
poorly characterized enzymes potentially involved in electron transfer [21,47]. The model also
identified the regeneration of NADP+ via transaminase reactions (using mainly pyruvate and/
or branched chain amino acids) and glutamate dehydrogenase as a key high-flux pathway.

PLOS Biology | https://doi.org/10.1371/journal.pbio.3002125 May 19, 2023 11/41


https://doi.org/10.1371/journal.pbio.3002125

PLOS BIOLOGY

Systems biology illuminates alternative metabolic niches for human gut bacteria

Finally, we applied the model to predict the effects of knocking out individual reactions on
growth of E. lenta. We found that 15.3% of all reactions in iEL2243_2 were predicted to be
essential in any condition and 19.4% to be essential in EDMI. These reactions tended to be
involved in lipid metabolism, cell wall biosynthesis, and transport of essential metabolites
(S7A Fig). Genes linked to reactions whose removal reduced growth to <70% of wild-type lev-
els were found in a greater number of E. lenta strain genomes than other genes (Wilcoxon
rank-sum test, p = 0.001; S7B Fig) and were more likely to be part of the core genome (found
in all strains; Fisher exact test odds ratio = 1.74, p = 0.0002). Overall, while significant manual
curation was required for the model to recapitulate realistic growth in EDM1, our updated
model is able to predict and interpret many aspects of E. lenta growth and metabolic activity
across conditions.

The strain-variable E. lenta metabolome is enriched for nucleotides and cell
wall metabolites and can be linked to genome variation

Our initial efforts to characterize E. lenta core metabolism focused mainly on the type strain.
However, E. lenta has an open pan-genome and established variability in secondary and xeno-
biotic metabolism [26]. We therefore evaluated the extent to which the metabolic profile of
this species is conserved across a larger number of strain isolates. We used untargeted metabo-
lomics to profile stationary phase supernatants of 30 strains grown in EDM1 (S5 Table, S8A
and S8B Fig) and used linear models to identify features with significant strain-associated dif-
ferences in abundance. Over half of the features produced by the UCSF stock of the DSM 2243
type strain (52.8%) were variable across strains of E. lenta (Fig 4A), and 1,097 features pro-
duced by at least 2 other strains were not produced by the type strain. Divergence in metabolite
profiles between strains was not associated with phylogenetic divergence based on an align-
ment of core genes (Procrustes analysis, p = 0.31; Fig 4B), consistent with previous findings
from untargeted metabolomics profiling of these strains in rich media with a different metabo-
lomics platform [26]. Overall metabolite profiles were moderately associated with presence/
absence patterns of variable gene families between strains (p = 0.04; Fig 4B), indicating that
the presence or absence of biosynthetic genes and pathways only partly explains variation in
the metabolome and that other factors like gene regulation and enzymatic activity may also
play a substantial role. Interestingly, both metabolite and gene presence/absence profiles could
be partly explained by the geographic region of origin of each strain (PERMANOVA; metabo-
lites R* = 0.22, p = 0.04; genes R* = 0.36, p = 0.02; S8B Fig), suggesting a possible influence of
geography on the distribution of accessory metabolism. Other metadata variables, including
host health status and isolation body site, were not significantly associated with metabolite
profiles.

While strain-variable metabolites were quite diverse, they were enriched for certain chemi-
cal classes. The vast majority (92.0%) of strain-variable metabolites had no identity informa-
tion, a similar ratio to the total number of metabolite features (91.8% of features in the whole
dataset). Among other features, organic acids (which included many amino acid metabolites)
were the least likely to be strain-variably produced. In contrast, organic oxygen compounds
(which included several features identified as sugars) and nucleotide metabolites were more
likely to be strain-variably produced, and organic heterocyclic compounds and benzenoids
were enriched for strain-variable depletion (Fig 4C). The share of strains producing any indi-
vidual feature varied widely (Fig 4C), although the largest number of features (76.8%) were
produced by either only a few (<4) strains or nearly all (>>27) strains (S8C Fig).

Given the large share of unidentified metabolites in our dataset, we evaluated whether link-
ing strain-variable metabolites with strain-variable genes could inform metabolite annotations.
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Fig 4. Extensive within-species variation in E. lenta metabolites can be linked to variable gene families. (A) Volcano plot of metabolite features detected in
stationary phase supernatants of E. lenta DSM 2243 (UCSF lab stock) vs. sterile controls. P-values are based on Benjamini-Hochberg corrected Welch’s ¢ tests.
Features are colored based on whether their classification as significantly produced or depleted (increased or decreased based on linear regression models of
peak area by strain, with FDR-adjusted p-value < 0.1 and log2FC > 0.5) is consistent across 28 other E. lenta isolates and 1 isolate of Eggerthella sinensis
profiled in the same experiment. (B) Procrustes analysis of overall metabolite profiles compared with genome features. The upper plot shows a rotated
Procrustes superimposition of average metabolite profiles for each isolate (red points) and the phylogenetic distance between them based on an alignment of
core genes (blue points). The lower plot shows a superimposition of metabolite profiles and profiles based on the presence/absence of variable gene clusters
(purple points). (C) The left-hand plot shows the distribution of strain-variable features in various ClassyFire chemical superclasses, based on Feature-based
Molecular Networking with GNPS. The number in parentheses for each class indicates the total number of features with that assignment. The right-hand plot
shows the number of strains producing a given feature within each superclass, among features produced by any Eggerthella isolate. Each point represents a
single feature, and its position on the x-axis indicates the number of strains for which that feature was significantly increased (FDR-adjusted p-value < 0.1 and
log, fold change > 0.5) in supernatants compared with controls. (D) Feature abundances of example metabolites across strains. The first 2 panels show 2 strain-
variable unidentified features associated with the presence of specific strain-variable gene families—putatively identified as the 2 dominant naturally occurring
isotopes of an [M+Cl-] adduct of the teichoic acid component ribitol. The points indicate the log-transformed abundances of these features for each strain. The
dotted line in each panel indicates the average level of that feature in sterile controls. Points in dark blue represent strains whose genomes contain genes for a
ribitol-5-phosphate cytidylyltransferase (tar]) and ribulose-5-phosphate reductase (tarI) not found in other genomes. The third and fourth panels show a highly
conserved identified metabolite (ornithine) compared with a strain-variable identified metabolite (pantothenic acid). Points in white in the pantothenic acid
panel indicate strains whose genome lacks the final step in the biosynthetic pathway for this metabolite. Points are shown as mean and standard error across 3
replicates. The order of strains on the y-axis matches their phylogeny, shown in S8A Fig. (E) Strains lacking a gene annotated as pantothenate synthetase
deplete pantothenic acid completely from media (previous panel) and have a substantial growth defect when grown in the absence of pantothenic acid (left
plot). Closely related strains that do possess this gene are unaffected by the removal of pantothenic acid (right plot). Carrying capacity is estimated based on a
logistic growth model fit by the R package growthcurver. See also S8 and S9 Figs and S5-S7 Tables.

https://doi.org/10.1371/journal.pbio.3002125.9004

We performed an association analysis between metabolite feature abundances and the pres-
ence of specific accessory gene families, applying a method developed for previous analysis of
this E. lenta strain collection [26]. A full 39.0% of metabolite features were significantly associ-
ated with the presence of one or more variable gene families (FDR-adjusted p < 10™*). Using
stricter filtering criteria for significance, effect size, and separability, 84 metabolite features
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(1.3%), of which 80 had no annotation, were linked with the presence of variable genes (S6
Table, Materials and methods). Gene families linked to these features were enriched for
KEGG annotations in sulfur metabolism (q = 0.00017), ABC transporters (g = 0.02), porphyrin
metabolism (g = 0.03), and biosynthesis of nucleotide sugars (g = 0.049), consistent with the
profile of identified variable metabolites.

As a case study, we further examined 2 of the top hits from this analysis, 2 closely related
but unidentified metabolite features highly associated with the presence of 2 adjacent gene
families (Fig 4D). These gene families were annotated by Prokka [48] as ribulose-5-phosphate
reductase 1 (tarl) and a ribitol-5-phosphate cytidylyltransferase (tarJ]), which are essential
enzymes in the biosynthesis of CDP-ribitol teichoic acid. Teichoic acids are an abundant com-
ponent of the cell wall of gram-positive bacteria that can take multiple forms and can be syn-
thesized with either CDP-glycerol or CDP-ribitol subunits [49-51]. Interestingly, the m/z
values and retention times of the linked features were consistent with an annotation as the 2
dominant [M+Cl]- naturally occurring isotope adducts of a 5-carbon sugar alcohol—i.e.,
potentially ribitol, xylitol, or a related compound. The annotation of these features as a sugar
alcohol was further supported by comparison with a ribitol standard spiked into sterile EDM1
(S8D Fig).

Further examination of the biosynthetic gene cluster in which these genes are located
revealed extensive strain diversity, with 10 different gene arrangements across the 30 isolates
(S8E Fig), suggesting recent positive selection possibly as a form of phage defense [52,53] or
host immune interaction [54]. Most genomes have one or more genes with homology to E. coli
arnC genes in this region, indicating that the products may be lipoteichoic acids anchored to
the cell membrane rather than wall teichoic acids [49]. Among E. lenta genomes without tarl
and tar]/, all except the type strain have tarD and tagF genes in the same region instead, which
are involved in the synthesis of CDP-glycerol teichoic acid instead of CDP-ribitol (S8E Fig)
and would be consistent with the absence of extracellular ribitol in those strains. Two other
metabolite features were associated with the presence of other members of this gene cluster,
possibly indicative of other strain-variable cell wall components (S6 Table). This example illus-
trates that comparative multiomics can be a powerful strategy to identify and begin to decipher
the functional consequences of strain variation, even when metabolite identities are not
confirmed.

In addition to the unbiased association analysis above, we also assessed whether strain vari-
ation in metabolites of known identity could be predicted based on relevant gene annotations.
We created genome-scale metabolic reconstructions of a subset of strains included in this
experiment (n = 24, using the DEMETER pipeline), curated them using a limited version of
the process applied to the type strain (Materials and methods), and again predicted growth
and reaction fluxes in EDM1 and in leave-one-out media conditions using flux balance analy-
sis. Across the metabolic networks of E. lenta strains, most reactions were conserved, including
arginine metabolism and central carbon metabolism (S7 Table). Tryptophan and riboflavin
auxotrophies were also predicted to be conserved across strains. Variable reactions tended to
be in the subsystems of transport, fatty acid biosynthesis, cell wall biosynthesis, and nucleotide
interconversion (S9A Fig). Consistent with the central role of arginine metabolism, ornithine
and citrulline levels in our metabolomics dataset were very consistent across strains. Ornithine
was among the least variable metabolite features (Fig 4D), and one of the most correlated with
biomass (as estimated by optical density, Spearman rho = 0.36, FDR-adjusted p = 0.1).

