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Elucidating Immune and Inflammatory Diseases on the Atomic and Microbiome Scales

by
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Doctor of Philosophy in Biomedical Sciences
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Professor Rommie E. Amaro, Co-Chair
Professor Robin Knight, Co-Chair

The driving purpose of biomedical science is to understand the molecular mechanisms of disease
progression and design tools to enable disruption. In this dissertation, I leverage two disparate scientific
fields — computational chemistry and the microbiome — to explore the environments that drugs interact
with, with an eye toward improving therapeutic development prospects. On the atomic scale, I present
our work using molecular dynamics simulations and Markov-state models to characterize the effect of
small molecule inhibitors on CCR2, a critical protein target for the treatment of a number of immune
or inflammatory diseases. On the microbiome scale, I present several studies investigating the interplay
between health, immune and inflammatory diseases, diet, and the community of microbes that inhabit the

human gut.

Xvii



Chapter 1

Introduction

Each year, millions of Americans are affected by diseases caused by aberrant inflammation or
immune system dysfunction. In the United States, trillions of dollars are spent each year on the research,
management, and treatment of such diseases that include cancer, HIV/AIDS, diabetes, and inflammatory
bowel disease (IBD). Recent advancements in treatment have yielded small molecule drugs that bind to a
target protein to modulate its function. However, drug development is a long and costly process. Candidate
drugs can fail at the final stage of clinical trials for unknown reasons, consuming an average of 10 years
of development time and $2.6 billion per drug. To interrogate why drugs fail and gain insight into how
we can develop better drugs, the research presented in this dissertation focuses on drug environments at
two different scales. On the atomic scale, I use computational chemistry and mathematical models to
explore how drugs perturb the dynamics of their target protein (Chapter 2). On the microbiome scale, I
study cohorts of patients with these diseases to characterize their effect on the communities of bacteria that
inhabit the gastrointestinal tract, also known as the gut microbiome (Chapter 3 to Chapter 6). A significant
modulator of both health and disease, the gut microbiome has also been previously shown to affect drug
efficacy. This research aims to understand these critical drug-environment interactions in order to leverage

this knowledge for the long-term goal of reducing the cost of drug development.



Understanding CCR2 inhibitor attrition and improving future prospects.

One component of the immune system which has been identified as a potentially critical drug
target is the protein CC chemokine receptor 2 (CCR2). CCR2 promotes the metastasis of cancer cells
and is also implicated in autoimmunity-driven type-1 diabetes, multiple sclerosis, asthma, atherosclerosis,
neuropathic pain, and rheumatoid arthritis. Although promising, drugs that prevent the function of CCR2
have been unsuccessful. In Chapter 2 of my dissertation, I investigate the effect of two drugs on CCR2
dynamics by coupling long-timescale molecular dynamics simulations with Markov-state model theory.
These methods act as a “‘computational microscope” that allows us to see how the drugs affect the protein’s
movement over time. I present preliminary evidence for why these drugs failed and the discovery of a
cryptic drug-binding pocket which may be amenable to targeting with a third drug to improve protein
inhibition.

The effect of the microbiome on health, disease progression, and therapeutic strategies.

A new paradigm in drug development is to examine not only the direct interaction between the
drug and the patient, but also between the drug and the patient’s microbiome. The human gut microbiome
contains about 3.8 x 10'3 microorganisms with which an orally-dosed drug must interact with prior to
reaching its target. In Chapter 3, I present a review on best practices for analysing the microbiome.

In Chapter 4, I present our work on classifying major changes in microbiome protein family
abundances between healthy individuals and IBD patients. IBD is an autoimmune condition that is
associated with major alterations in the gut microbiome. In this work, we develop a machine learning
pipeline to identify which proteins from the microbiome best separate between states of health and disease.
As the field expands our analysis from 10,000 protein families to millions of proteins identified in the gut
microbiome, scalable methods for quickly identifying such anomalies between health and disease states
will be increasingly valuable for biological interpretation of sequence data and development of targeted
therapeutics.

For the more than 1.1 million people who are living with HIV/AIDS and the 71 million people
living with Hepatitis C (HCV), the interaction between orally dosed drugs and their environment is of
critical importance to their quality of life. Despite suppressive combination antiretroviral therapy, HI'V-

infected individuals have persistent gut barrier dysfunction (’leaky gut’), gut microbiome dysbiosis, HIV-



associated neurocognitive disorders, increased risk for major depressive disorders, and other behavioral
impairments. Together, dysbiosis and leaky gut render HIV-monoinfected individuals more vulnerable to
microbial antigen-driven effects on the central nervous system via pro-inflammatory bacterial antigens.
The gut microbiota also may affect blood-brain barrier integrity. In Chapter 5, we explore the relationship
between the gut microbiome and depression in HIV-mono-infected, HIV/HCV-coinfected, and uninfected
individuals. We find that the gut microbiome and metabolome is altered in coinfected individuals who
have suffered a major depressive disorder. These findings are of clinical importance, with implications for
leveraging existing interventions that can restore normal gut flora and barrier integrity and may have the
potential to improve central nervous system function and patient outcomes.

As we move toward understanding how the microbiome is associated in particular disease states,
the next step is to understand how we can modulate the microbiome to address dysbiosis and potentially
mitigate disease. One method of modulating the gut microbiome is by adding live microbes to our diet by
consuming fermented foods. Fermented foods are historically and culturally significant, but limited studies
have explored the association between fermented food consumption and the gut microbiome in large cohorts.
In Chapter 6, we used a combination of three omics-based analyses to study the relationship between
the microbiome and fermented food consumption in thousands of people using both cross-sectional and
longitudinal data. We find that fermented food consumers have subtle differences in their gut microbiota
structure, which is enriched in conjugated linoleic acid, thought to be beneficial. The results motivate
further studies on how we can utilize specific kinds of fermented food as therapeutic strategies to impact
the microbiome and human health.

In summary, the work in this dissertation aims to better understand the environments that drugs
interact with in order to provide insight into drug attrition rates and improve upon future prospects of drug

development and therapeutic interventions.



Chapter 2

Structural Basis for Ligand Modulation of

the CCR2 Conformational Landscape

2.1 Abstract

CC Chemokine Receptor 2 (CCR?2) is a part of the chemokine receptor family, an important class
of therapeutic targets. These class A G-protein coupled receptors (GPCRs) are involved in mammalian
signaling pathways and control cell migration toward endogenous CC chemokine ligands, named for
the adjacent cysteine motif on their N-terminus. Chemokine receptors and their associated ligands are
involved in a wide range of diseases and thus have become important drug targets. CCR2, in particular,
promotes the metastasis of cancer cells and is also implicated in autoimmunity driven type-1 diabetes,
diabetic nephropathy, multiple sclerosis, asthma, atherosclerosis, neuropathic pain, and rheumatoid arthritis.
Although promising, CCR2 antagonists have been largely unsuccessful to date. Here, we investigate the
effect of an orthosteric and an allosteric antagonist on CCR2 dynamics by coupling long timescale
molecular dynamics simulations with Markov-state model theory. We find that the antagonists shift CCR2
into several stable inactive conformations that are distinct from the crystal structure conformation and
disrupt a continuous internal water and sodium ion pathway, preventing transitions to an active-like state.

Several metastable conformations present a cryptic drug binding pocket near the allosteric site that may be



amenable to targeting with small molecules. Without antagonists, the apo dynamics reveal intermediate
conformations along the activation pathway that provide insight into the basal dynamics of CCR2, and

may also be useful for future drug design.

2.2 Introduction

The signaling axis of CCR2 and its endogenous ligand, CCL2, is a notable therapeutic target due
to its association with numerous diseases, including cancer, autoimmunity driven type-1 diabetes, diabetic
nephropathy, multiple sclerosis, asthma, atherosclerosis, neuropathic pain, and rheumatoid arthritis[1-3].
Despite much effort that has been devoted to clinical and pre-clinical trials, a successful antagonist has
yet to be developed[4—7]. Prior to a full-length crystal structure of CCR2, several studies used homology
modeling and docking to gain insights into the structure and dynamics of the protein and its associated
ligands or small molecule drugs[8—10]. However, recently CCR2 was crystallized for the first time[11],

opening up new opportunities for rational drug design.
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Figure 2.1: MD simulations of CCR2 in a lipid bilayer were performed apo and holo CCR2. A) Sets
of residue pairs surrounding the two ligand binding pockets were used with TICA (SI Appendix). The
protein is shown in white cartoon. Lipids are teal, red, and blue. The orthosteric and allosteric ligands are
shown in blue and orange, respectively, with inter-residue pair distances denoted by similarly colored
lines. The free energy and Maximum-Likelihood HMMs of B) apo and C) holo CCR2, projected onto
the first two TICA components. Coarse-grained states are labeled and colored. Transition rates between

macrostates are represented by arrows reported in units of ms ™.

As with most GPCRs, chemokine receptors transmit signals across cell membranes by means of
extracellular ligand and intracellular G-protein binding. Distinct conformational states of the receptor are

necessary for chemokine/ligand binding, G-protein binding, activation, inactivation, and signal transmission



[12-14]. GPCRs are no longer considered to be simple on/off molecular switches — instead, they assume a
wide range of conformational states, including ligand-specific states, intermediate states, and states that
allow for basal (apo) signaling without ligands bound [13, 15-21]. Ligands and small molecule drugs
may shift the equilibrium of the receptor’s conformational states towards particular states. Effective small
molecule antagonists that inhibit CCR?2 signaling, potentially by shifting the receptor equilibrium toward
inactive conformational states, are desired for treatment of diseases that involve the CCR2/CCL2 axis. Key
challenges are to characterize the basal dynamics of CCR?2 and to understand how current antagonistic
small molecule drugs modulate these dynamics. While crystal structures provide valuable snapshots of
proteins and protein complexes, they lack the ability to reveal dynamics at the atomic level. Starting with
the newly resolved crystal structure of CCR2 (PDB ID: 5T1A) we performed multi-microsecond all-atom
explicitly solvated molecular dynamics (MD) simulations of the receptor in a lipid bilayer in unbound
(apo) and dual-antagonist-bound (holo) states (Fig. 2.1). The two antagonists were co-crystallized with
CCR2: the orthosteric antagonist, BMS-681, and the allosteric antagonist, CCR2-RA-[R]. Each system
was simulated in triplicate on Anton 2 [22, 23] for a total of 260 microseconds (SI Appendix, Table S1,
Fig. 2.5).

While long timescale (tens of microseconds) simulations are useful for analyzing sequential
conformational changes, simulations are generally unable to directly probe timescales of biological
interest (milliseconds - seconds)[24]. One way to bridge this timescale gap is to couple MD simulations
with Markov state model theory[25-33] (MSM, described in SI Materials and Methods). Integrating
MD simulations with MSMs allowed us to extend the reach of simulated timescales, and identify key
differences in the conformational ensembles and dominant slow motions of apo and holo CCR2 (Fig.
2.1). We find that the antagonists disrupt a continuous internal water and sodium ion pathway preventing
transitions to an active-like state, and shift CCR2 into several stable states that are distinct from the
crystal structure conformation, three of which present a cryptic druggable pocket. Without antagonists,
intermediate conformations with active-state conformational signatures shed light on the apo dynamics of

CCR?2 and may also be useful for future drug design.



2.3 Results and Discussion

To compare the conformational landscapes of apo and holo CCR2 we ran all-atom MD simulations
totalling 260 s on Anton 2[22]. For one MD replicate of the holo system, we observed the orthosteric drug
dissociate from the protein. Analyzing the conformations before and after ligand dissociation yields a first
glimpse of the allosteric effect of the remaining antagonist on the protein dynamics, and provides a starting
point for future rounds of adaptive sampling to obtain robust dissociation statistics (not pursued here).
In order to extend the analysis beyond a dissociation event and connect to longer timescale phenomena,
MSMs were constructed from the trajectories (Fig. 2.1B,C). The variational approach for conformation
dynamics[34], specifically Time-structure-based independent component analysis (TICA)[35, 36] was
used to perform dimensionality reduction for the MSMs and identify the features and collective variables
(time-structure based independent components (TICs)) that best represent the dominant slow motions.
The MSMs create human interpretable models that we use to interrogate the conformational and kinetic
differences between the two ensembles to derive new understandings about the mechanisms underlying
effects of CCR2 antagonism. Further methodological details are provided in Methods and in the SI

Appendix.

2.3.1 Comparison of the CCR2 conformational ensemble with other class A GPCRs

We compare representative states from the apo and holo conformational ensemble with other class
A GPCRs to establish similarities within the class. We find that the states of apo CCR2 have conformational
signatures found in the active or intermediately-active states of GPCRs, suggesting that these states are
on a pathway toward activation. Holo CCR2 diverges from the crystal structure to form distinct states
that expose putative drug binding pockets and reveal the effect of antagonists on receptor dynamics. The
most populated holo macrostate, J, is not representative of the crystal structure as it deviates 10.8 from the
crystal structure conformation (Fig. 2.1C).

We evaluate the metastable states by comparing helical conformational signatures and conserved
groups of structurally neighboring amino acids called *microswitches’. These include NPxxY (Tyr 3057-33%),

DRY (Arg 138339), Tyr 22258, sets of residues in the orthesteric and allosteric binding sites, and the



chemokine and G-protein binding pockets to the inactive crystal structure of CCR2 that we used in this
study (PDB ID: 5T1A), to an intermediately-active crystal structure of a class A GPCR, A,oAR(PDB
ID: 2YDO[37]; 25% sequence identity to CCR2), the active crystal structure of a class A GPCR, US28
(PDB ID: 4XT3[38]; 30% sequence identity to CCR2), and three other chemokine receptors: CCR5 (PDB
ID: 4AMBS[39], CCR9 (PDB ID: 5SLWE[40]), and CXCR4 (PDB ID: 4RWSJ[41]). Signatures of an active
GPCR state include: 1) the inward shift of the intracellular part of helix VII toward the helical bundle, 2)
the outward shift of the intracellular part of helix VI in concert with helix V, 3) the upward shift and lateral
movement of helix III, and 4) the rearrangements of conserved microswitches [15]. According to these
metrics, the starting crystal structure of CCR2 is in an inactive conformation[11], the crystal structure
of Ao AR is an an intermediately-active conformation, and the crystal structure of US28 is in the active

conformation.

1) Apo macrostates show an active-like inward shift of the intracellular part of helix VII toward the

helical bundle

All of the apo macrostates exhibit an active state hallmark (Fig. 2.2A): the intracellular end of
helix VII tilts slightly inward toward the center of the helical bundle. More prominently, the extracellular
end of helix VII tilts outward, resembling the active conformation of US28. The holo macrostates show
the opposite: the intracellular end of helix VII tilts slightly outward and the extracellular end of helix VII

tilts inward, remaining in the crystal structure conformation.

2) Holo macrostates, not apo, show an active-like outward shift of the intracellular part of helix VI

in concert with helix V

Helix V and VI in the apo macrostates are not in an active conformation. Instead, it is the
holo macrostates that have the intracellular end of helix V and VI tilting outward to resemble the active
conformation (Fig. 2.2C,D), suggesting that neither apo nor holo macrostates are in an exclusively inactive
or active conformational state, despite starting from a particularly inactive crystal structure. Due to this
outward motion of helix VI, holo macrostates K and L exhibit a more open G-protein binding site compared

to holo macrostate G which is more closed (Fig. 2.1B,C). The RMSF of the allosteric ligand is larger in



Figure 2.2: Apo and holo macrostates are compared to the active crystal structure of US28 (green,
PDB ID 4XT3) or the active crystal structure of Ayp AR (yellow, PDB ID 2YDO) and the inactive
crystal structure of CCR2 (grey, PDB ID 5T1A). A) Helix VII of apo macrostates resemble the active
conformation of US28; holo macrostates resemble the CCR2 crystal structure. B) The conformation
of helix III in apo macrostates subtly resemble active Aya AR; holo macrostates are tilted away from
the center of the helical bundle. C,D) Helix V and VI of apo macrostates straighten or tilt in toward
the center of the protein, similar to the active conformation of US28 and the inactive CCR2 crystal
structure; helix V and VI of several holo macrostates tilt away from the binding sites, accessing more
active-like conformations than the apo macrostates or even the active state of US28. E) Helix II in the
apo macrostates shifts inward; in the holo macrostates it shifts outward. F) In licorice are conserved
motifs TYR 305733 and TYR 222338, All six apo metastable state assume a new conformation for
TYR 30573, pointing intracellulary and in a similar conformation to active A5 AR. Six out of the
seven holo metastable states have TYR 305733 in the same conformation as the equilibrated crystal
structure. Post-ligand-dissociation holo state L assumes a new position of TYR 30573, more similar to
the dominant apo conformation. Apo metastable states sample a narrower range of conformations for
TYR 22238 than holo.



macrostates K and L, indicating that the inactive (inward) conformation of helix VI may play a critical role

in stabilization of the allosteric ligand (SI Appendix, Fig. 2.6).

3) Apo macrostates show an active-like upward shift and lateral movement of helix III

Apo macrostates also resemble the active conformation by the slight upward shift of helix III;

unlike holo macrostates, which remain in a position similar to the inactive crystal structure (Fig. 2.2B).

4) The rearrangements of conserved microswitches suggest that apo macrostates resemble active

states, and holo macrostates resemble inactive states

a) NPxxY motif (Tyr 3057°%). In the inactive conformation of GPCRs, Tyr 3057->3 points towards
helices I, II, or VIII (in CCR2, it points toward II), and in the active state Tyr 3057~ points toward middle

axis of helical bundle[15]. Each apo macrostate shows Tyr 305753

pointing downward into the intracellular
(G-protein) binding pocket (Fig. 2.2F). This positioning of Tyr 30573 matches the intermediately-active
conformation of Aya AR, which also points down. It does not match the active conformation in US28 that
points up, and is also distinct from the inactive crystal structure of CCR2. In six out of the seven the holo

57.53

macrostates, Tyr 30 is stabilized in the inactive state and matches the inactive CCR2 crystal structure

conformation as well as the inactive chemokine receptor crystal structures of CCR5 and CCR9.

5733 is not stabilized in the inactive conformation is accessed

The holo macrostate in which Tyr 30
after the orthosteric ligand dissociates (State L, Fig. 2.1C, 2.2F); the allosteric pocket residues rearrange
and Tyr 30573 assumes a downward conformation similar to the apo states and CXCR4. These concerted
events may indicate allosteric cross-talk between the chemokine binding site and the G-protein binding
site.

b) The microswitch residue Trp 2565%5, and the interaction of the DRY motif (Arg 138>°0) with
Tyr 22258 Apo and holo macrostates both maintain the same chi angle of the conserved microswitch
residue Trp 256%*® which describes an active GPCR when it switches from gauche to trans conformation
and facilitates the interaction of Tyr 2228 and Tyr 30573, In the CCR2 crystal structure and the crystal

structures of chemokine receptors CCRS and CXCR4, Trp 256%4% points upward and extends into the

helical core. Each apo macrostate shows Trp 256%*8 in a single conformation pointing toward helix IIT
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(SI Appendix, Fig. 2.7). In the holo macrostates, Trp 256%4% access three distinct conformations: one
resembling the crystal structure but with the helix shifted slightly outward from the helical core, another
that laterally twists toward helix V, and one conformation that points down into the helical core toward the
G-protein binding site (SI Appendix, Fig. 2.7). This third conformation, in which the orthosteric ligand
has dissociated, represented by the holo macrostate L, further suggests cross-talk between the chemokine
binding site and the rest of the protein.

The interaction of these two tyrosines and Arg 138" also characterizes an active state GPCR
[42]. In the inactive crystal structure of CCR2, Tyr 22258 points toward lipids, sterically blocked by Phe
246538 from interaction with Arg 1383% and Tyr 30573 [11]. In apo macrostates, Tyr 2228 remains
pointed toward the lipids, never swiveling around to interact with Arg 1383° or Tyr 30573 as occurs
in activated GPCR states (Fig. 2.2F). Holo macrostates actually show increased range of motion of Tyr
222538 diverging from the crystal structure and stabilizing in unique intermediate conformations. The
steric obstruction from Phe 246%38 is alleviated in both apo and holo macrostates, as Phe 246%3% swings
outward and points toward the lipids. The conformations of these microswitch residues indicate that both

apo and holo macrostates are sampling different conformations.

5) Formation of continuous water pathway suggests movement of apo towards activation

Internal water molecules, which may influence conformational changes in GPCRs by interfering
with hydrogen bonding networks of the receptor’s backbone and side chains, are postulated to be an integral
part of receptor activation in GPCRs[43-46]. Work in other GPCRs has additionally shown that activation
can allow water and sodium ion flow through GPCR core[47]. Furthermore, it has been shown that the
activation of GPCRs is voltage sensitive[48]. Our simulations enable the direct visualization of water and
sodium ion density in both CCR2 ensembles.

A continuous internal water pathway forms in apo CCR2 (Fig. 2.3A). The antagonists disrupt
this water pathway, slowing the rate of water entry to and egress from the protein core (Fig. 2.3A). An
analysis of the water occupancy per residue (SI Appendix, Fig. 2.8A) indicates that several of the high
water occupancy residues (e.g. Asp 36'2°, Ser 50!4°, Glu 235627, Lys 236528, Glu 310843, Lys 31184)

may be exposed to more water in the apo simulations than in the holo simulations simply because the
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Figure 2.3: Ligands disrupt a continuous internal water and sodium ion pathway. Average water density

over a 50 microsecond simulation of A) apo (teal) and B) holo (red). The orthosteric ligand is shown in

blue and the allosteric ligand is shown in orange. Total average sodium ion density in C) apo and D) holo.

Highest occupancy residues are depicted in cyan licorice and plotted in SI Appendix Fig. 2.8.
ligands have been removed and the water has access to the binding pockets. The other residues (e.g., Asp
78240 Tyr 80242, Asp 880, Leu 9224, Tle 93>, Gly 127°%, Tle 12834°, Glu 2917-*, and Phe 3128-?)
reside in the protein core, along the continuous pathway (Fig. 2.3A).

Class A GPCRs possess a conserved sodium binding site at Asp>>°

corresponding to Asp 88 in
CCR2[49]. The role of sodium is thought to contribute to the mechanism of receptor activation[50-52].
In particular, dynamics of activation were previously hypothesized to impinge upon the sodium binding
pocket, eventually leading to ion permeation from the sodium binding site into the cytosol[51]. A sodium
ion occupancy per residue analysis (2.3C, SI Appendix, Fig. 2.8B) indicates that, while no sodium
permeation events into the cytosol were observed in the apo trajectories, ions interact with sodium binding

site residues Asp 88250 Glu 291739, and His 29774, In holo CCR2, sodium does not interact with binding

site residues, preventing the possibility of a permeation event (2.3D, SI Appendix, Fig. 2.8B).

2.4 Effects of antagonist binding on CCR2 dynamics

Comparisons of the apo and holo MSMs elucidate the effects of antagonists on CCR2 dynamics.
Notably, apo relaxation timescales are an order of magnitude less than holo relaxation timescales (SI

Appendix, Table S2), indicating that the antagonists greatly perturb CCR2 dynamics. The motions
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described by apo and holo TIC 0 represent the most striking difference between the two systems’ dynamics.
In the apo MSM, the inter-residue distances most closely correlated with apo TIC O are all a part of the
allosteric (G-protein) binding pocket, whereas in the holo MSM, the inter-residue distances most closely
correlated with holo TIC O are all a part of the orthosteric (chemokine) binding pocket (SI Appendix, Fig.
2.9).

Apo TIC 1 represents the flipping of Trp 982 into the orthosteric drug binding site (SI Appendix,
Fig. 2.11A,B, 2.9C). In the crystal structure Trp 982 packs with the tri-substituted cyclohexane of the
orthosteric antagonist, BMS-681[11]. Without the presence of this ligand, Trp 98>0 assumes three distinct
positions. The Trp 982 conformation in the cluster at the neutral TIC (boxed in yellow, SI Appendix
Fig. 2.11A,B) most closely resembles the conformation of Trp 9829 in the active GPCR US28, which
is shifted slightly up and in towards the helical core in comparison to the CCR2 crystal structure. The
two other conformations are found at the extreme ends of apo TIC 1 in densely populated free energy
wells. Of these two conformations, state F assumes the most dramatic conformation and protrudes into the
chemokine binding site (SI Appendix, Fig. 2.10). In the holo macrostates there is markedly less intrusion
into the binding pocket due to the presence of the ligand.

Holo TIC 1 represents the concerted movement of 5 pairs of residues in the orthosteric ligand
binding site during orthosteric ligand dissociation (SI Appendix, Fig. 2.11C,D, Fig. 2.9D). The separation
projected in the first two TICs (SI Appendix, Fig. 2.11D) is divided into clusters of frames that occur
before (white clusters), during (grey), and after (black) dissociation. The residue pairs identified by TICA
that contribute to holo TIC 1 and this ligand dissociation (SI Appendix, Fig. 2.9D) were confirmed by
analyzing the original simulation data. The key changes are the change in distance between Tyr 49! -
Thr 292749, Trp 98260 - Tyr 120°32, Ser 50'4° - Tyr 25931, and the chi angle of Glu 2917-3°. Notably,
four of these residues (Tyr 49!3°, Trp 9820, Tyr 12032, and Thr 29274%) are not only involved in binding
to the co-crystallized orthosteric antagonist BMS-681 and/or CCL2 binding, but are also critical for GPCR
activation [53, 54].

The positioning of the orthosteric ligand and the conformation of Trp 982 are closely linked (SI
Appendix, Fig. 2.11C, Fig. 2.12). After ligand dissociation, in holo states K and L (purple and white,

respectively), Trp 9826 turns towards helix III, bending slightly inward toward the chemokine binding site.
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Prior to ligand dissociation, Trp 982" has two distinct conformations. In the first conformation (states I
and G, yellow and black), the ligand positions itself between helices I and VII, in the same conformation

as the crystal structure. Trp 9820

is constrained in a downward position, pointing intracellularly, also
resembling the CCR2 crystal structure conformation and the crystal structure of chemokine receptor CCRS.
In the second conformation (States H and J, cyan and grey), Trp 982 flips up and out of the binding
pocket, pointing extracellularly, and the ligand moves between helices I and II. This conformation of Trp
9829 more closely resembles CCRO (SI Appendix, Fig. 2.13). The third conformation of Trp 98 is
found in State M (red), and is the most prominent position of the residue as it extends deeper into the
chemokine binding site toward helix III. In this case, the ligand interacts with helices II, IV, and V, and
there are no transitions from this state to a dissociated state.

As in the apo MSM, the absence of the orthosteric ligand causes a shift in the position of Trp
98269 In the holo simulations shown in SI Appendix, Fig. 2.14, the dissociation event is preceded by
a doubling of the distance between Trp 98>0 and Tyr 120°32, and 3 us after dissociation the distance
returns to its previous 0.4 nm. This increase in distance may be required for the ligand to begin the process
of dissociating. Another drastic change during the dissociation event is the switch of Glu 2917 from
a constrained chi angle of -50 to -100 degrees to an unconstrained chi angle (SI Appendix, Fig. 2.15).
After dissociation, this angle more closely resembles the conformation in all apo simulations. Glu 2917-3
is a key mediator of many CCR?2 antagonists[55], but there is no direct interaction between Glu 2917
and the orthosteric antagonist in the CCR2 crystal structure[41]. That the conformation of Glu 29173
switches after dissociation suggests that Glu 29173 is involved in ligand stabilization despite not directly
interacting with the ligand.

In the CCR2 crystal structure, there is a hydrogen bond between Tyr 4913 and Thr 29274°. The
gamma-lactam secondary exocyclic amine of the orthosteric ligand forms a hydrogen bond with the
hydroxyl of Thr 292740 and the carbonyl oxygen of the gamma-lactam forms a hydrogen bond with
Tyr 493, During simulation, the distance between Tyr 49!3 and Thr 29274° remains stable until 3 ps
after the ligand dissociates, when it begins fluctuating (SI Appendix, Fig. 2.16). This suggests that the

orthosteric ligand dissociation breaks the hydrogen bond between these key ligand binding residues. This

motion is captured in the holo MSM: the separation of the two residues is exemplified between States H
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(pre-dissociation) and L (post-dissociation) in SI Appendix, Fig. 2.16.

Finally, the faster dominant motions (TICs 2, 3, 4) in the holo MSM consist of rearrangements in
the allosteric ligand binding site, suggesting that an allosteric rearrangement must first happen in order
for the orthosteric ligand to dissociate. Further evidence for this is the observed correlated motion of the
downward flip of the conserved residue Tyr 30573 in the G-protein binding site with the dissociation of
the orthosteric ligand from the chemokine binding site.

Overall, holo macrostates show more helical tilting and binding site expansion, which increases
the solvent-accessible surface area (SASA) when compared to the crystal structure and the apo macrostates.
However, the apo simulations overall have greater residue fluctuation, suggesting that the antagonist ligands

dampen CCR2 dynamics (SI Appendix, Fig. 2.17).

