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Abstract

The gut microbiome is a complex ecosystem of hundreds of species that is
constantly subject to perturbations asa result of day-to-day dietary variation, among
other factors. In some casesdisturbances to microbial communities have been
associated with lasting impacts on microbiome structure. While much research has been
done to uncover sources of inter-individual variatio n in the gut microbiome, less focus
has been given to understanding the ecological mechanisms governing intra-individual
variation. To address this, we carried out dietary intervention studies in human cohorts
and analyzed microbiome composition, metaboli sm, and physical particulate structure.
We also employed in vitro models of the gut microbiome to manipulate variables
difficult to modulate in vivo, and to collect samples with a greater temporal resolution .
As discussed in more detail in Chapter 2, we found that bacterial communities retain an
Pecological memory? of past prebiotic exposures, which is encoded within one day by
changes to the abundanceand transcriptional state of primary degraders . Chapter 3
details findings from an inv estigation into fecal particle size, in which we found th is
metric to correlate with microbiome diversity and to be stablewithin individuals.
Together, the results presented in this dissertation present fundamental new in sights

into the ecology of the gut microb iome.
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1. Introduction

The human gut microbiome is a complex and ecosystem of hundreds of species
that is continually subject both to external forces and the internal dynamics of microbial
interactions. The activity of gut microbes as the compete, cooperae, and metabolize
nutrients has vital impacts on host nutrition and overall health. Across individuals, there
is significant vari ation in terms of microbial composition and functional characteristics.
Within individuals, disturbances such as antibiotic treatment and infection induce
ecosystemlevel shifts. Beyond these more extreme eventsthe day-to-day variation
inherent to the human di et means that the nutritional landscape of the gut microbiome is
in a state of constant flux. Some aspects of gut microbial ecology may change within
hours in response to a disturbance, whereas oher characteristics may be more resilient.
In this dissertation, | present findings on how gut microbial ecology is shaped by diet-
related factors in order to shed light on some of the fundamental mechanisms governing
inter- and intra-individual variation of the gut microbiome. In this chapter, | provide an

overview of the ecology of the gut microbiome in o rder to contextualize these findings.

1.1 The gut microbial ecosystem

Within a given person, there are tens of trillions of microbial cells (1,2). At
around 10w cells per gram of intestinal contents, the gut microbiome contains the highest

microbial density observed on Earth (3,4). Eachindividual has hundreds of species in
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their gut microbiome, with a vast diversity across human populations (5t 8). In addition
to bacteria, the microbiome consists of archaea, eukaryotesincluding fungi , and viruses,
particularly bacteriophages (2,9). The nutritional landscape of th e gut consists of dietary
compounds that escape digestion, with dietary fiber playing a particularly crucial role
(10t 16). Fiber, by definition, is a class of carbohydratesnon-digestible by human
digestive enzymes; while the human genome encodes for only 17 carbohydrate active
enzymes, the gut metagenome contains over 15,000such genes(1,7,17) When fiber
intake is sparse,metabolism shifts towards using dietary proteins and fats and even host
mucins (18,19)

While host nutrient intake keeps gut microbes fed, microbes conversely benefit
their hosts in a number of ways, including vitamin synthesis (20)and buffering against
infection (10,21,22) The production of short -chain fatty acids (SCFAs) also plays a
crucial role in gut microbial ecology and host physiology. SCFAs are a product of
carbohydrate metabolism, with acetate, butyrate, and propionate most abundant in the
gut (10,19,23) SCFA production reduces the localpH, which improves resistance to
colonization by pathogens (21t 23). Butyrate plays a crucial role as an energy source for
colonocytes, providing up to 90% of the energy requirements for these cells, and by
extension SCFAs contribute an estimated 515% of the body s total caloric requirements
(24,25) Butyrate also plays a role in reducing inflammation and protecting against

colorectal cancer(19). Overall, over 90% of SCF/As produced by gut microbes are taken



up by intestinal cells or used by microbes (26). A small amount make it into circulation
and can even crossthe blood-brain barrier (27,28) and there is growing evidence that
fiber intake and SCFAs may affect brain physiology (29t 33).

Microbes not only di rectly consume dietary nutrients, but also engage in cross
feeding interactions with each other. The concept of a keystone species is important
here, usually referring to those bacterial species that actually possess the enzyme
necessary to break down a given fiber source, secalled ?primary degraders? (11). Fiber
metabolism by primary degraders leads to the release of shorter chain polysaccharides,
simple mono- and disaccharides, and byproducts like lactate and acetate, all of which
can serve as carbon sources to a broader array of gut microbesthe ?secondary
degraders? (34t 37). This crossfeeding is a form of cooperative interaction, where as
metabolism of a substrate by keystone taxa is required for further metabolism by
secondary degraders to occur.Conversely, competition over limited nutrients, o r
through the secretion of byproducts t oxic to other species, also shapes the composition
of the gut microbiome (38t 40). There has been some controversy in the literature as to
whether this emsystem is primarily shaped by cooperative or competitive interactions,
and recent work has sought to recmncile these findings by highlighting how dynamic
these interaction networks can bein response to environmental shifts (40).