While the predicted effects of most compounds on growth were similar or identical across
strains (S9B Fig), we noticed a clear difference in pantothenic acid dependence, as a subset of
strains were predicted to be unable to grow in its absence. These strains lack the final enzyme
in the biosynthesis pathway for pantothenic acid, which is itself a precursor of coenzyme A.
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Pantothenic acid was depleted to varying degrees in our metabolomics data, reaching the low-
est levels in strains that lack pantothenic acid synthase (Fig 4D). Notably, M+2 isotopologues
of pantothenic acid were also detected in supernatants from the acetate SIRM experiment, cor-
roborating that at least 3 E. lenta strains synthesize this vitamin de novo (S1 Data and Figs 2F
and S4B). We tested growth of pantothenate synthase-lacking strains in comparison with a
subset of genetically similar strains in EDM1 with or without pantothenic acid, confirming
that strains without this gene family had a greatly reduced carrying capacity in the absence of
pantothenic acid (Fig 4E) and highlighting the ability of curated genome-scale models to pre-
dict phenotypic differences. Overall, our analysis of strain variation in metabolite profiles is
consistent with a model in which E. lenta’s distinctive central carbon and energy metabolism is
a core species trait, while more peripheral biosynthetic pathways including synthesis of cofac-
tors and cell surface components can vary freely to adapt to specific microenvironments [55].

Comparison of E. lenta’s metabolic profile in vitro and in vivo identifies
shared signatures and usage of a novel nutrient

Having characterized the metabolic profile of the E. lenta species in a simplified in vitro envi-
ronment, we next asked how these findings compare with its metabolic activity in a host, and
whether our in vitro platform could help identify metabolic processes performed by E. lenta
within the gastrointestinal tract. We monocolonized germ-free (GF) mice with one of 3 strains
of E. lenta by oral gavage, collected serum and intestinal contents after 2 weeks of colonization,
and profiled metabolites using the same LC-MS/MS untargeted metabolomics workflow as
above. We identified features that were significantly differentially abundant in E. lenta-colo-
nized mice versus their GF counterparts using linear mixed models and compared these fea-
tures with our in vitro metabolomics datasets, identifying metabolites consistently shifted by
the presence of E. lenta across environments. After data processing, quality filtering, and dere-
plication, we obtained a dataset of 19,714 metabolite features from intestinal samples. Of these,
9.5% were significantly differentially abundant (FDR-adjusted p < 0.1) in response to coloni-
zation with at least 1 strain in at least 1 segment of the intestinal tract, indicating a substantial
metabolic impact of E. lenta on the intestinal environment (S10A Fig). Interestingly, only
0.95% of features were significantly shifted in the ileum, compared with 6.3% in colon and
4.8% in the cecum. In a previous monocolonization experiment, E. lenta DSM 2243 colonized
the ileum at roughly an order of magnitude lower abundance than the cecum and colon of GF
mice [26]. Additionally, only 13 features (0.26%) were differentially abundant in serum in
response to any of the 3 strains. Overall separability of metabolite profiles between GF and col-
onized was also highest in the cecum and colon (Fig 5A). These results indicate that E. lenta’s
strongest metabolic effects are restricted to the lower intestinal tract.

We assessed the extent to which metabolite features produced by E. lenta in cell culture are
detectably shifted by the presence of E. lenta in mice. To do so, we integrated our processed
metabolomics datasets by linking metabolite features across datasets with highly similar m/z,
retention time, and MS2 spectra (see Materials and methods). Based on this analysis, 37.2% of
identified metabolite features in intestinal contents and 12.2% of features overall were also
detected in vitro (S10B Fig). We compared the estimated log, fold change of each linked fea-
ture in vitro with the corresponding shifts in vivo (full set in S2 Data; Fig 5B shows the com-
parison with the strain collection dataset in Fig 4; S10C Fig shows a comparison with the
dataset in Fig 1). A total of 202 features significantly increased by the presence of E. lenta DSM
2243 in cecal contents were also increased in one of our EDM1 in vitro datasets, providing sup-
port that they are directly produced by E. lenta in vivo. These features represented 78.9% of the
set that could be linked across datasets and 20.9% of the full set of E. lenta DSM 2243-increased
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https://doi.org/10.1371/journal.pbio.3002125.9005

features in cecal contents. Only 18 metabolites depleted in cecal contents were similarly
depleted in vitro, but only 3 of the other 405 depleted features were detected in vitro at all, indi-
cating that E. lenta likely uses a much richer set of nutrients in vivo than those available in
EDM1. Overlapping produced and depleted metabolites were found in greater abundance in
the cecum and colon than the ileum and serum (Fig 5B), again suggesting a greater metabolic
footprint of E. lenta in the lower gastrointestinal tract relative to other sites.

Ornithine was among the most increased features across sampling sites and strains, consis-
tent with our in vitro data (Figs 6A and S11A). Other features that were consistently increased
across strains included 5-methyluridine, citrulline, glutamine, and lysine (S2 Data). Interest-
ingly, arginine was only significantly reduced by colonization with one of the 3 E. lenta strains
in this experiment (S11B Fig). However, most other proteinogenic amino acids were increased
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in abundance in intestinal contents in colonized mice compared with GF (S11C Fig), likely
due to differences in host activity, so the absence of an increase in arginine may be consistent
with arginine usage by E. lenta. Arginine levels were also more variable within strain coloniza-
tion groups compared with GF (S11B Fig), even though levels of the primary products orni-
thine and citrulline were relatively consistent. This observation may reflect heterogeneity in
host amino acid absorption and metabolism in response to E. lenta colonization.

Given these results, we evaluated what other substrates may be used as carbon or energy
sources by E. lenta in vivo. The metabolites most strongly depleted by the presence of E. lenta
DSM 2243 in the intestinal tract included several fatty acids conjugated with carnitine as well
as multiple other nitrogen-containing metabolites: saccharopine and agmatine (Fig 6A). We
chose to investigate agmatine usage further for several reasons: its chemical similarity to argi-
nine, the presence of known agmatine utilization genes in the E. lenta type strain genome, evi-
dence of a consistent decrease across all 3 strain colonization groups (S11A Fig), and its
multiple roles as a microbial metabolite and a host metabolite involved in regulation of cell
division and neural signaling [56]. The E. lenta DSM 2243 genome contains 2 complete and 2
partial operons encoding genes for the agmatine deiminase pathway. This pathway operates
analogously to the arginine deiminase pathway, with ATP production via carbamate kinase as
the final step (Fig 6B). Despite this similarity, the agmatine deiminase enzyme family is highly
structurally distinct from arginine deiminase [57]. Presence of this pathway is conserved across
strains, as other E. lenta genomes contain anywhere between 1 and 4 copies of the key genes
for agmatine deiminase and putrescine carbamoyltransferase (KEGG; S8 Table). Additionally,
a transcriptional regulator found adjacent to this operon in some strains was previously associ-
ated with E. lenta competitive fitness in vivo [26].

Based on these observations, we predicted that E. lenta may be able to grow in the absence
of arginine if it is supplied with agmatine as an alternative energy source. A flux balance analy-
sis simulation of E. lenta in agmatine-based EDM1 predicted a somewhat reduced maximum
growth rate (0.54 versus 0.96 h™') in this condition, with arginine synthesized for protein via
its annotated biosynthetic pathway from glutamate. Indeed, we found that replacing arginine
with agmatine introduced a growth lag but resulted in a slightly higher final carrying capacity
than the equivalent amount of arginine (Fig 6C). We additionally investigated agmatine-
responsive genes using RNA-Seq. We grew E. lenta DSM 2243 in a formulation of EDM1 with
70% of the standard levels of arginine and acetate, treated cultures with either concentrated
agmatine solution or water, and extracted RNA for sequencing. The genes most strongly
induced by treatment with agmatine were 2 copies of putrescine carbamoyltransferase, 1 copy
of agmatine deiminase, and a transporter in the same operon (Fig 6D and S9 Table). Genes in
the second complete agmatine deiminase operon (ELEN_RS110[5-15]) were not differentially
expressed, suggesting that the annotation of this second operon may be incorrect and/or may
be involved in metabolism of a related compound. Interestingly, the most strongly down-regu-
lated genes were 2 transport-related genes adjacent to the energy-conserving hydrogenase
(Ech) complex (ELEN_RS078[45-50]), one of which has structural homology to the arginine-
ornithine antiporter found in the arginine deiminase operon (ELEN_RS09745, 27.6% iden-
tity). These results indicate that E. lenta can generate ATP from agmatine as a distinct alterna-
tive to arginine both in vitro and in vivo and has extensive genetic machinery to efficiently and
specifically use each of these compounds.

Discussion

In this study, we used custom growth media and untargeted metabolomics to profile the
metabolism of a poorly understood gut microbe at a systems level. Although E. lenta is found

PLOS Biology | https://doi.org/10.1371/journal.pbio.3002125 May 19, 2023 17/41


https://doi.org/10.1371/journal.pbio.3002125

PLOS BIOLOGY Systems biology illuminates alternative metabolic niches for human gut bacteria

log, fold change for E. lenta DSM 2243 vs GF I EDM1 (full 57 mM arginine)

. ] p N
A ’ihMet:ylur:ld!!ne > _j-_ B {/ NH, (0] PtcA HN A~ ~NH \l
osphocholine { -olo- s\
: 0 PHN )\ AguA HN P putrescine i
Sarcosine | oon ! H NH, —— \/\/\” NH, —< !
st s | o o I
Ornithine 4 a <a | i : ATP |
2_O-Methylinosine | o o i agmatine N-carbamoylputrescine 0'*(%—0)1\NH2 _ArcC co. |
2
Lactose { -0 I\ carbamoyl phosphate NH, /I
o-Tyrosine oo \ /
Maltotriose 4 -O:~EI-<> C D
] " .
Pseudouridine <::>-<>-D- S 6\ | | aguA2 e
Stachyose{ =~ oo S _.04 = ! ! tcA3
YcAgmatine b €8 C>5 - 1 1 ptc
(R)-Butyrylcarnitine oo ]88 03 & : i °
Lauroylcarnitine & o i g o | | ptcA2
] S oo02 1 1
C12-AS o < S8 % 100+ X | ELEN_RS03395
Tyr-Ser —C()O—: ) g - 3 1 I (APC-family permease,
Hexanoyl-carnitine { O (Q“ 5 : 'g' 1 I aguA2 operon)
Decanoylcarnitine { = o ;E) = 0.0 | 50 : : °
Octanoylcarnitine 1 oo o LT.| 0 20 20 60 % o ! 1 °
Saccharopine{ —@ep— ! Time (hr) [T : : °
L ~ o o, ©°
-0 -5 0 5 Condition 2 atb---- w_ _——
o 01 d
i}
|