2.4.1 Opening of a cryptic druggable pocket

A dramatic expansion of the extracellular (chemokine) binding site is exhibited in the holo
macrostates. The expansion is caused by a pronounced outward tilting of helix VI and slight outward tilting
of helix II in the holo macrostates, whereas the apo macrostates show the opposite, with a slight inward
tilting of both helices VI and II (Fig. 2.2C,E). The intracellular (G-protein) binding site also enlarges in
the holo macrostates due to the outward shift of the intracellular ends of helices V and VI, but remains
obstructed in all apo and holo states. In the crystal structure, this obstruction occurs by the interaction of
Arg 13830 with Asp 137°4° and with Thr 77>3° [11], which are maintained throughout all the simulations.
The outward movement of the intracellular end of helix VI and the movement of helix V toward helix VI
in states L, J, and H in the holo MSM create a putative site for novel allosteric antagonists; this pocket also
transiently appears in the apo simulations (Fig. 2.4). Computational solvent mapping[56] of this novel site
indicates that the pocket presents surfaces that are amenable to ligand binding due to its ability to bind
clusters of multiple different drug-like probes (Fig. 2.4C). The pocket can be accessed through the lipid
bilayer between helices IV and V, or from the G-protein binding site, as a deeper extension of the current
allosteric binding site of CCR2-RA-[R], and may be useful for rational drug design or modification of

current antagonists.
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Figure 2.4: A putative allosteric drug binding pocket is revealed by three holo macrostates. A) A
comparison of the CCR2 crystal structure (white cartoon) with helices V, VI, and VII (red new cartoon)
of one holo macrostate. The pocket is shown in red surface. B) A closer view of the pocket from the other
side of the protein, between helices III and V. C) Small organic probes used for computational fragment
mapping are multicolored.
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2.5 Conclusions

To characterize the basal dynamics of CCR2 and understand how small molecule antagonists
modulate these dynamics, we coupled long timescale atomic simulations and MSM theory to compare the
metastable states accessed by apo and holo CCR2 in its native membrane-embedded form.

Antagonists perturb CCR2 dynamics and kinetics, and are associated with distinct residue rear-
rangement and key motions. Several intermediate states reveal a novel cryptic binding site that could be
targeted with small molecule inhibitors. In a previous study[57], cryptic pockets predicted with MSM
theory have been experimentally confirmed and suggest that this methodology can successfully be used to
guide drug discovery efforts.

Without antagonists, CCR2 is able to access other distinct metastable states that are likely sampling
along an activation pathway. These intermediate states inform on the basal dynamics of CCR2 and may be

useful for modification of previously unsuccessful drugs.

2.6 Abriged Materials and Methods

See the SI Appendix for full Materials and Methods. MD trajectories and MSM construction

scripts are available for download[23].

2.6.1 System Preparation and Molecular Dynamics Simulations

Two systems were simulated for a total of 260 us: CCR2 holo, with both co-crystallized antagonist
ligands bound, and CCR2 apo, without ligands bound. CCR2-RA-[R] and BMS 681[11] were removed to
build the apo system. Each all-atom system is embedded in a POPC bilayer, explicitly solvated with TIP3P,
and simulated with 150mM NaCl, at pH 7.4, at 310K and 1 bar. The initial coordinates were taken from

the experimental crystal structure[11].

2.6.2 Building the Markov State Models

The MSMs were built with PYEMMA version 2.5.4 [58] and selected based on implied timescale

plots (SI Appendix, Fig. 2.18) and Chapman-Kolmogorov tests (SI Appendix, Figs. 2.19, 2.20) and

17



coarse-grained with hidden Markov models (HMMs). Representative structures were selected from each

macrostate by taking the centroid of the most populated microstate (SI Appendix, Figs. 2.21,2.22,2.23).
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2.8 SI Appendix

2.9 Methods

2.9.1 System Preparation

Two systems were simulated: holo CCR2, with both co-crystallized antagonist ligands bound, and
apo CCR2, without the ligands bound. Each all-atom system is embedded in a biologically similar POPC
bilayer and explicitly solvated with TIP3P. The initial coordinates were taken from the experimental crystal
structure[11] and simulated for 50ns MD simulations on local resources before simulation on Anton2. All
simulations are in a POPC lipid bilayer and cubic water box with 150mM NaCl, at pH 7.4, at 310K and 1
bar.

The two small molecules CCR2-RA-[R][11, 59] and BMS 681[11, 60] were deleted to build the
apo system. Both systems were protonated at pH 7.4 in Maestro-integrated PROPKA. A POPC lipid bilayer
was added to each system and solvated with TIP3 waters and 0.15 M NaCl using CHARMM-GUI[61].
The small molecules were parameterized with CGenFF[62]. System coordinates were parameterized with

the CHARMMZ36[63] force field. No restraints were added.

2.9.2 Modification of CCR2 coordinates

The coordinates for CCR2 were taken from the experimental crystal structure [11] and modified to
build the apo (unbound) and holo (dual-antagonist-bound) systems. For both systems, the T4 Lysozyme
was removed from the crystal structure and intracellular loop 3 and part of the ECL3 and N terminus
was constructed. For ICL3, a peptide containing residues 223:243 was built ab-initio, the backbones of
residues 223:231,236:243 and the side chains of residues 223:226,241:243 were tethered to their respective
positions, the receptor represented as a set of potential grid maps representing vw, el, hb, and sf "potentials”
and, and the peptide was sampled in these maps. For NT/ECL3, the protocol is similar except that 2
separate peptides are built (31:41 and 276:285), a disulfide bond is imposed between 21 and 277, and the
entire thing is sampled as above. There are several zero-occupancy side chains whose conformations are

predicted as a part of this simulation.
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Best scoring conformations of the two fragments are merged with the rest of receptor coordi-
nates and the system is minimized in its full-atom representation: first by exhaustively sampling polar
rotatable hydrogens, then by minimizing the side-chain conformers, then by Monte-Carlo sampling of
side-chain conformers, then by minimizing everything. During these steps, harmonic restraints of gradually
decreasing strength are imposed between the model and either the X-ray coordinates or the best prediction
conformations of the built regions. Towards the end of the optimization, the restraints were released almost
entirely and the complex remained stable. This was done in the presence of ligands. Zn ion and water

molecules were removed.

2.9.3 Molecular Dynamics Simulations

Both systems were minimized and equilibrated using the GPU version of AMBER12. The systems
were minimized at NPT for 15,000 total steps and were equilibrated for 2 sequential 25 nanosecond runs.
The systems were then simulated for 50 nanoseconds in the NPT ensemble at 310K and 1 bar with 2-fs
time-step and particle mesh Ewald electrostatic approximation. The additional replicates were made from
the final production output by simulating for three additional nanoseconds to scramble the input velocities.

MD simulations on Anton2 were performed on the final coordinates from the short GPU-enabled
AMBER12 simulations. The Anton 2 simulations were run in the NPT ensemble, using Anton’s Nose-
Hoover thermostat-barostat, at 310K and 1 bar with a 2.5-fs time-step and particle mesh Ewald electrostatic
approximation. The two systems were simulated for an aggregate total of 260 microseconds (SI Appendix,

Table 2.1, Fig.2.5).

e Ensemble and Constraints: After minimization, equilibration, and initial production runs, both
simulations were run as NPT ensembles using Anton’s Multigrator framework. No constraints were

used in the simulations.

e Boundaries: The fully solvated systems are cubic with X, Y, Z unit lengths of 72 A, 72 A, and 103 A

respectively.

e Force Fields: CHARMM?36 force field with TIP3P waters; small molecule ligands were parameter-

ized with CGenFF.
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e Atom Count and Types: Each system contains 55,000 atoms. The systems are composed of the

protein, POPC lipids, water, small molecule drugs, Na+, and Cl-.

2.9.4 Trajectory Preparation

MD trajectories were processed using VMD[64]. All frames were aligned to the first frame using
all residues of the protein. The frame rate for trajectories was 240ps, the standard for Anton2 simulations.
The trajectories were converted into NAMD’s .dcd trajectory format for analysis with PYEMMA[58],

MSMBuilder[65], and in-house scripts.

2.9.5 Markov State Models

A Markov State Model (MSM) is a time-dependent master equation that describes the probability
of transitioning between discrete states at a fixed time interval. These models are required to have the
Markovian property (i.e., the probability of transitioning between discrete states is independent of previous
transitions). By clustering protein structures extracted from an MD trajectory, discrete conformational
states can be identified for use in MSMs[32, 65-67]. Transitions between conformational clusters observed
over the course of an MD trajectory are tallied, and the MSM is then built from the transition probabilities
between these distinct clusters. MSM/MD analysis provides access to the thermodynamic, kinetic, and
structural characteristics of the protein conformational ensemble (i.e., a robust description of the free-
energy landscape of the protein)[32, 65-69]. The thermodynamics of the various conformational states
can be calculated from the equilibrium distribution. It is also possible to resolve the transition kinetics
between individual states, the concerted or principal protein motions, metastable states, and the transition
pathways between discrete states[65, 67, 68]. Lastly, the source molecular dynamics simulations provide

representative cluster structures for use in structure-based drug design[69].

2.9.6 Building the Markov-State Models

We used time-structure independent component analysis (TICA)[35, 36, 70] starting with all
pairwise inter-residue distances to perform dimensionality reduction and identify the features and collective

variables (time-structure based independent components (TICs)) that best represent the dominant slow
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motions in the apo and holo simulations. To reduce the number of pairwise distances to a manageable
number, we employed an iterative TICA feature selection approach. First, TICA was run on a curated
starting set of hundreds of distances between transmembrane helices. Features with low TIC correlation
were then removed from the set and TICA run on the resultant new basis. In this iterative fashion, we
selected 22 representative features, listed below. These resultant features are the 22 sets of distances
between residues in the orthosteric and allosteric ligand-binding pockets (Fig. 2.1A).

The apo and holo systems were clustered separately using K-means. Two MSMs were built: one
MSM was built on the apo data and a second MSM was built on the holo data. In each case, the data was
projected separately into TICA space and the trajectory frames were clustered using K-means clustering
implemented in PYEMMA[58]. The MSMs were selected based on implied timescale plots (SI Appendix,
Fig. 2.18) and the Chapman-Kolmogorov test[32] was used to test the consistency between the MSMs and
the MD simulations (SI Appendix, Fig. 2.19, 2.20). The apo MSM has a lag time of 14.4 nanoseconds
and 665 clusters; and the holo MSM has a lag time of 48 nanoseconds and 790 clusters. The MSMs
were coarse-grained using hidden Markov models (HMMs)[71] to identify metastable macrostates and
transitions between those states. The apo MSM is coarse-grained into six macrostates; the holo MSM into
seven macrostates (Fig. 2.1B,C). A representative structure for each macrostate was selected by taking the
centroid of the most populated microstate, using MSMBuilder[65] (SI Appendix, Fig. 2.21,2.22, 2.23).

Set of 22 Features:

Ile 40, Asn 199; Tyr 222, Arg 138; Tyr 305, Arg 138; Tyr 305, Tyr 222; Tyr 49, Thr 292; Tyr 120,
Glu 291; Tyr 120, Tyr 259; Glu 291, Tyr 259; Tyr 49, Trp 98; Trp 98, Tyr 120; Trp 98, Glu 291; Trp 98,
Thr 292; Tyr 49, Tyr 259; Phe 246, Leu 81; Ile 245, Leu 134; Ile 245, Leu 81; Val 244, Tyr 305; Tyr 305,

Leu 81; Tyr 305, Val 63; Tyr 305, Leu 134; Tyr 305, Leu 67; Leu 67, Val 244.
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Table 2.1: System Information

Apo Holo

Simulation Number 1 2 3 1 2 3
Simulation Time in mi- | 50 50 10 50 50 50
croseconds
Ligands Bound None BMS-681 and

CCR2-RA-[R]
Number of Atoms 53,097 53,077
Membrane Lipids POPC
Water Model TIP3P
Force Field CHARMM36 FF

Box Dimensions

72 A, 72 A,103 A
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sites. A) Distribution of distances in macrostates K, L and G between residues Gly 224 and Asp 78 in the
intracellular regions of helices VI and II. B) RMSF of the allosteric ligand in holo macrostates K, L, and

G.
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Figure 2.7: Trp 256%*% compared to the apo and holo macrostates and the crystal structures of CCR2
(PDB ID: 5T1A; grey, black) CCR5 (PDB ID: 4MBS; blue) and CXCR4 (PDB ID: 4RWS; mauve). A)
Each apo macrostate shows Trp 256%4? in a single conformation pointing toward helix III. In the holo
macrostates, Trp 256548 access three distinct conformations: one resembling the crystal structure but
with the helix shifted slightly outward from the helical core, another that laterally twists toward helix V,
and one conformation that points down into the helical core toward the G-protein binding site.
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Figure 2.8: Ligands disrupt a continuous internal water and sodium ion pathway. A) Water occupancy
per residue in all apo (teal) and holo (red) simulations. B) Sodium ion occupancy per residue in all apo
and holo simulations.
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Table 2.2: Relaxation timescales for the apo and holo MSMs. Units are in microseconds.

[ Apo | 3216ps [ 577pus [ 1ldps [ 90us | 42us | 28ps | 24ps | 17ps | 13pus [ 13ps |
| Holo | 22469pus [ 286.8us | 849pus | 59.0pus | 443pus | 216ps | 82pus | 77ps | 44ps | 39ps |
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Figure 2.9: The absolute magnitude of each input feature in A) apo TIC 0, B) holo TIC 0, C) apo TIC
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1, and D) holo TIC 1. Each bar represents the absolute magnitude of one inter-residue distance. Blue
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Figure 2.10: A) The shape of the chemokine binding site of apo state F in comparison to the crystal
structure. Without the ligand, the binding site expands and rotates toward helices IV, V, and VI, and
extends between helices I and VII. B) The conformations of Trp982% in apo state F and the crystal
structure. Trp982% protrudes into the pocket in the absence of ligands.
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Figure 2.11: A) In apo CCR2, TIC 1 represents Trp 98>0 in three distinct positions. In gray is the
crystal structure; in green is the active crystal structure of US28; in blue and yellow are transitions, and
in magenta is the most dramatic conformation. Each conformation is plotted on the free energy in TICA
space in B). C) In holo CCR2, the positioning of the orthosteric ligand and the conformation of Trp 98260
is closely linked. Shown in light silver cartoon is CCR2 5T1A; Trp 98> is displayed as purple in state
K, white in state L, gray in state J, cyan in state H, yellow in state I, black in state G, and red in state
M. D) Holo CCR2. White circles are clusters of frames before any ligand dissociation. Grey circles are
clusters of frames during the event. Black circles are clusters of frames after the event.
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Figure 2.12: Trp 9820 extends farther into the chemokine binding site in apo CCR2 than in the holo
crystal structure and holo macrostates. A side view of the CCR2 crystal structure (grey) and Trp 9820
(bright white) compared to A) the apo (cyan) and holo (red) macrostate conformations of Trp 982° B)
the holo conformations, and C) the apo conformations. The extracellular-to-intracellular view of A)-C).
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Figure 2.13: A) Trp 987 in holo states H and J (cyan and grey) compared to CCR9 (dark blue) and the
CCR2 crystal structure (white). Inset depicts the extracellular-to-intracellular view of A).
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Figure 2.14: A) Distance between residues Trp 982%° and Tyr 120332 over simulation time. Dissociation
event noted by blue line. B) Conformation of CCR2 before (teal) and after (purple) ligand dissociation.
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Figure 2.15: A) Chi angle of Glu 291 over simulation time. Dissociation event noted by blue line. B)
Conformation of CCR2 before (teal) and after (purple) ligand dissociation.
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Figure 2.16: Orthosteric ligand dissociation breaks the hydrogen bond between key ligand binding
residues. A) Distance between residues TYR 49'-3% - Thr 292 over simulation time. Dissociation event
noted by blue line. B) Conformation of CCR2 before (teal) and after (purple) ligand dissociation. C)
The distance between Ser 50'4? and Tyr 259! over simulation time. This distance is also a contributor
to holo TIC 1, and shows the same outward movement of helix I. There is a slight decrease in distance
between the residue pair, followed by the same lag time of 3 us, and finally an increase in distance as the
extracellular end of helix I bends away from the helical bundle. D) Conformation of CCR2 before (teal)
and after (purple) ligand dissociation.
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Figure 2.17: A) RMSF of each residue for individual simulations of apo and holo CCR2. B) SASA for
each metastable macrostate of apo and holo, compared to the CCR2 crystal structure.

36



106 Implied Timescale Plot with Errors: Apo Data 107 Implied Timescale Plot with Errors: Holo CCR2

timescale / ns

30 . 60
lag time /ns lag time /s

Figure 2.18: Implied timescale plots for A) apo and B) holo CCR2.
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Figure 2.19: CK Test for apo CCR2.
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Figure 2.21: The centroid of apo macrostate A, in orange, is compared to A) the 214 other microstate
centroids in white (average RMSD of alpha helices from representative structure: 2.01 A, standard
deviation 0.50 A), and B) the 1,024 frames from its microstate in white (average RMSD of alpha helices
from centroid: 0.872 10\, standard deviation 0.139 A). C) Helix VII of the same microstate (average
RMSD from centroid: 1.035 A, standard deviation 0.259 ;\.)
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Figure 2.22: The apo macrostates.

41



Figure 2.23: The holo macrostates.
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Chapter 3

Best Practices for Analysing Microbiomes

3.1 Abstract

Complex microbial communities shape the dynamics of various environments, ranging from the
mammalian gastrointestinal tract to the soil. Advances in DNA sequencing technologies and data analysis
have provided drastic improvements in microbiome analyses, for example, in taxonomic resolution, false
discovery rate control and other properties over earlier methods. In this Review, we discuss the best
practices for performing a microbiome study, including experimental design, choice of molecular analysis
technology, methods for data analysis and the integration of multiple -omics data sets. We focus on recent
findings that suggest that operational taxonomic unit-based analyses should be replaced for new methods
that are based on exact sequence variants, methods for integrating metagenomic and metabolomic data and
issues surrounding compositional data analysis, where advances have been particularly rapid. We note that
although some of these approaches are new, it is important to keep sight of the classic issues that arise
during experimental design and relate to research reproducibility. We describe how keeping these issues in

mind allow researchers to obtain more insight from their microbiome data sets.
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3.2 Introduction

Advances in DNA sequencing technologies have transformed our capacity to investigate the
composition and dynamics of complex microbial communities that inhabit diverse environments from
mammalian gastrointestinal tracts to deep ocean sediments. These developments have led to vast increases
in the number of microbiome studies being performed in many fields of science, from clinical research
to biotechnology. With this transformation, researchers are often left holding massive amounts of data
and confronted with a bewildering array of computational tools and methods for analyzing their data.
Conducting a robust experiment is not trivial in microbiome research, and as with any study, experimental
methods, environmental factors and analysis methods can impact results. Standards for data collection and
analysis are still emerging in the field, yet many compelling results can be achieved with current practices.

Microbiome analysis methods and standards are rapidly advancing. In particular, recommendations
concerning differential abundance testing, using exact sequence variants rather than operational taxonomic
units (OTUs) and performing correlation analysis have evolved quickly in the past two years. We can expect
a similar pace of development in several other areas, including metagenomic taxonomy and functional
assignment; integration of data sets from multiple sequencing runs; and further improvement in machine
learning, compositional data analysis and multi-omics analyses. However, many of the most fundamental
issues that concern microbiome studies arise from statistical and experimental design issues. The most
important challenge for the field is to integrate new approaches that are unique to microbiome studies,
while remembering standard practices that are broadly applicable to all scientific studies.

Although it is impossible to be fully comprehensive in one article, this Review aims to provide
straightforward guidelines for designing, executing and analyzing a microbiome experiment, with particular
focus on human, model organism and environmental microbiomes. We direct the reader to more specialized

reviews on specific topics where these exist.

3.3 Experimental design.

Designing an experiment that generates meaningful data is an important first step in your analysis.

Typical scientific questions, such as case-control and longitudinal interventions or studies can all be studied
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in the context of the microbiome. Researchers can identify potential differences in microbial community
structure and composition, genetics, or functional variation either between separate communities or over
time. Notably, the general approach to microbiome analysis is applicable regardless of sample origin (Box
1). However, specific details of the analysis may depend on the sample origin; for example, 16S ribosomal
RNA (rRNA) amplicon regions have variable success among different sample types in recapitulating results
from metagenomic sequencing data [1].

The other primary considerations when assessing different sample types are experimental design
and sample collection. We have observed many confounding issues during human microbiome studies and
therefore we emphasize the importance of experimental design when performing these studies, though
often many of the same considerations apply to animal models and environmental samples (Box 2).

Meticulous experimental design is crucial for obtaining accurate and meaningful results from
microbiome studies. Many confounding factors, if not controlled, can obscure patterns in microbiome
data (Figure 3.1). Careful curation of metadata, appropriate controls including extraction and reagent
blanks, and thoughtful study designs that isolate and interrogate variables of interest are all essential. First,
the scope of the experiment must be defined, and an appropriate experimental design selected for the
question of interest. For example, cross-sectional studies are useful for finding differences in microbial
communities between different human populations, such as healthy individuals and those with diseases, or
individuals living in different geographic regions. However, due to the large variation in the microbiome
between individuals and the profound influence of lifestyle [2, 3], diet [4], medication [5, 6] and physiology,
differences between populations may arise from factors other than the disease of interest. For example,
initial reports of changes in the microbiome in diabetic individuals were confounded by effects of the drug
metformin [5].

Longitudinal studies, especially prospective longitudinal studies that collect baseline samples
before disease onset, can help resolve these issues, although they are more expensive. For ease in
downstream statistical analyses, longitudinal studies should plan the timing of sample collection carefully:
for human studies, this may mean collecting samples at identical time points for each subject. Interestingly,
community instability rather than the specific taxa present at a single time point can be a strong predictor

of disease activity [7]. For example, individuals with inflammatory bowel disease (IBD) exhibit greater
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Figure 3.1: Experimental design considerations for microbiome experiments. Conducting a robust
microbiome experiment warrants careful attention to numerous factors. Stratification by potential
confounders (for example, age, gender, diet, lifestyle factors and medications) can help resolve differences
in microbiota between groups of interest which might otherwise be masked by a confounder-effect [5].
Longitudinal studies are especially powerful as they both control for confounding factors and allow for
the assessment of community stability [7]. Similar considerations apply to animal studies, though the
additional impact of coprophagy must be addressed in experimental design. For all studies, standardizing
technical factors and sample processing is essential to control for variation introduced by kit reagents,
primers, sample storage, and other factors. The collection and curation of metadata about all aspects
of each sample, from clinical variables to sample processing, is crucial for data interpretation; without
metadata, it is difficult to draw meaningful conclusions from sequencing data.
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microbiome fluctuations than control cohorts [7]. Interventional studies, including double blind randomized
control studies, are especially useful for identifying specific effects of a course of treatment on the
microbiome and disease state. Designing a study with an analysis plan and specific experimental questions
to interrogate can help determine the sample size. For example, to test the effects of a new broad-spectrum
antibiotic on the mouse gut microbiota, more samples may be required to look at specific taxa shifts
compared to assessing how alpha diversity (a quantitative measure of community diversity) changes with
antibiotic treatment, as baseline microbiota composition varies between mice. The antibiotic may be
expected to decrease alpha diversity in all mice, but it could perturb their microbial community composition
in different ways. For any study design, appropriate methods to assess statistical power should be employed
in order to discern technical variability and real biological results [8]. However, statistical power and effect
size analysis remains a challenge in microbiome research [9]. Some methods that are currently used for
power and effect size analysis are based on PERMANOVA [8], Dirichlet Multinomial [10] or random forest
analysis [11]. As these methods are further developed to integrate metagenomics, metatranscriptomics,
metaproteomics and metabolomics data sets, study design and selection of appropriate sample size will also
improve. For specific experimental design considerations, we recommend reviewing the design of other
successful studies with similar sample types and desired outcomes. We expand on important considerations

for microbiome experimental design below.

3.4 Box 1. Good working practices.

It is crucial for microbiome analyses to be reproducible. Similar microbiome studies can often
have conflicting results, and without proper documentation of sample collection, data processing, and
analysis methods, it is difficult to re-examine the data and reconcile these differences. As the field evolves,
it will be necessary to revisit early experiments and potentially re-analyze the data with updated tools.
Reproducibility is paramount for this process to be possible and efficient. When collecting samples, details
of the collection process should be recorded in the experimental metadata to ensure that as much variability
as possible is accounted for. Additionally, the Genome Standards Consortium minimum information

standards (MIxS) for marker genes (MIMARKS) and metagenomes (MIMS) [12] should be adhered to.
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These unified standards enable comparisons across data sets. During bioinformatics processing, researchers
should track all of the commands that they ran and all software versions that they used, and deposit their
raw data and metadata in public repositories. We recommend using tools such as Jupyter Notebooks
(http://jupyter.org) or R Markdown (https://rmarkdown.rstudio.com/) to facilitate this, and then storing the
notebooks in a revision control management system such as GitHub (https://github.com). Some software
packages, such as QIIME 2 [13] (https://qiime2.org) and Galaxy (https://usegalaxy.org/) automatically
track this information for researchers through an integrated data provenance tracking system. Qiita
(http://qiita.microbio.me) and EBI (http://www.ebi.ac.uk/) are powerful meta-analysis and data archiving
tools, respectively, and when combined allow a researcher to analyze their microbiome data in the context

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

3.5 Box 2. Considerations for different microbiomes.

Although microbiome data analysis methods are widely applicable to many sample types and
environments, experimental design, and method selection require careful consideration for different sample
types. First, one must consider the composition of the sample and feasibility of use for different methods.
For samples that are heavily contaminated with non-microbial DNA, such as tissue, shotgun metagenomic
sequencing may not be feasible without non-microbial DNA depletion. Depending on the experimental
question, samples heavily contaminated with relic DNA from dead microorganisms, such as soil, may
require physical removal of relic DNA by propidium monoazide [14] or other methods prior to DNA
extraction. The amount of sample to collect is also determined by sample type. Whereas a high biomass
fecal sample may only require a swab, samples with low microbial density may necessitate larger volumes
and potentially concentration for sufficient DNA extraction. For example, ocean microbiome samples
are usually large volumes of water run though a filter to trap and concentrate the target organisms prior
to DNA extraction [15]. Though in all cases appropriate controls should be included, low biomass
environments, such as blood, spinal fluid or laboratory clean rooms, particularly necessitate controls that
have gone through the entire sampling process to fully characterize contaminants. DNA contaminants can

be found in numerous reagents, including swabs, DNA extraction kits and PCR reagents [16]. Furthermore,
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the method of sample preservation is both dictated by analysis method and sample type. For example,
metatranscriptomics requires an RNAse inhibitor and metabolomics requires sample preservation that does
not interfere with metabolite extraction or data collection. In addition to sampling considerations, study
design and metadata collection also require careful tailoring to sample type and environment. For example,
animal studies require an evaluation of co-housing cage effects and should stratify experimental groups
into multiple cages. Fresh samples should be collected and the mouse of origin should be recorded in the
metadata. Environmental samples require collection of metadata related to environmental conditions, such
as pH, salinity, elevation, and depth for soil samples. The manner of collection is highly dependent on
sample type and cannot be detailed for all possible samples in this Review. We recommend consulting well-
validated protocols related to the sample type of interest. In any case, methods of collection, preservation,
and storage should remain consistent across all samples in a study to avoid introducing confounding
variation. Sample composition can be effected by outgrowth of certain microorganisms during storage at

room temperature [17].

3.5.1 Defining controls and exclusion criteria.

Defining clear inclusion and exclusion criteria limits confounding covariates. For instance,
variability in recovery time from antibiotics among individuals [18] suggests that individuals that were
treated with antibiotics in the preceding 6 months should be excluded from most microbiome studies.
Similarly, recovery of the skin microbiome after hand washing takes "2 hours[19]. In case-control
experimental designs, controls must be appropriately selected and matched. Age and sex are common
control criteria, despite the relatively weak effect of sex on most human microbiomes across body sites [20,
21], while other variables such as medication and diet are often more important confounders to control for.
The relative effect sizes of these microbiome variables are still emerging[9]. Collection of comprehensive
clinical data collection is crucial for identifying confounders that cannot be controlled. This topic has been
extensively reviewed in Ref. [22]. Environmental studies must also account for similar confounders, as
plot-to-plot variation is a widely recognized confounding phenomenon in the ecological literature that

should be addressed with nested statistical tests [23].
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3.5.2 Animal models.

The predominant animal models for studying the microbiome are rodents, such as mice. Other
models with varying microbial complexity such as bobtail squid, insects or zebrafish are often useful
for studying specific interactions between host and microorganisms (for example, how the microbiome
and the host genetics influence each other) [24]. Nevertheless, rodents are often preferred because they
are well-characterized and have many physiological similarities to humans. Rodent microbiome studies
require particularly careful design. As rodents are coprophagic, cagemate fecal microbiomes become
more homogenous over time, so experiments must be replicated across multiple cages to control for cage
effects [25]. Parental effects also necessitate randomizing littermates between cages and allowing for
normalization. Single-housing stresses mice [26], and is thus often technically or ethically infeasible. Even
genetically identical rodents may differ in their microbiomes due to environmental factors including diet,
litter, vendor, shipment and facility [27, 28]. Additionally, early life microbial exposures greatly impact
the established microbiota and can influence immune system development [29]. Similar considerations

apply to other co-housed model organisms, for example, zebrafish [30].