We must also consider that, while experimental researchers use a varety of

culture -based methods to model the gut (414 43), the in vivo reality is far more complex



than bacteria being consistently mixed within a nutritionally homogenous space.

Nutrient availability grows more sparse along the digestive tract, resulting in
compositional differences including a reduction in butyrate -producing bacteria and an
increase in acetate and propionateprod ucers, and related environmental difference such
as increased pH(10,24) New sequencing technologies have been developed to identify
how communi ty composition varies with spatial geography in the gut (44), and ona
finer scale, there is a high degree of spatial organizationdriven by factors such as
nutrient heterogeneity and spatial partition ing (39,45 47).

Understanding some of these complexities about the nature of the gut
microbiome as an ecosystem full of competition, cooperation, and unique physical
niches is integral to unraveling the mechanisms of how th is system functions. Ecological
modeling has been useful in understanding how the microbiome develops during
infancy (48), how fiber is metaboli zed (49), how niches change in response to nutrient
shifts (50), and more (514 54). Beyond some of these general principles, it is necessary to

consider that each individual has a unique ecosystem in their gut.

1.2 Inter-individual variation in the gut microbiome

Composition of the gut microbiome is influenced by many factors, including diet
(55t 57), weight (58), host genetics(59), antibiotic usage (60), and age(61), among others

(62). Differentiation begins as infants, where microbiome development is influenced by



factors including mode of birth, feeding, and environment (63). In adults, the gut
microbiome is relatively stab le throughout life (64), and researchers havedeveloped
models to predict aspects of microbiome composition based on long-term life history
factors with reasonable acauracy (65). Across individuals, diet is an important
distinguishing factor, with one study finding that individuals who  consume more than
30types of plant foods per week have greater diversity than those consuming fewer
than 10 (5). Unfortunately, most humans living in industrialized nations today consume
more processed foods and far less dietary fiber compared to our ancestors andto
modern-day hunter-gatherers (66t 68).

Inter-individual variation in the gut microbiome influence disease riskt
including inflammatory bowel disease, colorectal cancerdiabetes,and chronic
obstructive pulmonary disease + and how our bodies process food(11). The role in
diseaseis related in part to how the microbiome modulates inflammation and interact s
with the body z immune system (69), and it has also been shown that inter-individual
diffe rences in microbiome composition can predict glycemic response(70). Inter-
individual variation in microbiome composition and function is cr itical to understand
for researchers performing dietary intervention studies, as individuals respond to a
given prebiotic sup plements in different ways , resulting in inconsistencies within and
across studes (11,71) Keystone taxamay partially explai n why some people utilize a

given prebiotic more efficiently than others, with Ruminococus bromidemonstrated to



play an integral role as a primary degrader of resistant starch (72). One challenge in
identifying such keystone taxa, however, is that differences in carbohydrate utilization
often occur at the strain level (73,74).

These differences have been leveraged to better understand the ecology of the
gut microbiome, and considerable work has been done to predict which indi viduals will
respond favorably to a given intervention. Recentwork from our lab found that SCFA
production in children with obesity varies based on microbiome composition (75). This
is broadly consistent with past research; br example, one study found that butyrate
production may be predicted by the presence of hon-butyrate-producing microbes that
engage in crossfeeding interactions with butyrate producers (76). Baseline diet also
likely plays a role here, asfiber consumption has been linked to which microbial taxa
changed in abundance following inulin supplementation (77). Combining these ideas,
another recent paper from our lab showed that individuals tended to have similar
response to three prebiotics tested, and thisdegree of response was related tchabitual
intake (78).

Broadly, work in the area of gut microbiome inter -individual variation has led to
fascinating insights along th e diet-microbiome -diseaseaxis and in building our
understanding of the nuances of the role microbes play in digestion. Some of the factors
that influence microbiome variation across individuals ¢ diet in particular ¢ alsovary

within individuals , resulting in truly dynamic ecosystems.