50 -25 00 25 50

© Benzenoids 50% arginine
Site O Lipids and lipid-like molecules [} Full agmatine (57mM), no arginine |og2 fold ch ange Agm /Ctrl
o lleum © Nucleosides, nucleotides, and analogues 50% agmatine, no arginine
O Cecum © Organic acids and derivatives 0 arginine, 0 agmatine
© Organic nitrogen compounds [ 50% arginine, 50% agmatine
< Colon )
O Organic oxygen compounds
O no matches

Fig 6. Agmatine can replace arginine as an energy source for E. lenta. (A) Identified metabolite features with the highest estimated effects in E. lenta DSM
2243-colonized mice compared with GF. Each point indicates the effect size of that feature in a particular sample site (denoted by shape). (B) Model of the
agmatine deiminase ATP-generating pathway [57]. Multiple copies of an operon containing genes for all 3 of the labeled enzymes are annotated in the E. lenta
DSM 2243 genome. (C) Growth of E. lenta DSM 2243 in EDM1 where arginine has been fully or partially replaced with agmatine sulfate. Curves show

mean + standard error for 4 replicates. (D) Induction of the agmatine deiminase pathway in E. lenta DSM 2243 cultures in response to the addition of
agmatine. The volcano plot shows the log, fold change and FDR-adjusted p-values of agmatine-treated cultures compared to vehicle (as estimated by negative
binomial differential abundance models with DESeq2). See also S11 Fig and S8 and S9 Tables. EDM1, Eggerthella Defined Media 1; FDR, false discovery rate;
GF, germ-free.

https://doi.org/10.1371/journal.pbio.3002125.g006

at >50% prevalence in gut microbiota of North American adults [10] and linked to acute and
chronic disease [4], very little is known about its core metabolic properties. We documented
an unusual set of carbon sources, nutrient dependencies, and secreted metabolites, and incor-
porated these into a genome-scale metabolic model that better recapitulated pathway activity
and response to new environments. We further identified core and strain-variable properties
across a large collection of strain isolates. Finally, we evaluated the extent to which these in
vitro and in silico findings can inform our understanding of the host-associated in vivo meta-
bolic activity of this organism. This broad strategy uncovered several specific new findings on
E. lenta’s role in the gut microbial ecosystem and its potential effects on human hosts.

We first analyzed E. lenta’s metabolic footprint in a sensitive chemically defined environ-
ment using untargeted metabolomics. The extent and variety of compounds produced by E.
lenta across multiple growth phases is consistent with previous experimental and theoretical
work on “costless” metabolite secretions by diverse microbes [58-60]. In particular, many
nucleotides and nucleic acid intermediates are synthesized by E. lenta and secreted without
any apparent cost to growth. Secretion of these broadly useful metabolites may contribute to a
previously observed outsized impact of E. lenta on the composition of synthetic communities
[61]. Interestingly, several small molecules produced by E. lenta in EDM1 and in mice are
known to impact host immune signaling, including indole-3-acetate [62] and inosine [63,64].
Notably, the relative level of production of these metabolites and others varied widely across E.
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lenta strain isolates. Teichoic acids, identified here as another strain-variable feature, are also
key targets of host innate immunity, with differential responses depending on their composi-
tion [54]. While much focus has been deservedly paid to individual specialized immunomodu-
latory transformations performed by E. lenta [4,65], our results suggest that E. lenta’s effects
on host immunity may be multifaceted.

We elucidated the roles of 3 common gut metabolites in the metabolic network of E. lenta:
arginine, acetate, and agmatine. First, we confirmed that conversion of arginine to ornithine is
a core property of the E. lenta species. Production of ornithine was the most consistent meta-
bolic feature across strains and environments. Our stable isotope analysis indicated that orni-
thine is primarily an end product of growth and is relatively inaccessible as a carbon source for
E. lenta. However, ornithine is a favorable carbon and/or energy source for numerous other
gut microbes [23], including as a substrate for Stickland metabolism by gut bacteria including
Clostridioides difficile [6,66,67]. Therefore, production of ornithine by E. lenta may promote
the growth of other proteolytic bacteria in the surrounding gut ecosystem.

We also found that the presence of acetate has a dramatic effect on E. lenta growth and
metabolism in vitro. Acetate is a ubiquitous microbial metabolite in the mammalian gut that
varies in concentration [28]. Previous studies have speculated that E. lenta may produce ace-
tate via autotrophic acetogenesis [20,22]. While our study does not resolve the question of
whether E. lenta has a functional acetogenic Wood-Ljungdahl pathway, we found that envi-
ronmental acetate is an important biosynthetic precursor for E. lenta, incorporated partially
via a distinctive bifurcated citric acid cycle [68,69]. If E. lenta is, in fact, an acetate consumer in
vivo, as we have observed in vitro, this role may have ecological consequences. For example, E.
lenta may compete for cross-fed acetate with other gut microbes, including the abundant,
health-linked members of the Firmicutes that metabolize acetate to butyrate at high rates
[70,71]. However, while we did not identify any compound that can replace the role of acetate
in E. lenta’s metabolic network, the observation that E. lenta can grow to high carrying capaci-
ties in rich media and in GF mice presumably lacking acetate indicates that other undeter-
mined compounds may be able to serve as equivalent carbon sources.

Finally, we identified agmatine as an alternate energy source for E. lenta in vivo. Agmatine
is a host metabolite with multiple roles as a neurotransmitter, regulator of nitric oxide synthe-
sis, and regulator and precursor of polyamine metabolism [56]. Although agmatine can be syn-
thesized at low levels by the host, particularly in the brain, the gastrointestinal tract is thought
to be a major source of systemic agmatine [72]—sourced either directly from the diet and/or
from microbial metabolism. Dietary sources of agmatine include a variety of plant and animal
products, with the highest known levels in fermented foods and alcoholic beverages [73].
Altered agmatine levels have been associated with a range of diseases, including depression
and diabetes [56]. Notably, reduced agmatine levels in the gut have been linked to cell prolifer-
ation and cancer [74]. Therefore, depletion of gastrointestinal agmatine by gut microbes
including E. lenta has the potential to impact host health and disease. Further work is needed
to clarify the roles of both production and degradation by gut microbes in regulation of host
agmatine metabolism.

Opverall, our analysis of E. lenta nutrient dependencies revealed that this species occupies a
metabolic niche that is distinct from canonically described roles in the gut ecosystem, such as
primary and secondary carbohydrate degraders or conventional methanogens and acetogens.
E. lenta relies heavily on ATP generation from arginine and/or agmatine catabolism, uses ace-
tate as a key carbon source, and likely performs anaerobic respiration with unknown and
potentially diverse substrates. The carbon and energy sources and auxotrophies that we identi-
fied were highly conserved across the E. lenta species, with the exception of pantothenate.
Knowledge of these conserved metabolic dependencies may be an important tool in future
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therapeutic attempts to engineer or modify E. lenta abundance, metabolic activity, and com-
munity interactions. In addition, the resources described here, together with the development
of tools for genetic manipulation of E. lenta, may provide a basis for further investigation of
the biochemical and physiological mechanisms underlying its distinctive metabolic strategy.

Another resource generated by this study is a curated constraint-based genome scale meta-
bolic model of E. lenta. Constraint-based modeling is a promising approach for predicting
community interactions and ecosystem engineering [75], but to date, community metabolic
modeling tools have been difficult to validate and have generated relatively limited insights
beyond what could be obtained with simpler annotation methods. Our analysis highlights the
importance of phenotype-based curation of individual reconstructions. Specifically, the initial
semi-curated AGORA model of E. lenta did not support any growth in EDM1 and lacked a
complete version of the agmatine deiminase pathway. Yet, analysis of the more fully curated
reconstruction enabled us to confirm key reactions during growth with arginine and agmatine
in vitro, identify gaps representing potential novel enzymes, and uncover strain differences in
vitamin dependence. These results suggest that the quality and predictive power of community
metabolic models of the gut microbiota could be greatly improved by systematic data genera-
tion and refinement of reconstructions for a metabolically diverse sample of common taxa.
Comparisons with growth in defined media conditions, -omics data, and strain conservation
can assist with model validation even when genetic tools are not available.

Even so, the growth rate in EDM1 predicted by iEL2243_2 was still substantially higher
than observed experimentally, suggesting that our reconstructions of the E. lenta-type strain
and other strains may be further improved by additional curation. This curation could include
quantitatively integrating transcriptomic and metabolomic datasets and/or biochemical char-
acterization and curation of pathways and dependencies that were not fully explored in our
study, including synthesis pathways, energy requirements, and demand for multiple vitamins
and cofactors. Notably, our finding that strain variation in metabolite production was only
moderately associated with accessory gene presence/absence also suggests that strain-specific
curation may be required for quantitative prediction of some metabolic traits, such as produc-
tion of nucleotide metabolites. These additional improvements may further advance the appli-
cation of constraint-based modeling to accurately predict E. lenta’s metabolic activity in the
complex and dynamic mammalian gut ecosystem.

Our approach combining untargeted metabolomics, genome-driven media development,
computational modeling, and gnotobiotic experiments may be a useful strategy for accelerat-
ing scientific understanding of the biology of other understudied microbes. Each of these
model systems and data types produced a broadly useful resource that partially supported find-
ings from the others while also revealing novel facets of E. lenta metabolism. Together, our
study sheds light on the unusual metabolic profile of an important member of the human gut
microbiota, establishes a foundation for future mechanistic studies of this organism, and dem-
onstrates a generalizable multidisciplinary approach to decipher the metabolic strategies of
understudied microbes.

Materials and methods
Experimental model and subject details

Mouse husbandry and experiments. Mouse samples analyzed in this study were collected
and described previously in [4]. The mouse experiment was approved by the University of Cal-
ifornia San Francisco Institutional Animal Care and Use Committee (protocol AN184143).
The mice were housed at temperatures ranging from 67 to 74°F and humidity ranging from
30% to 70% light/dark cycle 12 hours/12 hours. LabDiet 5021 chow was used. No mice were
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involved in previous procedures before experiments were performed. Mice were assigned to
groups to achieve similar age distribution between groups. Researchers were not blinded to
group assignment.