3.5.3 Technical variation.

Technical variability among experimental methods ranging from DNA extraction to sequencing is
high [31, 32]. The same reagent kits must be used for all samples in a study [16], and multiple baseline
samples should be collected to assess intrinsic variability among time points in longitudinal studies. Using
blanks during sampling, DNA extraction, PCR and sequencing is essential for detecting contamination.
Reads that are derived from microorganisms introduced as contaminants or that grow during shipping
can sometimes be reduced during analysis [17], though samples should be at -80 ¥C when possible [33].
For field studies or other situations where freezing is not possible, ambient storage methods, such as 95%
ethanol or commercial products such as RNAlater or the OMNIgene Gut kit can be used [34]. Mock
communities (reference samples with a known composition) are useful for standardizing analyses [35],
as is including the same standard specimens in each DNA sequencing run [36]. In general, reconciling

microbiome data that were generated using different methods remains an unsolved challenge.
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Depending on the scope of their experiment (which includes the overall experimental design,
sample types and source, sequencing method, and other factors that are discussed below), researchers can
aim to gain a broad, community-level overview of their samples, a detailed genomic-level understanding,

or even characterization of the functional variation in microbial communities.

3.6 Sequencing targets and methods.

Different methods for surveying microbial communities, including marker gene, metagenome,
and metatransciptome sequencing, can produce varying results. All widely-used methods have strengths
and weaknesses, so the question, hypothesis, sample type and analysis goals should inform the choice
of method (Table 1). Here we discuss the trade-offs between cost, robustness, resolution and difficulty
for marker gene, metagenome and metatranscriptome sequencing. We outline the best workflow for each
method in Figure 3.2. To attain a high-level, but low resolution overview, the preferred method is marker
gene sequencing. Metagenomic sequencing provides more detail by analyzing the total DNA in a sample,
allowing strain-level resolution and detection of genes that can provide information on molecular functions.
We also discuss metatranscriptomic sequencing of total RNA, which is used to characterize gene expression

in the microbial community.
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Table 3.1: Pros and cons of genomic analyses for evaluating microbial communities

Method Pros Cons
- Quick, simple and inexpensive sample preparation and analysis [13, - No live/dead/active discrimination
37]
Marker - Correlates well with genomic content [38-42] - Subject to amplification biases [43]
gene - Amenable to low biomass and highly host-contaminated samples - Choice of primers, and variable region magnifies biases [44—46]
analysis - Large existing public data sets for comparison [22, 37, 47] - Requires a priori knowledge of microbial community [48]
- Resolution typically limited to genus level at best
- Appropriate negative controls required
- Functional information is limited [40, 41]
- Can directly infer the relative abundance of microbial functional genes, - Relatively expensive, laborious, and complex sample preparation and
microbial taxonomic and phylogenetic identity to species/strains level is analysis
Whole attainable known organisms [49]
metagenome | . Does not assume knowledge of microbial community (that is, captures - Contamination from host-derived DNA and organelles may obscure
analysis phage, viruses, plasmids, microbial eukaryotes, etc.) microbial signatures
- No PCR-related biases - Viruses and plasmids are not typically well annotated by default
pipelines
- Can estimate in situ growth rates for target organisms with sequenced - Deep sequencing depths are typically required relative to other meth-
genomes [50] ods
- Can allow assembly of population-averaged microbial genomes [51, - No live/dead/active discrimination
52]
- Can be mined for novel gene families - Population-averaged microbial genomes tend to be inaccurate due to
assembly artifacts
- Can estimate which microorganisms in a community are actively tran- - Most expensive, laborious, and complex sample preparation and anal-
Metatran- scribing when paired with marker gene analysis ysis [53]
scriptome - Inherently discriminates between active live organisms versus dormant - Host mRNA contamination and rRNA must be removed [54-56]
analysis or dead microorganisms and extracellular DNA

- Captures dynamic intra-individual variation51

- Directly evaluates microbial activity, including response to interven-
tion/event exposure [57]

- Requires careful sample collection and storage
- Data is biased toward organisms with high transcription rate

- Requires paired DNA sequencing to decouple transcription rates from
bacterial abundance changes
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3.6.1 Marker gene analysis.

Marker gene sequencing uses primers that target a specific region of a gene of interest in order
to determine microbial phylogenies of a sample. This region typically contains a highly variable region
that can be used for detailed identification, flanked by highly conserved regions that can serve as binding
sites for PCR primers. Marker gene amplification and sequencing (such as 16S rRNA for bacteria and
archaea and internal transcribed spacer (ITS) for fungi) is a well-tested, fast and cost-effective method
for obtaining a low resolution view of a microbial community. This approach works well for host DNA
contaminated samples, such as tissue and low-biomass samples. However, because DNA sequences vary
in these primer-amplified regions, primers do not have equal affinity for all possible DNA sequences,
and consequently induce bias during PCR amplification. Other sources of inherent bias in marker gene
sequencing include variable region selection, amplicon size [44], and the number of PCR cycles [43].
Low-biomass samples are particularly susceptible to bias introduced by over amplification as the PCR
cycle number increases, contaminating microorganisms are increasingly over-represented [16]. Optimizing
primer selection can help mitigate bias, but this requires a priori knowledge of microbial community
composition to assess taxonomic resolution and coverage of the target community [48]. However, even
well-optimized primers are often limited to genus level taxonomic resolution. Marker gene sequencing
generally correlates well with genomic content [38—42] and is applicable to the broadest range of sample

types and study designs.

3.6.2 Whole metagenome analysis.

Metagenomics is the method of sequencing all microbial genomes within a sample. Metagenomic
sequencing yields more detailed genomic information and taxonomic resolution than marker gene sequenc-
ing alone, but it is relatively expensive to prepare, sequence and analyze the samples. This method captures
all DNA present in the sample, including viral and eukaryotic DNA. Given adequate sequencing depth
(the number of sequencing reads per sample), taxonomic resolution to species or strain level [49] and the
assembly of whole microbial genomes from short DNA sequence reads is possible [51]. However, de

novo annotation of functional genes is not possible in such settings. Metagenomic sequencing profiles
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Figure 3.2: Best workflow for 16S ribosomal RNA, metagenomic, and metatranscriptomic sequencing.
After careful design and sample collection, microbiome data is generated from 16S ribosomal RNA
(rRNA), metagenomic or metatranscriptomic sequencing. After performing 16S rRNA sequencing,
we recommend using Deblur[58] to resolve sequence data into single-sequence variants called sub-
operational taxonomic units (sOTUs). Although DADA?2 and Deblur achieve the similar results, Deblur is
an order of magnitude faster than DADAZ2, is parallelizable, and shows greater stability (that is, it obtains
the same sOTUs across different samples) [58]. Metagenomics and metatranscriptomics first require
pre-processing to remove either host DNA or rRNA and host RNA. The resultant sequencing data can be
analyzed by either read-based profiling using state-of-the-art tools such as Kraken [59], Megan [60], or
HUMANN [61], or by assembly-based analyses, with tools such as metaSPAdes [62] and MEGAHIT [63].
For each of these three methods, higher level analyses (for example, alpha and beta diversity, taxonomic
profiling and machine learning) are subsequently used to find overall patterns in microbiome variation.
Random Forests regression has been effective in many applications, ranging from dating time since death
of a corpse [64] to providing an index for microbiome maturation [65]. SourceTracker [66], a Bayesian
estimator of the sources that make up each unknown community, is useful for classifying microbial
samples according to environment of origin [67].
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the functional capacity of an entire community at the gene level [61], moving well beyond the limits of
marker gene analysis. However, biases that are introduced by library construction, assembly and reference
databases for annotation are less understood than biases that exist in well-characterized marker gene
approaches. As the metagenomics field matures, these annotation steps will continue to be improved and

validated. For a comprehensive review on metagenomics, we direct the reader to Ref. [68].

3.6.3 Metatranscriptome analysis.

Metatranscriptomics uses RNA sequencing to profile transcription in microbiomes, providing
information on gene expression and the active functional output of the microbiome. Metatranscriptomics
differs from both marker gene and metagenomic sequencing that sequence DNA in a sample, regardless
of cell viability or activity. Although there are methods for depleting relic DNA from dead cells [14],
sequencing microbial RNA provides better insight into the functional activity of a microbial community,
though it is biased towards organisms with higher rates of transcription. It is worth noting that propidium
monoazide (PMA) depletion of relic DNA is an alternative method to identify live microorganisms [69].
Host RNA contamination, particularly the highly abundant rRNAs, is also an important consideration and
methods to exclude rRNAs from samples should be considered [54]. RNA must be carefully preserved
to avoid degradation in all cases, though certain sample types may warrant specialized protocols for
RNA purification. For example, soil samples require removal of enzyme-inhibiting humic substances [70,
71]. Despite these technical difficulties, metatranscriptomic data can offer unique insight; transcriptomes
vary more within individuals than metagenomes [72], and metatranscriptomics can reveal microbial
community response to perturbations, such as xenobiotic exposure [57]. For a comprehensive review on

metatranscriptomics analysis of the microbiome, we direct the reader to Ref. [73].

3.7 Analyses.

Ideally, each microbiome study would analyze samples with all three of the methods discussed
above. In most cases, however, there is not enough sample material or enough project funding for

performing all three analyses, and in some cases, the samples might not be amenable to one of the
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sequencing methods. It is therefore paramount that the researcher chooses the method of sequencing that is
most effective for answering their specific questions. If there are no budget constraints, we recommend
performing metagenomics rather than marker gene sequencing. However, it is common practice to
perform marker gene sequencing to gain a low resolution understanding of the microbial community
composition. Next, depending on the focus of the study, the researcher can move on to metagenomic and
metatranscriptomic sequencing, though this may require a second study for appropriate sample collection

and processing.

3.7.1 Marker gene analyses.

As noted above, marker gene approaches are sensitive to technical factors such as primer choice
[45], so well-validated protocols such as those used with the diverse sample set in the Earth Microbiome
Project should be used [37]. The first step in analyzing marker gene amplicon data is to remove sequencing
errors: despite very low sequencing error rates (for example, in Illumina sequencing 0.1% per nucleotide
[74]), most of the apparent sequence diversity arises from sequencing errors [75, 76]. Until recently, this
problem was addressed by clustering similar sequences into OTUs [13, 77]. Clustering sequences into
OTUs, termed OTU picking, consolidates similar sequences (usually with a 97% similarity threshold) into
single features, merging sequence variants including those introduced by sequence error into a single OTU
that can be used in subsequent analysis. However, this method misses subtle and real biological sequence
variation, such as single nucleotide polymorphisms (SNPs) that would be consolidated into single OTUs
[78]. Oligotyping[79] improves upon traditional OTU picking by including position-specific information
from 16S rRNA sequencing to identify subtle nucleotide variation and by discriminating between closely
related but distinct taxa. Algorithms such as Deblur [58] and DADA?2 [80] use error profiles to resolve
sequence data into exact-sequence features (the marker gene sequence) called sub-OTUs (sOTUs). The
resulting output from these methods is a table of DNA sequences and counts of these different sequences
per sample rather than OTU groups. We recommend that these methods replace OTU-based approaches for
all applications, except when it is necessary to combine sequence data that were generated using different
technologies (that is, [llumina sequencing and 454 pyrosequencing) or with different primer sets, when

mapping to a common reference database of full-length sequences is often still needed [81].
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One key analysis step is to assign taxonomic names to microbial sequences in the data. Taxonomy
is typically assigned by machine learning approaches such as the RDP classifier [82], which uses Naive
Bayes models that are trained on oligonucleotide frequencies at the genus level to achieve 80% accuracy
in genus-level assignments. Popular microbiome analysis packages such as QIIME [13] and Mothur
[77] provide support for taxonomic classification. In principle, exact matching to reference databases
(three of the most characterized and frequently used are Greengenes, RDP, and Silva) should provide
better specificity in taxonomic assignment, but the sensitivity of this approach is poor given the large
number of unknown taxa. Furthermore, de novo phylogenetic trees that are constructed from short marker
gene sequences are typically poorly resolved, so insertion of marker gene sequences into a characterized
reference tree that is based on full-length sequences [83] is desirable, given the importance of phylogenetic
metrics [84]. Unclassified microorganisms should be checked for organelle sequences, and for many
studies, chloroplast and mitochondria sequences should be excluded before proceeding with analysis
(although for intestinal samples, these sequences can be useful for identifying consumed foods and thus
should not be disregarded completely).

Predictive functional profiling [39-42] is a technique for linking marker gene studies with available
microbial genomes to make predictions about metagenomic content and thus the putative biological
functions of a microbial community. This analysis generally requires a reference-based OTU table.
Methods based on evolutionary models (for example, PICRUSt[40]) provide confidence intervals on these
predictions of gene content, which will tend to be wider in regions of the tree distant from reference
genome sequences, and narrower where many reference genomes are available. Thus, the availability of
sufficient closely related reference genomes is a main factor that influences the accuracy of these results.
Another limitation for predictive functional profiling is that some families of bacteria possess a very similar
16S rRNA variable region, despite being phenotypically and genotypically divergent.

Most statistical analyses that are applied to microbiome data that is generated from marker
gene sequencing can also be applied to other types of -omics analyses, and are described below in the

Higher-level analyses section.
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3.7.2 Metagenome and metatranscriptome analyses.

Surveying the complete nucleic acid profile of a sample yields rich information that can be used to
investigate a broad range of taxonomic, functional, and evolutionary aspects of microbial communities
even contaminants can provide important details [85]. As with marker gene-based surveys, the analytical
methods must be carefully chosen to consider the sample origin and the specific hypotheses under
investigation. Here, we discuss the best approaches to perform these analyses. Read-based profiling
takes the unassembled DNA or mRNA sequence reads and compares them against reference databases to
assign taxonomy or annotate genes. With the ever-increasing size of modern query datasets and databases,
methods are continually being refined to improve the speed of read-based profiling. Many tools utilize
k-mers, assigning taxonomy to short DNA fragments of length k, such as Kraken [59] or employ the
Burrows-Wheeler transform which compresses the database by merging similar sequences (for example,
Bowtie2 [86] and Centrifuge [87]). For a more comprehensive guide to tool selection, we direct the reader
to Ref. [88]. Marker gene methods (such as MetaPhlAn2 [89] and TIPP [90]) use specific genomic regions
for taxonomy assignment, focusing on universal, single-copy elements. Beyond taxonomy assignment,
others tools such as HUMANN?2 [61] can also be used for annotating genes and metabolic pathways. Some
tools, including MEGAN [60], incorporate both of these functionalities, and can be a preferred method
when both annotations are desired. Because each read is considered independently, read-based methods
scale efficiently to large, complex data sets, such as soil microbiome data sets. It is important to note that as
taxonomic or functional assignment depends on homology between the single read and a reference, database
choice is crucial. For well-characterized environments like the human gut, curated genome databases
such as RefSeq [91] and protein family databases like Pfam [92] or UniRef [93] increase the accuracy of
results and decrease computational costs. For samples from poorly characterized environments, the use of
large databases such as NCBI nr and nt and IMG/MG [94] should be considered because the databases are
larger, despite the increased computational complexity and decreased assignment specificity. Specialized
databases must be used to annotate specific taxonomic or functional categories, such as PHASTER [95] for
bacteriophages, Resfams [96] for antibiotic resistance genes and FOAM for environmental samples [97].

Additionally, numerous metagenomic data catalogues are available for many sample types, including Tara
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for ocean samples [15], the BGI catalogue for mouse gut samples[98] and MetaHit for human gut samples
[99]. Another method for analyzing metagenome and metatranscriptome sequencing reads is to assemble
the short reads into longer sequences (contigs). These contigs can be further sorted or binned by similarity
to assemble partial to full genomes of microorganisms. This allows data exploration beyond taxa and gene
annotation, enabling the prediction of multi-gene biosynthetic pathways or even metabolic reconstructions
with tools such as antiSMASH [100]. However, assembly-based analyses are not universally applicable;
higher biodiversity, the presence of many related strains in samples or low coverage yields fragmented
assemblies and can obscure taxa from downstream analyses. For example, soil samples are often difficult
to assemble due to the high microbial diversity and uneven distribution [101]. For samples that avoid these
complications, metagenome assemblies provide valuable bespoke reference databases for read-based and
assembly-based metatranscriptome analyses [102, 103], thus recovering the microbial dark matter that is
absent in curated databases [104]. Recommended tools for assembly-based analyses include metaSPAdes
[62] and MEGAHIT [63]. A comprehensive discussion of these and other tools can be found in Ref.
[105]. To assemble partial to full genomes of individual microorganisms, contigs are sorted (binned)
into separate putative genomes with tools such as MaxBin2 [106] and CONCOCT [107], which evaluate
nucleotide composition and abundance patterns across samples to perform sorting (binning). To evaluate
the quality of these binned and assembled genomes, single-copy gene profiling tools such as CheckM [108]
that use common single-copy genes to estimate genome completeness and contamination can be used.
Additionally, visualization tools like VizBin [109] display clustering of metagenomic sequences without
alignment to a reference database, allowing researchers to visually inspect the sequence clustering of
related organisms and assist with evaluating bin quality. Employing integrated workflow tools to automate
data processing such as Anvio [110], ATLAS [111], or MetAMOS [112], is highly recommended because
assembly-based methods are complex. In order to compare samples with varying sequencing read counts,
various methods of normalization can be employed. Common methods of normalization include: read
counts per million (counts are scaled by the total number of reads), transcripts per kilobase million (counts
scaled by number of reads and length of reads), and converting the data to relative abundance. Additionally,
there are various tools for performing normalization including edgeR [113] and DESeq2 [114]. New

tools for both read-based and assembly-based approaches are under rapid development. When possible,
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specific analytical decisions should be made based on performance on well-studied or synthetic datasets
(such as the Critical Assessment of Metagenomic Information [115]) that are most similar to the microbial

community of interest.

3.8 Higher-level analyses.

Processing microbiome data generates a matrix that relates feature abundance (taxa or genes) to
samples. This output is deceptively simple; microbiome data is highly dimensional, often representing
thousands of different taxa, and sparse with many zeros present in the matrix, requiring careful statistical
treatment to extract meaningful results. Overall patterns in microbiome variation are typically assessed
by alpha and beta diversity. Alpha diversity quantifies feature diversity within individual samples and
can be compared across sample groups. For example, when comparing a sample from an individual
with a disease to a healthy control, the researcher can use alpha diversity to compare the mean species
diversity between the two samples. Measures of species richness (for example, the number of observed
species, or Chaol abundance estimator, which estimates true species diversity) and phylogenetic measures
(Faiths phylogenetic diversity) are sensitive to the number of sequences per sample, whereas measures
that combine richness and evenness (Shannon index) are much less so. However, it should be noted that
these methods have been evaluated exclusively for 16S rRNA data, and may not apply to other microbiome
data types. Beta diversity compares feature dissimilarity between each pair of samples, generating a
distance matrix of beta diversity distances between all pairs of samples. Metric selection can influence the
results obtained [84, 116] and should be chosen with biological data interpretation in mind. Quantitative
metrics (Bray-Curtis, Canberra and weighted UniFrac) use feature abundance data in calculations whereas
qualitative metrics (binary-Jaccard and unweighted UniFrac) only consider the presence or absence of
features. Phylogenetic measures such as UniFrac typically provide interpretable biological patterns [117],
though these metrics require a phylogenetic tree and thus cannot be used for direct comparison with omics
data that lack trees. Software for performing alpha and beta diversity calculations includes QIIME [13],
Mothur [77], and the R package Vegan [118]. The non-parametric permutation tests PERMANOVA and

ANOSIM are used for assessing significant beta diversity clustering between groups, but PERMANOVA
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may perform better on datasets with varying dispersions within groups [119]. Calculation of meaningful
alpha and beta diversity measures requires the researcher to control for the sampling effort (that is, the
number of sequences per sample obtained), as this can differ by orders of magnitude. The current best
solution for UniFrac is rarefaction [120], though for the special case of pairwise differential abundance
testing, the full sample set should be used [121]. For visualizing beta diversity data, ordination techniques,
such as principal coordinates analysis (PCoA) or principal component analysis (PCA), are commonly used.
These methods reduce large and complex distance matrices into a visually manageable two dimensional or
three dimensional representations of sample distances. Samples can then be colored by various metadata
categories to visualize clustering in an unsupervised manner. EMPeror offers an interactive framework for
manipulating PCoA plots [122]. Another common analysis approach is to look at differentially abundant
microorganisms or functional elements (for example, genes and pathways) in the comparison groups of
interest (that is, treatment versus control). Identifying microbial taxa that explain differences between
communities is particularly challenging because microbiome data sets are high-dimensional (that is,
they include thousands of taxa), sparse and compositional. Compositionality is the crux of the problem
[123]; when the proportion of one microorganism increases, the proportions of others must decrease for
the proportions to sum to 1. For example, suppose a patient is administered a drug that increases the
growth rate in only a single microbial genus, while not affecting the growth of others. Although the other
microorganisms are not impacted by the drug, they would have decreased in relative abundance due to
the outgrowth of the single microbial genus. This poses challenges for many classical methods, such
as parametric statistical tests (for example, Students t-test and ANOVA), and measures of correlation
including Spearmans rank correlation, often leading to completely unacceptable false discovery rates
above 90% [120, 124, 125]. Recently, compositionally-aware methods have addressed this problem of
compositionality and relative abundance. One approach is to force strong biological assumptions on the
statistical test: for example, Lovells proportionality metric detects only positive correlations [126]. Other
tools that are widely applicable and have been optimized for microbiome data, such as SparCC [127]
and SPEIC-EASI [128], assume that few species are correlated, so most correlation coefficients are zero.
BAnOCC [129] is another tool for addressing the compositionality problem that makes no assumptions

about the data. We recommend another approach that does not assume few species are correlated, which is
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to test for differences between microbial communities using the isometric log ratio transform (ilr) [sic].
The isometric log ratio transform approach controls for false positives due to proportionality by testing
for the changes in log ratios between microbial abundances, commonly referred to as balances. Balances
can be constructed using prior knowledge such as evolutionary history [117, 130, 131] or microbial niche
differentiation in response to environmental factors such as pH [132]. After the ilr transform is applied,
standard statistical tools such as multivariate response, linear regression and classification can effectively
test for differences on the balances or log ratios between microorganisms rather than the raw microbial
abundances, controlling for compositionally. Other recent methods use absolute quantification to address
compositionality by complementing sequencing with microbial cell counts in each sample [133, 134].
Machine learning is emerging as an especially useful technique for determining how microbiome
data can be used to separate samples based on current state (usually determined by metadata categories,
such as healthy state versus diseased state) [135, 136] or, excitingly, to predict future state [137, 138].
For instance, it is possible to model the severity and susceptibility of gingivitis based on an individuals
oral microbiota [137]. Random Forests regression, a machine learning technique, has been effective
in many applications, ranging from dating time since death of a corpse [64] to providing a model for
determining microbiome maturation in child development [65]. SourceTracker [66], a Bayesian estimator
of the microbial sources that make up an unknown community, is useful for classifying microbial samples
according to environment of origin [67]. Importantly, machine learning analyses need a substantial sample
size and should always be coupled with cross-validation, independent test sets, or other experimental and

biological confirmation to ensure robust findings.

3.9 Integrating other omics data.

Knowing the composition of a microbial community is no longer a sufficient research goal;
we want to know the function of the community. Integrating other data types including marker gene
sequencing, metagenomics, metatranscriptomics, metaproteomics, metabolomics and other techniques for
a given study is crucial for a comprehensive understanding of the composition and function of microbial

communities. For example, changes in the metabolite profile of a microbial community reflect changes in
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its biosynthetic activity, mRNA and protein expression, and protein activity [139]. Multi-omics analysis
integrates chemical and biological knowledge to provide a more complete picture of a biological system

and is an active area of research with largely untested methods (Figure 3.3).
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Figure 3.3: Integrating -omics data with microbiome data. The central dogma of molecular biology of
progression from genes to downstream metabolic products is reflected by the compendia of corresponding
-omes co-occurring within the cell. Linking the knowledge from different -omics studies constitutes
the multi-omics analysis. Panels around the cell represent some integration examples of various -
omics data with marker gene sequencing: a) Three dimensional visualization of mapped molecular
and microbial (or any other) features aids our understanding of spatial correlation thereof. b) Sparse
canonical correlation analysis [140] identifying linear combinations of the two sets of variables that
are highly correlated with each other. c) Correlation network analysis shows clustering of a particular
microorganism with metabolites that are potentially produced and/or processed by it. d) Metabolic activity
networks help to predict microbial community structure and function by mathematical modelling of the
molecular mechanisms of particular organism(s). e) Procrustes analysis enables the direct comparison of
different -omics data sets with the same internal structure on a single PCoA plot to reveal trends in the
data. f) Multiple co-inertia analysis (MCIA) enables multidimensional comparisons through graphical
representation, so that the similarity of different -omics data can be more easily understood.

Integrating multi-omics data types is inherently difficult. For example, gene expression and
metabolism operate on different timescales [141], and microorganisms produce many metabolites, often
only in response to molecular signals from other species [142]. Also, the sparse nature of metagenomic

and metabolomic data (where the data matrices are composed mostly of zeros) is much greater than of
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metaproteomic data and this may pose technical problems for some methods. Although the integration of
different -omics data sets is a work in progress, tools that integrate these datasets are becoming increasingly
available. For example, XCMS Online integrates metabolomic data with metabolic pathways, as well as
transcriptomic and proteomic data [143]. Traditional correlation methods such as Pearson and Spearman
could enable pairwise correlation between features across -omics data sets. However, these are prone
to false positives due to the sparsity and high-dimensionality of microbiome and metabolome datasets.
Procrustes analysis [144] uses dimensionally-reduced data to test if patterns (distances) between samples
in one dataset is observed in the other, essentially correlating ordination spaces rather than individual
features (tested using Mantel [145] or PROcrustes randomization TEST). Other methods integrate -omics
datasets by not only taking into account the relationships between samples, but also associating samples
to particular metadata categories of interest (such as examining healthy versus diseased or control versus
treatment groups). These methods include co-inertia analysis, which uses dimensionality reduction to
associate sample patterns in two data sets and relevant metadata [146], and partial least-squares [147],
related methods such as canonical correlation analysis [140], or robust sparse canonical correlation analysis,
which is a variation of the method to deal with sparse -omics data [148]. Advanced integrative analysis
tools include molecular networking with GNPS [149] to identify metabolites and pathway annotations
[150], and general systems biology tools, exemplified by XCMS Online [143]. Increasingly, multi-omics
studies are investigating temporal patterns in addition to spatial patterns. Spatial mapping [151], that can
now be performed with the tool ili[151], adds a powerful dimension to multi-omics studies through visual
representations that are readily amenable to human interpretation.

Integration with other -omics data can be performed using various statistical methodologies [152].
However, these techniques have been shown to perform suboptimally on microbiome data sets [125].
Furthermore, simply finding correlations in various -omics data by itself is only the first step. Establishing
causation and correlation across data sets is the next challenge. Box 3 gives an example of the integration
of metabolome and microbiome data sets and corresponding approaches to move beyond correlation
and determine causation. Correction for multiple comparisons is crucial in multi-omic analyses; data
sets can contain thousands of different microorganisms and metabolites, so significant correlations are

expected by random chance. Measures to correct significance testing for multiple comparisons include the
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False Discovery Rate (for example, Benjamini-Hochberg correction) or, for more conservative corrections,
the Family-Wise Error (for example, Bonferroni correction). Using these methods to penalize multiple
comparisons in conjunction with statistical models that incorporate sparsity and compositionality [125],
false discovery rates in large multi-omic comparisons can be reduced.

Despite these challenges, the future potential for -omics data integration is promising. In particular,
there are numerous examples where metagenome, metatranscriptome and metabolome data have been
successfully integrated, illuminating gene regulation in microbiomes [38] and correlating the presence
of microorganisms with metabolites [153]. Such studies have provided insights beyond the capacity of
single omics, such as gut bacterial metabolism of xenobiotics [57] and how antibiotic-induced microbiome
depletion creates a favorable metabolomic environment for Clostridium difficile [154]. Comparatively, the
integration of metaproteomics data with microbiome data is a relatively newer field of investigation, though
there are many recent examples of successful integration ranging from identifying biomarkers of Crohns
disease [155] to examining microbial protein production in layers of permafrost [156]. Additionally, tool
development for metaproteomics annotations and analysis is ongoing [157, 158]. Overall, integrating
-omics data can provide a more holistic and mechanistic understanding of microbiomes from DNA
identification to functional production of metabolites and proteins and ideally lead to more actionable

scientific insights.