1.3 Disturbance ecology of the gut microbiome

In macro-scale ecosystemsdisturbances like fires and floods can alter the
trajectory of ecosystem development with lasting impacts (79 81). In the gut
microbiome, some of the more dramatic forms of disturbance include antibiotic
treatment (60), infection (21), and diarrheal iliness (82). All of thesebroadly reduce
ecosystem diversity, and may result in a new stable state postrecovery (83). Beyond
thesemajor events, the gut microbiome is in a state of constant flux in terms of its
nutrient environment as a result of the day-to-day variation inherent to most human
diets (84). Such dietary changes induce compositional and functional changes ondaily
or even sub-daily timescales(55t57,84) Over longer periods, sustained intake of diets
high in fat and sugar can lead to extinction of some taxa (85).

Such changesconstitute intra-individual variation in the gut microbiome. While
intra-individual variation may typically be less than interindividual variation (86), these
changesin composition and gene expression remain significant and capable of
impactin g metabolism of dietary comp ounds (87,88) Prebiotic supplementation can be
viewed as an attempt to modulate this variation in a beneficial manner, increasing the
abundance of health-promoting microbes and boosting SCFA metabolism (12).
However, our understanding of the mechanisms governing inter -individual variation

remains limit ed, due to factors including the difficulties of acquiring and analyzing



dense time-seriesdata and the fact that diet itself varies greatly between individuals
(84,89 91). Thus, there remains a significant knowledge gap in our under standing of
how gut microbi al ecosystemsvary within an individual, particularly in the context of

typical day -to-day dietary variation .

1.4 Contributions

This dissertation is an exploration of variation and stability within individual
microbiomes, presenting new insights into how our ever -shifting diets influence the
ecology of the gut microbiome. At the same time, understanding these dynamics also
helps to explain some of the forces shaping inter-individual variation. To address this,
we carried out two dietary intervention studies in human cohorts and analyzed
microbiome composition, metaboli sm, and physical particulate structure across time-
series data from these cohorts We also employed several in vitro models of the gut
microbiome to manipulate varia bles difficult to modulate in vivo, and to collect samples
with a greater temporal resolution . Within the framework of intra -individual variation,
two particular questions are addressed here:

First, many ecosystems have been shown to retain a memory of pasconditions,
which in turn affects how they respond to future stimuli  (79,81) In microbial
ecosystems, community disturbance has been associated withlasting impacts on

microbiome structure (82,92 95). In Chapter 2, we ask whether the gut microbiome



alters its response to repeated nutrient stimuli. We show that bacterial communities
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inulin was encoded within a day of supplementation among a cohort of human study

participants. Using in vitro gut microbial models, we demo nstrated that the strength of

ecological memory scales with nutrient dose and persists for days. We found evidence

that memory is seeded by transcriptional changes among primary degraders of inulin

within hours of nutrient exposure, and that subsequent cha nges in the activity and

abundance of these taxa are sufficient to enhance overall community nutrient

metabolism. We also observed that ecological memory of one carbohydrate species

impacts microbiome response to other carbohydrates, and that an individualz Uwi EEDUUE Ow
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metabolic potential reflects dietary exposures over preceding days and changeswithin
hours of exposure to a novel nutrient. The dynamics of this ecological memory also
highli ght the potential for intra -individual microbiome variation to affect the design and
interpretation of interventions involving the gut microbiome.

In Chapter 3, we consider the physical structuring of the gut microbiome.
Microbial ecosystems in general, such as in soil and marine settings,contain physical
particles that may serve as both energy sources and physical niches formicrobes. Past

research inthese ervironmental settings has shown that waves of succession occur in the



colonization of individual particles, which effect differences in diversity associated with
different particle sizes (96t 99). In the gut microbiome, however, the role of food-derived
particles remains largely uncharacterized, leading us to ask how intake food patrticle size
may affect gut microbial metabolism and to what extent micr obes may play a role in
particle breakdown . We measured fecal particle size (FPS) across 76 healthy adults by
laser diffraction and found that FPS was individualized and correlated with gut
microbiome alpha diversity. A b ehavioral intervention designed to reduce intake food
particle size was insufficient to overcome the initial inter -individual variation. We also
found that samples from mice with disrupted gut microbiomes had increased FPS,
suggesting a role for microbes in reducing the size of intake food patrticles. Together, our
results suggest that the human gut microbiome plays a role in reducing the size of food
particles during digestion, and that individuals vary in this capacity. These findings
provide fundamental n ew insights into human digestion, s uggesting that gut microbes
play a significant role in reducing particle size along the gastrointestinal tract, and reveal
FPS as a potential biomarker of diversity and metabolism in the gut microbiome.
Material in Chapter 2 has been previously published (100) co-authored with
Zachary Holmes (project conceptualization, experimental design, artificial gut
experimentation), Eric Dallow (analytical chemistry by GC and HPAEC), Heather
Durand (artificial gut experimentation, human cohort study design and management),

Sharon Jiang(artificial gut experime ntation, assistance with other lab work) , Verédnica
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Carrion (human cohort study management), Savita Gupta (assistance within vitro
experiments), Adam Mincey (GC/MS metabolomics execution), Michael Muehlbauer
(GC/MS metabolomics design, execution, and data curation), JamesBain (GC/MS
metabolomics design and funding acquisit ion), and Lawrence David (study design and
oversight, funding acquisition, writing of original manuscript draft).