C57BL/6] mice (males, ages 4 to 8 weeks) were obtained from the University of California,
San Francisco Gnotobiotics core facility (gnotobiotics.ucsf.edu; Jackson Labs Cat# 000664)
and housed in Iso-positive cages (Tecniplast). Mice were colonized via oral gavage with E.
lenta monocultures (10° CFU/mL, 200 yl gavage, n = 6 E. lenta DSM 2243, n = 5 E. lenta DSM
15644, n = 4 E. lenta AB12n2) or control media (n = 5 GF). Colonization was confirmed via
anaerobic culturing and/or qPCR for an E. lenta-specific marker (elnmrkI) [10,26]. Mice were
colonized for 2 weeks prior to euthanasia and sample collection.

Bacterial strains. Strain isolates analyzed in this work are described in [26]. All experi-
ments were performed in an anaerobic chamber with 2% to 5% hydrogen gas, 20% carbon
dioxide, and the balance nitrogen, with growth in a 37°C incubator. Standard BHI media
(VWR 90003-040) supplemented with 1% L-arginine (referred to below as BHI+) was used
for culturing outside of defined media experiments.

Method details

Defined media formulations and preparation. Standard composition of the EDM1
media and related formulations are provided in S1 Table. As specified in S1 Table, some
experiments were performed using the initial formulation of the media, and others using a
simplified form based on the results of leave-one-out growth experiments. For most compo-
nents, 30 to 1,000x stock solutions were prepared following [76]. Stock solutions were steril-
ized with a 0.22-um syringe filter and stored at —20°C. Amino acids and uracil were typically
added together directly from powder into a combined 2x stock solution, which was then filter
sterilized with a 0.22-pm vacuum filter, except when preparing individual leave-one-out
amino acid growth experiments. Most versions used ATCC Trace Mineral and Vitamin Mix
Supplements (MD-TMS and MD-VS), except for experiments to test leaving out individual
components of these mixes. Media formulations were allowed to equilibrate in an anaerobic
chamber (Coy) for at least 24 hours prior to use. To investigate the sources of trace background
compounds observed in untargeted metabolomics profiling of defined media, we also prepared
fresh solutions of arginine, uracil, and the combined amino acid stock described above, col-
lected them directly with the sample collection, preservation, and extraction methods
described below, and analyzed them with the same metabolomics workflow.

Bacterial culture and growth assays. For growth and metabolomics experiments, glycerol
stocks were first streaked on BHI+ agar plates and incubated at 37°C for 2 to 3 days. Individual
colonies were inoculated into 3 to 4 mL liquid BHI+ and incubated at 37°C for 40 to 48 hours,
or until approximately early stationary phase. Culture optical density (600 nm wavelength
absorbance, OD600) was measured using a Hach DR1900 spectrophotometer. A sample of
BHI starter culture (1 mL) was then centrifuged at 1,568 rcf for 4 minutes in a microcentrifuge
(Thermo Scientific mySpin 12) in the anaerobic chamber and resuspended in 1 mL sterile
phosphate-buffered saline (PBS). For leave-one-out experiments, the resuspended cells were
washed by centrifuging and resuspending in PBS again. The resulting suspension was vortexed
and diluted to an approximate OD600 of 0.1 and used as inoculum into defined experimental
conditions.

Growth assays were performed in standard 96-well microplates (Corning) at 37°C with a
microplate reader (Biotek Eon or PowerWave). Defined media was pipetted into each well
(180pL), followed by 20 pL of inoculum. All experiments included at least 3 sterile control
wells for each condition, into which 20 pL of sterile PBS was pipetted to establish consistent
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background OD600 measurements. Replicate wells were distributed pseudorandomly across
the plate to control for plate layout effects, and inoculated wells were always paired with an
adjacent control well of the same condition. For each condition, 3 to 6 replicates were
included. Plates were sealed with a transparent Breathe-Easy sealing gas exchange membrane
(RPI). Every 30 minutes, plates were shaken at medium speed for 40 seconds, after which
OD600 readings were performed.

After large metabolomics and RNA-Seq experiments (see below), culture purity was
checked by plating and 16S rRNA gene Sanger sequencing, using standard primers (8F
AGAGTTTGATCCTGGCTCAG and 1542R AAGGAGGTGATCCAGCCGCA). In the time
course metabolomics experiment shown in Fig 1, cross-contamination of sterile control tubes
occurred after the fourth time point. Growth in both culture and control tubes was confirmed
as pure E. lenta by plating and 16S rRNA sequencing.

Sample collection for metabolomics. Time course experiments were conducted in tubes
in the anaerobic chamber in a 37°C incubator. For all metabolomics experiments, 3 indepen-
dent culture replicates were included for each condition, with an equal number of uninocu-
lated control tubes. Starter cultures and inocula were prepared as described above for growth
assays. Approximately 5 mL of defined media was added to VWR glass culture tubes (53283-
800) with screw caps. The PBS-washed inoculum was added to culture tubes to obtain an
approximate starting OD600 of 0.001. A preliminary growth assay was conducted to define
time points spanning the exponential growth phase in the tested conditions. At each time
point, OD600 measurements of all inoculated tubes were first measured using a Hach DR1900
spectrophotometer, with a paired control tube to normalize for the background. A 100 pL sam-
ple from each tube was then transferred into a 96-well microplate, which was sealed and
removed from the anaerobic chamber. Plates were centrifuged at 1,928 rcf at 4°C for 8 min-
utes, after which supernatants were collected into fresh polypropylene tubes or plates, sealed,
and flash-frozen in liquid nitrogen.

Two time course experiments were carried out with stable isotope-labeled substrates.
Experimental groups included conditions in which sodium acetate in the defined media was
replaced with °C, labeled sodium acetate (Sigma-Aldrich 282014), along with a matched
experimental group with the same concentration of unlabeled substrate. The same procedure
was followed for the arginine labeling experiment, using '*Cg labeled L-arginine HCI (Sigma-
Aldrich 643440).

For the comparative strain metabolomics experiment, 96-well polypropylene deep well
plates were prepared with 800 pL of fresh media in each well. Starter cultures and inocula for
29 isolates of Eggerthella lenta and 1 isolate of Eggerthella sinensis [26] (S5 Table) were pre-
pared as described above for growth assays, except without final dilution, and 80 pL was used
to inoculate wells, leaving a blank well in between every culture well to prevent cross-contami-
nation. After 72 hours, OD600 measurements were taken, plates were centrifuged, and super-
natants were collected as described above.

Targeted quantification of acetate. A subset of unlabeled supernatant samples from the
acetate labeling time course were shipped to Stanford University on dry ice for targeted quanti-
fication of acetate.

Samples (20 pL) were first mixed with an internal standard solution (30 pL, 1 mM phenyl-
propionate-d9) in a V-bottomed, poly(propylene), 96-well plate, and extracted by mixing with
3 sample volumes of extraction solution (75% acetonitrile, 25% methanol). The plate was cov-
ered with a lid and centrifuged at 5,000 rcf for 15 minutes at 4°C. Supernatant was collected
for derivatization before subjecting to LC-MS analysis.

Samples were processed using a derivatization method targeting compounds containing a
free carboxylic acid. Extracted samples were mixed with 3-nitrophenylhydrazine (NPH; 200
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mM in 50% acetonitrile) and N-(3-dimethylaminopropyl)-N’-ethylcarbodiimide (120 mM in
6% pyridine) at a 2:1:1 ratio. The plate was sealed with a plastic sealing mat (Thermo Fisher
Scientific, #AB-0566) and incubated at 40°C, 600 rpm in a thermomixer for 60 minutes to
derivatize the carboxylate-containing compounds. The reaction mixture was quenched with
0.02% formic acid in 10% acetonitrile:water before LC-MS.

Samples were injected via refrigerated autosampler into mobile phase and chromatographi-
cally separated by an Agilent 1290 Infinity II UPLC and detected using an Agilent 6545XT
Q-TOF (quadrupole time of flight) mass spectrometer equipped with a dual jet stream electro-
spray ionization source, operating under extended dynamic range (1,700 m/z). Chro-
matographic separation was performed using an ACQUITY Bridged Ethylene Hybrid (BEH)
C18 column 2.1 x 100 mm, 1.7-pm particle size, (Waters, Milford, MA), using chro-
matographic conditions published elsewhere [6]. MS1 spectra were collected in centroid
mode, and peak assignments in samples were made based on comparisons of retention times
and accurate masses from authentic standards using MassHunter Quantitative Analysis v10.0
software from Agilent Technologies. Acetate was quantified from calibration curves con-
structed with acetate-d4 as a standard using isotope-dilution MS with phenylpropionate-d9 as
the internal standard. Calibration curves were performed in a modified base form of EDM1
lacking amino acids and other carboxylic acids. A background level of 1.05 mM of acetate was
subtracted to obtain the final quantities.

A plate layout error for supernatant samples from time points 4 to 7 in this experiment was
noted based on the resulting acetate concentrations and corrected across datasets.

Untargeted metabolomics. Bacterial culture supernatant and sterile media, used in cul-
ture, were thawed on wet ice. Once thawed, samples were homogenized by inversion 5 times.
Extracellular culture supernatant samples were prepared as follows: 20 pL of culture superna-
tant were extracted using 80 pL of a chilled extraction solvent at —20°C (1:1 acetonitrile:metha-
nol, 5% water containing stable isotope-labeled internal standards). Samples were
homogenized via pipette action, incubated for 1 hour at —20°C, centrifuged at 4°C at 6,000 rcf
for 5 minutes. The supernatant was transferred to a new plate and immediately sealed and
kept at 4°C prior to prompt analysis via LC-MS/MS.

Intestinal samples (colon, cecum, and ileum) were prepared individually using a single pro-
tocol as follows. Samples were kept frozen on dry ice and massed to at least 10 mg. Approxi-
mately 4 mL of —20°C extraction solvent (2:2:1 methanol:acetonitrile:water + stable isotope
labeled internal standards) were added per milligram of intestinal sample. Six to eight 1 mm
zirconia silica beads were added to each sample followed by prompt bead beating (15 Hz, for
10 minutes). Following a 1-hour incubation in the —20°C freezer, samples were centrifuged at
4°C at 18,407 rcf for 5 minutes. Supernatant was collected and stored at —20°C prior to centrif-
ugal plate filtration (0.2 um polyvinylidene difluoride (PVDEF), Agilent Technologies, Santa
Clara CA) at 4°C at 4,122 rcf for 3 minutes. Collection plate was sealed and maintained at 4°C
prior to prompt analysis.

Serum samples were first thawed on wet ice. Each 20 uL sample of serum was extracted
with 4 volumes of methanol, containing stable isotope-labeled internal standards. Samples
were homogenized by vortexing for 20 seconds and placed in a —20°C for 1 hour to maximize
protein precipitation. After freezer incubation, samples were centrifuged at 4°C at 18,407 rcf
for 5 minutes. Supernatant was removed and dried under vacuum via centrivap (Labconco).
Dried samples were then resuspended in 30 uL of 80% acetonitrile in water containing exoge-
nous standard CUDA at 60 ng/mL. Samples were maintained at 4°C prior to prompt analysis.