3.10 Box 3. Metabolomics and the microbiome.

Microbially produced metabolites influence host physiology, can shape microbial community
dynamics and are involved in both health and disease. These metabolites can have both beneficial (for
example, short-chain fatty acids (SCFAs) [159]) and detrimental effects on the host (for example, the
genotoxin colibactin [160]). However, identifying a metabolite as sourced from the microbiome is
particularly challenging. Even more challenging is identifying which microorganism or collection of
microorganisms produced or modified a particular metabolite. Here are several strategies to address this

problem:

1. Compare metabolites from natural samples to those from cultured isolates of microbiome-isolated
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microorganisms. One useful approach is matching tandem mass spectrometry data from cultured
isolates to clinical or environmental samples, showing that a particular metabolite signature can be

sourced from the cultured microorganism [161].

. Map metabolites detected in a microbiome sample to paired genome or metagenomic data. Some
metabolites are unique to particular microbial taxa. Detection of these metabolites in a natural
sample can enable determination of their likely source by mining paired genomic data for genes
known to produce that metabolite. For example, 2,3-butanedione, a unique fermentation product,
is a microbial metabolite produced by Streptococcus spp. Detection of this metabolite in clinical
samples along with the biosynthetic genes, facilitates mapping of reads to the biochemical pathway

back to the genome of the organism of origin [153].

. Build co-occurrence networks of microorganisms and metabolites. Co-occurrence or correlation
methods associate microorgaisms with metabolite features. This is an active area of research, but
available algorithms that have been optimized for detecting correlations between microorganisms in
sparse microbiome data include SparCC [127], CCLasso [162], and others [125, 163]. However, this
approach warrants caution because of the high false discovery rates across the large multivariate

datasets.

. Germ free versus specific pathogen free murine models. These comparisons identify metabolites
from the microbiome as metabolites detected in colonized mice but not in uncolonized mice are likely
produced by microorganisms. Gnotobiotic mice (mono-colonized or with defined communities) help

identify specific microorganisms that produce metabolites of interest [164].
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3.11 Conclusions

In this Review, we have discussed how all stages of conducting a microbiome study, from designing
the experiment to collecting and storing the samples, to obtaining insight from graphical displays of the
sequence data, can substantially impact the results and their biological interpretation. As the effects of many
of these technical steps are large compared to the real biological variability to be explained, standardization
is necessary in order to compare and combine separate studies, and the first efforts to do this and to
provide recommendations and best practices, such as the International Human Microbiome Standards
and the Microbiome Quality Control Project (MBQC), are already under way. Including bioinformatics
pipelines and controls into these standardization efforts, and in particular using cloud-enabled reproducible
computing resources that run open-source code on publicly available data to reproduce scientific claims of
publications, is a rapidly emerging area that will bring consistency and comparability to the microbiome
field. An important part of such efforts will be spike-in standards (which have already been so important to
standardizing microarrays), and standardized biologically realistic samples that can be used to quantify
systems-level accuracy in microbiome assays.

This article has focused primarily on DNA-level analyses at the whole-community level, but
as expression-level profiling and single-cell profiling techniques continue to advance, many similar
considerations will apply to those types of data also. Avoiding the mistakes that have been repeated
frequently in other expensive assays, such as inadequate sample size and validation, and employing
best practices for standards, sample handling, compositional data analysis and other frequent pitfalls,
will accelerate progress in these areas. Using standardized and well-characterized sample sets, such as
those developed in MBQC and in the Earth Microbiome Project, can greatly shorten the time needed to
understand the value and unique insights provided by a new technique.

As the field trends towards ever-larger data sets, understanding subtle confounding factors long
known to epidemiologists and taking more care with longitudinal study designs will become increasingly
important. The value of interventional studies over observational studies is considerable, especially
when human, animal model and in vitro data can be correlated across scales and systems. Increased

standardization of techniques and dissemination of methods with low noise and bias will greatly increase

72



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

clinic, field or natural environment.
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Chapter 4

Using Machine Learning to Identify Major
Shifts in Human Gut Microbiome Protein

Family Abundance in Disease

4.1 Abstract

Inflammatory Bowel Disease (IBD) is an autoimmune condition that is observed to be associated
with major alterations in the gut microbiome taxonomic composition. Here we classify major changes
in microbiome protein family abundances between healthy subjects and IBD patients. We use machine
learning to analyze results obtained previously from computing relative abundance of ~10,000 KEGG
orthologous protein families in the gut microbiome of a set of healthy individuals and IBD patients. We
develop a machine learning pipeline, involving the Kolomogorv-Smirnov test, to identify the 100 most
statistically significant entries in the KEGG database. Then we use these 100 as a training set for a Random
Forest classifier to determine ~5% the KEGGs which are best at separating disease and healthy states.
Lastly, we developed a Natural Language Processing classifier of the KEGG description files to predict
KEGG relative over- or under- abundance. As we expand our analysis from 10,000 KEGG protein families

to one million proteins identified in the gut microbiome, scalable methods for quickly identifying such
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anomalies between health and disease states will be increasingly valuable for biological interpretation of

sequence data.

4.2 Introduction

The exponential decline in the cost of next-generation sequencing technology and innovations in
bioinformatics approaches have enabled discovery of the detailed microbial ecology of the human body
that were heretofore largely unexplored. In whole genome sequencing metagenomics, the genomic DNA
present in a sample is first randomly sheared and then sequenced. The output of the Illumina sequencer are
“reads" which have ~100 contiguous DNA bases per read. Here we use samples that have been deeply
sequenced (e.g., 100-200 million reads per sample).

There are 80 autoimmune diseases recognized by the National Institute of Health [1], one of which
is Inflammatory Bowel Disease (IBD), which is closely tied to dysbiosis of the gut microbiome [2]. Here
we examine deep metagenomic sequencing of a set of healthy subjects and IBD patients to determine how
microbial function changes in the health and disease state.

Despite the extensive research on the compositional changes of microbiota in IBD, the precise
manner in which changes in the microbial community contributes to the disease state is only beginning
to be unraveled. The microbiome DNA contains about 100 times as many genes as its human host DNA,
carrying out important functions for the host, such as modulating immune development, amino acid
biosynthesis, and energy harvest from food [3].

In previous work [4, 5], the bacterial species compositions were shown to be highly variable across
healthy subjects, but the relative abundance of different metabolic pathways were extremely consistent
between individuals and over time (see Figure 3 in [5] and Figure 2 in [4]). However, one study [5]
included otherwise healthy obese individuals, and the other [4] included a cohort of individuals rigorously
defined as healthy at every body site. Testing whether this pattern of constancy of metagenome-encoded
functional gene frequency holds true for more acutely diseased populations is therefore of considerable
interest.

This type of biological information is contained in the Kyoto Encyclopedia of Genes and Genomes
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(KEGG), which is used to elucidate microbial function. KEGG is a collection of databases that contain
information about genomes, biological pathways, drugs, chemicals, diseases, and protein family functions
[6, 7]. In the KEGG database, each entry has a specific K number and describes an orthologous protein
family with a particular biological function. Each KEGG also has a text entry such as the one shown in
Figure 4.1 (accessible through the BioServices Python package [8]). Understanding the functional profiles
of IBD microbiomes, including their differences in health and disease states, instead of just the taxonomic
structure of microbial communities, will help inform drug development and other treatment options for
patients.

ENTRY K0eos67 Ko

NAME coaA

DEFINITION type I pantothenate kinase [EC:2.7.1.33]

PATHWAY

MODULE
BRITE

KEGG Or
Metabolism
Metabolism of cofactors and vitamins
00770 Pantothenate and CoA biosynthesis
Kee867 coaA; type I pantothenate kinase
KEGG modules [BR:ko00002]
Pathway module
Nucleotide and amino acid metabolism
Cofactor and vitamin biosynthesis
M00120 Coenzyme A biosynthesis, pantothenate => CoA
K00867 coaA; type I pantothenate kinase
Enzymes [BR:ko01000]
2. Transferases
2.7 Transferring phosphorus-containing groups
2.7.1.33 pantothenate kinase
K@@867 coaA; type I pantothenate kinase
DBLINKS RN: R02971 R03018 R04391
C0G: C0G1072
GO: 0004594
GENES ECO: b3974(coaA)
ECJ: JW3942(coaA)
ECD: ECDH10B_4163(coaA)
EBW: BWG_3638(coaA)

Figure 4.1: An example of a KEGG description file as queried from the KEGG database for KO0867.

Several studies have explored the function of the IBD microbiome using the KEGG database. For
instance, Morgan et al. [9] created a broad map with 16S sequences of the gut microbiota of a large cohort
of patients with IBD, and then chose a representative 11 samples to perform metagenomic sequencing
and analyze with the KEGG database. This analysis revealed that moderate perturbation of microbiome
composition corresponds with major perturbation of metabolic and functional pathways. Greenblum et
al. [10] developed a metabolic network of KEGG enzymes to study the enzymatic variation in the gut
microbiome of patients with IBD. Tong et al. [11] identified functional microbial communities using 16S
rRNA sequencing, enhancing the analysis with reference sequences from Greengenes and then annotating
the predicted genes with the KEGG database. Erickson et al. [12] found a number of KEGGs and KEGG
pathways that were altered in Ileal Crohn’s Disease.

In our previous work [13], we used deep metagenomic sequencing data, instead of predicting genes
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from 16S sequencing data, to compute relative abundances of the entire ~10,000 entry KEGG database.
Here we extend these results, using machine-learning techniques to discover the most significant over- and
under- abundant KEGGs in the disease state compared to healthy subjects.

In section II (Previous Work), we discuss our data collection process and previous results. In
section III (Methods), we present our proposed algorithms and workflows. We have two specific workflows.
The first workflow is to identify KEGGs that are over or under abundant in disease states based on relative
abundance data obtained from stool samples from healthy and disease cohorts. In the second workflow we
train an NLP classifier using the KEGG description files to predict over and under abundant set of KEGGs
that we identified from our first workflow. In section IV (Results) we show the results and evaluate our

proposed workflows and we conduced in section (V).

4.3 Previous work

4.3.1 Cohort selection and data extraction

The three main subtypes of IBD are Ileal Crohn’s Disease (ICD), Colonic Crohns Disease (CCD),
and Ulcerative Colitis (UC) [14]. In our earlier research we developed a study with examples of each
subtype of IBD, as well as a set of healthy subjects. The description of the set of individuals is contained
in our earlier paper [13]. In summary, we downloaded 2.4 TBs of raw reads from 34 healthy individuals, 6
samples from UC and 15 from ICD selected from the NIH National Center for Biotechnology Information
(NCBI) BioProjects 46321, 46881 and 43021. An additional seven samples were deeply sequenced
(200 million reads per sample) by the J. Craig Venter Institute from an adult with early CCD. Table 4.1

summarizes our dataset and cohort nomenclature.

4.3.2 Feature annotation

To clarify how our previous study computed the KEGG relative abundances across our patient
set, we describe the technical process we followed. First, we created a reference database of known (as
of Sept 2012) gut microbe genomes consisting of 2,471 complete and 5,543 draft Bacterial and Archaeal

genomes, 2,399 complete virus genomes, 26 complete Fungal genomes, and 309 HMP Eukaryote Reference
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Table 4.1: Cohort sample distribution

Sample distribution for the various cohorts in our dataset.

Cohort Abbreviation = Number of Samples
Healthy subjects HE 34

Ulcerative colitis ucC 6

Ileal Crohn’s disease CD 15

Colonic Crohn’s disease LS 7

Total samples: 62

Genomes, for a grand total of 10,012 genomes representing 30GB of sequences. We then used the San
Diego Supercomputer Center’s Gordon supercomputer to align our 6.4 billion reads from the healthy and
IBD samples against the reference database we created. The database was used to calculate the relative
taxonomic distribution in each sample.

In addition, high quality filtered reads were also assembled into contigs (using Velvet [15]) and
Open Reading Frames (ORFs) were predicted from the contigs using Metagene [16]. Protein families were
identified using the KEGG database [6, 7]. All the ORFs were aligned to KEGG sequence database using
BLASTP. A curated KEGG reference database was generated by clustering all KEGG sequences at 90%
sequence identity with CD-HIT [17]. If all sequences in a CD-HIT cluster belonged to the same protein
orthology family (KO), the longest representative sequence was used in the reference database; otherwise
all sequences were retained.

The curated database recovered more than 99% of the original hits and was 10 times faster [18].
Only the top score non-overlapping alignments from the ORFs to KEGG BLAST alignment results were
used in counting the KEGG protein abundance. KEGG abundance was calculated as the number of times a
KEGG protein is found in a sample, normalized against the reference protein length and predicted ORF
length. The abundance of a protein family was calculated as its abundance divided by the sum of the
abundance of all protein families.

The computations described above consumed 180,000 core-hours (provided by Director Michael
Norman) on the Gordon supercomputer at the San Diego Supercomputer Center. About half of this time
was required for the KEGG analysis.

The resulting output was a database of 10,012 KEGG entries with relative abundance for each
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KEGG for each of the 62 human gut microbiome samples in Table 1. This database was completed in

August 2014 and is available upon request.

4.4 Methods

The dataset we examine represents a matrix of 10,012 x 62 or 620,744 entries. This is the matrix
on which we use machine learning techniques to ascertain if there are biomedically relevant patterns in this
dataset. In the near future not only will the number of samples increase by an order of magnitude, but we
will be able to compute directly the relative abundance of ~1 million genes, or two orders of magnitude
over our current KEGG dataset. Thus, within a year, we expect our matrix to grow by three orders of
magnitude in scale. This paper is our pilot to develop machine learning algorithms which will scale with
the increase in data size.

First, we use Principal Component Analysis (PCA) to investigate our data set both across samples
and across KEGGs. That is, we apply PCA to both the 62 x 10,012 matrix (a PCA across samples) and to
the transpose matrix (thus a 10,012 x 62 matrix, or a PCA across KEGGs). This reveals insights into the
structure of the data from both a samples and KEGGs perspective.

Second, we develop a KEGG relative abundance classifier that predicts over or under abundant
KEGGs in the disease state compared to the healthy. Third, having classified all KEGGs, we then train a
classifier using the queries from the KEGG database to predict if a KEGG is over or under abundant in
disease state only using the text in the description file (example description file is shown in Figure 4.1).
Note that we deploy this 2-step process since currently ground truth for which KEGGs are over or under

abundant in disease state is not well understood.

4.4.1 Discrimination between healthy and IBD cohort using relative abundances

The workflow for discriminating between healthy and IBD cohorts in our samples uses the
Kolmogorov-Smirnov (KS) test and Random Forests. We chose the KS test since it does not use any
assumptions on the distribution of the data. We chose Random Forests since such classifiers are scale

invariant, non-linear, and robust to outliers, missing values, and overfitting. Note that the overall design of
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Figure 4.2: Workflow for developing a Random Forest classifier to discriminate between over and under
abundant KEGGs in the diseased state. After splitting the data into the training set, we select the top 100
KEGGs that have the highest Kolomogorv-Smirnov (KS) score. We then use these 100 most significant
KEGGs to train a Random Forest classifier and use to predict and evaluate on the remainder of the dataset.

Evaluate
Classifier

the workflow is our main aim, not the specific choice of classifier (Random Forest) and statistical test (KS).

As indicated in Figure 4.2, we first randomly partition the ~10,000 KEGGs into a 50% hold-out
set and a 50% training set. We develop our classifier from the training set and apply the classifier on all
KEGGs (the union of the training and hold-out sets). The primary reason for splitting the KEGGs into two
sets is to simulate the scenario of scaling our workflow to new KEGGs that are introduced in the database.
In other words, we simulate, in a controlled manner, the issues with developing machine learning models
from databases that grow larger over time. Thus, our workflow assumes that we are training our model
with a database that is smaller than the time of the application of the model.

Since there is no single ground truth on which KEGGs should be over and under abundant in
disease state (as is common in many biological datasets), from the training set we use the KS test to
determine the subset of the KEGGs that are the most statistically significant between the disease and
healthy cohorts. From the KS test we select the 100 KEGGs with the highest KS scores, and determine
whether these are over or under abundant in IBD cohorts. The over or under abundance is determined by
comparing the median of the abundance for each of the 100 KEGGs between the healthy and IBD cohorts.

In short, we have determined the most statistically significant over and under abundant KEGGs in disease
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state.

Using these 100 most significant KEGGs, we train a Random Forest classifier (defaults of [19],
using 500 trees, sampling with replacement, and the square root of the number of predictors) to model if a
KEGG is over or under abundant relative to the healthy state. With this classifier we can also compute a
confidence score (probability that a KEGG is under abundant in the disease cohorts) as estimated by the
Random Forest model to all the KEGGs in our data. This is possible as we report the KEGGs that have the
highest (corresponding to under abundance of IBD cohorts relative to healthy) and lowest (corresponding
to over abundance of IBD cohorts relative to health) confidence scores. Note that we take this approach of
only training the Random Forest classifier on 100 KEGGs and applying to the remaining KEGGs to ensure

that we do not overfit.

4.4.2 Discrimination between healthy and IBD cohorts using KEGG description files

Once we have classified all KEGGs as either over or under abundant, we can now develop a
classifier that determines if a KEGG is over or under abundant in a subject based on the KEGG description
file (example of a description file for one KEGG is shown in Figure 4.1). Since the KEGG description file
is a text file and numerous approaches and methods are available for Natural Language Processing, we
here present a baseline model to serve as a benchmark for future models. In our baseline approach, we
use the “raw" KEGG description file as queried from the database [6, 7]. In this baseline approach, we
extract bag-of-words unigram features weighted by Term Frequency-Inverse Document Frequency scaling
(TF-IDF, as implemented in [20]), thus ignoring the word order and hierarchical structure of the description
file (more sophisticated features, such as [21, 22], can be explored for future work). Our workflow for this
approach is shown in Figure 4.3.

In the bag-of-words approach to NLP, in each document we count the number of occurrences of the
terms in our dictionary (fixed-size vocabulary), creating a count vector that we can use as a feature vector
for machine learning tasks. The idea here is that high occurrences of specific terms reflect the content or
subject of the document. These raw counts of terms are referred to as “term frequencies”. Since the raw
counts of the terms may inadvertently weight so-called “stop words" (such as “the") that do not reflect

the subject of a document, we normalize the raw counts of each term to diminish bias from commonly
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Figure 4.3: Workflow for developing an NLP classifier to discriminate between over and under abundant
KEGG:s in the diseased state using the classified labels as determined by the workflow from Figure 4.2.
Each of the 10,012 KEGGs are queried in the KEGG database [6, 7] and stored as KEGG description files.
We then extract Term Frequency-Inverse Document Frequency (TF-IDF) features from the description
files as described in Equations 1 and 2. In parallel we classify each of the 10,012 KEGGs from our patient
data using the workflow in Figure 4.2 and discretize the probabilities of the classifier into over and under
abundant and “neutral" categories. These categories are then used as labels to train a classifier on the
extracted TF-IDF features from the KEGG description file.
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occurring words. A common normalization is to count the number of documents that contain each of the
terms in our dictionary, and this count is referred to as “document frequency." The motivation with this
normalization is that if a word is common then it should appear in most of the documents in the corpus
that we are studying and will have a high document frequency count. We use the document frequencies to
normalize the term frequencies to obtain the TF-IDF features.

In our application, we define each of the terms (also referred to as word or token) that occur in the
KEGG description files as ¢ and each of the KEGG description files as d (also referred to as a document in
NLP). Our corpus of documents is the 10,012 KEGG description files and we compute the TF-IDF features
for each KEGG as

tf-idf(z,d) = tf(¢,d) - (idf(r,d) + 1) 4.1)

where tf(z,d) is the number of occurrences (that is, the frequency) of term ¢ in the KEGG description file
d and idf(z,d) is the normalization of this count with respect to the number of occurrences of 7 in all the

other KEGG description files. This normalization idf(7,d) is computed as:

1+N

I df(d,1) “42)

idf(z,d) = log

where N is the total number of KEGG description files (10,012), and df(d,¢) is the number of KEGG
description files with the term ¢. Given the success of such features in NLP applications, this set of features
from the description files for each KEGG serves as a baseline to develop classification models.

To develop the classification models from the bag-of-words TF-IDF features, we discretize the
confidence scores of all the KEGGs in our data, as estimated by the Random Forest classifier we developed
earlier, to three distinct categories: under abundant, over abundant, and neither (probability of Random
Forest output greater than 0.75, less than 0.25, and between 0.25 and 0.75 respectively. These thresholds
may be adjusted to allow for more False Positives/Negatives, but we do not explore adjusting these trade-
offs here. Using these categories as the labels for the bag-of-words features that we computed, we proceed
to train three standard classifiers (Naive Bayes, Support Vector Machine with linear kernel, and Logistic

Regression) and report their average F1 score using 10-fold Cross Validation.
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4.5 Results

4.5.1 Use of PCA to show KEGGs separate healthy and disease states

It has been known since 2010 (see Figure 4 in [23]) that in human gut microbiome samples the
species abundances can separate healthy from IBD substates UC and ICD using PCA. Further research
(see Figure 2 in [24]) showed that PCAs based on species abundance can also separate ICD into its two

subtypes (CCD and ICD), as well as separating UC and healthy.

' ' ' ' |
-40 -20 0 20 40
PC1

(a) PCA of species across samples

PC2

.
-50 ° oo
oo 008

100 0 100
PC1

(b) PCA of KEGGs across samples
Figure 4.4: PCA of species (a) and KEGGs (b) across samples colored by the different cohorts (abbrevi-
ations and data summary shown in Table 4.1). As shown in (b), using all 10,012 KEGGs we see near

perfect separation between the different cohorts. While on the other hand, in (a) using species PCA we
do not see a clear separation between UC (Ulcerative colitis) and HE (healthy) groups.

Our species abundance data shows a similar separation (Figure 4a). However, we can go beyond
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microbial species and use PCA on the KEGG protein families by computing PCA on our data matrix with
microbiome samples as rows and KEGGs as columns. This shows an even clearer separation between
healthy and the three disease states (Figure 4b). Thus, it appears that there are significant differences
between the KEGG relative abundances in health and each of the three IBD disease states. We next turn to

using machine learning techniques to find which KEGGs are the best discriminators.

4.5.2 Classification of over and under abundant KEGGS in IBD

The Random Forest classifier that we developed according to our workflow in Figure 4.2 obtains an
out-of-bag classification accuracy of 99%. Moreover, since Random Forest classifiers can give probabilistic
outputs, we compute the confidence scores for how well each KEGG works as a classifier on separation of
over or under abundant compared to the healthy cohort. Figure 4.5 shows the PCA of the KEGGs. We
color each KEGG in the PCA scatter plot with the discretized confidence score from the Random Forest

classifier !.

20-

PC2

-20-

PC1

Figure 4.5: PCA of KEGGs classified with the outputs of our trained Random Forest classifier based on
subject relative abundance data. The categories of over abundant, under abundant and neutral KEGGs
form coherent clusters in PCA space suggesting that the classifier has not overfit and that similar KEGG
distributions in our patient population are classified with a similar label.

Coloring the PCA plot with these discretized confidence scores shows that the all KEGGs are
clustered according to their abundance level. That is, KEGGs that are clustered with each other in PCA

space have a similar classification score as given by the Random Forest classifier. Otherwise if the classifier

!For the raw scores see https://plot.ly/~crude2refined/1959/pc2-vs-pcl.embed
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was overfitting, then we would expect to see the color distribution of the KEGGs in the scatter plot to be
distributed in a less structured and more random manner. Note also that this separation continues into
the most extreme regions of confidence (over 98% and less than 2%). This set of "extreme" KEGGs
corresponds to ~500 KEGGs or 5% of all KEGGs in our dataset. These results indicate that our proposed
workflow in Figure 4.2 is able to discover the best KEGG classifiers for separating over or under abundant
values in IBD patients compared to healthy subjects.
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Figure 4.6: Distribution of the relative abundance of KEGGs selected by our approach that discriminate

between healthy and disease states. The horizontal axis is the relative abundance values of the KEGGs on
a logarithmic scale for each of the samples. See Table 4.1 for the summary of cohort samples.

Finally, we can use the classifier to find the over- and under-abundance KEGGs that most differen-
tiate between the health and disease states. In Figure 4.6 we show a sample of the most confident KEGGs
that are over and under abundant compared to the healthy cohorts for both our training and hold-out sets.
This figure clearly shows the separation of the healthy and disease samples on a logarithmic scale.

It is beyond the scope of this paper to go into the biological implications of these large differences,
but we note that our machine learning methodology has selected certain KEGGs that previous research
has identified as important to IBD state. Notably, we find that a number of the over-abundant KEGGs

identified are involved in the phospho-transferase system (PTS) (K03480, K03483, K03475, K02794, and
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others). The PTS is a sugar transport mechanism associated with the Firmicutes phylum, which is favored
in patients with IBD [10, 25], being involved in carbohydrate uptake. Furthermore, the PTS enzyme FrvX
is a known biomarker for IBD according to [26].

Another interesting over-abundant KEGG we identify is mobB (K03753), the presence of which
enhances activation of nitrate reductase as discussed in Palmer et al. and Eaves et al. [27, 28]. Nitrate
reduction is a critical process that produces nitric oxide, which is not synthesized by the human genome.
Increased levels of nitric oxide is associated with inflammation, cancer, and IBD as several studies have
shown [10, 29-31]. Under-abundant KEGGs include those that metabolize amino acids and carbohydrates
(K01847, K01711, K00971, K12111, and more), which are thought to be decreased in favor of nutrient
uptake in the IBD microbiome as shown in [9]. Several KEGGs involved in amino acid biosynthesis and
carbohydrate metabolism are also over-abundant, reflecting the inconsistency in previous studies and the
need for further analysis and more datasets.

In a future paper, we will analyze in more detail the biological significance of our hundreds of

over and under abundant KEGGs that differentiate between health and IBD.

4.5.3 Development of a natural language classifier to disease association

As additional KEGGs are annotated or additional disease pathways are identified, natural language
processing can help predict the association between new protein families and disease. Here, we present
preliminary results on developing a baseline classifier that determines if a KEGG is over or under abundant
based on the KEGG description file alone (a snippet is shown in Figure 1).

As discussed in the methods section above, we extract unigram bag-of-words TF-IDF features

" <

and train three different baseline classifiers to classify a KEGG as “over abundant," “under abundant," or
“neither" based on the results of the two-stage classification above. Figure 4.5 shows the distribution of
these three categories on the PCA of the KEGG relative abundances amongst the cohorts in our data. The
uniformity of the distribution of these three categories in the distribution of our KEGGs suggests that the
categories that we have selected for the KEGGs are sensible.

Table 4.2 shows the average F1 score for the three classifiers we considered using 10-fold cross

validation. We report the F1 score since it is a more rigorous measurement of accuracy as it is the harmonic
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Table 4.2: Classification accuracies using KEGG description files. Average F1 scores based on 10-fold
cross validation for classifiers we trained on bag-of-words TF-IDF features from the KEGG description
files to classify KEGGs as under or over abundant relative to healthy states.

Classifier F1-score

Naive Bayes 0.714£0.024
Support Vector Machine | 0.76 +0.012
Logistic Regression 0.77+£0.007

mean of the precision and recall scores (that is, we are accounting for both type I and type II errors by not
allowing class imbalance to influence our error rates). The results that we have are significantly higher than
random. This suggests that our baseline TF-IDF features are able to predict if the description of the KEGGs
has predictive power for discriminating between healthy and disease states. The predictive power of these
features can be used in more sophisticated topic modelling approaches (such as Non-Negative Matrix
Factorization [32], Latent Dirichlet Allocation [33], and word embeddings [21, 22]). Such topic models can
then be used to aid biologists in comprehending the biological relationship between the numerous KEGGs
in databases. We suspect that future work that takes into account the hierarchical structure and utilizes

domain knowledge of the KEGG description files will significantly improve this baseline performance.