Material in Chapter 3 is currently being prepared for publication, and has been
co-authored with Verdnica Carrion (human cohort study design and management),
Aiden Fox (assistance within vitro experiments), Piper Epstein (assistan@ with DNA
extractions), Chin Yee Tan(acquisition of mouse samples), Neil Surana (acquisition of
mouse samples ard acquisition of funding for mouse work) , and Lawrence A David

(study design and oversight, funding acquisition, writing of original manuscript draft).

11



2. Ecological memory of prior nutrient exposure in the
human gut microbiome

2.1 Introduction

Ecological memory describes a broad range of phenomena in which past
disturbances experienced by an ecosystem influence community responses in the
present (79). Such responses may reflect prior abiotic experiences (e.g. past rain or fires
shaping reproducti on strategies in plants) or biotic ones (e.g. species extinction alering
competitive phenotypes among extant organisms) (101). Knowing that ecosystems retain
memory has helped shape frameworks for reintroducing locally extinct species and
promoting s peciesdiversity in settings like hardwood forests (80,101) Ecological
memory may also amplify the severity of ecosystem damage caused by climate change
(81).

Despite the power of ecological memory to understand and manage ecological
dynamics, our knowledge of how this concept applies to microbial ecosystems remains
sparse. Within individual microbial species, evidence exists for memory -like processes.
Among bacterial monocultures, past environmental conditions like nut rient availability
affect metabolic potential (102 104) or the ability to utilize a substrate of interest. Yet, at
the microbial community level, our understanding of how past environmental
conditions affect future ecosystem function is limited. Lasting changes in the abundance
of taxa result from disturbances like oil spills (92,93) antibiotic administration (94),

dietary oscillations (95), and infection (82). In the human gut microbiome, it has been
12



demonstrated that infection (21)and obesogenic diet exposure(105)induce a memory
that affects the ecological outcome of subsequent perturbations.Still, it is not yet known
what independent role microbes play in this memory (i.e. in the absence of host factors),
nor the mechanism and properties of this memory. Furthermore, the fastest time scales
on which microbial communities form ecological memory remain undefined. Due to the
reproductive rates of bacteria, ecological memory may form in microbial ecosystems
orders of magnitude faster than in communities of plants and animals as with prior
observations of ecological succession in microbial ecosystens (82). Understanding how
and on what time scales memory forms should therefore provide fundamental insights
into the ecological processes governing microbial community composition and

metabolism.

2.2 Methods
2.2.1 Carbohydrate sources

The following sources of fructan prebiotics were used in this study: Synergyl
inulin (Orafti), inulin from dahlia tubers (Sigma), fructo -oligosaccharides from chicory
(Sigma), inulin (NOW), and inulin FOS (Jarrow) (Figure 20). Orafti Synergy1 inulin was
used for the human study as a food-safe ingredient that could be added to the snack
bars, Sigma inulin from dahlia tubers was used for in vitro work including the artificial

gut run as a relatively pure long-chain inulin. Jarrow inulin FOS was used for it s greater
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solubility in select in vitro experiments (Figures 4D-E, 16B-C,E, 19C-G), where it was
necessary to measureabsorbanceand/or ensure that pre-treatment inulin could be
removed (via supernatant) prior to the treatment phase.

The following sources of non-fructan prebiotics were used: dextrin (Benefiber)
and galacto-oligosaccharides (Bimuno). The following simple sugars were also used:

dextrose (Amresco), fructose (Amresco), and sucrose (Sigma

2.2.2 Participant recruitment and sample collection

Hu man participant data presented in this paper is a secondary, post hoc analysis
of a cohort recruited primarily to test a link between the gut microbiome and aspects of
cognition and behavior. The origin al study protocol was approved by the Duke Health
Institutional Review Board (IRB) at Duke University under protocol number
Pro00093322, and registered on ClinicalTrials.gov, with the identified number
NCT04055246 We recruited 40 healthy subjects by use d flyers on Duke University
campus as well as electroric postings on DukeList (a university -internal classifieds
website), a lab website, andClinicalTrials.gov. All patients provided written informed
consent via an electronic consent form (eConsent) priorto participation in the study
protocol.