Within each analysis batch, a small amount of each sample was removed and combined to
create multiple technical replicate “pools,” which were analyzed intermittently throughout the
analysis. These pools were used as external standards to ensure instrument stability across the
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batch. Additionally, method blanks were created using LC-MS-grade water in place of super-
natant, sterile media, serum, or intestinal contents. These blanks were used to ensure that
reported metabolites were not inadvertently added during sample preparation.

Samples, sterile media, pools, and blanks were promptly added to a Thermo Vanquish
Autosampler at 4°C in a Vanquish UHPLC (Thermo Fisher Scientific, Waltham, MA). Chro-
matographic separation was performed using an ACQUITY Bridged Ethylene Hybrid (BEH)
Amide column 2.1 x 150 mm, 1.7-um particle size, (Waters, Milford, MA), using chro-
matographic conditions published elsewhere (HILIC method described in the Supplementary
Methods of [25]). Samples were analyzed on a Thermo Q-Exactive HF orbitrap mass spec-
trometer operated utilizing data-dependent acquisition of MS2. Data were acquired indepen-
dently in positive and negative modes via subsequent injections.

Stable isotope-resolved metabolomics (SIRM). Intracellular extract samples were pre-
pared with the following procedure, which was optimized for lysis of thick gram-positive cell
walls: 600 pL of culture was transferred to an Eppendorf tube in anaerobic conditions and sub-
sequently centrifuged at 10,000 rcf for 3 minutes at 4°C, after which the supernatant was
removed and the samples were immediately flash frozen to quench metabolites. To each pellet,
300 pL of cold methanol was then added, followed by sonication on ice for 5 minutes and then
shaking at 4°C for 4 to 12 hours. Samples were then centrifuged at 4°C at 15,000 rcf for 8 min-
utes, after which 120 pL of supernatant was transferred to fresh tubes and stored at —80°C
until analysis. Prior to analysis, intracellular samples were dried at room temperature via Cen-
trivap Benchtop Concentrator (Labconco). Samples were resuspended in 60 uL of a chilled
solution of 1:1 methanol and acetonitrile, with 24% water at —20°C containing the internal
standards CUDA and VAL-TYR-VAL each at 60 ng/mL. Samples were centrifuged at 4°C,
4,122 rcf for 5 minutes, and the supernatant transferred to a vial and immediately capped for
LC-MS analysis.

Extracellular supernatant extraction for SIRM was performed as described above (Untar-
geted metabolomics section) with one modification. In SIRM samples, deuterated internal
standards were replaced with CUDA and Val-Tyr-Val to enable untargeted enrichment analy-
sis. LC-MS/MS analysis conditions for SIRM were identical to those used for standard untar-
geted metabolomics.

Untargeted metabolomics data processing. Untargeted metabolomics datasets were pro-
cessed using MS-DIAL version 4.60 [77]. Metabolite features with intensity not greater than
3-fold elevated in samples compared to mean blank intensity were removed. Annotations were
assigned using both local [25] and global (Mass Bank of North America) tandem mass spectral
libraries. Annotation confidence scores were assigned based on MSI best practices [78,79].
Briefly, MSI level 1 denotes library matches of accurate mass (1/z), retention time (RT), and
tandem mass spectra (MS2). MSI level 2 follows the same rules as MSI 1 but allows for partial
matching of MS2 spectra—as is prone to occur when experimental spectra are convoluted.
MSI level 3 denotes a high scoring and visually confirmed match of MS2 spectra. In a modifi-
cation from the original definition of the MSI, we assign MSI level 4 when exact stereospecific-
ity cannot be determined by MS2 and chromatographic separation. MSI level 4 is often
assigned to sugars, lipids, and polyphenols. MSI levels 1 and 2 could only be assigned to metab-
olites in our local library, for which authentic standards have been analyzed in the same chro-
matographic conditions as the samples being annotated. Library matches were within 0.0025
m/z and 0.25 minutes retention time for all annotations assigned MSI levels 1 and 2 (compari-
sons are shown for the time course dataset in S12 Fig). Postprocessing was performed using
MS-FLO [80] for removal of erroneous features.

Processed datasets were further analyzed using Feature-based Molecular Networking and
MolNetEnhancer in the GNPS web platform version 22 [81-84], which assigned ClassyFire
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chemical classes to features based on molecular networking, independently of whether they
were assigned a library identity.

To merge positive and negative ionization mode datasets from the same samples, duplicate
features across datasets were identified as those with an expected mass difference of less than
0.02, a retention time difference of less than 0.1, and a Pearson correlation across samples of at
least 0.7. If one or both members of a pair of duplicate features were assigned an identification,
the feature with lower (more confident) MSI score was retained in the merged dataset. Other-
wise, the positive mode feature was retained. The other feature was removed for downstream
analysis.

Prior to statistical analysis, initial untargeted metabolomics feature tables were filtered to
remove features with a high coefficient of variation across replicate samples (>50%) and to
remove potential technical outlier samples where the total signal from all features differed
from the assay median by >50%. Log;,-transformed intensities were used for most statistical
analysis, with the exceptions of SIRM datasets and the comparative strains dataset (for which
values were approximately normally distributed without transformation). A pseudocount
equal to 0.25 times the minimum nonzero value was added to the peak intensities for each fea-
ture before log transformation. Heatmaps of metabolite abundances were generated using the
ComplexHeatmap package v2.13.1 [85].

SIRM data processing. Intra- and extracellular untargeted data generated from SIRM
experiments was analyzed separately using Compound Discoverer version 3.3 (Thermo Scien-
tific, Bremen, Germany). Samples treated with labeled compounds were always paired with
matched samples treated with unlabeled compounds in order to correct for naturally occurring
isotope abundances. Unlabeled samples were used for compound detection and formula
assignment via isotope pattern-based prediction, spectral library matches, or mass lists
matches. The isotope patterns and formulas from the sample files then served as a reference
for the detection of potential isotopologues per compound in the labeled sample type.

Specifically, the workflow consisted of the following nodes in Compound Discoverer: Input
Files— Select Spectra— Align Retention Times (ChromAlign)— Detect Compounds (Legacy) —
Group Compounds— Predict Compositions— Search Mass Lists— Search mzCloud— Mark
Background Compounds— Assign Compound Annotations— Analyze Labeled Compounds—
Descriptive Statistics— Differential analysis.

The default settings from the “Stable Isotope Labeling w Metabolika Pathways and ID using
Online Databases” workflow were used, with the following modifications:

1. Detect Compounds (Legacy): General-Min.Peak Intensity: 10000; Ions: [M+H]+1 or
[M-H]-1 for positive and negative mode experiments respectively.

2. Group Compounds: Peak Rating Filter-Peak Rating Threshold: 4; Number of Files: 3.

3. Search Mass Lists: Search Settings—Mass Lists: Combined Hilic Mass mzRT library; Use
Retention Time: True; RT Tolerance: 0.3 min; Mass Tolerance: 5 ppm.

4. Search mzCloud: DDA Search-Match Factor Threshold: 85
5. Mark Background Compounds: General-Max. Sample/Blank: 3

6. Assign Compound Annotations: Data Sources-Data Source #1: mzCloud Search; Data
Source #2: MassList Search; Data Source #3: Predicted Compositions.

7. Analyze Labeled Compounds: Pattern Analysis-Intensity Threshold [%]: 2

Positive and negative polarity files were analyzed initially as separate studies with the fol-
lowing study definitions: Study factors including strain, replicate, substrate concentration,
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sample type, and time point were assigned. Sample types were assigned as either sample (unla-
beled), labeled, or blank. These study factors interfaced with several nodes to reduce undesir-
able features and maximize reporting of quality high-intensity peaks with potential for
accurate measurement of '>C incorporation.

Results were filtered for nonblank formula assignment and absence in background samples.
The MSI levels and labeling status for persisting entries were manually inspected for each com-
pound and annotated onboard via custom tags. MSI levels were assigned based on the criteria
previously described to match MS-Dial output. The mass isotopologue distributions were plot-
ted to ensure reproducibility between replicates of various time points and detect anomalous
labeling trends. The absence of reported enrichment in control samples processed as labeled
samples was verified. A minimum threshold of 3% combined enrichment across all isotopolo-
gues other than M+0 was applied. This threshold was necessary for less abundant peaks where
the '>C natural isotopic abundance correction introduces uncertainty in the M+1 and M+2
isotopologues.

A specification of the full Compound Discoverer workflow is available at https://github.
com/turnbaughlab/2022_Noecker_ElentaMetabolism.

RNA-Seq. E.lenta DSM 2243 glycerol stocks were plated on BHI+ and incubated anaero-
bically at 37°C for 3 days. A single colony was then inoculated into 5 mL of BHI+ liquid culture
and incubated at 37°C for 48 hours. A volume of 1 mL of the resulting culture was then centri-
fuged, washed once, and resuspended in equal volume PBS; all in anaerobic conditions. To
obtain a starting OD600 of 0.01, 220 uL of this inoculum were transferred into culture flasks
containing 20 mL of EDM1 (70% carbon source reduced version; see S1 Table). After 20
hours of growth (early or mid-exponential phase), these cultures were treated with an addi-
tional 1.9 mL of sterile water or filter-sterilized solution containing either L-arginine (to reach
a final concentration of 86 mM), sodium acetate (final concentration of 14.5 mM), or agmatine
sulfate (final concentration of 30 mM). After 18 more hours (late exponential phase), 7.5 mL
of each culture was collected into 15 mL conical tubes containing 5 mL of Qiagen Bacterial
RNA-Protect (#76506). Cultures were centrifuged at 2,800 rcf at 4°C for 10 minutes, after
which the supernatant was carefully removed. Pellets were extracted directly using the Qiagen
RNeasy Mini kit (#74104) with modifications for difficult-to-lyse gram-positive bacteria. Sam-
ples were maintained on ice in between all disruption and centrifugation steps throughout the
protocol. Briefly, 200 pL of TE buffer containing lysozyme (15 mg/mL, #1.4919) and 20 pL of
Qiagen Proteinase K (#19131) were added to each pellet, vortexed gently, and incubated at
room temperature for 10 minutes with shaking on an Eppendorf ThermoMixer at 900 rpm.
Buffer RLT (700 pL) was then added to each tube and vortexed, after which the full contents
were transferred to MP Biomedical Lysing Matrix E tubes (#116914500) and disrupted
mechanically in a BioSpec Mini-Beadbeater-96 for 50 seconds. After disruption, tubes were
centrifuged for 3 minutes at 15,000 rcf, and 850 uL of supernatant was transferred to fresh
tubes. To each sample, 590 pL of 80% ethanol was added and mixed by pipetting, after which
lysates were transferred to Qiagen RNeasy spin columns and washed, following the RNeasy
Mini kit QuickStart protocol including a single on-column DNase digestion (DNase #79254).
After purification, RNA was eluted twice into 30 pL of nuclease-free water. RNA integrity was
checked using an Agilent TapeStation 4150 and stored at —80°C.