4.6 Discussion and Related Work

Microbial communities are complex networks that rely on function as well as structure. The KEGG
is a well-characterized database of molecular function that has been a widely-used tool to investigate
microbial function. By looking at the function of specific disease-associated microbial communities, we
can better identify targets for future intervention (i.e. small molecule development to target a specific
gene pathway). The motivation for using machine learning methods is to reduce the amount of time-
consuming manual investigation of immense amounts of data generated from metagenomic sequencing.
Using metagenomic data from a cohort of healthy and IBD-affected individuals, we developed and trained
a two step classifier to identify 100 KEGG ortholog genes which are over or under abundant in IBD patients
compared to healthy adults. We also demonstrated the ability of a simple natural language classifier to

identify KEGGs as over or under abundant in the IBD disease state.
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While there are a number of methods that could be used with KEGG protein families to discover
the large changes in healthy and disease states, we turned to machine learning methods here because
the next step in our project will see our matrix of samples versus function grow by a factor of 1000x,

necessitating a computational approach to discovery of these patterns.
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Chapter 5

Depression in HIV and HCV Co-Infected
Individuals is Associated with Systematic
Differences in the Gut Microbiome and

Metabolome

5.1 Abstract

Depression is influenced by the structure, diversity, and composition of the gut microbiome.
Although depression has been described previously in human immunodeficiency virus (HIV) and hepatitis
C (HCV) mono-infections, and to a lesser extent HIV-HCV coinfection, research on the interplay between
depression and the gut microbiome in these disease states is limited. Here, we characterized the gut
microbiome using 16S rRNA amplicon sequencing of fecal samples from 373 participants who underwent
a comprehensive neuropsychiatric assessment, and the gut metabolome on a subset of these participants
using untargeted metabolomics with liquid chromatography mass spectrometry. We observed that the
gut microbiome and metabolome were distinct between HIV positive and negative individuals. HCV

infection had a large association with the microbiome that was not confounded by drug use. Therefore, we
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classified the participants by HIV and HCV infection status (HIV-monoinfected, HIV-HCV coinfected,
or uninfected). The three groups significantly differed in their gut microbiome (unweighted UniFrac
distances) and metabolome (BrayCurtis distances). Coinfected individuals also had lower alpha diversity.
Within each of the three groups, we evaluated lifetime Major Depressive Disorder (MDD) and current
Beck Depression Inventory II. We found that the gut microbiome differed between depression states only
in coinfected individuals. Coinfected individuals with a lifetime history of MDD were enriched in primary
and secondary bile acids, as well as taxa previously identified in people with MDD. Collectively, we
observe persistent signatures associated with depression only in coinfected individuals, suggesting that

HCV itself, or interactions between HCV and HIV, may drive HIV-related neuropsychiatric differences.

5.2 Importance

The human gut microbiome influences depression. Differences between the microbiomes of
HIV infected and uninfected individuals have been described, but it is not known whether these are
due to HIV itself, or to common HIV comorbidities such as HCV coinfection. Limited research has
explored the influence of the microbiome on depression within these groups. Here, we characterized the
microbial community and metabolome in the stool of 373 people, noting the presence of current or lifetime
depression as well as their HIV and HCV infection status. Our findings provide additional evidence
that individuals with HIV have different microbiomes which are further altered by HCV coinfection. In
individuals coinfected with both HIV and HCV, we identified microbes and molecules that were associated
with depression. These results suggest that the interplay of HIV and HCV and the gut microbiome may

contribute to the HIV-associated neuropsychiatric problems.

5.3 Introduction

Disturbances in gut microbial communities may contribute to depression and neuropsychiatric
disorders in HIV infection. For example, depletion of CD4+ T cells in gut lymphoid tissue occurs very
early in HIV infection and is associated with dysbiosis and gut barrier dysfunction (leaky gut) [1, 2],

which is not normalized by virologic suppression on antiretroviral therapy (ART) [3]. Leaky gut in HIV
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infection is associated with increased apoptosis, chronic inflammatory signals and reduced proliferation
and repair of epithelial cells [1, 2, 4, 5] which may further introduce microbial metabolites known to
impact brain activity [6-9]. Gut dysbiosis patterns in HIV-monoinfection may include greater proportions
of Gram-negative bacteria, order Enterobacteriales [10], enrichment of Proteobacteria [11], depletion of
Bacteroidia [12] and increased abundances of Prevotellaceae and Erysipelotrichaceae [13]. Some of these
alterations involve pro-inflammatory species (e.g., Prevotella). Together dysbiosis and leaky gut render
HIV-infected individuals more vulnerable to microbial antigen-driven effects on the central nervous system
(CNS) via pro-inflammatory bacterial antigens such as LPS and flagellin [14, 15].

Dysbiosis-driven inflammation also may lead to depression, as suggested by existing literature
[16, 17]. The gut microbiota may affect blood-brain barrier (BBB) integrity as well [18]. For example,
germ-free mice have reduced expression of tight junction proteins on brain microvascular endothelial cells.
BBB integrity was restored after gut colonization or by administration of butyrate [19]. BBB compromise
may amplify entry of HIV and associated neurotoxins into the CNS [20]. These findings are of clinical
importance, since interventions exist to restore normal gut microbes and barrier integrity (such as B.
fragilis/B. thetaiotaomicron PSA [21], butyrate [22] and tryptophan metabolites [23]) with the potential to
improve CNS function.

While no systematic research has been reported on the impact of HIV/HCV coinfection on the gut
microbiota, a number of reports examining very different cohorts of patients with HCV monoinfection
have evaluated alterations in the gut microbiota. A study of HCV patients with advanced liver disease
showed increased abundance of Bacteroidetes and Firmicutes compared to healthy subjects [24]. The HCV
patients had increased Prevotella, Acinetobacter, Veillonella, Phascolarctobacterium and Faecalibacterium
and reduced Ruminococcus, Clostridium, and Bifidobacterium genus. Interpreting these findings is
difficult, as these patients were likely treated with luminal antibiotics as prophylaxis against hepatic
encephalopathy [24]. In another study of persons with HCV, bacterial diversity was lower compared with
healthy individuals, with reduced Clostridiales and increased Streptococcus and Lactobacillus. Dysbiosis
appeared very early, before cirrhotic changes [25]. In another report, gut microbiota alpha diversity
was reduced in cirrhotic patients, but dysbiosis was significantly improved along with a reduction in

serum cytokines and chemokines by the cure of HCV infection after treatment with direct-acting agents
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[26]. However, another study showed that cirrhotic outpatients with HCV had similar microbiome and
proinflammatory changes before and 1 year after HCV cure [27]. Thus, there is no consensus concerning
changes in the gut microbiome associated with HCV, likely due to marked differences in the cohorts
studied.

Abundant human and animal evidence link the gut microbiome to neuroinflammation and depressed
mood. In rats treated with microbiota from rats vulnerable to social stress, there was higher microglial
density and IL-1f expression in the ventral hippocampus, and higher depression-like behaviors relative to
rats receiving microbiota from rats resistant to social stress, suggesting that the gut microbiome contributes
to the depression-like behavior and inflammatory processes in the brain [28]. In HIV+ individuals, an
abnormal microbiome in combination with leaky gut leads to high circulating levels of microbial antigens
that provoke inflammation. This inflammation induces expression of indoleamine dioxygenase, which
promotes depressed mood by shunting tryptophan away from serotonin synthesis [29].

Similarly, in humans without these infections, the gut microbiota can influence neuroinflam-
mation and neuropsychiatric disorders by communication through the gutbrain axis [30]. For example,
patients with major depressive disorder (MDD) showed increased Bacteroidetes, Protobacteria, and Acti-
nobacteria, and less Firmicutes [31]. Interventions that affect the gut microbiota can be beneficial for
neuropsychiatric dysfunction. For example, probiotics and prebiotics attenuated the physiological stress
response. Colonizing germ-free male mice with Bifidobacterium infantis normalized their previously
over-reactive hypothalamic-pituitary-adrenal axis in response to restraint stress [32]. Also, treatment with
prebiotic fructo- and galacto-oligosaccharides (FOS/GOS) lowered pro-inflammatory cytokine levels in
mice exposed to chronic psychosocial stress [33].

To address gaps in knowledge about the impact of co-infection with HIV and HCV on the gut
microbiome, we performed 16S rRNA sequencing and metabolomics analyses on fecal samples from
co-infected individuals and compared them to HIV monoinfected and HIV uninfected subjects. Despite the
evident interplay between HIV infection and associated neurocognitive disorders, and between each of these
and gut microbiome dysbiosis, prior work suggests that HIV infection and neurocognitive disorders are not
associated with gut microbiome dysbiosis [34]. Here, we observe associations between gut microbiome

dysbiosis and depression, a form of neurobehavioral disorder, only in HIV-HCV coinfected individuals.
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These results suggest that HIV, HCV and the gut microbiome may work together to cause neuropsychiatric

problems associated with HIV.

5.4 Results and Discussion

5.4.1 The gut microbiome and metabolome differs with HIV and HCV infection.

We first evaluated the gut microbiome and metabolome in the context of HIV infection status. As
in previous studies, we found that beta diversity (i.e., between subject), but not alpha diversity (i.e., within
subject), differed between HIV positive (n = 267) and negative individuals (n = 106) (Unweighted UniFrac
distances [35-37]: permutational multivariate analysis of variance [PERMANOVA] pseudo-F-statistic
(pseudo-F) = 4.24, Benjamini-Hochberg corrected (BH) p = 0.001). There was also a significant difference
in the gut metabolome between HIV positive and negative individuals (Bray-Curtis, pseudo-F = 5.82, BH
p =0.001).

To characterize the impact of covariates on the microbiome, we performed regularized discriminant
analysis [38] (RDA) to calculate the relative effect size of several covariates: sexual orientation; biological
sex; HCV status; HIV status; BDI-II group; lifetime alcohol use disorders; lifetime MDD; and lifetime
drug use disorders (including lifetime history of cocaine, methamphetamine, heroin, and sedative use
disorders) in the unweighted UniFrac beta diversity principal coordinates analysis (PCoA). The lifetime
drug use disorder categories were collinear in the PCoA, but no drug use disorder categories were collinear
with HCV infection status. This suggests that history of drug use disorders does not confound HCV status.
After merging colinear drug-use disorder covariates, we found that sexual orientation, HCV infection
status, BDI group (mild 13, 13-19, mild; 20-28, moderate; or > 29 severely depressed current mood), and
biological sex resulted in a significant RDA model (Fig. 5.1A).

Due to the large relative effect size of HCV status, we classified the participants by the presence or

absence of both HIV and HCYV infection (HIV-monoinfected, HIV-HCV coinfected, or uninfected; 5.1B).
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5.4.2 Demographic and lifestyle comparisons between coinfected, HIV-monoinfected,

and uninfected individuals.

To explore the relationship between the gut microbiome and depression in people with HIV
monoinfection, HIV and HCV coinfection, or neither, we analyzed 16S rRNA gene amplicon sequencing
data from a total of 571 fecal samples (Fig. 5.1B), 398 of which were from unique individuals. After
filtering (see Materials and Methods), 373 samples from unique subjects (described in 5.1A) were retained
for analysis. Participants were grouped according to their HIV and HCV infection state: coinfected
individuals (n = 48) with both HIV and HCV, HIV-monoinfected (n = 219) with HIV but not HCV, and
uninfected individuals (n = 106) with neither virus. A subset of these participants (coinfected, n = 27;
HIV-monoinfected, n = 82; uninfected, n = 32) were additionally assessed using untargeted metabolomics
by liquid chromatography mass spectrometry.

Sample characteristics of each infection group are included in Table 5.1. Biological sex, anal
receptive intercourse, and age have been associated with differences in microbial communities [39-49].
The uninfected group had more women and significantly fewer bisexual and homosexual men (Chi2 =
76.9, p < 0.0001) than the other infection groups, but all three groups were similar in terms of age. The
uninfected group had a higher estimated verbal 1Q than the coinfected group. The uninfected group
also had lower current depressive symptoms and fewer problems with activities of daily living than the
HIV-monoinfected and coinfected group, and a higher rate of employment than the coinfected group.
Lifetime substance use disorders were lower in the uninfected group while lifetime major depression
showed a stair step pattern; with the uninfected group at 33%, the HIV-monoinfected group at 52%, and
the coinfected group at 71% (all p < 0.05). In terms of HIV disease, the HIV-monoinfected and coinfected
groups did not differ by AIDS status, current or nadir CD4, or plasma viral load detectability. While the
coinfected group had been HIV positive an average of 4 years longer than the HIV-monoinfected group,
they were less likely to be on ART at their study visit (85% vs 96% respectively, p < 0.01). The coinfected
group also was more likely to be composed of minorities (specifically, African-Americans), but in all other

respects (including history of substance use disorders) they were comparable to the HIV-monoinfected

group.
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Table 5.1: HIV and HCV group characteristics for both the full infection cohorts (A) and MSM filtered
cohorts (B). T-tests were used for all normally distributed continuous variables (age, education, estimate
verbal 1Q, estimated duration HIV, Beck Depression Inventory II); Wilcoxon tests were used for nadir
and current CD4; chi-square tests use for all nominal variables (% Caucasian, % AIDS, % undetectable
HIV RNA, % cognitively impaired, % employed, % IADL dependent, % lifetime substance use disorder,

% lifetime major depressive disorder, % bisexual and/or homosexual).

a.
Uninfected (a) | HIV Mono-Infected (b) | Coinfected (c)
n 106 219 48
Age’ 51.2 (16.3) 51.7 (12.0) 53.8 (9.1)
Education’ 14.4 (2.5) 14.2 (2.5) 13.5(2.6)
% Female 40% 12% 15% a<b,c
% Caucasian 56% 58% 40% b<c
Estimate Verbal IQ' 104.8 (15.5) 102.0 (12.5) 98.7 (13.8) a>c
Bisexual/Homosexual 28% 79% 74% a<b,c
Heterosesxual 72% 20% 26%
Other/Not Asked 0% 1% 0%
% AIDS 59% 73%
Est. Duration HIV+ (years)' 17.5(9.9) 21.5(7.6) b<c
Nadir CD4° 178 [24-214] 149 [12-284]
Current CD4? 630 [456-840] 521 [420-794]
% Undetectable HIV RNA
(Plasma; on ART) 3% 89%
% on ART 96% 85% b>c
% Cognitively Impairment 44% 49% 56%
Beck Depression Inventory“ 5.6 (7.3) 11.2 (10.8) 10.9 (10.7) a<b, c
% Employed 43% 32% 19% a>c
% IADL 10% 37% 48% a<b,c
%Lifetime Substance Use 55% 749% 85% a<b c
Disorder ’
% Lifetime Major Depressive 339 529 71% a<b<c
Disorder
b.
Uninfected (a) | HIV Mono-Infected (b) | Coinfected (c)
n 25 167 35
Age' 52.8 (17.1) 51.2 (12.7) 52.9(9.0)
Education’ 15.0 (2.4) 14.5(2.4) 13.5(2.5) a>c
% Caucasian 64% 63% 48%
Estimate Verbal IQ' 110.7 (17.4) 103.0 (11.4) 101.2 (14.0) a>b,c
Bisexual 20% 10% 24% b<a,c
Homosexual 80% 90% 76%
% AIDS 57% 71%
Est. Duration HIV+ (years)' 17.8 (104) 21.9(8.2) b<c
Nadir CD4? 183 [40-343] 175 [14-300]
Current CD4* 627 [440-820] 508 [357-739]
% Undetectable HIV RNA
(Plasma; on ART) 92% 93%
% on ART 95% 86% b>c
% Cognitively Impairment 42% 48% 55%
Beck Depression Invemury1 6.7 (7.0) 11.3 (11.0) 10.3 (10.4)
% Employed 38% 31% 23%
% IADL 12% 34% 48% a<b.c
%Lifetime Substance Use 76% 76% 86% a<c
Disorder
% Lifetime Major Depressive 32% 52% 63% a<b<c
Disorder
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Figure 5.1: Cohort characteristics. A) Unweighted UniFrac relative effect sizes assessed using RDA in
the full dataset. B) Sample selection pipeline. Coinfected groups are in red, HIV-monoinfected groups
are in orange, and uninfected groups are in green. Lighter colors represent MSM subgroups.

Men who have sex with men (MSM) are known to have Prevotella-rich gut microbiomes, which is
also a hallmark in HIV infection [42—49]. To account for this potentially confounding factor, we performed
concerted microbiome analyses on 1) the full groups (coinfected, HIV-monoinfected, uninfected) and 2)
the subgroups composed only of MSM (coinfected, n = 34; HIV-monoinfected, n = 167; uninfected, n =
25; Fig. 5.1).

When limited to MSMs, the uninfected group had somewhat higher education levels than the
coinfected group, and higher premorbid IQ estimates than both infected groups; otherwise, demographic
characteristics did not differ between the three subgroups (Table5.1B). The three groups differed in sexual
behavior (Chi2 = 7.7, p = 0.02): in the coinfected subgroup, 24% reported sex with men and women
and 76% reported sex with only men; for the HIV-monoinfected subgroup, 10% reported sex with men
and women and 90% reported sex with only men. In the uninfected subgroup 20% reported sex with
men and women and 80% reported sex with only men. As in the full group, the coinfected individuals
in the MSM subgroup had longer estimated duration of HIV infection and a smaller percentage were
on antiretroviral therapy in comparison to the HIV-monoinfected MSM subgroup. Additional cohort
descriptors are included in Table 5.1B. Of the MSM dataset, 20 coinfected, 67 HIV-monoinfected, and 8

uninfected individuals were assessed using untargeted mass spectrometry.
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5.4.3 The gut microbiome and metabolome are significantly different between coinfected,

HIV-monoinfected, and uninfected individuals.

To understand how the gut microbiome and metabolome of the three infection groups differed from
each other, we compared alpha and beta diversity between coinfected, HIV-monoinfected, and uninfected
groups. After examining results with the full cohort, we then performed the same analyses on the MSM
subgroups.

First, we compared coinfected to uninfected groups. In the full cohort, we observed a statistically
significant difference in the overall gut microbial communities in unweighted UniFrac beta diversity
distances between coinfected and uninfected individuals (Fig. 5.2A, PERMANOVA pseudo-F = 3.05, BH p
=0.001). Coinfected individuals also had lower alpha diversity than uninfected individuals (5.2B, Shannon
index [50], Kruskal-Wallis H (KW-H) = 14.0, BH p = 0.0006). Coinfected and uninfected individuals
were also significantly different in their overall gut metabolome (ig. 5.2C, beta diversity Bray-Curtis
PERMANOVA pseudo-F = 7.57, BH p = 0.002). However, between coinfected and uninfected MSM
subgroups, there were no differences in the overall composition of the gut microbiome and metabolome
(unweighted UniFrac beta diversity PERMANOVA pseudo-F = 1.28, BH p = 0.20; Shannon index, KW-H
=2.85, BH p = 0.14; metabolomics beta diversity Bray-Curtis PERMANOVA pseudo-F =0.98, BH p =
0.47).

Next, we compared HIV-monoinfected to uninfected groups. HIV-monoinfected individuals were
also significantly different from uninfected individuals in unweighted UniFrac beta diversity distances
(Fig. 5.2A, PERMANOVA pseudo-F = 4.4, BH p = 0.001), and in their overall gut metabolome (Fig. 5.2C,
beta diversity Bray-Curtis PERMANOVA pseudo-F = 4.53, BH p = 0.002). Unlike coinfected individuals,
however, there was no difference in alpha diversity between the HIV-monoinfected and uninfected groups
(Shannon index, KW-H = 0.37, BH p = 0.55). Between the MSM subgroups of HIV-monoinfected and
uninfected, there were no differences in the overall composition of the gut microbiome and metabolome
(unweighted UniFrac beta diversity PERMANOVA pseudo-F = 1.18, BH p = 0.21; Shannon index, KW-H
=(0.0006, BH p = 0.98; metabolomics beta diversity Bray Curtis PERMANOVA pseudo-F =0.92, BH p =

0.47).

113



Finally, we compared coinfected to HIV-monoinfected groups. In the full cohorts, we observed a
statistically significant difference in unweighted UniFrac beta diversity distances between coinfected and
HIV-monoinfected individuals (Fig. 5.2A, PERMANOVA pseudo-F = 2.56, BH p = 0.001). Coinfected
individuals also had lower alpha diversity than HIV-monoinfected individuals (Fig. 5.2B, Shannon index,
KW-H =12.5, BH p = 0.0006). Furthermore, coinfected and HIV-monoinfected were significantly different
in their overall gut metabolome (Fig. 5.2C, beta diversity Bray-Curtis PERMANOVA pseudo-F = 3.416891,
BH p = 0.004). In the MSM subgroups, the unweighted UniFrac beta diversity distances between the
coinfected and HIV-monoinfected subgroups remained statistically significantly different (Fig. 5.2D,
PERMANOVA pseudo-F = 1.73, BH p = 0.05). Again, the coinfected individuals had a lower alpha
diversity than HIV-monoinfected individuals (Fig. 5.2E, Shannon index, KW-H = 6.38, BH p = 0.04).
The differences in the overall gut metabolomes of the coinfected and HIV-monoinfected individuals also
remained significant in the MSM cohort (Fig. 5.2F, beta diversity, Bray-Curtis PERMANOVA pseudo-F =
3.15, BH p = 0.03).

Alpha diversity does not correlate with immune biomarkers of disease progression in each
cohort

Progression of untreated HIV infection is associated with worsening immune suppression, which
is characterized by lower CD4+ T-cell counts and higher CD8+ T-cell counts [51], resulting in a low
CD4/CDS ratio. We did not observe any correlation between %CD4+, nadir CD4+, or absolute CD4+ T
cells, and alpha diversity (Shannon) in any of the infection groups (SI Table 5.2). Likewise, there was no
correlation between CD4/CD8 ratio and alpha diversity (Shannon index) (SI Table 5.2).

Elevated levels of the pro-inflammatory cytokine interleukin(IL)-6, even in the context of viral
suppression on antiretroviral therapy (ART), are associated with adverse outcomes such as myocardial
infarction and death [52-55]. There were no correlations between plasma IL-6 and alpha diversity

(Shannon) in any of the infection groups or subgroups (Table 5.2).
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Figure 5.2: Comparison between coinfected (red), HIV-monoinfected (orange), and uninfected (green)
groups. A-C) Full groups. D-F) MSM subgroups. A,D) between group alpha (Shannon index) diversity
compared to the uninfected group, compared using Kruskal-Wallis test and FDR was controlled using
Benjamini-Hochberg procedure; B,E) between group unweighted UniFrac distances of microbiome
profiles, compared to the uninfected group, compared using pairwise PERMANOVA; C,F) between
group Bray Curtis distances of metabolomic profiles compared to the uninfected group, compared using
pairwise PERMANOVA.
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5.4.4 Associations of gut microbiome and metabolome composition with current and life-

time depression within the coinfected, HIV-monoinfected, and uninfected cohorts.

We next evaluated each of the three infection groups separately to assess associations between
the gut microbiome and depression. Participants underwent standardized assessments of lifetime Major
Depressive Disorder using DSM-IV criteria (and current depressive symptoms using the Beck Depression
Inventory-II) as described in Materials and Methods. Here, we evaluated the groups according to two
assessments: occurrence of lifetime major depressive disorder (MDD) and current depressive symptoms of
at least mild severity based on the Beck Depression Inventory (BDI-II 14).

The gut microbiome and metabolome are altered in coinfected individuals with depression.
We first tested for association between the gut microbiome and BDI-II in any of the three groups. Individuals
were considered currently depressed if they reported at least mild depressive symptoms; otherwise they
were considered not depressed. In no infection cohorts was there a significant difference in alpha or beta
diversity between individuals stratified by current depressive symptoms (SI Table 5.3). Consistent with
prior research [56, 57], there also was no significant correlation between alpha diversity and continuous
BDI-II severity in any of the cohorts (SI Table 5.2).

We also were interested in determining whether having MDD at any point (or multiple points)
in an individuals life would be associated with gut microbiome differences, separately within the three
infection groups. Only in the full coinfected group did we observe a statistically significant difference
between those who met lifetime diagnostic criteria for MDD versus those who did not (SI Table 5.3,
unweighted UniFrac PERMANOVA, pseudo-F = 1.6, BH p = 0.044). We found no significant differences
in the HIV-monoinfected full group or MSM subgroup in unweighted UniFrac distances or Shannon
diversity between MDD states (SI Table 5.3). Prior research also suggests that neurobehavioral disorders
are not independently associated with gut microbiome dysbiosis in HI'V infection [34]. We also found no
significant differences between lifetime MDD status in the uninfected groups (SI Table 5.3).

In the metabolomics data, a partial least squares discriminant analysis (PLSDA) and random forest
analysis were used to identify features of interest between lifetime MDD status within each group. In the

metabolomics GNPS network, multiple compounds of interest were found to be annotated as bile acids.
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Figure 5.3: The gut microbiome and metabolome differ in coinfected individuals with a lifetime history
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and Secondary Bile Acids annotation of the network. B) Coinfected MSM subgroup. C) All other cohorts.
D) Individuals who had lifetime MDD have a significantly higher log ratio of set 1 to set 2 (t-test, P =
9.1e-06, t =-5.21, df = 34.18, Cohens D = 1.43). The list of microbes in each set are available in SI Table

5.5.
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Further analysis of all annotated bile acids revealed that in both the full coinfected group and the coinfected
MSM subgroup, a cluster of primary and secondary bile acids were significantly increased (Dunns test, p <
0.05) in individuals with a lifetime history of MDD (5.3A,B; annotations in SI Table 5.4). This difference
is not observed in the HIV-monoinfected or the uninfected groups (5.3C).

Bile acids and the gut microbiome exist in a dynamic equilibrium [58]. Primary bile acids are
produced and conjugated in the liver, released in the biliary tract, and maintained through positive feedback
antagonism of farnesoid X receptor (FXR) in the intestines and the liver [59]. Bile acids mediate anti-
inflammatory immune responses by binding to receptors such as Takeda G protein-coupled receptor 5 [60,
61]. Primary bile acids are metabolized by gut microbes into secondary bile acids and passively absorbed
into the portal circulation [62]. Secondary bile acids affect host physiology by binding and activating host
nuclear receptors to a greater extent than primary bile acids [58]. Here, seven annotations of secondary
bile acids were significantly increased in the full cohort of coinfected individuals with a lifetime history
MDD, and six were significantly increased in the MSM subgroup (5.3A,B). This finding suggests increased
metabolism of primary to secondary bile acids by gut microbes in individuals coinfected with both HIV
and HCV.

Bile acid imbalances are known to result in pathological states such as liver disease, gastrointestinal
cancers, and gallstones [58]. Shifts in bile acid homeostasis are associated with HCV infection [63] and
chronic liver disease. Bile acid abundance and composition are also dysregulated in MDD [64]. Our
observation of increased primary and secondary bile acids in coinfected individuals with a lifetime history
of MDD compared to coinfected individuals without a lifetime history of MDD suggests that dysregulated
bile acid metabolism by gut bacteria may be a mechanism that links HIV-HCYV coinfection and MDD.

Due to our observation that overall microbiome composition, as measured by unweighted UniFrac,
differed between coinfected individuals with or without lifetime MDD, we were also interested in de-
termining whether specific groups of taxa may be driving the bile acid differences we observed in the
gut metabolome. We used Songbird [65] to identify microbes that were associated with lifetime MDD
in the full cohort of coinfected individuals. Songbird is a compositionally aware differential abundance
method which provides rankings of features (suboperational taxonomic units [sOTUs]) based on their log

fold-change with respect to covariates of interest. In this case, the formula we used described whether the
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individual had lifetime MDD or not. We selected the highest 10% (set 1, SI Table 5.5) and lowest 10%
(set 2, SI Table 5.5) of the ranked sOTUs associated with lifetime MDD and used Qurro [66] to compute
the log ratio of these sets of taxa (5.3D). Comparing the ratios of taxa in this way mitigates bias from the
unknown total microbial load in each sample, and taking the log of this ratio gives equal weight to relative
increases and decreases of taxa [65]. Evaluation of the Songbird model against a baseline model obtained a
pseudo-Q2 value > 0, suggesting the model was not overfit. We found that coinfected individuals who had
lifetime MDD had a significantly higher log ratio of set 1 to set 2 sSOTUs than those who never had a MDD
(t-test, p =9.055e-06, t =-5.210, df = 34.183, Cohens D = 1.434), suggesting that they were associated with
set 1. Several microbes that we found to be associated with coinfected individuals with a lifetime history
of MDD (set 1 microbes, SI Table 5.5) have also been previously identified as enriched in MDD, including
Enterobacteriaceae [31] and Alistepes species (here, Alistepes onderdonkii) [31, 67-69], Bacteroides [31,
68], and Parabacteroides (here, Parabacteroides distasonis) [31]. Likewise, coinfected individuals without
lifetime MDD were enriched in several microbes (set 2, SI Table 5.5) that were previously identified as
being decreased in uninfected individuals with MDD, including: Dialister spp. [31, 70], Lachnospiraceae

[68], and Ruminococcus spp. [31].

5.5 Conclusions

This is to our knowledge the first study of the association between infection with HIV and HCYV,
depression, and the gut microbiome and metabolome. We performed 16S rRNA sequencing and liquid
chromatography mass spectrometry using stool samples from nearly 400 individuals and evaluated the data
with state-of-the-art tools. We observed that although the gut microbiome of HIV positive and negative
individuals differed, HCV had a large effect on the microbiome which warranted consideration in our
study. The infection groups differed from each other in terms of both alpha and beta diversity, in the
full cohort as well as the MSM subgroups. Furthermore, we found that depression was associated with
differences in the gut microbiome and metabolome only in HIV-HCV coinfected individuals. Coinfected
individuals with a lifetime history of MDD were enriched in primary and secondary bile acids, as well as

particular depression-related taxa. Since microbial diversity and function may be altered by interventions
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such as probiotic and prebiotic administration, our findings support further investigation of microbiome
interventions for treatment of MDD, particularly in HIV-HCV coinfected individuals. Importantly, our
results suggest that microbiome and metabolome investigations in HIV-infected cohorts should carefully
consider possible effects of HCV coinfections, which are not uncommon among people living with HIV.
While this study provides the foundation for more directed research, it has some limitations — particularly
the lack of an HCV-monoinfected group, the small number of women, and the reduced sample sizes after
subsetting for MSM. In future studies, it would also be of great interest to consider current MDD and other

neurobehavioral or neuropsychiatric metrics in coinfected and monoinfected cohorts.
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5.7 Materials and Methods

5.7.1 Participant recruitment, sample processing, and sample selection.

This was a cross-sectional prospective observational cohort study of persons with or without
HIV infection recruited from community sources, who agreed to undergo comprehensive neuromedical
and neurobehavioral evaluations for NIH-funded studies at the HIV Neurobehavioral Research Program
(HNREP, https://hnrp.hivresearch.ucsd.edu/) including the HIV Neurobehavioral Research Center (HNRC)
study (study details: HNRP [71, 72] at the University of California at San Diego. Those who also agreed to
submit stool samples for microbiome studies were included in the current analyses. A subset of participants
also had positive serology for hepatitis C virus. The UCSD’s Human Research Protections Program
(irb.ucsd.edu) approved all study procedures, and all participants provided written informed consent.