All participa nts were between the ages of 18 and 35, weighed at least 110 pounds

(50 kg), and had a body mass index (BMI) between 17.0 and 27.5. Furthermore,
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individuals were excluded from participation if they: ha d a diagnosis of psychiatric or
neurological disorder, were currently on steroid medications, had used recreational
drugs within the past month, consumed at least 2 alcoholic beverages per day on
average, had dietary restrictions of milk or dairy products, had food allergies to
wheat/gluten/nuts/soy, or were c urrently pregnant or breastfeeding. A secondary screen
further excluded individuals who scored greater than 9 on a modified Patient Health
Questionnaire-9 (PHQ-9, a depression severity questionnaire),had a colonoscopy or oral
antibiotics within the past m onth, or had a history or current diagnosis of any of the
following: irritable bowel syndrome, inflammatory bowel disease, type 2 diabetes,
chronic kidney disease with decreased kidney function, intest inal obstruction, or
untreated colorectal cancer.

Participants were 60% female (24/40) and 40% male (16/40). Participants were
57.5% white (23/40), 40% Asian (16/40), 2.5% Black (1/40), 2.5% Native American (1/40),
2.5% Native Hawaiian or Other Pacific Islander (1/40), and 12.5% Hispanic or Latino
(5/40). Aver age age at time of enrollment was 25.6 + 4.9 years (mean + stdev). Most
participants (67.5%; 27/40) were omnivores, 17.5% were vegetarian (7/40), 12.5% ate
everything except red meat (5/40), 2.5% did not respond to this question (1/40), and none
were vegan. Average weight was 147.9 + 21.6 Ib and average BMI was 23.2 + 2.2.

Participants provided stool samples twice weekly on Tuesday and Friday over a

three week study period (Fig ure 10A). Samples were selfcollected using polypropylene
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scoop-cap tubes Globe Scientific), and participants were instructed to keep samples in
personal freezers until ready to transport to lab using a provided insulated container

and ice pack. Once arrived, samples were kept at-20 °C for up to a week and then

moved to -80 °Cuntil further processing. If a participant was unable to produce a

sample on the requested day, they were instructed to provide the next available sample
(on Wednesday or Thursday in place of a Tuesday sample, or on Saturday or Sunday in
place of a Friday sample). For statistical analysis purposes, we treated any such samples
as Tuesday or Friday samples, since they still represented the first possible measurement
after 1 or 4 days, respectively, of consuming the snack bars.

On the second study week, participants consumed treatment bars (Figure 10B)
twice daily for five days (Monday through Friday) containing either 9 g/bar inulin
(prebiotic group, n =19) or 9 g/bar maltodextrin (placebo group, n =21) (Figure 10D).
Participants were blinded to which group th ey were in (Figure 10C). The bars were
manufactured by the Natick Soldier Research Development and Engineering Center
(NSRDEC) in Natick, MA, USA, based on a modified formula of the First Strike bar
manufactured at NSRDEC. This formulation does include fruct ose, the constituent
monosaccharide of inulin (Fig ure 10D). Due to the absorption of fructose by the upper
Gl tract, gut microbes, particularly colonic microbes, are not exposed to significant levels

of free fructose from diet; inulin, however, is recalcit rant to breakdown and absorption
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by human enzymes and does serve as a nutrient source for colonic gut microbesin vivo
(106)

Participants were not asked to restrict their diet for the study, and instead were
instructed to continue their typical diet. All participants completed three dietary
surveys. The Diet History Questionnaire Il (DHQ3) was adminis tered prior to the
BaselineEOE WEUUI UUI EwxEUUPEDPxEOUUz wl EUPOT wi EEPUUWO
Self-Administered 24 -Hour Dietary Assessment Tool (ASA24-2018) was administered
twice, once during the baseline week and once during the treatment week.

In some instances, a paticipant did not provide a stool sample on the day
requested or not enough sample was present for all analyses, and one participant did
not complete the DHQS3. Thus, n is not always 19 for the placebo group and 21 for the

prebiotic group; otherwise, no samples were intentionally excluded from analysis.

2.2.3 Measurement of metabolic potential in stool samples

To measure the capacity of microbial communities to degrade prebiotic
substrate, we used a previously described stool fermentation assay (75). Briefly, stool
samples were weighed out in an anaerobic chamber and combined with pre-reduced
phosphate-buffered saline (PBS) at 10% weight/volume in polyethylene filter ba gs with

0.33mm pore size (Whirl -Pak B01385). Samples were then homogenized (aerobally)
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using a stomacher (Seward Stomacher 80 MicroBiomaster) set to medium for 60 second.