RNA library preparation and sequencing was performed by the Microbial Genome
Sequencing Center/SeqCenter. Samples were DNase treated with Invitrogen DNase (RN Ase
free, #AM?2222). Library preparation was performed using Illumina’s Stranded Total RNA
Prep Ligation with Ribo-Zero Plus kit (#20040529) and 10 bp IDT for Illumina indices. Sup-
plementary oligonucleotide probes specific to E. lenta rRNA and other highly expressed non-
coding RNAs were incorporated during Ribo-Zero depletion (S10 Table). Sequencing was
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done on a NextSeq 2000 with 2 x 50 bp reads. Demultiplexing, quality control, and adapter
trimming was performed with bcl-convert v3.9.3.

Reads were trimmed and quality filtered using fastp v0.20.0 [86] with the following parame-
ters:—trim_poly_g—cut_front—cut_tail—cut_window_size 4—cut_mean_quality 20—leng-
th_required 15. The Hisat2 aligner v2.2.1 [87] was used to map reads to the E. lenta DSM 2243
reference genome, downloaded from NCBI RefSeq (GCF_000024265.1). Gene-level read
counts were obtained using the corresponding NCBI annotations and the featureCounts func-
tion in the R package Rsubread v2.6.4 [88], with the minimum quality score set to 1.

Construction, curation, and analysis of metabolic reconstructions. Genome-scale met-
abolic reconstructions were created from genome sequences of 25 E. lenta strains [26] using
the DEMETER pipeline [89]. Briefly, DEMETER performs systematic refinement of a draft
genome-scale reconstruction, in this case generated through KBase [90]. Based on manually
gathered experimental data, gap-filling solutions that had been manually determined in a sub-
set of reconstructions are propagated by DEMETER to newly reconstructed strains. Moreover,
DEMETER ensures correct reconstruction structure through use of a curated reaction and
metabolite database and removes futile cycles resulting in unrealistically high ATP production.
A test suite ensures agreement with the input experimental data and verifies model features
such as mass and charge balance and feasible ATP production. The E. lenta DSM 2243 recon-
struction [35] underwent additional refinement of reactions and gene annotations against
manually performed comparative genomics analyses.

Reconstructions were analyzed using the Cobra Toolbox version 3.0 [91] in Matlab version
2018Db, with the IBM Cplex solver version 128. Defined media concentrations were mapped
from compound names to BiGG metabolite IDs [92] and converted to cell uptake rates over
the duration of E. lenta’s exponential growth phase in batch culture (S1 Table) using the con-
cToCellRate function in the Cobra Toolbox and an approximate cell dry weight of 3.3 x 107"
g, calculated based on colony forming units and dry biomass quantification from 2 aliquots of
a late-exponential phase EDM1 culture. Additional compounds detected in sterile culture
media with high confidence based on untargeted metabolomics were included in the simula-
tion media with a fixed maximum uptake rate of 1 mM/gDW/h.

The collection of E. lenta strain reconstructions included 2 reconstructions of the type
strain: the DSM 2243 reconstruction, which had undergone additional comparative genomics
curation with PubSeed [93], and a slightly smaller and less refined reconstruction included in
the AGORA2 collection [35] based on genome resequencing of the ATCC 25559 version of the
type strain. Neither reconstruction initially displayed nonzero growth in EDM1 using flux bal-
ance analysis. In order to facilitate interpretation of flux balance analysis (FBA) results and
avoid excess gap-filled reactions, we used the simpler E. lenta ATCC 25559 type strain recon-
struction as the basis for subsequent curation and analysis. We transferred reactions present in
the DSM 2243 reconstruction into this version if they were supported by genome annotations
from other sources (Prokka [48], GapMind [37]) and/or by experimental growth or metabolo-
mics data. We also performed several additional custom curations. Transporters were added
in a strain-specific manner for metabolites identified with high confidence (MSI level 1) and
detected as secreted or depleted with a log, fold change greater than 2 in the stationary phase
strain collection metabolomics dataset (Fig 4). Several pathways were also modified based on
growth assay results and/or pathway annotation software [36,37]. Curations were checked for
viable growth in EDM1 using flux balance analysis. Reconstructions for the other 23 strains
were only curated to ensure growth in EDM1 and to allow import/export based on metabolo-
mics data, but not based on genome analysis with GapMind [37] or the results of leave-one-
out growth experiments, since those were only performed using the type strain. A complete
summary of all curation steps is found in S3 Table.
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FBA, pFBA, and FVA were performed using the Cobra Toolbox functions optimizeCbMo-
del, minimizeModelFlux, and fastFVA, respectively. Flux variability ranges are reported for
99% of the maximum growth rate.

Metabolite uptake and secretion ranges estimated by FVA were compared with the station-
ary phase strain collection metabolomics dataset (shown in Fig 4). To compare metabolite
data with FVA estimates, identified metabolites were first mapped from InChIKey metabolite
IDs to KEGG IDs using the CTS Convert utility [94] implemented in the R package webchem
v1.1.2 [95]. KEGG IDs were then mapped to BiGG IDs using the BiGG database [92] and man-
ually checked for consistency with compound IDs in the AGORA models. For purposes of this
analysis, metabolites were considered produced if they had a log, fold change greater than 0.5
in supernatants from at least one of the 3 type strain isolates included in the experiment (E.
lenta DSM 2243—UCSEF, E. lenta ATCC 25559, and E. lenta DSM 2243—DSMZ), and depleted
if the log, fold change was less than —0.5.

To compare gene expression values with model flux estimates, we first ran pFBA and FVA
for the modified EDM1 condition used for RNA-Seq (with 70% of the standard levels of argi-
nine and acetate). We obtained the set of genes linked to reactions in the iEL2243_2 recon-
struction, using NCBI BLASTn to map genes between different sets of annotations. Genes
linked to multiple reactions were counted multiple times for each reaction, and vice versa.
Only genes linked to reactions in the original ATCC 25559 reconstruction were included.

Similarly, to compare reaction knockout predictions with strain variation, genes linked to
reactions in the original ATCC 25559 reconstruction were mapped to annotations used in a
previous pan-genome analysis of 31 nonclonal E. lenta genomes [26]. In this previous analysis,
amino acid sequence families were clustered across genomes using ProteinOrtho [96] with
cutoffs of 60% identity and 80% coverage. This analysis was then used to determine the num-
ber of strains in which each gene family in the ATCC 25559 reconstruction was present and to
compare that distribution with the effects predicted by knockout analysis of the unconstrained
model.

Strain comparative metabolomics analysis. Metabolites were classified as strain-variably
produced/depleted if they were differentially increased/decreased (FDR-adjusted p < 0.1 and
absolute log, fold change > 0.5) in supernatants from at least 1 isolate strain but fewer than 29
(of the 30 isolates included in this experiment).

The phylogenetic and comparative genomics analyses used in this study were previously
reported, including a core gene phylogenetic tree (Phylophlan), gene family clustering across
strains (ProteinOrtho) and Prokka and GhostKoala annotation of all genomes [26].

Procrustes analysis was performed using the R package vegan v2.6-2, with evaluation of sig-
nificance using the protest function [97]. The E. sinensis isolate was excluded from Procrustes
analysis to avoid skewing the distribution of phylogenetic distances.

The gene-metabolite association analysis was performed as described previously [26], with
different cutoffs for prioritization. Briefly, all observed patterns of gene family presence-
absence (based on clusters of 60% identity and 80% coverage) were enumerated across the col-
lection of genomes. Log-transformed metabolite intensities were then tested for association
with each presence-absence pattern using Welch’s ¢ tests. Using an initial cutoff of an FDR-
adjusted p-value of 107, 39.0% of metabolite features were significantly associated with a gene
cluster by this method. To further restrict results to those features most likely to depend on the
presence of a gene, we filtered gene-metabolite links using 2 additional separability criteria.
First, the difference in median log;, metabolite values between strain samples with and with-
out the gene was required to be at least 0.4. Secondly, the 10th percentile log;o metabolite value
for strains with the gene was required to be at least 0.4 above the maximum value in controls,
and the 90th percentile value for strains without the gene was required to be lower than that
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value. Finally, only the highest association for each metabolite feature was retained. This addi-
tional filtering resulted in the final table of 84 gene family-metabolite links. KEGG pathway
enrichment analysis of the final gene set was performed using clusterProfiler v4.0.5 [98] with a
p-value cutoff of 0.1.

Cross-dataset untargeted metabolomics analysis. As described above, untargeted meta-
bolomics datasets from supernatant, mouse intestinal contents, and serum were collected
using the same chromatography and mass spectrometry methods. Pairs of features were com-
pared across these datasets and linked if they were within 0.007 m/z, 0.5 minutes retention
time and had a cosine similarity of at least 0.205 between their MS2 spectra for positive ioniza-
tion mode and 0.251 for negative ionization mode. Features for which MS2 spectra were not
collected were linked to other features within 0.001 #/z and 0.2 retention time. Linked feature
pairs were also required to be annotated as the same adduct. These m/z and retention time
thresholds were chosen based on examination of the distributions of pairwise differences
between features. The cosine similarity cutoffs were chosen as the 99.5th percentile of cosine
similarity between a large sample of unrelated feature pairs: specifically, all pairwise compari-
sons of 2 sets of 200 randomly sampled features with retention times differing by at least 1 and
m/z differing by at least 0.01. This procedure was repeated separately for positive and negative
ionization mode datasets. Under these criteria, only approximately 0.5% of linked features
assigned an identity were linked to features with a conflicting identity. Linked pairs of features
were merged into shared metabolite IDs that were carried forward for cross-dataset analysis
and comparison.

Quantification and statistical analysis

All statistical analyses were performed in R v4.1.1, with data visualizations generated using the
ggplot2 package v3.3.6 [99]. Statistical tests, sample size, and standard error are reported in the
figures and figure legends. Benjamini-Hochberg FDR correction was used to adjust for multi-
ple comparisons in all cases.

Untargeted metabolomics statistical analysis. Differential trajectories across time series
datasets were assessed using spline models implemented in the santaR package v1.2.3 [100].
Differential abundance analysis between supernatant samples and sterile controls at the final
time point was performed using Welch’s ¢ tests after checking assumptions of normality. In
one case where cross-contamination of sterile control tubes occurred at later time points, fea-
tures at those time points were compared with control samples from the last uncontaminated
time point.