Exclusions were diagnoses of active substance use disorders and presence of an active, major

psychiatric condition with current psychotic features or neurological conditions such as schizophrenia or
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epilepsy. If multiple stool samples were collected from participants, only the first time point was analyzed
by 16S rRNA sequencing. A single time point per subject was additionally analyzed by HPLC-MS/MS.
HIV and HCV infection was confirmed by a point-of-care vertical flow test (MedMira, Halifax, Nova
Scotia). Participants were designated as a) HIV-monoinfected if they tested positive for HIV but not HCYV,
b) Coinfected if they tested positive for both HIV and HCV, or c¢) Uninfected if they tested positive for

neither HIV or HCV.

5.7.2 Neuromedical and Laboratory Assessment.

All participants underwent a comprehensive neuromedical assessment, including a medical history
that collected antiretroviral therapy (ART) and other medications, data to determine Centers for Disease
Control (CDC) staging, and specimen collection (blood, stool). Routine clinical chemistry panels, complete
blood counts, rapid plasma reagin, and CD4+ T cells (flow cytometry) were performed at a Clinical Labo-
ratory Improvement Amendments (CLIA)certified medical center laboratory. HIV RNA were measured in
plasma using reverse transcriptase polymerase chain reaction (Amplicor, Roche Diagnostics, Indianapolis,

IN, with a lower limit of quantitation 40 copies/ml).

5.7.3 Evaluation of Depression

DSM-IV diagnosis of Lifetime Major Depressive Disorder was evaluated using the computer-
assisted Composite International Diagnostic Interview (CIDI [73]), a structured instrument widely used
in psychiatric research. Current self-reported depressed mood was assessed using the Beck Depression
Inventory-1I (BDI-II [74]). The BDI-II consists of 21 items that assess the severity of depression symptoms
over the 2 weeks prior to assessment. The BDI-II total score ranges from 0-63 with higher scores denoting
more severe depression symptoms. For analyses, we used the published cutoff of at least mild severity to

define current self-reported depression [74].

5.7.4 16S rRNA Gene Sequencing.

DNA extraction and 16S rRNA amplicon sequencing were done using Earth Microbiome Project

(EMP) standard protocols (http://www.earthmicrobiome.org/protocols-and-standards/16s). DNA was
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extracted with the Qiagen MagAttract PowerSoil DNA kit as previously described [75]. Amplicon PCR
was performed on the V4 region of the 16S rRNA gene using the primer pair 515f to 806r with Golay error-
correcting barcodes on the reverse primer. Amplicons were barcoded and pooled in equal concentrations for
sequencing. The amplicon pool was purified with the MO BIO UltraClean PCR cleanup kit and sequenced
on the Illumina MiSeq sequencing platform. Sequence data were demultiplexed and minimally quality

filtered using the Qiita defaults.

5.7.5 16S marker gene data analysis.

QIIME 2 [76] was used to generate pairwise unweighted and weighted UniFrac distances [35,
37, 77]. Between group differences based on these distances were tested using PERMANOVA [78] and
permuted t-tests in QIIME 2. Alpha diversity (Shannon diversity [50]) was compared with a Kruskal-Wallis
test.

Songbird v1.0.1 [65] in QIIME 2 version 2020.2 was used to identify feature ranks (parameters:
—p-epochs 10000 —batch-size 5 —learning-rate 1e-4 —min-sample-count 1000 —min-feature-count 0 —num-
random-test-examples 10) and Qurro v0.4.0[66] was used to compute log-ratios of these ranked features.
T-tests and Cohens D were calculated to assess the significance (alpha=0.05) and effect size of the

log-ratios.

5.7.6 LC-MS/MS data acquisition.

Human fecal samples were transferred to clean 2 mL sample tubes (Qiagen Cat N0.990381) and
the weights were recorded. The samples were then extracted in a solution of 1:1 methanol to water spiked
with an internal standard of 1 uM sulfamethazine, using a 1:10 sample weight (milligram) to solvent
volume (microliter) ratio. Using a Tissuelyser II (Qiagen), the samples were homogenized for 5 minutes
at 25 hertz. This was followed by a 15 minute centrifugation at 14,000 rpm. From the supernatant, 400
UL was transferred to a pre-labeled 96-Well DeepWell plate and the plates were concentrated using a
CentriVap Benchtop Vacuum Concentrator (Labconco) for approximately 4 hours. The dry plates were
placed into the -80 degrees Celcius until time for analysis.

The plates were resuspended in 150 uL of a 1:1 methanol to water with a 1 uM sulfadimethoxine
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internal standard solution. For metabolomics analysis, an ultra-high performance liquid chromatography
system (Thermo Dionex Ultimate 3000 UHPLC) coupled to an ultra-high resolution quadrapole time
of flight (qToF) mass spectrometer (Bruker Daltonics MaXis HD). For chromatographic separation, a
Phenomenex Kinetex column ( C18 1.7 uM, 2.1 mm x 50 mm) was used. The mobile phase consisted
of solvent A: 100 percent LC-MS grade water with 0.1 percent formic acid and solvent B: 100 percent
acetonitrile with 0.1 percent formic acid. Each sample was injected at a volume of 5 uL into a flow rate of
0.5 mL for the entire analysis. The 12 minute chromatographic gradient began at 5 percent solvent B for
the first minute, an increase to 100 percent solvent B from minute 1 to minute 11, a hold at 100 percent
B until minute 11.5, and back down to 5 percent B reached at minute 11.5. All data was collected using

electrospray ionization in positive mode.

5.7.7 LC-MS/MS data analysis.

The raw data in Bruker (.d) format were lock mass corrected using hexakis ((1H, 1H, 2H-
difluoroethoxy)phosphazene (Synquest Laboratories, Alachua, FL) and were exported as .mzXML files
using the Bruker Data Analysis software. Both the raw .d and the .mzXML files were uploaded to the UC
San Diego mass spectrometry data repository MassIVE (https://massive.ucsd.edu/ProteoS AFe/static/mas-
sive.jsp). Feature detection was completed using MZmine version 2.37 software [79]. Parameters can be
found in supplemental 5.6. The resulting feature tables were exported as both a quantification file (.csv)
and a spectral information file (.mgf) for analysis using the Global Natural Products Social Molecular
Networking (GNPS) platform [80].

The quantification table and the spectral information was analyzed using the GNPS feature
based molecular networking workflow [81]. Parameters can be viewed via the job results page
(https://gnps.ucsd.edu/ProteoS AFe/status.jsp?task=350392e8e24c412b84fde04f9183fc4). The results
reflect MSI level 2 or 3 annotations [82]. For the statistical analyses, the MZmine-produced feature
abundance table containing peak areas was inputted into the web-based MetaboAnalyst Software [83].
The data was normalized following the metabolomics data analysis protocols outlined in the previous
metabolomics project [84], a normalization by quantile normalization and an auto scale. The Metaboanlyst

software was used to produce the partial least square discriminant analysis (PLS-DA) and random forest
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accuracy results. The normalized data was used to calculate a squareform matrix based on the bray curtis
distance metric which was inputted into a .qza format for use in QIIME2. All PERMANOVAs were run
using the QIIME?2 beta group significance command [76]. The Cytoscape v3.7.2 software was used for all
molecular networking visualizations [85]. Individual feature level comparisons were completed using a

Dunns test.

5.7.8 Data availability.

The data generated in this study are available publicly in Qiita under the study ID 11135.
Sequence data associated with this study can be found under EBI accession TBD. The GNPS
feature based molecular networking job is available at: https://gnps.ucsd.edu/ProteoS AFe/sta-
tus.jsp?task=350392e8e24c41{2b84fde04f9183fc4. The raw experimental data are available at MassIVE

(https://massive.ucsd.edu/), dataset MSV000083664.
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5.8 Supplementary Material

Table 5.2: Alpha (Shannon index) diversity correlations with continuous BDI-II and continuous biomark-
ers in the infection groups and MSM subgroups.

a.
Full Dataset
BDI-ll Nadir CD4 Absolute CD4
# Pearsonr| p-value # Pearsonr | p-value # Pearsonr| p-value
Coinfected 38 -0.14 0.39 48 012 043 47 0.02 0.92
HIV Mono-Infected 178 0.02 0.83 218 0.05 042 207 0.02 0.83
Uninfected 98 -0.01 0.90 54 -0.03 0.82 10 -0.19 0.60
Percent CD4 CD4/CD8 Ratio log10 IL6 (plasma)
# Pearsonr| p-value # Pearsonr | p-value # Pearsonr| p-value
Coinfected 207 0.02 078 207 0.00 0.99 90 -012 0.26
HIV Mono-Infected 47 0.16 0.29 47 0.23 0.13 14 0.08 0.77
Uninfected 10 -0.01 0.97 10 -0.20 0.58 34 -0.03 0.89
b.
MSM Dataset
BDI-ll Nadir CD4 Absolute CD4
# Pearson r| p-value # Pearsonr | p-value # Pearsonr| p-value
Coinfected 26 0.02 077 34 0.08 0.67 33 0.06 0.72
HIV Mono-Infected 137 -0.08 071 167 0.06 0.44 157 -0.03 072
Uninfected 23 -0.03 0.89 19 -0.10 0.67 4 N/A N/A
Percent CD4 CD4/CD8 Ratio log10 IL6 (plasma)
# Pearsonr| p-value # Pearsonr | p-value # Pearsonr | p-value
Coinfected 33 0.19 0.30 33 0.25 0.15 11 0.24 0.47
HIV Mono-Infected 157 003 073 157 0.00 0.99 73 -0.13 0.29
Uninfected 4 N/A N/A 4 N/A N/A 7 N/A N/A
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Table 5.3: Alpha and beta diversity between categorical BDI-II and LT MDD groups in all infection
groups. Beta (unweighted UniFrac) and alpha (Shannon) diversity in the 16S data, and Beta (Bray Curtis)
diversity in the metabolomics data.

a.
Full Dataset
BDI-Il LT MDD
Minimal | > Minimal | pseudo-F | p-value LTMDD | No MDD | pseudo-F | p-value
Coinfected 27 11 1.07 0.30 34 14 1.60 0.044
HIV Mono-Infected 122 55 0.68 0.96 113 104 1.28 0.12
Uninfected 84 14 1.37 0.078 34 69 0.81 0.81
b.
MSM Filtered Dataset
BDHI LT MDD
Minimal | > Minimal | pseudo-F | p-value LTMDD | NoMDD | pseudo-F | p-value
Coinfected 19 7 112 0.27 21 13 0.98 045
HIV Mono-Infected 94 42 0.92 0.56 86 79 143 0.06
Uninfected 20 3 1.00 0.36 8 17 0.82 0.77
C.
Full Dataset
BDI-Il LT MDD
Minimal | > Minimal KW-H [BH p-value] LTMDD | No MDD KW-H [BH p-value]
Coinfected 27 11 2.05 48 34 14 259 0.11
HIV Mono-Infected 122 55 0.005 0.94 113 104 0.0002 0.99
Uninfected 84 14 3.19 0.22 34 69 042 0.52
d.
MSM Filtered Dataset
BDI-lI LT MDD
Minimal | > Minimal KW-H |BH p-value] LTMDD | No MDD KW-H |BH p-value]
Coinfected 19 7 0.80 0.37 21 13 1.25 0.26
HIV Mono-Infected| 94 42 0.10 0.76 86 79 0.03 0.87
Uninfected 20 3 0.30 0.58 8 17 0.12 0.73
e.
Full Dataset
BDHHI LT MDD
Minimal | > Minimal | pseudo-F | p-value LTMDD | NoMDD | pseudo-F | p-value
Coinfected 15 8 2.09 0.17 20 7 1.14 0.28
HIV Mono-Infected| 48 21 0.78 0.66 46 36 0.74 0.70
Uninfected 26 4 1.80 0.087 10 22 1.03 0.37
f.
MSM Filtered Dataset
BDI-Il LT MDD
Minimal | > Minimal | pseudo-F | p-value LTMDD [ NoMDD | pseudo-F | p-value
Coinfected 11 5 1.83 0.17 14 6 093 0.39
HIV Mono-Infected 39 19 0.82 0.63 38 30 0.87 0.51
Uninfected 6 2 045 0.84 2 6 0.45 0.81
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Table 5.4: GNPS annotations (MSI level 3) for the bile acid networks shown in all figures. The annotation
indicates the closest spectral match found in the GNPS libraries for the feature.

Cluster Index miz Reter(ttn:‘?rr:)Time GNPS Annotation
64 391.2836 5.579 12-Ketodeoxycholic Acid
77 391.2835 5.516 12-Ketodeoxycholic Acid
81 373.0728 5.581 (4R)4-((35,5R,98,108,13R,14S,1 7R)-3-hydrc_>xy-10,T3-d|methyl-12-oxohexadecahydro-1 H-
cyclopentala]phenanthren-17-yl)pentanoic acid
83 3732731 5.914 (R)-4-((35,55,7S,8R,95,10S,12S,13R,1 48,17.R)-3.,7,12-’m‘hydroxy-1 0,13-dimethylhexadecahydro
1H-cyclopentala]phenanthren-17-yl)pentanoic acid
119 373.2729 4.632 (R)-4-((3S8,5S8,7R,8R,9S,10S,125,1 3R,145,1?R)—Z?J,T2-trihydroxy-10,13-dimethy|hexadecahydro
1H-cyclopentalalphenanthren-17-yl)pentanoic acid
152 3732730 5.154 (R)-4-((3R,5S,7R,8R,9S,10S,1 28,13R,14S,1l7R)-C.i,7,12-tr|hydmxy-10,13-d|methylhexadecahydro
1H-cyclopentalalphenanthren-17-yl)pentanoic acid
153 373.2729 4.715 (R)-4-((3S8,558,7R,8R,9S5,108,125,1 3R,14‘S,1?R)—:?J,T2-trihydroxy-10,13~dimelhylhexadecahydro
1H-cyclopentala]phenanthren-17-yl)pentanoic acid
242 3912833 5.246 (4R)-4-((38,5R,9S,10S,13R,148,1 7R)-3-Ij|ydrc.>xy-10,1 3-dimethyl-12-oxohexadecahydro-1H-
cyclopentala]phenanthren-17-yl)pentanoic acid
(4R)4-((3R,5R,65,7R,98,10R,12S,13R,14S,17R)-3,6,7,12-tetrahydroxy-10,13-
353 3892684 4844 dimethylhexadecahydro-1H-cyclopenta[a]phenanthren-17-yl)pentanoic acid
364 3730732 5.545 (4R)-4-((38,5R,9S,10S,13R,148,1 7R)-3-Ij|ydrcl>xy-10,13-dime’thy|-12-oxohexadecahydro-1 H-
cyclopentala]phenanthren-17-yl)pentanoic acid
376 3712577 4.855 (R)-A-((BR,SS,SR,QS,1OS,13R,148,17R)—3-h‘ydro.xy-1 0,13-dimethyl-7-oxohexadecahydro-1H-
cyclopenta[a]phenanthren-17-yl)pent-2-enoic acid
302 389.2688 5.642 (4R)-4-((38,58,7S,98,1OS,13R,14S,17R)-3,7l-d|h){droxy-10,13-d|methy|-12-onhexadecahydro-
1H-cyclopentala]phenanthren-17-yl)pentanoic acid
303 373.2738 4.303 (R)4-((38,58,78,8R,9S,10S,12S,13R,14S,1 ?R)‘QfJJ 2-trihydroxy-10,13-dimethylhexadecahydro
1H-cyclopentala]phenanthren-17-yl)pentanoic acid
305 301.0837 4.606 (R)4-((3R,5S,7S,8R,9S,108,12S,1 3R,14S,1?R)-3l,7,12-trihydroxy-1 0,13-dimethylhexadecahydro
1H-cyclopentala]phenanthren-17-yl)pentanoic acid
(4R)4-((3R,5R,68,7R,9S,10R,128,13R,17R)-3,6,7,12-tetrahydroxy-10,13-
404 389.2684 4595 dimethylhexadecahydro-1H-cyclopenta[a]phenanthren-17-yl)pentanoic acid
(28,6R)-2-met-yl-8-((3R,58,7R ,98,108,12S,13R,148,17R)-3,7,12-trihydroxy-10,13-
584 4153197 5995 dimethylhexadecahydro-1H-cyclopentala]phenanthren-17-yl)heptanoic acid
621 431.3147 5.664 Not Annotated
661 373.0728 5.438 (4R)-4-((38,5R,9S,10S,13R,148,1 7R)-3-Ij|ydrc.>xy-10,1 3-dimethyl-12-oxohexadecahydro-1H-
cyclopentala]phenanthren-17-yl)pentanoic acid
935 355.0622 5.441 (4R)-4-((35,5R,98,108,13R,145,1 7R)-3-hydrc?xy-10,13-dimethyl-12-oxohexadecahydro-1 H-
cyclopentala]phenanthren-17-yl)pentanoic acid
1072 3730737 7.102 (4R)-4-((38,5R,9S,10S,13R,148,1 7R)-3-hydrc?xy-10,1 3-dimethyl-12-oxohexadecahydro-1H-
cyclopentala]phenanthren-17-yl)pentanoic acid
1129 355.2627 4.59 Cholic Acid
1130 3730734 4588 (4R)-4-((3R,SS,7S,QS,108,128,13R,17R).-3,7,l12-tr|hydroxy-1 0,13-dimethylhexadecahydro-1H-
cyclopentala]phenanthren-17-yl)pentanoic acid
(R)4-((1R,38,58,7R,88,98,108,128,13R,148,17R)-1,3,7,12-tetrahydroxy-10,13-
131 407.2793 4809 dimethylhexadecahydro-1H-cyclopentala]phenanthren-17-yl)pentanoic acid
(4R)4-((1R,38,58,7R,98,108,12S,13R,148,17R)-1,3,7,1 2-tetrahydroxy-10,13-
134 407.2791 4444 dimethylhexadecahydro-1H-cyclopenta[alphenanthren-17-yl)pentanoic acid
1136 355.2632 4.412 Cholic Acid
1246 375.2812 5.17 Not Annotated
(R)4-((3R,5R6R,7R,8R,9S,10R,12S,13R,148,17R)-3,6,7,12-tetrahyd roxy-10,13-
1486 3892690 4523 dimethylhexadecahydro-1H-cyclopentala]phenanthren-17-yl)pentanoic acid
1551 3712578 5.644 (R)-4-((35,558,7R,8R,9S8,108,1 3R.14S,17R)-C<.),7-d!hydroxy-10,13-d|methyl-12-oxohexadecahydro
1H-cyclopentalalphenanthren-17-yl)pentanoic acid
1966 391.2839 5.561 12-Ketodeoxycholic Acid
1068 3730734 5.145 (R)-A-((BR,SS]R,SR,QSJ08,128.13R,14S,1l7R)-(l%.7,12-tr|hydroxy-10,13-d|methy|hexadecahydro
1H-cyclopentala]phenanthren-17-yl)pentanoic acid
(4R)-4-((1R,38,58,7R,98,108,128,13R,148,17R)-1,3,7,1 2-tetrahydroxy-10,13-
2153 407.2806 4731 dimethylhexadecahydro-1H-cyclopentala]phenanthren-17-yl)pentanoic acid
2155 373.9704 4.803 (4R)-4-((38,5R,9S,10S,13R,148,1 7R)-3-hydrc?xy-10,13—dimethyl-12-oxohexadecahydro-1 H-
cyclopentala]phenanthren-17-yl)pentanoic acid
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Table 5.5: Sets of taxa identified using Songbird and used in log ratio calculations.

Sets Taxa

Enterobacteriaceae, Alistipes onderdonkii, Anaerotruncus spp., Blautia spp., Bacteroides spp., Bacteroides caccae, Blautia producta, Clostrid-
Set 1 ium aldenense, Clostridium ramosum, Clostridium spiroforme, Clostridium symbiosum, Dialister spp., Oribacterium spp., Oscillospira spp.,
Parabacteroides distasonis, Prevotella spp., [Ruminococcus] gnavus, [Ruminococcus] torques, Sutterella spp., and Veillonella parvula.

Faecalibacterium prausnitzii, Akkermansia viniphila, families Rik llaceae, Ruminococcaceae, Coriobacteriaceae, [Mogibacteriaceae],
Set 2 Lachnospiraceae, Haemophilus parainfluenzae, Blautia spp., order Clostridiales, Streptococcus spp., Ruminococcus spp., Clostridium celatum,
Lachnospira spp., Roseburia spp.
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Table 5.6: MZmine version 2.37 parameters used for feature detection on the metabolomics data.

Mass Detection Isotopic Peaks Grouper

MS Level: 1 MS Level: 2 m/z Tolerance: 0.01 m/z Maximum Charge: 4
Mass Dectector: Centroid Mass Dectector: Centroid RT Tolerance: 0.3 min Rep. Isotope: Most Intense
Noise Level: 1.0E3 Noise Level: 1.0E2 . .
Join Aligner
ADAP ChromatOgram Builder m/z Tolerance: 0.01 m/z or RT Tolerance: 0.3 min
MS Level: 1 Min Highest Intensity: 1.0E3 10 ppm Weight fo RT: 25

Min Group Size in # of Scans: 4 m/z tolerance: 0.01 m/z or Weight for m/z: 75
Group Intensity Threshold: 3.0E3 10 ppm

Gapfilling
Chromatogram Deconvolution Intensity Tolerance: 20.0%
. - m/z Tolerance: 0.005 m/z or 10 ppm
Algorithm: Local Minimum Search " ) X p
Chromatographic Threshold: 0.01% Retention Time Tolerance: 0.2 min
Search Minimum in RT range: 0.04 min .
Minimum Relative Height: 0.01% Peak Filter

Minimum Absolute Height: 3.0E3

Min Ratio of Peak Top/Edge: 2

Peak Duration Range: 0.05-0.50 min
m/z Center Calculation: AUTO M
m/z range for MS2 scan pairing: 0.01 Da
RT range for MS2 scan pairing: 0.1 min

Area: 1.0E4to 1.0E15

Exported .csv feature peak areas, gnps export for FBMN
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Chapter 6

Consumption of Fermented Foods Is
Associated with Systematic Differences in

the Gut Microbiome and Metabolome

6.1 Abstract

Lifestyle factors, such as diet, strongly influence the structure, diversity, and composition of the
microbiome. While we have witnessed over the last several years a resurgence of interest in fermented
foods, no study has specifically explored the effects of their consumption on gut microbiota in large
cohorts. To assess whether the consumption of fermented foods is associated with a systematic signal in
the gut microbiome and metabolome, we used a multi-omic approach (16S rRNA amplicon sequencing,
metagenomic sequencing, and untargeted mass spectrometry) to analyze stool samples from 6,811 individ-
uals from the American Gut Project, including 115 individuals specifically recruited for their frequency
of fermented food consumption for a targeted four-week longitudinal study. We observed subtle but
statistically significant differences between consumers and non-consumers in beta diversity as well as
differential taxa between the two groups. We found that the metabolome of fermented food consumers

was enriched with conjugated linoleic acid (CLA), a putatively health-promoting molecule. Cross-omic
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analyses between metagenomic sequencing and mass spectrometry suggest that CLA may be driven by
taxa associated with fermented food consumers. Collectively, we found modest yet persistent signatures
associated with fermented food consumption that appear present in multiple -omic types which motivate
further investigation of how different types of fermented food impact the gut microbiome and overall

health.

6.2 Importance

Public interest in the effects of fermented food on the human gut microbiome is high but limited
studies have explored the association between fermented food consumption and the gut microbiome in
large cohorts. Here we used a combination of omics-based analyses to study the relationship between
the microbiome and fermented food consumption in thousands of people using both cross-sectional and
longitudinal data. We found that fermented food consumers have subtle differences in their gut microbiota
structure, which is enriched in conjugated linoleic acid, thought to be beneficial. The results suggest that
further studies of specific kinds of fermented food and their impacts on the microbiome and health will be

useful.

6.3 Introduction

Fermentation is an ancient process of food preparation dating from the introduction of agriculture
and animal husbandry during the Neolithic period approximately 10,000 years ago. Advantages of food
fermentation include improvements in food preservation, food safety, nutritional value, and organoleptic
quality resulting from the activity of microbial ecosystems (bacteria and yeast) [1]. Fermentation can be
applied to a range of food types including meat, fish, milk, vegetables, beans, cereals, and fruits, and occurs
spontaneously from the original ingredients or environment, or is controlled by the addition of specific
starters such as lactic acid bacteria (LAB) [2]. These bacteria are commonly detected in fermented food,
mostly including Lactobacillus, Streptococcus, Lactococcus and Leuconostoc; but other bacteria as well as
yeast and fungi are also involved in food fermentations [3]. In addition to microbial diversity, the number

of microorganisms present in fermented foods vary between food type, process, and storage. A survey of
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diverse fermented food products suggested that the count of viable lactic acid bacteria usually reaches at
least 10%cells/mL [4]. Recovery of viable bacterial and fungal species ingested through fermented food has
been observed in subjects who consume an animal-based diet [5]. Moreover, metabolites generated from
fermentation, including lactic acid, vitamins, and exopolysaccharides, are thought to exert health benefits
[6]. A recent study reported that D-phenyllactic acid, produced by LAB, interacts with the human host
through the activation of hydroxycarboxylic acid receptor 3 (HCA3), and is involved in the regulation of
immune functions and energy homeostasis under changing metabolic and dietary conditions [7].

Due to their supposed health benefits [6], there has been a resurgence of interest in consumption
of fermented foods in Western society. To date, many of the studies focused on the health benefits of
fermented food intake have been mostly focused on yogurt, consumption of which is associated with better
metabolic parameters in large American cohorts [8, 9]. Similarly, high intake of fermented foods has been
associated with a lower prevalence of atopic dermatitis in a Korean population [10], and another study
found consumption of miso and natto to be inversely associated with high blood pressure in a Japanese
population [11].

While we know that both short and long-term dietary intake affects the structure, function, and
activity of the human gut microbiome [5, 12-16], and a few studies have explored the response of gut
microbiota to a single type of fermented food (recently reviewed by [17]), no study has explored the
functional capacity of the gut microbiota of fermented food consumers. Intervention studies, which
are often underpowered for analysis of the gut microbiome response, are complemented by studies of
population-based cohorts, which due to large sample sizes have the advantage of capturing large amounts
of microbial variation and enable us to disentangle the contributions of host and environmental factors
such as diet [18-21].

To address the hypothesis that fermented food consumption is associated with compositional or
functional changes in the human gut microbiome, we analysed a subset of the American Gut Project (AGP)
cohort based on self-reported consumption of fermented foods, and in particular, fermented plants. We
also explored the longitudinal stability and function of the gut microbiota using untargeted HPLC-MS/MS
mass spectrometry and 16S rRNA amplicon sequencing, as well as shotgun sequencing on a subset of

subjects at a single time point.
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6.4 Results

6.4.1 Demographic and dietary assessments of fermented plant consumers and non-

consumers.

To explore the differences in the gut microbiome between fermented consumers and non-
consumers, we analyzed 16S rRNA sequencing data from 28,114 samples from 21,464 individuals in
the AGP (FIG 6.1A). After filtering (see Materials and Methods), 6,811 participants were retained, and
hereafter are referred to as the cross-sectional cohort (FIG 6.1A). 115 of these participants were initially
recruited for a concurrent longitudinal assessment which is discussed in detail below. Participants were
identified as “consumers” or ‘“non-consumers” depending on the frequency of fermented plants they
reported consuming. The fermented plant frequency question is in the standard AGP questionnaire that
every participant answered, and while the language may not have allowed for the capture of all fermented
foods, this represented the most efficient way to delineate consumers and non-consumers. We considered
consumers to be those who reported eating fermented plants “Daily”, “Regularly (3-5 times/week)”, or
“Occasionally (1-2 times/week)”, and non-consumers as those who reported eating fermented plants either
“Rarely (less than once/week)” or “Never” (FIG 6.1B). 30.5% of participants were considered consumers,
of which most (45.3%) were occasional consumers. Consumer and non-consumer cohorts were composed
of slightly differing demographic groups. For example, while consumers were significantly younger than
non-consumers, the difference was modest (47 versus 47.61 years respectively), with a higher proportion
of participants in their 30s (23.0% vs 19.4%; Chi2 = 11.08, p = 0.03) (FIG 6.1B). Similarly, the consumer
group was composed of a modestly higher proportion of females (56.8% vs 52.6%; Chi2 = 9.60, p =
0.002), and a higher proportion of participants with a normal BMI between 18.5 and 25 (65.6% vs 59.3%;
Chi2 =35.93, p « 0.001), with an average BMI of 23.9 and 24.8 respectively. Consumers also reported
eating a greater diversity of plants (>20) (29.7% vs 24.5%; Chi2 = 126.96,p « 0.001). In addition, because
alcohol may be an end product of a fermentation process and might be a confounding factor associated
with gut microbiota variation, we verified that alcohol consumption was not associated with fermented
plant consumption (81.7% vs 82.6%, Chi2 = 0.76, p-value = 0.38).