Total time exposed to oxygen did not exceed 10 minutes.

Either 1 mL of either PBS(control) or 1% (10 mg/mL) solution of Orafti Synergyl
inulin was added to 24 -well plate wells. Then, 1 mL of stool slurry was aliquoted into
each well (final concentration of inulin 5 mg/mL). Each stool sample was assayed in
duplicate (2 control wells and 2 inulin wells). Plates were sealed with adhesive foil seals
and incubated anaerobically for 24 hours at 37 °C. Aliquots were taken from each well

and saved at-80 °C.

2.2.4 Artificial gut culturing and sampling

Artificial guts were run according to a p reviously established protocol (107). An
eight-vessel continuous flow artificial gut sys tem (Multifors 2, Infors) was used to
culture gut microbes seeded from human stool samples. One of the vessels (vessel 5)
was not inoculated for this run du e to a component that was found to be non-
functioning prior to inoculation. Replicate artificial gut vessels were uniformly
inoculated with a starting community derived from a single healthy stool donor so that
our analyses could assume measurement variaton was due to technical sources of noise
(107) Since these vessels maintain stoederived cultures, we consider them as models of

the distal colon (108) Vessels were sterilized and prepared with 300 mL of fresh
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modified Gifu Anaerobic Medium (MGAM) (109). Nitrogen was sparged into the vessels
at 1 L/min to maintain positive pressure and create an anaerobic environment (110).
Vessels were inoculated using culture aliquots saved at-80 °C from a previous artificial
gut run (original fecal samples obtained from a healthy volunteer who provided written
informed consent per Duke Health IRB Pro00049498) From each of 12 frozen aliquots,
1.5 mL was added to 5 mL mGAM media and incubated for 6 hours at 37 °C in an
anaerobic chamber (Coy). 5 mL of these cultures were then transferred to media bottles
contain 100 mL mGAM and incubated overnight (17 hours) at 37 °C. After this final
incubation, cultures were combined aseptically in a biosafety cabinet and loaded into
syringes, with two 50 mL aliquots inoculated into each vessel via a septum in the vessel
lid, for a final working volume of 400 mL. The media feed was started 24 hr after
inoculation at a constant rate of 400 mL per day (a rough approximation of 24 hr average
passage time in the human Gl tract). The vessels were inoculated on 14; the length of this
PEUDO? wx1 UPOEwWPUWEEUI E w@Datiktakes@aproxintatelEmd UwU 0T 11 U
weeks for the community composition to stabilize (111).
The pH of each vessel was monitored and controlled by the IRIS software (v6,
Infors), and pH was measured continuously with Hamilton EasyFerm Plus PH ARC 225
probes. The pH probes were calibrated with a two-point calibration with standardized
x" WEUIT T TUUWEUOWK3YY op vysdehptd wad airtiajhédywighn fheo Y 6 hvwip! # ' A

ranges of 6.8 £ 0.1 duringthe burn-in phase and 6.2 + 0.7 thereafte(to enable us to
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observe fermentation-induced pH shifts) using a 1 N HCI solution and a 1 N H3PO4
solution. Prior to dosing, pH was stable at around 6.9. Vessels were maintained at 37 °C
YDEwWUT T w( O OUUZ UWOOEOEUEwWUI Ox1 UEUUUI weEOOUUOOWU
at 100 rpm using magnetic impeller stir -shafts.
/ UDOUWUOWUEOXxODPOT OWUEOXx OPOT woORifped) wbi Ul WEOI E
syringe and wiped clean with 70% ethanol. Sampling consisted of the collection of 7 mL
of active artificial gut culture via sterile syringe and then immediate storage in labeled
cryovials at -80 °C. Dosing was done by combining 16 g inulin with 80 mL PBS in a
biosafety cabinet, and administering 10 mL of the mixture to each vessel by needle
equipped syringe through a septum at the top of the vessel.
Samples from all seven inoculated vessels were analyzed for inulin content, pH,
and SCFA content, as described below. Due to an issue with media flow on the final day
of treatment (day 11; Figure 10E), samples from this day were not analyzed for inulin
content, and instead, samples from dl 7 vessels on day 8 were used to test the effect of 3
days between doses (Figire 1D). Due to analytical pipeline throughput limitations, we
prioritized samples from s ix of the vessels for metatranscriptomic sequencing and
untargeted metabolomics. Additio nally, DNA/RNA sequencing data from one of the
artificial guts (vessel 3)was excluded from statistical analyses involving the origins of
ecological memory, due to this replicate exhibiting evidence for a further delayed

memory effect (outlier point at dos e 2 in Figure 1B-C).