Differential abundance analysis for the comparative strains dataset was performed using
linear models with each strain identity as a covariate. In the gnotobiotic mouse experiment,
each mouse was considered an independent experimental unit; however, hierarchical random
effects statistical models were used to account for shared covariance between mice from the
same cage. Specifically, differential abundance analysis for the gnotobiotic mouse intestinal
dataset was performed using linear mixed models with the R package ImerTest v3.1-3 [101],
incorporating fixed effects for intestinal site, colonization group, and the interaction between
them, and nested random effects for cage and animal. The difflsmeans function with Benja-
mini-Hochberg multiple hypothesis adjustment was used to evaluate the statistical signifi-
cance of differences of each colonization group versus GF under this model.

Statistical analysis of growth curves. Growth curves were normalized based on average
time-matched readings from blank control wells. Normalized values were used to fit logistic
growth models for each well using the R package growthcurver v0.3.1 [102]. Low-quality
model fits (sigma > 0.1) were removed prior to calculation of summarized parameter values.
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Targeted metabolomics statistical analysis. Differential abundance analysis was per-
formed using a linear model with terms for time point, strain, and their interaction. Differ-
ences from controls under the resulting model were estimated using Dunnett’s method as
implemented in the package emmeans v1.7.5 [103].

RNA-Seq statistical analysis. Differential expression analysis was performed using nega-
tive binomial generalized linear models implemented in the DESeq2 package v1.32.0 [104].

Supporting information

S1 Fig. EDM1 chemically defined media supports robust growth of Eggerthella lenta and
enables sensitive metabolomics profiling. Related to Fig 1. (A) Summary of the composition
of EDM1 media. The number in parentheses indicates the number of specific compounds in
each category. (B) Growth of E. lenta DSM 2243 in 2 commonly used media conditions (Brain
Heart Infusion supplemented with L-arginine, and ISP-2 media supplemented with L-argi-
nine), compared with 3 initial defined media formulations. (C) Comparison of total number
of differentially abundant features and identified differentially abundant features in this exper-
iment compared to previous metabolomics profiling of E. lenta. The combination of chemi-
cally defined culture media and untargeted metabolomics methods used in this experiment
allowed for greater detection of metabolites produced by E. lenta. Produced and depleted fea-
tures were defined as having an absolute log, fold change vs. sterile control media greater than
0.5. (D) Metabolomics profiling of compounds known to be present in the chemically defined
media formulation EDMI1. A total of 22 media compounds were detected, most of which were
not significantly depleted in E. lenta cultures over time. (E) Identified compounds detected by
untargeted metabolomics in freshly prepared EDM1 media stock solutions. The heatmap
shows observed peak heights for features detected from either freshly prepared sterile stock of
14 amino acids plus uracil (“Combined AA stock”), sterile L-arginine solution, or sterile uracil
solution. Values are only shown for samples where the intensity was more than 3 times the
average value in blank control samples. Guanine is indicated with a star based on its rapid
depletion in E. lenta cultures. Its detection in the amino acid solution suggests that it may be a
background contaminant from an undetermined amino acid component. The yellow-orange
dots indicate compounds that are defined components of the media recipe. The dark red dots
denote metabolite features that were previously observed in sterile controls in the time course
experiment shown in Fig 1, based on strict matching of m/z and retention time. (F) Hierarchi-
cal clustering of metabolite trajectories reveals distinct growth phases. Scaled average metabo-
lite intensities across time points during growth in EDM1 were hierarchically clustered with
complete linkage and cut into discrete clusters with a height of 1.6, distinguishing early-, mid-,
and late-produced and depleted metabolites. Cluster order is arbitrary. Annotated metabolites
are listed below each cluster along with their MSI confidence level. Colors indicate ClassyFire
metabolite classes as assigned by GNPS. Only clusters with at least 1 identified metabolite and
at least 5 total features are shown. EDM1, Eggerthella Defined Media 1; MSI, Metabolomics
Standards Initiative.

(PDF)

S2 Fig. Effects of individual media components on growth of E. lenta DSM 2243. Related
to Fig 1. (A) Growth curves for E. lenta DSM2243 growth in EDM1 media with individual
media components removed. Gray curves indicate growth in full EDM1 media in the same
experiment. Curves are shown as mean + standard error. A blue asterisk indicates a signifi-
cance difference in the area under the empirical growth curve with and without the compound
(Wilcoxon rank-sum test, FDR-adjusted p < 0.2). (B) Distribution of median effects of
removal of all tested compounds on growth parameters estimated by a logistic model. The
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dotted line indicates the median parameter estimate for the full EDM1 media across all experi-
ments. Parameters were fitted with a logistic model implemented by the R package growthcur-
ver. EDM1, Eggerthella Defined Media 1; FDR, false discovery rate.

(PDF)

S3 Fig. Environmental acetate concentrations affect growth and metabolite production of
3 E. lenta strains. Related to Fig 2. (A) Targeted quantification of acetate depletion in E. lenta
EDM1 cultures. Acetate was measured at 2-3 time points in supernatant samples from 3 E.
lenta strains during growth in EDM1 as well as sterile controls. Quantification was performed
using a method for derivatization of carboxylic acids with 3-nitrophenylhydrazine and N-
(3-dimethylaminopropyl)-N’-ethylcarbodiimide followed by targeted LC-MS/MS. Error bars
show mean +/- standard error. Linear models of acetate concentration versus strain and time
point were inferred for each media group, and differences from controls under the resulting
model were estimated using Dunnett’s method. * indicates p < 0.05, *** indicates p < 0.001.
(B) Growth of 3 E. lenta strain isolates in EDM1 with 0, 1, or 10 mM sodium acetate. Mean
+/— standard error across 3 replicates is shown. (C) Acetate-responsive metabolites in super-
natants from E. lenta AB8n2 and E. lenta Valencia. Metabolites shown are those that were
assigned an identification, were differentially abundant compared with sterile controls (FDR-
adjusted p < 0.2), and had significantly different trajectories over time in the presence vs.
absence of acetate in either strain (based on smoothing spline regression with the R package
santaR, FDR-adjusted p < 0.25). Values shown are scaled log-transformed peak heights. The
number in parentheses indicates the MSI confidence level for each metabolite annotation (see
Materials and methods). EDM1, Eggerthella Defined Media 1; FDR, false discovery rate; MSI,
Metabolomics Standards Initiative.

(PDF)

$4 Fig. Consistent incorporation of acetate across 3 E. lenta strains based on SIRM. Related
to Fig 2. (A) Growth of E. lenta strains in EDM1 with varying levels of sodium acetate (either
stable isotope-labeled '°C, or unlabeled). Optical density measurements were taken, and
supernatant samples were collected at each indicated time point. Mean +/— standard error
across 3 replicates is shown. (B) Average trajectories of labeled extracellular metabolites in 3
different strains of E. lenta. Metabolites shown are those with >50% and >5 x 10* average
peak area from labeled isotopologues in at least 1 time point in the 10 mM labeled acetate
group. For metabolites detected in both positive and negative ionization mode, only positive
mode is shown. The value in parentheses indicates the MSI annotation confidence level for
each metabolite. (C) Labeled metabolites of known identity in intracellular extracts across 3
strains of E. lenta (data for DSM 2243 matches Fig 2E). Each panel shows the average mass iso-
topologue distribution across 3 replicates for a single metabolite in intracellular extracts from
time point 5 (39 hours, late exponential phase). Metabolites are labeled with the compound
name and MSI annotation confidence level in parentheses. Metabolites included are those
with >15% and >10" average peak area from labeled isotopologues in either the 1 mM or 10
mM labeled acetate group. N-acetylated amino acids are excluded for space and reported in S1
Data. The isotopologue color legend is the same as in panel (B). (D) Labeled metabolites of
unknown identity across 3 strains of E. lenta. Each panel shows the average mass isotopologue
distribution (across 3 replicates) for a single metabolite in intracellular extracts from time
point 5 (39 hours, late exponential phase). Metabolites are labeled with their estimated exact
mass, retention time, and ionization mode. Metabolites included are those with >15% and
>10* average peak area from labeled isotopologues in either the 1 mM or 10 mM labeled ace-
tate group. The isotopologue color legend is the same as in panels (B) and (C). EDM1,
Eggerthella Defined Media 1; MSI, Metabolomics Standards Initiative; SIRM, stable isotope-
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resolved metabolomics.
(PDF)

S5 Fig. Stable isotope profiling of E. lenta arginine metabolism confirms that arginine is
primarily converted to ornithine as an energy source. Related to Fig 2. (A) Citrulline, but
not ornithine, has a similar effect as L-arginine on E. lenta growth. Growth curves of E. lenta
grown in EDM1 media where the 1% L-arginine (red) has been replaced with an equimolar
quantity of either L-citrulline (blue) or L-ornithine (green). Curves show mean +/— standard
error across 4 replicates. (B) In E. lenta DSM 2243 cultures grown with 1% "°Cg labeled argi-
nine, correspondingly labeled citrulline and ornithine accumulate in supernatants over the
course of growth. Curves show mean +/— standard error across 3 replicates. (C) Mass isotopolo-
gue distributions of extracellular metabolites. Each barplot shows the isotopologue mean peak
areas for each feature over time. Compounds shown are those of known identity that increase
by a factor of at least 2%, have at least 1 isotopologue with a peak area of greater 10° in at least 1
time point, and have a labeled isotopologue with >3% abundance in at least 1 time point. (D)
Mass isotopologue distributions of intracellular metabolites. Each barplot shows the mean peak
areas of isotopologues for each feature at 2 time points. Compounds shown are those of known
identity with an average labeled MID > 0.1 and a total peak area from labeled isotopologues of
at least 10” in at least 1 time point. The isotopologue color legend is the same as in panel (C).
(E) Distribution of total signal of extracellular metabolites across labeling patterns. While signal
from numerous unlabeled compounds is detected over time (left), compounds with M+5 label-
ing patterns are mainly restricted to ornithine, citrulline, and a compound of unknown identity
(middle), and compounds found with high signal as M+6 isotopologues are mainly arginine
and citrulline (right). Compounds shown are those with the highest peak areas at the final time
point in positive ionization mode. (F) Hypothesized pathways for metabolism of L-arginine by
E. lenta. Circles indicate the number of carbon atoms in selected compounds and are colored
blue to indicate incorporation of '*C isotopes from external arginine. Compound names in
bold were detected with the observed labeling patterns in either intracellular metabolite extracts
or culture supernatants right. MID, mass isotopologue distribution.