Statistically significant differences in mean total carbohydrate and fat intake (g/d and % of energy)
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and percentage of energy from protein, as estimated by the FFQ, were observed between fermented plant
consumers and non-consumers, while total energy (kcal/d), dietary fiber (g/d) and protein (g/d) intake did
not differ (Table S1). There was no significant difference in overall diet quality observed, as assessed by
the Healthy Eating Index (HEI-2010; Mann-Whitney, U = 223409, p value = 0.094; FIG S1A), despite
the differences in the consumption of fermented plants and number of plant types between consumers
and non-consumers, this non-significant difference in total HEI-2010 scores between consumers and
non-consumers (71.29 vs. 71.53, respectively) suggests similar intake of dietary patterns relatively high in
quality. It should be noted that the mean total HEI-2010 score for both consumers and non-consumers
is above the national average (58.27) for U.S. adults aged 18-64 years based on 2011-2012 National
Health and Nutrition Examination (NHANES) data [22]. This suggests that the cohort in our study has
a diet pattern that better aligns to the Dietary Guidelines for Americans than average American adults.
Additionally, it has been shown that higher HEI scores are associated with higher income and education
levels [23, 24], thereby suggesting that the higher total HEI scores observed in this AGP cohort may reflect

higher than average socioeconomic status and education level as previously observed [25].

6.4.2 Gut microbiome composition in fermented plant consumers and non-consumers.

Examining unweighted UniFrac distances [26], we observed a statistically significant difference in
the overall gut microbial communities between consumers and non-consumers (FIG S1B, PERMANOVA
pseudo-F statistic = 3.677, p=0.001). The comparison of non-consumers with occasional consumers results
in a weaker group separation (F-statistic = 2.233, p-value = 0.001) than with regular or daily consumers
(F-statistics = 3.512 and 3.246, respectively, p-values = 0.001), suggesting a dose-dependence for the
frequency of fermented plant consumption on the gut microbiome. However there was no dose-dependence
with frequency of types of plants between consumers and non-consumers (Unweighted Unifrac distances
between consumers and non-consumers versus the number of types of plants frequency, R? = 0.0065).
There was no difference in alpha diversity between the two groups (Faiths PD, Shannon Diversity, nor
Observed OTUs richness, FIG S1B) and also no difference when groups were stratified by consumption
frequency (Table S2).

Next, we used Songbird [27] to identify specific microbes that were associated with consumers
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or non-consumers. Songbird is a compositionally-aware differential abundance method which provides
rankings of features (sub-operational taxonomic units, or SOTUs) based on their log-fold change with
respect to covariates of interest. In this case, the formula we used described whether the subject consumed
fermented plants or not. We selected the 20 highest (“Set 17, Table S3) and 20 lowest (“Set 2”, Table
S3) ranked sOTUs associated with fermented plant consumption and used Qurro[28] to compute the
log-ratio of these sets of taxa (FIG S1C). Comparing the ratio of taxa in this way mitigates bias from the
unknown total microbial load in each sample, and taking the log of this ratio gives equal weight to relative
increases and decreases of taxa [27]. Evaluation of the Songbird model for fermented plant consumption
against a baseline model obtained a Q?-value of -5.4249, suggesting possible overfitting related to the
subtlety of the differences between fermented plant consumption groups. In order to verify the log-ratios
chosen by Songbird ranks, we performed a permutation test by taking 1000 random permutations of
log-ratios with 20 non-overlapping features in the numerator and denominator. The rank orders, compared
to the random permutation, was 16 corresponding to a p-value of 0.0159 (FIG S2A), suggesting that
the log-ratio based on the Songbird ranks is non-random. We found that consumers have a significantly
higher log-ratio of Set 1 / Set 2 than non-consumers (t-test, p = 0.00065, t = 3.6367) suggesting that
they are associated with Bacteroides spp., Pseudomonas spp., Dorea spp., Lachnospiraceae, Prevotella
spp., Alistipes putredinis, Oscillospira spp., Enterobacteriaceae, Fusobacterium spp., Actinomyces spp.,
Achromobacter spp., Clostridium clostridioforme, Faecalibacterium prausnitzii, Bacteroides uniformis,

Clostridiales, and Delftia spp.

6.4.3 Gut microbiome composition in frequent and rare fermented food consumers.

115 participants were recruited for a longitudinal study in order to assess the gut microbiome
over time and at a finer resolution by using untargeted mass spectrometry in addition to 16S rRNA
sequencing (FIG 6.1A). We targeted participants who self-identified as frequent consumers or very rare
consumers. Consumers were identified using the same definition as in the cross-sectional cohort: consumers
ate fermented plants “Daily”, “Regularly (3-5 times/week)”, or “Occasionally (1-2 times/week)”’; Non-

consumers ‘“Rarely (less than once/week)” or “Never” (FIG S3). The longitudinal cohort was designed

to have a higher proportion of consumers who reported eating fermented plants “Daily” and “Regularly”
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versus “Occasionally” when compared to the cross-sectional cohort (FIG S4). Similarly, the non-consumer
group in the longitudinal cohort had a higher proportion of participants who reported eating them “Never”
and “Rarely” (FIG S4) compared to non-consumers in the cross-sectional study.

A separate fermented food questionnaire was provided to these 115 participants to characterize
additional types of fermented food consumed, and to evaluate the proxy of fermented plant consumption
for general fermented food consumption. Briefly, the major fermented foods consumed were beer, kimchi,
kombucha, pickled vegetables, sauerkraut, and yogurt. More consumers reported eating fermented foods
than non-consumers (FIG S3B). Only 7.0% of participants (8 / 115) who stated that they never consumed
fermented plants reported consuming another type of fermented food. Of these eight participants, two
reported that they consumed wine or beer; one participant reported consuming yogurt, cider, wine, and beer;
and five participants reported consuming unspecified fermented foods. We also observed that fermented
plant consumers more frequently ate fermented dairy products (yogurt, sour cream/creme fraiche, kefir milk,
and cottage cheese) than non-consumers (FIG S3B). Therefore, we further identified them as “fermented
food consumers”, in contrast to the cross-sectional cohort.

Within the 16S data, we did not observe a difference in alpha diversity (Shannons Index [30])
and Faiths Phylogenetic Diversity [31] between consumers and non-consumers (FIG S1B). We further
applied a Sparse Functional Principal Components Analysis[32], which explicitly factors in the longitudinal
component, and did not observe a significant difference in alpha diversity (Shannons Index, Wilcoxon p =
0.20) suggesting that the stability of alpha diversity in the microbiome over four weeks is consistent for
consumers and non-consumers.

A subset of 100 samples were sequenced by shotgun metagenomics to provide a finer resolution
of the taxonomic differences between the two groups. First, we verified whether the gut microbiota of
self-reported fermented food consumers were associated with fermented food associated species. We
computed a log-ratio using Qurro[28] of fermented food associated taxa according to Marco et al. 2017
[6] (“Set 37, Table S3) compared to a set of taxa that were present across all samples (“Set 47, Table
S3) (FIG 6.2B). Eight species were detected in our dataset and were used to compute this log-ratio:
Lactobacillus acidophilus, Lactobacillus brevis, Lactobacillus fermentum, Lactococcus lactis, Leuconostoc

mesenteroides, Lactobacillus paracasei, Lactobacillus plantarum, and Lactobacillus rhamnosus (FIG
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Figure 6.2: Phylogenetic and log-ratio differences between consumers and non-consumers in gut
metagenomes. (A) Phylogenetic diversity captured in the metagenomes. The species taxa hits to the
rep82 database were mapped to the species taxa of the Web of Life database[29] (97.8% mapped) in order
to represent the phylogenetic distances computed from full genomes. The species known to produce
CLA are indicated in red. The species sets used for log-ratio calculations are labeled using opaque
(numerators) and transparent (denominators) colors. Set 3 is composed of microbes identified from [6]
and Set 4 contains the most prevalent microbes across all samples (blue squares). Set 5 and Set 6 are
derived from Songbird (green circles). (B) Consumers have a significantly higher ratio of [Set 3] / [Set
4] (t-test, p-value = 0.0001838, t = 3.9386, Cohens D = 0.851). (C) The log-ratio of [Set 5] / [Set 6] is
significantly different (Boxplot, t-test p = 0.0024, t = 3.15, Cohens D = 0.692). The lists of microbes in

each set are available in Table S3.
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6.2A). We found that consumers had a significantly higher log-ratio of Set 3 / Set 4 than non-consumers
(t-test, p-value = 0.0001838, t = 3.9386, Cohens D = 0.851), suggesting that consumers were associated
with some taxa derived from fermented foods.

We then used Songbird [27] to test whether there was a broader set of microbial features associated
with consumers or non-consumers. We selected the 40 highest-ranked (“Set 5, Table S3) and 40 lowest-
ranked (“Set 6, Table S3) microbes associated with fermented plant consumption and used Qurro to
compute the log-ratio of these sets of taxa (FIG 6.2C); these were the smallest sets of features that provided
meaningful differences between consumers and non-consumers. Again, because evaluation of the Songbird
models for fermented plant consumption against a baseline model suggested overfitting (Q?-value of
-0.12), we further verified the log-ratios chosen by Songbird ranks by performing a permutation test of
taking 1000 random permutations of log-ratios with 20 non-overlapping features in the numerator and
denominator. The rank orders, compared to the random permutation, was 2 corresponding to a p-value
of 0.0019 (FIG S2B), suggesting that the log-ratio based on the Songbird ranks is non-random. This
analysis at the species-level showed that consumers have a significantly higher log-ratio of Set 5 / Set 6
than non-consumers (t-test p = 0.0024, t = 3.15, Cohens D = 0.692).

Several microbes of relevance to fermented foods were also associated with consumers, including
Lactobacillus acidophilus, Lactobacillus brevis, Lactobacillus kefiranofaciens, Lactobacillus parabuchneri,
Lactobacillus helveticus, and Lactobacillus sakei [6, 33-36] (6.2A). Consumers were also associated with
several other microbes unrelated to fermented foods, including Streptococcus dysgalactiae, Prevotella
melaninogenica, Enorma massiliensis, Prevotella multiformis, Enterococcus cecorum, and Bacteroides
paurosaccharolyticus. The microbes that distinguish consumers and non-consumers in the cross-sectional
and longitudinal datasets may not fully overlap because the longitudinal cohort was intentionally composed
of participants in the more “extreme” ends of consumption (individuals who consume “Daily” and
“Regularly” versus individuals who “Never” consume fermented plants), because the cohorts were analyzed

using different sequencing methods (16S vs. metagenomics), or a combination of these aspects.
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6.4.4 The functional profile of the gut microbiome differs with consumption of fermented

food.

To assess the functional profile of the gut microbiome of specifically recruited fermented food
consumers and non-consumers, we performed untargeted HPLC-MS/MS analysis on all longitudinal
samples (115 subjects, 417 samples, with up to 4 samples per subject, collected weekly for four weeks)
(FIG 6.1A). We explored the longitudinal stability using both the 16S and mass spectrometry data and
found that the taxa and metabolites remained stable (Spearmans rho ranging from 0.42 to 0.68; p < 0.001)
between time points within both consumers and non-consumers (FIG S5). The correlation coefficients
for metabolites tended to be lower than for the taxa, suggesting more volatility in the observed metabolic
features. This is expected since the metabolome is driven in large part by the diet which changes day-to-day.

Using Partial Least Squares Discriminatory Analysis (PLS-DA) we found that notable differences
exist between consumers and non-consumers when all time points were taken into account (FIG 6.3A,
FIG S6A). The majority of the top discriminating features appeared to be lipids, several of which have
broad natural distributions and thus are likely common. In particular, one compound was identified as
octadecadienoic acid, then determined specifically to be an isomer of conjugated linoleic acid (CLA). At a
single time point, we found that this isomer of CLA (denoted “CLA4”, the exact configuration is unknown)
was enriched in consumers (Wilcox test, p value = 0.04) whereas the unconjugated Linoleic Acid (LA) was
not significantly different between the two groups (Wilcox test, p value = 0.52) (FIG 6.3B). As CLA has
also been found as one of discriminating features in samples from subjects who consume a large number
of types of plants[25], it might suggest that the difference between consumers and non-consumers could be
partly explained by the number of types of plants consumed. However, in this study CLA abundances were
not significantly different between the two extreme groups of types of plant consumption: less than 10
types of plants vs. more than 30 types of plants (Wilcoxon rank sums test, p value = 0.98). From the food
frequency questionnaire, we found that dietary consumption of total LA (18:2 n-6; g/d) and total CLA
(g/d) did not differ significantly between consumers and non-consumers (FIG S6B) suggesting that the
elevated level of CLA in the fecal samples of consumers are likely derived from an endogenous process or

microbial origin.
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Figure 6.3: Conjugated Linoleic Acid is significantly higher in consumers than non-consumers. (A)
Partial Least Squares Discriminatory Analysis (PLS-DA) of untargeted mass spectrometry data identified
CLA as one of the discriminating features in fermented consumer samples. (B) Zero-centered counts of
MST1 features annotated with a CLA isomer (denoted “CLA4”) and with the unconjugated Linoleic Acid
(LA) between consumers and non-consumers. “CLA4” is enriched in the consumer group (Wilcox test, p
value = 0.04), but not LA (Wilcox test, p value = 0.52). (C) Integrative analysis of metagenomics and
mass spectrometry datasets using mmvec. Genome features (dots) are labelled according to their strength
of change with respect to fermentation food consumption (red is associated with consumption, blue with
non-consumption). The metabolites are represented by arrows indicating their co-occurrences with the
genomes.

A total of 79 samples were analyzed using both metagenomic sequencing and mass spectrometry
(FIG 6.1A). We used mmvec [37] to integrate these data to assess co-occurrence patterns between genomic
features (species) and the LA and CLA metabolites. We found that “CLA4”, which was significantly
enriched in consumers, co-occurs with the species (previously identified using Songbird) that were most
strongly associated with consumers. Additionally, we found that linoleic acid (LA) co-occurs with
the microbes that are most strongly associated with non-consumers (FIG 6.3C). Of the top 50 taxa
that had the highest probability of co-occurring with “CLA”, 14 are known CLA producers. These
include Eubacterium rectale, Faecalibacterium prausnitzii, Eubacterium siraeum, Eubacterium hallii,
Bifidobacterium adolescentis, and genera Roseburia, Anaerostipes, Eubacterium, Ruminococcus, and
Clostridium (Table S4) [38-41]. 48 out of these top 50 taxa were more abundant in consumers than

non-consumers (Table S4).
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6.5 Discussion

In this study we explored the gut microbiome of fermented plant consumers and non-consumers in
the American Gut Project [25], an extensive collection of sample contributions from tens of thousands of
citizen scientists. Gut microbiome profiles, but not overall microbial diversity, differed slightly between the
groups, suggesting that small but systematic compositional differences may occur based on a dietary choice
to consume fermented plants. In a concurrent targeted longitudinal study we found that fermented-food
related taxa as well as a putatively health-associated molecule were associated with consumers. Several
microbes that were found to be associated with fermented consumers include microbes known to be derived
from fermented foods, including fermented milk products (Lactobacillus acidophilus [6], Lactobacillus
brevis [6], Lactobacillus kefiranofaciens [33]), Lactobacillus parabuchneri [34], Lactobacillus helveticus
[35]) and fermented meat (Lactobacillus sakei [36]). This is consistent with other metagenomic studies
from population-based cohorts that detected species related to starters such as Leuconostoc mesenteroides
and Lactococcus lactis in subjects who consumed a specific fermented milk product (buttermilk) in the
Dutch cohort Lifeline DEEP [20].

Analysis of the metabolomics data using PLS-DA identified that shifts in lipid metabolism were
associated with consumption of fermented plants, since the majority of the top discriminating metabolites
appeared to be lipids. Of those that could be identified, CLA was particularly notable. The abundance
of the CLA isomer “CLA4”is significantly increased in consumers compared to non-consumers. CLA is
known to be produced during ruminal bacterial fermentation and impacts the fatty acid composition of meat
and dairy products from ruminants that represent the major dietary sources of CLA in humans [41]. Due to
their possible health benefits [42, 43], CLA is also often consumed as a nutritional supplement. However,
CLA fecal recovery did not correlate with dietary CLA intake derived mainly from meat, full-fat dairy and
egg sources as determined by the food frequency questionnaire (FFQ). Moreover, dietary consumption of
total CLA (g/d) did not differ between consumers and non-consumers. Thus, it is possible that CLA is
being produced by resident or transient bacteria derived from fermented foods.

Indeed, diet-related bacteria, such as LAB, bifidobacteria and propionibacteria, have been shown

to produce CLA [40]. Intestinal bacteria belonging to the families Lachnospiraceae and Ruminococcaceae
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have also been shown to metabolize LA into products that can be precursors of CLA [38], and two of these
Lachnospiraceae were also found to be associated with consumers. The order Lactobacillales includes
the largest diversity of previously reported CLA producers, and notably, seven out of the eight species
previously identified as associated with fermented foods (Set 3) are CLA-producing Lactobacillus species
that we found to be associated with fermented food consumers: L. acidophilus, L. brevis, L. fermentum, L.
helveticus, L. paracasei, L. plantarum and L. sakei (for reviews, see [39—-41, 44]. However, increased CLA
in consumers cannot be fully attributed to production by fermented food associated bacteria. For example,
some members of the order Clostridiales previously reported to produce CLA in human feces (including
four Roseburia species: R. inulinivorans, R. hominis, R. intestinalis and R. faecis [38]) were found to be
associated with non-consumers, along with Anaerostipes caccae, Eubacterium ventriosum (L2-12) and
Faecalibacterium prausnitzii which are also known to metabolize LA.

We detected seven Bifidobacterium species previously reported to produce CLA using LA as a
precursor [39, 40], including Bifidobacterium animalis, B. longum [45], and B. breve, which has been
considered for CLA enrichment in commercial foods such as yogurt due to its CLA-producing ability
[46]. Yet none of these were found to be associated with the fermented food consumers. Rather, two
other Bifidobacterium species not known to produce CLA (B. aesculapii and B. reuteri) were found to be
associated with fermented food consumers, with B. reuteri growth actually inhibited at high concentration
of LA precursor [47]. Moreover, of the top 50 taxa that were identified as having the highest probability
of co-occurring with “CLA4”, only 14 were known CLA producers (Table S4). Future investigation into
metabolic pathways in larger datasets would allow the identification of species that explain the higher
abundance of “CLA4” in consumers compared to non-consumers.

This is to our knowledge the largest study of the association between fermented food (specifically,
fermented plant) consumption and the human gut microbiome, with nearly seven thousand individuals at
one time point and over one hundred individuals across four weeks of sampling. We took a multi-omic
approach — a combination of 16S rRNA sequencing, shotgun metagenomics, and mass spectrometry —
coupled with state-of-the-art tools to evaluate the data. We find that the consumption of fermented plants and
more broadly, fermented foods, is associated with quite subtle microbiome variation in healthy individuals.

While this explorative study provides the foundation for more directed research, such as randomized
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placebo-controlled studies, it has some limitations: particularly that consumers were categorized according
to self-reported frequency of fermented plant consumption. First, self-reported dietary information can be
flawed with measurement errors [48]. Second, although our data suggests fermented plant consumption
may be a reasonable proxy for consumption of fermented food more generally, it does not explicitly
take into account other food types, such as fermented dairy products. Additionally, this study is mostly
limited to participants living in the United States, who may consume a lower diversity of fermented foods
than populations living in other countries; expanding this study to a wider range of populations would
allow us to capture a greater diversity of fermented food types and associated microbial communities.
Due to a combination of these factors, we may be underestimating the potential effects of fermented
food consumption on the gut microbiome. Yet notably, the recovery of LAB and fermented food derived
microbes in the stool of self-reported consumers suggests that data from stool may be used to help verify
the reliability of self-reported dietary information. It would therefore be of great relevance to evaluate not
only the associations between specific types of food and the microbiome, but also our ability to detect

consumption of specific fermented foods in future studies.
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6.7 Materials and Methods

6.7.1 Participant recruitment, sample processing, and sample selection.

This research was performed in accordance with the University of Colorado Boulders Institutional
Review Board protocol number 12-0582 and the University of California San Diegos Human Research
Protection Program protocol number 141853. In order to investigate the effect of fermented plant and
food consumption on the gut microbiome, a retrospective analysis was performed on the American Gut
Project dataset [25]. An additional cohort of 115 subjects were recruited to explore the effect of fermented
food consumption or non-consumption over a period of 4 weeks; the samples from the longitudinal cohort
were processed and sequenced in accordance with AGP protocol and integrated into the AGP dataset.
The time point with the highest read count from each of the 115 recruited individuals was added to the
concurrent cross-sectional assessment. The longitudinal cohort also responded to a specific fermented food
questionnaire.

The entire AGP dataset was subset using the metadata version accessed August 8th, 2019 for stool
samples from adult participants (age >19 and <70 years) who answered the “fermented plant frequency”
question from the AGP questionnaire. Participants were excluded if they took antibiotics in the last year;
or if they had outlier values for their body mass index (<15 or >50), height (<48cm or >210cm), or weight
(<2.5 kg or >200 kg). If biological replicates were present, the replicate with the lower number of reads
was removed (with the exception of the 115 participants that constitute the longitudinal cohort). Based
on the AGP questionnaire, participants were considered consumers if they reported “Daily”, “Frequent”
and “Occasional” fermented plant consumption (i.e. >1-2 times per week), and as non-consumers if they

reported “Rarely” and “Never”.
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6.7.2 Diet quality and intake assessment.

Overall diet quality was assessed by the Healthy Eating Index 2010 (HEI-2010) as described
elsewhere [49]. Briefly, the HEI-2010 is a valid, reliable measure of diet quality that assesses how an
individuals diet pattern adheres to the 2010-2015 Dietary Guidelines for Americans (DGA). HEI-2010
includes 12 dietary components, nine of which are classified as adequacy components that should be
included regularly in the diet (total fruit, whole fruit, total vegetables, greens and beans, whole grains,
dairy, total protein foods, seafood and plant proteins, fatty acids), and 3 “moderation” components (refined
grains, sodium, empty calories) that should be limited in the diet. Individual dietary components are
scored from O to 5, 10 or 20 points with maximum points indicating higher consumption of adequacy
components and lower consumption of moderation components. Total HEI-2010 scores (range: 0-100)
were calculated as the sum of the 12 components with a higher total score indicating better/optimal diet
quality and greater adherence to the DGA. HEI-2010 scores, as well as total energy, carbohydrate, fat,
protein and fiber intake were calculated from individuals in the AGP cohort who completed the VioScreen
food frequency questionnaire (FFQ). We compared the total HEI score and mean nutrient intakes between
consumers and non-consumers using the Mann-Whitney U test.

Daily total consumption of CLA and LA (g/d) was estimated from the VioScreen FFQ reports.
Total CLA consumption was deduced from the following food sources: beef and other meat such as fish
and turkey, full-fat dairy products (e.g., milk, butter, cheese, yogurt), and eggs. Total LA consumption
was obtained from the following reported foods: vegetable oil (e.g. canola and olive), salad dressings
containing vegetable oils, butter, eggs, meat (beef, chicken, turkey, pork), potatoes (e.g., French Fries/fried
white potatoes, potato chips), nuts, nut butters and seeds, mixed Mexican dishes and meat dishes such as

stews and casseroles.

6.7.3 16S rRNA gene sequencing.

DNA extraction and 16S rRNA amplicon sequencing were done using Earth Microbiome Project
(EMP) standard protocols (http://www.earthmicrobiome.org/protocols-and-standards/16s). DNA was

extracted with the Qiagen MagAttract PowerSoil DNA kit as previously described [50]. Amplicon PCR
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was performed on the V4 region of the 16S rRNA gene using the primer pair 515f to 806r with Golay error-
correcting barcodes on the reverse primer. Amplicons were barcoded and pooled in equal concentrations
for sequencing. The amplicon pool was purified with the MO BIO UltraClean PCR cleanup kit and
sequenced on the Illumina MiSeq sequencing platform. Based on the filtering noted above, a feature
table representing the 16S V4 rRNA gene sequence data was obtained from Qiita [51] using redbiom [52]
from the Deblur-Illumina-16S-V4-150nt-780653 context. This table was composed of 8,513 samples.
Prior to extraction from Qiita, the AGP data had been trimmed to 150 bases, and processed using Deblur
v1.0.4 [53] using the Qiita default parameters (i.e., setting —min-reads 1) to generate sOTUs. Technical
replicates of samples were excluded as to only keep the most sequenced version of each sample. After
previously recognized bloom sequences were removed [54], samples with fewer than 1500 reads were
omitted. Taxonomies for sOTUs were assigned using the sklearn-based taxonomy classifier trained on
the GreenGenes reference database 13_8 [55] clustered at 99% similarity (feature classifier plug-in of
QIIME 2 v2019.1 [56]. The sOTU table was rarefied to a depth of 1,500 sequences/sample to control for
sequencing effort [57] and sOTUs totaling 5 reads across samples. The deblurred sequence fragments were

inserted into the Greengenes 13_8 phylogenetic tree using SATé-enabled phylogenetic placement [58, 59].

6.7.4 16S marker gene data analysis.

QIIME 2 v2019.1 [56] was used to generate pairwise unweighted and weighted UniFrac distances
[52, 60]. Between group differences based on these distances were tested using PERMANOVA [61] and
permuted t-tests in QIIME 2. Alpha diversity (Faith’s PD [31], Shannon diversity [30], and observed
OTU richness) between consumers and non-consumers (as a whole and when stratified by consumption
frequency) was generated using QIIME 2 [56] and compared with a Kruskal-Wallis test. Wilcoxon
signed-rank [62] and Mann-Whitney U tests were respectively used to assess alpha diversity between
successive time points within consumers and non-consumers, and within time point between consumers
and non-consumers in the longitudinal cohort. Songbird v1.0.1 [27] was used to identify feature ranks
corresponding to consumers and non-consumers (parameters: —epochs 5000 —batch-size 5 —learning-rate
le-4 —min-sample-count 1000 —min-feature-count 0 —num-random-test-examples 10) and Qurro v0.4.0[28]

was used to compute log-ratios of these ranked features. T-tests and Cohens D were calculated to assess
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the significance (alpha=0.05) and effect size of the log-ratios. The stability of the participants microbiomes
was assessed by comparing samples log-ratios in consecutive timepoints, for both the 16S and metabolomic
datasets. The 40 highest and lowest ranked features were used in order to compute enough log-ratios for
Spearmans rank correlation coefficients across all samples, and for Ordinary Least Squares regression (FIG

S5).

6.7.5 LC-MS/MS data acquisition.

The untargeted metabolomics analysis using high-performance LC-MS/MS (HPLC-MS) was
carried out as described previously [25]. The chromatography was performed on a Dionex UltiMate
3000 Thermo Fisher Scientific high-performance liquid chromatography system (Thermo Fisher Scientific,
Waltham, MA) coupled to a Bruker Impact HD quadrupole time of flight (qTOF) mass spectrometer. The
chromatographic separation was carried out on a reverse phase (RP) Kinetex C18 1.7-tm, 100-A ultrahigh-
performance liquid chromatography (UHPLC) column (50 mm by 2.1 mm) (Phenomenex, Torrance, CA),
held at 40¥C during analysis. A total of 5 tl of each sample was injected. Mobile phase A was water, and
mobile phase B was acetonitrile, both with added 0.1% (vol/vol) formic acid. The solvent gradient table
was set as follows: initial mobile phase composition was 5% B for 1 min, increased to 40% B over 1
min and then to 100% B over 6 min, held at 100% B for 1 min, and decreased back to 5% B in 0.1 min,
followed by a washout cycle and equilibration for a total analysis time of 13 min. The scanned m/z range
was 80 to 2,000, the capillary voltage was 4,500 V, the nebulizer gas pressure was 2 (E 105 Pa, the drying
gas flow rate was 9 liters/min, and the temperature was 200fC. Each full MS scan was followed by tandem
MS (MS/MS) using collision-induced dissociation (CID) fragmentation of the seven most abundant ions in
the spectrum. For MS/MS, the collision cell collision energy was set at 3 eV and the collision energy was
stepped 50%, 75%, 150%, and 200% to obtain optimal fragmentation for differentially sized ions. The scan
rate was 3 Hz. An HP-921 lock mass compound was infused during the analysis to carry out postprocessing
mass correction. All of the raw data are publicly available at the UCSD Center for Computational Mass
Spectrometry (https://massive.ucsd.edu/, the data set ID MassIVE MSV000081171). To determine the
specific isomer of the annotations for octadecadienoic acid isomers, authentic standards for linoleic acid

(LA; Spectrum Laboratory Products, Inc., USA) and conjugated linoleic acid (CLA; mixture of 4 isomers:
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9,11 and 10,12 isomers, E and Z) (Sigma-Aldrich, USA) were compared by retention times (RTs) and
MS/MS spectra. This brings these annotations to the level 1 identifications (authentic compound was

analyzed under identical experimental conditions with orthogonal physical property compared).