20



2.2.5 Small-batch bacterial culturing

To perform controlled in vitro experiments in a more high-throughput way than
the artificial gut allowed, we carried out small -batch anaerobic culture experiments
based on previously established protocols (112). Cultures were started from a 1 mL
frozen aliquot from a previous artifici al gut run was added to 4 mL mGAM and grown
anaerobically for 6-8 hours at 37 °C in a 14 mL polystyrene round-bottom tube. This 5
mL culture was then added to 45 mL mGAM and grown overnight (16 -18 hours) at 37
°C. Following this overnight culture, culture tubes each contaning 3 mL mGAM were
inoculated with 1 mL overnight culture for a total volume of 4 mL. Cultures were pre -
OUIl EUI EwEAWEEEDPOT wl YYws +wOi wEEUEOT -eedpahgeUl wE Uwhy
experiment), for a final concentration of 4.8 mg/m L. After 24 hour s incubation, cells were
UxUOWEOP OQwhY wOPOWEUwWt YYYwR wl wEOGEwWUI UUUx1 OEIT Ewb
inulin at 100 mg/mL. Samples were collected after a final 6 hour incubation. Inulin
concentration was analyzed by HPAEC-PAD as described below and endp oint pH was
measured by Accument AR-15 pH meter (Fisher Scientific).
Conditioned media was generated by growing stool -derived microbiota cultures
on mGAM overnight and filter -sterilizing the resultant culture. The Bacteroides caccae
isolate used (strain ATCC 43185) was previously isolated from the community used for

the artificial gut experiment. For the spike -in experiment (Figure 16D), cultures were
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grown overnight, then diluted 1:10 and grown for 6 hours with or without inulin.

OD600 wasmeasured, and diluted with fresh mGAM to a combined calculated OD600
of 1.0 in each 4 mL culture, with B. caccaand whole community cultures mixed at 10/90
or 50/50% by OD600.

For the growth curve experiment (Fig ure 16E-F), cultures were pre-treated for 9
hours on (inuli n-naive) conditioned mMGAM supplemented with 4.8 mg/mL glucose or
inulin/FOS (Jarrow) at which point OD600 was measured and cultures were diluted to a
EEOEUOEUI Ew. #t YYwWO!l wYdk wbOUOw! YYws +wWEOOEDPUDPOOI
glucose of inulin (final conc entration of 4.8 mg/mL) in a 96-well plate. Absorbance was
measured by SPECTROstar Nano Microplate Reader (BMG Labtech) in the anaerobic
chamber, with 48 readings taken at 30 min intervals, with the plate shaken before each
reading (OD600). A growth curve was fit using the growthcurver package in R (Fig ure

16F).

2.2.6 Quantification of inulin

Analysis of inulin content was performed by high -performance anion-exchange
chromatography with pulsed amperometric detection (HPAEC -PAD). Briefly, 200 uL of
each sanple (in randomized order) was added to 800 pL of deionized (DI) water, ACS
Ul ETT O0wl UenErésidtivity Bamples were then centrifuged at 14,000 x g for 5

minutes at 4 °C. The resulting supernatant was transferred to a 0.22 um spin filter

22



column and centrifuged at 14,000 x g for 5 minutes at 4 °C. The filtrate was analyzed on
a Dionex ICS-6000 HPIC system equipped with a Dionex AS-AP autosampler and a
pulsed electrochemical detector consisting of an amperometric flow -through cell and a
silver/silver chloride reference electrode. The electrochemical detector provided the
following waveform: E 1= +0.1V (i = 0.00s- 0.40s), integration from 0.20 to 0.40 s, E=-
2.0V (= 0.41st 0.42s), E= +0.6V (t = 0.43s), E=-0.1V (s = 0.44¢ 0.50s).

Separaion was carried out on a CarboPac PA200 analytical column equipped
with a CarboPac PA200 guard column at 30 °C. The autosampler was kept at 4 °C to
prevent degradation of carbohydrates. A gradient elution was performed using the
following eluents: 100 mM NaOH (eluent A) and 1 M NaOAc, 100 mM NaOH (eluent B).
The eluents were kept blanketed under nitrogen at 6psi to prevent the formation of
carbonate. A flow rate of 0.5 mL/min was used and the linear gradient was setup as
follows: 98% eluent A and 2% eluent B from -5 to 15 min, ramping to 50% eluent A and
50% eluent B at 70 min, then ramping back to the original parameters at 70.1 min and
remaining that way until the run was ended at 75 min.