(PDF)

S6 Fig. Sensitivity of iEL2243_2 maximum growth rate to biomass equation coefficients.
Related to Fig 3. Each panel shows the effect of varying the coefficient of the biomass equation
for selected components on FBA-estimated maximum growth rate in EDM1 media. Com-
pounds shown are those whose biomass coefficients have the largest effects on estimated
growth rate. EDM1, Eggerthella Defined Media 1; FBA, flux balance analysis.

(PDF)

S7 Fig. Single-reaction knockout analysis of iEL2243_2 identifies conserved genes across
metabolic subsystems. Related to Fig 3. (A) Predicted effects of knocking out reactions in the
top 20 largest subsystems on growth of E. lenta, according to pFBA analysis of the iEL2243_2
model. Reactions designated “Has effect” are those for which the knockout has a predicted
maximum growth rate less than wild-type but greater than 0. Essential reactions are those that
reduced biomass flux to 0 when removed from the model. (B) Reactions linked to more con-
served gene families are more likely to have substantial effects on growth when removed. Each
point represents a reaction, separated on the x axis by whether the model without that reaction
grew at >70% of the wild-type model. The y axis indicates the fraction of E. lenta strain
genomes in which gene families (defined using ProteinOrtho clustering) linked to that reac-
tion were present.

(PDF)
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S8 Fig. Within-species variation in E. lenta metabolic profiles across genomes and metabo-
lomes. Related to Fig 4. (A) Phylogeny of 30 Eggerthella strains analyzed in this study. This
phylogeny was previously constructed based on core gene alignments using Phylophlan [26].
(B) PCA of log-transformed metabolite intensity profiles of stationary phase supernatants
from 30 Eggerthella isolates in EDM1. In the left-hand panel, color indicates the geographic
origin of each isolate. The right panel shows the largest feature loadings for the PCA and their
corresponding chemical classes as assigned by GNPS, where available. Dereplicated metabolite
features with an average value > 10° in at least 1 strain were included. (C) Distribution of the
number of strains producing or depleting each metabolite feature. Features included are those
that were significantly modified by at least 1 Eggerthella isolate in this experiment (FDR-
adjusted p-value < 0.1 and log, fold change > 0.5). (D) Comparison of MS1 spectra and
extracted ion chromatograms for the unidentified features shown in Fig 4D in a representative
sample, compared with a pure ribitol standard spiked into sterile EDM1 at a concentration of
100 pg/mL. The data shown in the top row are from the biological sample, while the data in
the bottom row are from the ribitol standard. (E) Map of the teichoic acid biosynthesis region
of the genome of representative Eggerthella strains. Genes outlined in bold are the gene fami-
lies associated with the unidentified metabolite features shown in Fig 4D. Gene regions were
defined in each genome based on the location of the genes annotated as tagG and tagH by
Prokka. EDM1, Eggerthella Defined Media 1; FDR, false discovery rate; PCA, principal compo-
nent analysis.

(PDF)

S9 Fig. Genome-scale metabolic modeling of E. lenta strain variation. (A) Distribution of
core and accessory reactions across subsystems, based on comparative analysis of metabolic
reconstructions of 24 E. lenta strain genomes. (B) Predicted maximum growth rate inferred by
flux balance analysis of each of the 24 E. lenta strain reconstructions in 52 leave-one-out media
conditions based on EDM1. Gray tiles indicate predicted cases of zero growth.

(PDF)

$10 Fig. Differential abundance analysis of intestinal and serum metabolites of E. lenta-
monocolonized mice compared to GF. Related to Fig 5. (A) Volcano plots of differential
abundance analysis of metabolite features in intestinal contents and serum of gnotobiotic mice
monocolonized with one of 3 E. lenta strains. Effect sizes and significance are estimated from
group comparisons based on linear mixed models of log-transformed metabolite abundances,
accounting for animal and cage random effects. (B) Total number of untargeted metabolomics
features in intestinal contents and serum of gnotobiotic mice that could be linked to features
in either of 2 in vitro EDM1 metabolomics datasets, based on high similarity of m/z, retention
time, and MS2 spectra. (C) Comparison of the effect of E. lenta DSM 2243 on metabolites
detected in both EDM1 cultures in the untargeted time course experiment and monocolonized
mice. Each point represents a metabolite feature detected in both datasets. The x axis indicates
the log, fold change of each feature in supernatants from the E. lenta DSM 2243 time course
experiment compared with sterile controls, compared with the covariate-adjusted log, fold
change of that feature in monocolonized mice compared with GF mice. Points are colored
green if the feature is significantly differentially abundant in gnotobiotic mice and is shifted in
the same direction by the corresponding strain in the time course in vitro experiment. EDM1,
Eggerthella Defined Media 1; GF, germ-free.

(PDF)

S11 Fig. Shifts in intestinal amino acid metabolites of E. lenta-monocolonized mice com-
pared to GF. Related to Fig 6. (A) Annotated metabolites with the largest shifts in intestinal
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contents of E. lenta-colonized mice compared with GF. Metabolites are shown if they were
identified based on library comparison and were among the 600 most strongly shifted features
in any individual site or colonization group, based on linear mixed models. Each point shows
the effect size in a single site, and color indicates chemical class where available (assigned using
feature-based molecular networking with GNPS). (B) Abundance of arginine and agmatine-
related metabolites in gnotobiotic mice. Arginine is only slightly depleted by E. lenta, although
its expected products, ornithine and citrulline, are greatly increased. Agmatine is significantly
depleted, while its expected product, putrescine, is not significantly increased. “.” indicates
Benjamini-Hochberg adjusted p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001. (C) Volcano plots
illustrating shifts in the abundance of proteinogenic amino acids in E. lenta-colonized mice.
Arginine is colored in green. Effect sizes and significance are estimated from group compari-
sons based on linear mixed models of log-transformed metabolite abundances, accounting for
animal and cage random effects.

(PDF)

$12 Fig. Annotation of untargeted metabolomics features by comparison with library stan-
dards. Related to Materials and methods. (A) Difference between library standard m/z and
average observed m/z for annotated metabolite features in the EDM1 time course dataset, sep-
arated by MSI annotation confidence level. (B) Difference between library standard retention
time and average observed retention time for annotated metabolite features in the EDM1 time
course dataset, separated by MSI annotation confidence level. Features assigned MSI of 3 or 4
did not necessarily have retention times matched with a library standard. EDM1, Eggerthella
Defined Media 1; MSI, Metabolomics Standards Initiative.

(PDF)

S1 Table. Chemically defined media formulations used in this study. Related to Fig 1 and
Materials and methods. Recipes used for preparation of chemically defined media used for
experiments in this study. The first 2 columns indicate the manufacturer information for each
compound and the concentration of working solution prepared for that compound. Unless
otherwise specified, reference to EDM1 indicates that the “Standard EDM1” preparation was
used.

(XLSX)

$2 Table. Summarized results of media leave-one-out growth experiments. Related to

Fig 1. Parameters were fit by logistic growth models using the R package growthcurver. A sepa-
rate model was fit for each replicate in each experiment, and the average and standard devia-
tion for each parameter across replicates are reported. Average growth rate r was calculated as
a harmonic mean.

(XLSX)

$3 Table. Curation steps applied to E. lenta DSM 2243/ATCC 25559 AGORA reconstruc-
tion. Related to Fig 3. Summary of curation steps, supporting data, and gene annotations for
each reaction added or modified in the iEL2243 2 reconstruction.

(XLSX)

S$4 Table. Most highly expressed genes by E. lenta DSM 2243 during growth in EDM1.
Related to Fig 3. Locus tags, gene annotation, and average and standard deviation of the 100
most highly expressed transcripts during E. lenta growth in the baseline EDM1 condition.
(XLSX)

S5 Table. Eggerthella strains profiled with untargeted metabolomics. List of strains for
which EDM1 culture supernatants were analyzed with untargeted metabolomics, along with
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corresponding culture collection identifiers.
(XLSX)

S6 Table. Metabolite features associated with variable E. lenta gene families across strains.
Related to Fig 4. Results of association analysis linking patterns of strain-variable genes with
strain-variable metabolite features. Associations listed are those that met the strictest signifi-
cance and separability criteria (see Materials and methods). Gene annotations are listed for
association patterns with 20 or fewer candidate gene families.

(XLSX)

S7 Table. Summary of conserved and strain-variable reactions by subsystem in E. lenta
strain metabolic reconstructions. Related to Fig 4. Statistics on the distribution of core and
accessory reactions across E. lenta strain metabolic reconstructions.

(XLSX)

S8 Table. Genes linked to agmatine utilization by E. lenta. Related to Fig 6. KEGG annota-
tions of gene families in the agmatine deiminase pathway in E. lenta genomes, as previously
obtained using GhostKoala.

(XLSX)

S9 Table. E. lenta genes differentially expressed in response to the presence of agmatine.
Related to Fig 6. E. lenta DSM 2243 genes with differential expression in response to agmatine
sulfate treatment (FDR-adjusted p < 0.1 and absolute log2 fold change > 1), as estimated by
DESeq2.

(XLSX)

$10 Table. Supplementary oligonucleotide probes used for depletion of highly abundant E.
lenta noncoding RNAs. Related to Materials and methods. Probes designed for depletion of
E. lenta ribosomal RNA and highly abundant ssrA and rnpB noncoding RNAs, used in Illu-
mina Ribo-Zero library preparation.

(XLSX)

S1 Data. Labeled features detected in stable isotope experiments. Related to Fig 2. Sum-
mary of labeled isotopologues detected by untargeted metabolomics. Each tab includes data
for a single experiment and sample type: extracellular metabolites with labeled acetate, intra-
cellular metabolites with labeled acetate, extracellular metabolites with labeled arginine, and
intracellular metabolites with labeled arginine. In addition to basic properties of each com-
pound/feature, the average peak area, standard error in peak area, and average fractional distri-
bution are reported for each detected isotopologue. Compounds were filtered based on the
same criteria as in Figs 2, S4 and S5.

(XLSX)

$2 Data. Differentially abundant features across in vivo and in vitro untargeted metabolo-
mics datasets. Related to Fig 5. Each tab lists the set of untargeted metabolomics features that
were differentially abundant (linear mixed effects models, absolute log, fold change

estimate > 1 and FDR-adjusted p-value < 0.2) in at least 1 intestinal site between E. lenta-colo-
nized and GF mice and that were also detected in in vitro untargeted metabolomics experi-
ments, separated by strain and by feature annotation status (identified/unknown). For each
feature, the corresponding log, fold change and significance in the in vitro dataset(s) are listed
for comparison. Features are ordered by their effect size in cecal contents.

(XLSX)
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