6.7.6 LC-MS/MS data analysis.

The collected data were processed as described in [63]. Briefly, the feature tables were obtained
using MZmine2 [64]. The collected HPLC-MS raw data were converted from Bruker’s .d to .mzXML
format. The data were then batch-processed with the following settings for each step:

Mass detection:

Noise level 1000

Chromatogram builder

e Minimum time span 0.01 min

Minimum peak height 3000

m/z tolerance 0.1 m/z or 20 ppm

Chromatogram deconvolution - Baseline cutoff

e Minimum peak height 3000

e Peak duration range (min) 0.01 - 3.00

e Baseline level 300

Deisotopisation - Isotopic peak grouper

e m/z tolerance 0.1 m/z or 20 ppm

e RT tolerance 0.1 min

e Maximum charge 4

Peak alignment - Join aligner
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e m/z tolerance 0.1 m/z or 20 ppm

e Weight for m/z 75

e Weight for RT 25

e RT tolerance (min) 0.1

Peak filtering - Peak list raw filter

e Minimum peak in a row 3

e Minimum peak in an isotope pattern 2

The metadata were added into the resulting extracted feature table and used as input for the
MetaboAnalyst software [65, 66]. The feature tables were filtered with interquantile ranges to remove
outliers, the data imputed, normalized by the quantile normalization, and autoscaled (mean centring
and dividing by the standard deviation for each feature). Partial least squares discriminant analysis
(PLS-DA) was used to explore and visualize variance within data and differences among experimental
categories. The CLA and LA metabolite features were identified manually based on GNPS [67] and
MZmine?2 [64] processing pipelines (see link to feature based molecular networking). Wilcox rank sums
test (Mann-Whitney U test) was used to assess the significance of difference between the consumers and
non-consumers for the levels of identified CLA and LA metabolites (alpha=0.05).

The annotations and visualizations of chemical distributions were explored on GNPS using molec-
ular networking [67] as follows. MS/MS spectra were window filtered by choosing only the top 6 peaks in
the 50-Da window throughout the spectrum. The MS spectra were then clustered with a parent mass toler-
ance of 0.02 Da and an MS/MS fragment ion tolerance of 0.02; consensus spectra that contained fewer than
4 spectra were discarded. Network was created where with edges filtered to have a cosine score above 0.65
and more than 5 matched peaks. The edges between two nodes are kept in the network if and only if each of
the nodes appeared in each other’s respective top 10 most similar nodes. The required library matches were
set to have a score above 0.7 and at least 6 matched peaks when searched the spectra in the network against

GNPS spectral libraries. All resulting annotations are at level 2/3 according to the proposed minimum
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standards in metabolomics [68]. The GNPS results are located at https://gnps.ucsd.edu/ProteoS AFe/
status.jsp?task=420a545b5b164d10a20f62c0ecOce7e7. Feature-based molecular network [69] results can
be found at https://gnps.ucsd.edu/ProteoSAFe/ status.jsp?task=9ce1517e83294d9a8cd9d79f3e16eeal. The
CLA and LA metabolite features were initially identified based on GNPS library search [67] and then their
annotation further confirmed via use of authentic standards. Wilcoxon rank sums test was used to assess
the significance of difference between the consumers and non-consumers for the levels of identified CLA

and LA metabolites (alpha=0.05).

6.7.7 Metagenomic sequencing.

Extracted DNA was quantified with PicoGreen dsDNA Assay Kit, and 5 nanograms of input, or
maximum 3.5 microliters, gDNA was used in a 1:10 miniaturized Kapa HyperPlus protocol. Per sample
libraries were quantified and pooled at equal nanomolar concentration. The pooled library was cleaned
with the QIAquick PCR Purification Kit and size selected for fragments between 300 and 700 bp on the
Sage Science PippinHT. The pooled library was sequenced as a paired-end 150-cycle run on an Illumina
HiSeq2500 v2 in Rapid Run mode at the UCSD IGM Genomics Center, with a target depth of c.a. 20
million reads per sample. The sequencing adapter and short reads were first removed using Atropos v1.1.21
(-q 15 —minimum-length 100 —pair-filter any) as well as reads aligning to the human genome using bowtie2
(—very-sensitive). The pass-filter reads were then concatenated per sample, excluding 1 biological duplicate

and 8 samples from participants exposed to antibiotics, in order to obtain 91 pairs of fastq files.

6.7.8 Metagenomic data analysis.

On each separate sample fastq files, paired-end reads were merged using FLASH v1.2.11 [70],
and then processed for taxonomic profiling using SHOGUN v1.0.6 [71] with bowtie2 v2.3.4.3 [72] to
align reads to the 85,626 prokaryotic genomes covering 12,977 species from the NCBI RefSeq database
release 82 [73]. The read counts for the genome features identified in each sample were merged into
one genome-per-sample table that was then filtered to keep genomes with a per-sample relative mapped
read abundance of at least 0.01%. The features labeled at the sub-species level were sum-collapsed at

the species level; taxonomy was used as a proxy for a phylogeny. As with the 16S cross-sectional data,
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Songbird (Songbird v1.0.1, [27]) was used for regression modelling on our binary fermented consumption
variable to identify features associated with consumption and non-consumption (parameters as above).
Qurro v0.4.0[28] was used to compute log-ratios of these ranked features. T-tests and Cohens D were

calculated to assess the significance (alpha=0.05) and effect size of the log-ratios.

6.7.9 Multi-omics data analysis.

In order to identify microbial features associated with fermented food consumption and the
metabolites they might be producing, we measured probabilities of co-occurrence between observed
species (based on metagenomic data) and either all metabolites, or a set of five linoleic and isomers of
conjugated linoleic acids discernable in the data (as informed by the metabolomic analysis). For this
analysis, we used mmvec v1.0.2 [37], a neural network solution inspired from natural language processing
to build a log-transformed conditional probability matrix from each cross-omics features pairs and apply
singular value decomposition in order to represent co-occurrence in the form of biplots. We chose the
model where accuracy was highest for different initialization conditions for the gradient descent algorithm
(-batch-size of 1000, 2500 and 5000 and —learn-rate of le-4 and le-5), with low cross-validation error and
model likelihood. To evaluate the fitness of the mmvec microbe-metabolite interactions, we compared the
latent representation to the observed Songbird differentials. The relationship between the microbial first
principal component learned from mmvec and the log fold change of the microbes between fermented food
consumption was significantly negatively correlated (Pearsons r=-0.651, P=4.63e-22, n=249 microbes;
FIG S2C), suggesting that the mmvec microbe-metabolite relationship to fermented food consumption is
a valid comparison. We used EMPeror v2019.1.0 [74] to visualize features-features biplots along with

overlying genomes differential abundance ranks for our fermented food consumption model.

6.7.10 Data availability.

The data generated in this study are available publicly in Qiita under the study ID 10317. Sequence
data associated with this study can be found under EBI accession ERP012803. The metabolomics analysis
is available at: https://gnps.ucsd.edu/ProteoS AFe/status.jsp?task=420a545b5b164d10a20f62c0ecOce7e7

(classical molecular networking) and: https://gnps.ucsd.edu/ProteoS AFe/status.jsp?task=9ce1517e83a94d
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9a8cd9d79f3el6eeal (feature-based molecular networking). The raw experimental data are available at

MassIVE (https://massive.ucsd.edu/), dataset MSV000081171.

6.8 Supplemental Material
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Figure 6.4: (A) Healthy Eating Index-2010 scores of consumers (N=483) and non-consumers (N=966).
(B) Taxonomic differences (16S) between Consumers and Non-Consumers in the Cross-sectional Cohort.
Unweighted UniFrac PCoA colored by consumers (red) and non-consumers (teal). Beta diversity
(PERMANOVA): Unweighted UniFrac, pseudo-F test statistic = 3.677, p = 0.001; Weighted UniFrac:
pseudo-F test statistic = 2.163, p = 0.058. Alpha diversity (Kruskal Wallis): Faith PD: H = 4908194,
p-value = 0.9565; Shannon: H = 4947661, p-value = 0.6356; Richness: H = 4831862, p-value = 0.793
(C) Differentially abundant taxa associated with Consumers (“Set 1 Microbes”, Table S3) and Non-
Consumers (“Set 2 Microbes”, Table S3) identified by Songbird. The log-ratio of [Set 1] / [Set 2] is
significantly different (t-test p=0.00065, t = 3.6367, df = 50.76, Cohens D = 0.9998).
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Figure 6.5: Validation of log-ratio usage for differentially-abundant microbe selections (Songbird) and
microbe-metabolite co-occurrence interpretation (mmvec). (A-B) Distribution of the t-test statistics
values obtained for the comparison of consumer vs. non-consumer based on the log-ratios of each of 1000
random microbe selections. One caveat to this type of permutation is the dependence caused by the re-use
of features in the generation of the null distribution, with only 3100 and 153 features employed for the
16S and metagenomic datasets, respectively. (C) Relationship between the location of the metagenomic
microbial features along the first axis of the mmvec biplot (see 6.3C) and their differential abundance
ranks (low values = most associated with consumers). Pearson’s correlation r score and p-value are
indicated for 249 microbes, with CLA-producers coloured per taxon.
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Figure 6.6: Demographic and selected dietary data for longitudinal cohort samples. (A) Fermented plant
consumption frequency within the longitudinal cohort subjects. (B) The other types of fermented food that
consumers and non-consumers reported eating, aside from fermented plants. (C-F) Proportion of subjects
in the longitudinal cohort between consumers and non consumers, described by sex (chi2 = 1.31, p-value
=2.53e-01), age category (chi2 = 23.85, p-value = 2.68e-05), number of types of plants consumed (chi2
=19.61, p-value = 5.97e-04), and BMI category (chi2 = .22, p-value = 8.97e-01; underweight subjects
were removed in this comparison because there are no underweight non-consumers in the longitudinal
cohort). The total number of individuals is displayed on each bar.
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consume fermented plants at frequencies of Never, Rarely, Occasionally, Regularly, and Daily.

164



16S e Consumer o Non-consumer Metabolomics

log-ratios slope differences
for food consuption

log-ratios slope differences
for food consuption

log-ratios correlations

log-ratios correlations

3 ° 4 , . S .
o . .
. o
2 .
s ceey 0% o
1 'Kl ..
tOvs. t1 |
-2
-3 Spearman teraction S| y ° °
. n I pearman f i
Rho=0.7538 t=1.665 31 Rho=0.3115 . 3 interaction .
-4 p=0.0 -4 p=0.101 p=0.0082 t=-0.616
. . . p=054 .
s )
3 2 a o 1 2 3 4 3 2 a o 1z 3 3 a s ] 7 3 3 s 3 7
4
° 4 . e °
. 601 e . o .
2 55 s
2 .
.
50 > P T
tlvs.t2 B S
o 45 o _o%e o
. .o
4.0 . ° ° . L]
= s
-2 N " 35 e N : e
Spearman interaction Spearman . interaction .
Rho=0.6835 t=0.741 301 Rho=0.1904 ° 30 t=0.602 °
-4 ° p=0.0 p=0.462 p=0.1559 . p=0.55 .
-4 ° 25 . 25 [
S5 4 3 2 1 o0 1 2z 3 a -2 3 2 4 3 4 s 6 7 2 3 4 s 3 7
65
4 ° 60 . .
o ° . 6.0 ° ©
55{ ® . . L4 © .
2 . L . 55{ © . °
5.0 ee . e . .
45 ® o o
t2vs. t3 o . : LI ~ae
a0 *e,0 2 . e D
. w0 C ]
.
N s . interaction * ¢ o Spe: ” st
pearman pearman f i
L Rh0=0.5829 -4 . t=-1.172 3.0 Rho=0.1386 20 interaction
-4 p=0.0 p=0.246 p=0.3584 t:fggg
. 25 . 25 p=0. o
-6

4 -3 -2 -1 o 1 2 3 -4 -3 -2 -1 0 1 2 3 a 25 30 35 40 45 50 55 60 3 a H 6

Figure 6.8: Longitudinal stability of microbes and metabolites (correlations were assessed by Spearman
rho). The first and third columns are based on the Songbird 16S results and metabolomics results,
respectively, for all longitudinal samples. The second and fourth columns consider consumers and
non-consumers separately. First column: The log-ratios of the sets of taxa identified using Songbird
on the 16S data between timepoints. 16S signatures, within participants, and within datatype, appear
consistent over time based on Spearmans rho. The second column plots these log-ratios for consumers
and non-consumers separately. Third column: The log-ratios of the sets of annotated mass spectrometry
features identified using Songbird between timepoints. The fourth column plots these log-ratios for
consumers and non-consumers separately.
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Figure 6.9: (A) Variable Importance in the Projection (VIP) scores of the top 15 features discriminating
between consumers and non-consumers. Abundance across categories is represented by color marking
on the right (green is low, red is high). The values under “feature” refer to the detected m/z. The putative
annotations from GNPS library search of the top ten features discriminating Consumer and Non-consumer
categories are included next to the features. (B) CLA and LA consumption from the Food Frequency
Questionnaire does not differ between consumers and non-consumers. Comparison of dietary CLA and
LA in consumers and non-consumers (Wilcoxon rank sums test with Bonferroni-Hochberg correction
for multiple testing) for both cross-sectional and longitudinal datasets. Sample sizes indicated on the

0.7456

0.7456

0.7456

right-hand side. Test p-values are indicated under each panel.
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Table 6.1: Estimated daily nutrient intake for fermented plant consumers and non-consumers. Data
are presented as group mean £+ SD; (min, max). P-values were obtained via Mann-Whitney U test.
Abbreviations: g, gram; d, day; NS, non-significant; kcal, kilocalories.

Consumer (n = 147) Non-consumer (n = 163) | p-value
Total energy, kcal/d 1845 4+ 615 (605, 3634) | 1855 4 728 (467, 5672) | NS
Total Carbohydrate, g/d 173 + 78 (33, 406) 197 + 93 (8, 552) 0.012
Total Carbohydrate, % of energy | 39 4 15 (9, 94) 43 + 13 (1.4, 81) <0.001
Total Fat, g/d 90 + 44 (5, 239) 80 + 40 (12, 266) 0.014
Total Fat, % of energy 42 +17 (7, 63) 37 £5(23,48) <0.001
Total Protein, g/d 79 + 34 (15, 195) 77 + 45 (18, 457) NS
Total Protein, % of energy 17 £2 (10, 22) 16 +2 (15, 32) <0.001
Total Dietary Fiber, g/d 27 £ 12 26 =11 (0, 59) NS
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Table 6.2: Alpha diversity comparisons (Kruskal-Wallis) between different frequencies of fermented

plant consumption.

Consumer | Non-consumer | Alpha Diversity Metric | H-statistic p-value
Faith’s PD 1.2998 0.2543
Daily Rarely Shannon 1.4434 0.2296
ObservedO- 1.328 0.2492
TUs
Faith’s PD 0.3275 0.5671
Daily Never Shannon 0.4501 0.5023
ObservedO- 2.1045 0.1469
TUs
Faith’s PD 1.4185 0.2336
Regularly Never Shannon 0.3848 0.535
ObservedO- 0.0451 0.8317
TUs
] Faith’s PD 0.2723 0.6018
3105%1011_ Never Shannon 0.0 0.9975
ObservedO- 3.1067 0.078
TUs
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Table 6.3: Sets of taxa used in Songbird analyses.

Sets

Taxa

Set 1

Lachnospiraceae, Coprococcus eutacus, Cronobacter sakazakii, Enterobacteriaceae,
Pseudomonas stutzeri, Cyanobacteria order YS2, Prevotella spp., Prevotella copri, Al-
phaproteobacteria order RF32, Fusobacteriaceae, Bacteroides coprophilus, Bacteroides
spp., Bacteroidales family S24-7, Coprococcus spp.

Set 2

Bacteroides spp., Pseudomonas spp., Dorea spp., Lachnospiraceae, Prevotella spp.,
Alistipes putredinis, Oscillospira spp., Enterobacteriaceae, Fusobacterium spp., Acti-
nomyces spp., Achromobacter spp., Clostridium clostridioforme, Faecalibacterium
prausnitzii, Bacteroides uniformis, Clostridiales, Delftia spp.

Set 3

Lactobacillus acidophilus, Lactobacillus brevis, Lactobacillus fermentum, Lactococcus
lactis, Leuconostoc mesenteroides, Lactobacillus paracasei, Lactobacillus plantarum,
and Lactobacillus rhamnosus.

Set 4

Blautia obeum, [Eubacterium] hallii, Ruminococcus faecis, Blautia sp._KLE_1732,
Clostridium sp.L2-50, Faecalibacterium prausnitzii, Blautia obeum, Roseburia inulin-
ivorans, Roseburia intestinalis, Bacteroides thetaiotaomicron, [ Eubacterium] rectale,
Bacteroides ovatus, Bacteroides plebeius, Alistipes putredinis, Bacteroides uniformis,
Bacteroides vulgatus, Escherichia coli.

Set 5

Streptococcus dysgalactiae, Lachnospiraceae bacterium oral taxon 500, Prevotella
melaninogenica, Megamonas hypermegale, Proteus mirabilis, Actinomyces sp. oral
taxon 448, Leclercia adecarboxylata, Comamonas kerstersii, Pontibacillus chungwhen-
sis, Citrobacter freundii, Enorma massiliensis, Rhizobium sp. Root651, Enterococcus
cecorum, Pseudomonas xanthomarina, Peptoniphilus sp. ChDC B134, Clostridioides
difficile, Prevotella multiformis, Lactobacillus kefiranofaciens, Neisseria mucosa, Bifi-
dobacterium psychraerophilum, Lactobacillus brevis, Eubacterium sp. AB3007, Lacto-
bacillus parabuchneri, Bifidobacterium minimum, Prevotella intermedia, Jonquetella
anthropi, Lachnospiraceae bacterium M18-1, Lactobacillus acidophilus, Clostridium
perfringens, [Clostridium] sporosphaeroides, Streptococcus infantis, Lactobacillus ace-
totolerans, Bacteroides paurosaccharolyticus, Corynebacterium lactis, Streptococcus
mitis, Eggerthella sp. YY7918, Lactobacillus helveticus, Kandleria vitulina, Serratia
liguefaciens, Lactobacillus sakei.

Set 6

Bacteroides coprophilus, Bacteroides ovatus, Sutterella wadsworthensis, Prevotella
bivia, Prevotella copri, Acidaminococcus intestini, Coprobacter fastidiosus, Bac-
teroides cellulosilyticus, Prevotella stercorea, [Ruminococcus] torques, Dorea long-
icatena, Sutterella wadsworthensis, Flavonifractor plautii, Finegoldia magna, [Eu-
bacterium] rectale, Roseburia intestinalis, Bacteroides vulgatus, Porphyromonas crev-
ioricanis, Blautia sp. KLE 1732, Escherichia coli, Blautia obeum, Roseburia inulin-
ivorans, [Clostridium] lactatifermentans, Faecalicatena contorta, Alistipes finegoldii,
[Clostridium] bolteae, Collinsella intestinalis, Campylobacter hominis, Coprococ-
cus comes, Coprobacter secundus, Eubacterium ventriosum, Bacteroides plebeius,
Methanobrevibacter smithii, Parabacteroides distasonis, Tyzzerella nexilis, Bacteroides
salanitronis, Clostridium sp. KLE 1755, Collinsella aerofaciens, Kluyvera intermedia,
Staphylococcus aureus.
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Table 6.4: mmvec: species and CLA4 co-occurrence. Species (rep82 features) are listed in the column
“Feature” and are sorted by “mmvecRank”, the ranked conditional probabilities of co-occurrence between
rep82 features and “CLA4”. Species known to produce CLA appear in column “CLA-producer”. The
column “mmvecPC1” contains the associated taxa features and their PC1 axis values from Figure 3C.
The last two columns display the numbers of consumers and non-consumers who have the feature.

CLA-producer Feature mmvec mmvec #Cons. #Non-
PC1 Rank cons.

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.057 6.223 43 36
teroidaceae; g__Bacteroides; s__Bacteroides_vulgatus

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.031 5.617 43 36
teroidaceae; g Bacteroides; s__Bacteroides_uniformis

other k__Bacteria; p__Proteobacteria; ¢__Gammaproteobacteria; o__Enterobac- -0.146 5.265 43 36
terales; f__Enterobacteriaceae; g Escherichia; s__Escherichia_coli

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; -0.181 4931 43 36
f__Rikenellaceae; g__Alistipes; s__Alistipes_putredinis

other k__Bacteria; p__Bacteroidetes; c¢__Bacteroidia; o__Bacteroidales; f__Pre- | -0.099 4.771 24 25
votellaceae; g__ Prevotella; s__Prevotella_copri

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.050 4.643 43 36
teroidaceae; g__Bacteroides; s__Bacteroides_ovatus

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.042 4.526 42 36
teroidaceae; g__Bacteroides; s__Bacteroides_stercoris

Eubacterium k__Bacteria; p__ Firmicutes; c__Clostridia; o__Clostridiales; f_Lach- -0.042 4.264 43 36

rectale nospiraceae; g__; s__[Eubacterium]_rectale

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.004 4.244 43 36
teroidaceae; g__Bacteroides; s__Bacteroides_thetaiotaomicron

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; -0.099 3.744 43 35
f__Rikenellaceae; g__Alistip: __Alistipes_finegoldii

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.046 3.687 43 36
teroidaceae; g__Bacteroides; s__Bacteroides_plebeius

other k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lach- -0.137 3.640 43 36
nospiraceae; g__Blautia; s__Blautia_obeum

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.068 3.616 41 36
teroidaceae; g__Bacteroides; s__Bacteroides_coprocola

Roseburia k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f_ Lach- -0.059 3.611 43 36
nospiraceae; g_ Roseburia; s__Roseburia_intestinalis

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; -0.065 3.579 42 35
f__Rikenellaceae; g__Alistip: __Alistipes_shahii

other k__Bacteria; p__ Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Tan- -0.050 3.573 42 35
nerellaceae; g__Parabacteroides; s__Parabacteroides_distasonis

Faecalibacterium k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ru- -0.062 3.569 43 36

prausnitzii minococcaceae; g Faecalibacterium; s__Faecalibacterium_prausnitzii

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.027 3.499 43 36
teroidaceae; g Bacteroides; s__Bacteroides_cellulosilyticus

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bar- -0.028 3.462 35 32
nesiellaceae; g_ Barnesiella; s__Barnesiella_intestinihominis

Roseburia k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lach- -0.047 3.419 43 36
nospiraceae; g__Roseburia; s__Roseburia_inulinivorans

Anaerostipes k__Bacteria; p__ Firmicutes; c__Clostridia; o__Clostridiales; f__ Lach- -0.092 3.398 42 35
nospiraceae; g__Anaerostipes; s__Anaerostipes_hadrus

Roseburia k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lach- -0.074 3.389 43 35
nospiraceae; g__Roseburia; s__Roseburia_faecis

other k__Bacteria; p__Bacteroidetes; ¢__Bacteroidia; o__Bacteroidales; 0.004 3.329 42 36
f__Odoribacteraceae; g__Odoribacter; s__Odoribacter_splanchnicus

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- 0.009 3.289 42 33
teroidaceae; g__Bacteroides; s__Bacteroides_fragilis

Ruminococcus k_ Bacteria; p_ Firmicutes; c__Clostridia; o__Clostridiales; f_Ru- -0.047 3.192 37 30

minococcaceae; g__Ruminococ s__Ruminococcus_bicirculans

other k_ Bacteria; p__Verrucomicrobia; c¢__Verrucomicrobiae; o__Verru- 0.045 3.162 26 12
comicrobiales; f__Akkermansiaceae; g__Akkermansia; s__Akkerman-
sia_muciniphila

other k__Bacteria; p__Proteobacteria; c__Betaproteobacteria; o__Burkholderi- -0.116 3.145 17 29
ales; f__Sutterellaceae; g__Sutterella; s__Sutterella_wadsworthensis
other k__Bacteria; p__ Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Tan- -0.086 2.896 41 36
nerellaceae; g_Parabacteroides; s__Parabacteroides_johnsonii
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Table 6.5: (Continued) mmvec: species and CLA4 co-occurrence.

CLA-producer Feature mmvec mmvec #Cons. #Non-
PC1 Rank cons.

Eubacterium k__Bacteria; p__Firmicutes; c¢__ Clostridia; o__Clostridiales; f__Ru- 0.001 2.881 22 16

siraeum minococcaceae; g_Ruminiclostridium; s__[Eubacterium]_siracum

other k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Oscil- 0.018 2.857 43 35
lospiraceae; g__Oscillibacter; s__Oscillibacter_sp._ER4

other k__Bacteria; p__Bacteroidet __Bacteroidia; o__Bacteroidales; f__Bac- -0.025 2.841 41 35
teroidaceae; g__Bacteroides; s__Bacteroides_salyersiae

Eubacterium k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Eubacteri- -0.007 2.816 38 32
aceae; g__ Eubacterium; s__[Eubacterium]_eligens

other k__Bacteria;  p__Bacteroidetes;  c__Bacteroidia;  o__Bacteroidales; -0.043 2.805 39 35
f__Rikenellaceae; g__Alistipes; s__Alistipes_obesi

other k_ Bacteria; p__ Firmicutes; c__Clostridia; o__Clostridiales; f_Lach- -0.066 2.748 43 36
nospiraceae; g Blautia; s_ Blautia_sp._KLE_1732

other k__Bacteria; p__ Firmicutes; c__Clostridia; o__Clostridiales; f__Lach- -0.021 2.738 37 34
nospiraceae; g__; s__Lachnospiraceae_bacterium_TFO01-11

Roseburia k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lach- -0.077 2.589 43 35
nospiraceae; g__Roseburia; s__Roseburia_hominis

other k_ Bacteria; p__ Firmicutes; c__Clostridia; o__Clostridiales; f__ Oscil- -0.042 2.566 42 35
lospiraceae; g__Oscillibacter; s__Oscillibacter_sp._KLE_1745

Ruminococcus k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Ru- -0.028 2.554 43 36
minococcaceae; g__Ruminococcus; s__Ruminococcus_faecis

Eubacterium hallii k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Eubacteri- -0.046 2.539 43 36
aceae; g__ Eubacterium; s__[Eubacterium]_hallii

other k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f_ Lach- -0.051 2.419 43 35
nospiraceae; g__Coprococcus; s__Coprococcus_comes

other k__Bacteria; p__Bacteroidetes; c¢__Bacteroidia; o__Bacteroidales; f__Pre- 0.001 2.404 41 35
votellaceae; g_ Prevotella; s__Prevotella_sp._109

other k__Bacteria; p__ Firmicutes; c__Clostridia; o__Clostridiales; f__ Lach- -0.038 2.403 41 35
nospiraceae; g__Dorea; s__Dorea_longicatena

other k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Lach- -0.058 2.388 43 35
nospiraceae; g__Tyzzerella; s__Tyzzerella_nexilis

Bifidobacterium k_ Bacteria; p__Actinobacteria; c__Actinobacteria; o__Bifidobacteriales; -0.035 2.342 30 25

adolescentis f__Bifidobacteriaceae; g__ Bifidobacterium; s__Bifidobacterium_adolescen-
tis

other k__ Bacteria; p__;c__;o_;f ;g ;s_ bacterium_LF-3 -0.045 2.281 39 32

other k__Bacteria; p__Bacteroidetes; c__Bacteroidia; o__Bacteroidales; f__Bac- -0.011 2.169 42 35
teroidaceae; g__Bacteroides; s__Bacteroides_coprophilus

other k__Bacteria; p__Proteobacteria; c__Betaproteobacteria; o__Burkholderi- -0.029 2.130 33 28
ales; f__Sutterellaceae; g_ Parasutterella; s__Parasutterella_excrementiho-
minis

other k__Bacteria; p__Firmicutes; c__Negativicutes; o__Veillonellales; f__Veil- | -0.034 2.114 14 12
lonellaceae; g__Dialister; s__Dialister_invisus

Clostridium k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Clostridi- -0.108 2.113 43 36
aceae; g__Clostridium; s__Clostridium_sp._L2-50

Eubacterium k__Bacteria; p__Firmicutes; c__Clostridia; o__Clostridiales; f__Eubacteri- -0.041 1.975 43 34
aceae; g__Eubacterium; s__Eubacterium_ramulus
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