The data was acquired and processed using Thermo Scientifc Dionex
Chromeleon Chormatography Data System software, using inulin (inulin from dahlia
tubers, Sigma), glucose (Amresco), fructose (Amresco), sucrose (Sigma),-O1 UUOUIT wpa w

P N VTN

processed in R by transforming peak areas to concentrations based on the inulin
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standard for peaks with degree of polymerization (DP) >10, and based on an average
coefficient derived from kestose and nystose standards for DP 3-10. Peak values for
negative control samples containing no inulin were subtracted from bacterial culture
samples. Negative controls were unavailable for stool samples due to the unique nature
of each sample. Since Sigma dahlia inulin contained almost exclusively long-chain inulin
(DP 11+ Figure 20B), we analyzed only this fraction for experiments using this inulin
source. Otherwise, (i.e. for Orafti Synergyl inulin and Jarrow inulin FOS), we included

all inulin/FOS of DP3+ in our analysis.

2.2.7 16S rRNA gene amplicon sequencing

For all samples, 16S rRNA gene amplicon sequencing was performed using
custom barcoded primers targeting the V4 region of the gene according to previously
published protocols (75,107,113,114)Samples were randomized and DNA extractions
were performed using the Qiagen DNeasy PowerSoil DNA extraction kit (ID 12888 -100).
Sequencing runs were standardized to 10 nM and sequenced usirg a MiniSeq (Illumina)
with paired end 150 bp reads. DADA2 was used to identify and quantify amplicon
sequence variarts (ASVs) in our dataset, using version 138 of the Silva databas€115).
We retained only samples with more than 5000 read counts to remove outlying samples
that may have been subject to library preparation or sequencing artifacts (107), and to

only retain taxa that appeared more than three times in at least ten percent of samples.
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2.2.8 Metatranscriptomics

RNA was extracted from samples using Quick -RNA Fungal/Bacterial Miniprep
then shipped to Novogene (Sacramento, CA) for further processing. mRNA was
enriched using the Ribo-Zero Gold rRNA Removal Kit, Epidemiology (lllumina) and 300
bp reads were sequencel on a HiSeq (lllumina).

Analysis of sequencing reads was carried out using a pipeline adapted from
previous metagenomic work (55,82) Briefly, reads were matched using the Bowtie 2
sequence alignment program to a reference survey from version 3.5 of the Integrated
Microbial Genomes system (116)0 w6 | wUUIT EwUT Itatidhatotbd cOG (17 OO O
KEGG (118), and EC (119)databases for functional analyses. For singlespecies level
analyses, reads that mapped to more than 1 reference genome were discarded. For
global analyses, however, reads that mapped to multiple reference genomes were still
counted.

We detected RNA from 1394 taxa initially; this was reduced to 343 after retaining
only taxa that appeared more than three times in at least ten percent of samples. The
same filter was applied to genes within taxa; only genes that appeared more than three
times in at least ten percent of samples were retained. Finally, we could only perform

our analysis (ALDEx2 GLM, and PERMANOVA) on taxa that had at least two genes
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present (non-zero) in every sample. This filter brought the final number of taxa analyzed

down to 178.

2.2.9 Metabolomic profiling

SCFAs were quantified by GC as previously described (75). Briefly, samples were
EEPEDPI Pl EWEAWEEEDOT wk Yws +wt w- w " OQwl0OwdOdOPl UwlT 1
EQEwUT 1 OwEI OUUDPI UT 1 EwE U whK 6fyhig YupsRnathntuia®d U wk wOD OwE
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to a glass autosampler vial (VWR, part 66009882). Filtrates were analyzed on an Agilent

7890b gas chromatograph equipped with a flame ionizati on detector and an Agilent HP -
FFAP free fatty-E EDEWEOOUOOwm! Kk wuOwR wyd! wOOwgpOOI UWEDPEOI
with a split injection liner. The column temperatur e was maintained at 120 °C for 1 min,

ramped to 170 °C at a rate of 10 °C/min, and then maintained at 170 °C for 1 min. The

helium carrier gas was run at a constant flow rate of 1 mL/min, giving an average

velocity of 35 cm/s. After each sample, we ran a 2min postrun at 220 °C and a carrier

gas flow rate of 1 mL/min to clear any residual sample. All C2:C5short -chain fatty acids

were identified and quantified in each sample by comparing to an 8 -point standard

curve.
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Additional metabolites were quantified by untargeted GC/MS similar to
previously described work (120)with some differences noted below. As above, samples

were pre-processed by vortexing, centrifuging at 14,000 x g for 5 min at 4°C, and passing

AKkYws +wlOl wEDDWWO 0OV OE wy 81 | rurto@insver®tem E OOU OO wi E
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glass vial for 4-6 hoursof EUa D OT wOOWE w2 x1 1 ESEE8w-1 RUOwWhY Y ws + L
final step of azeotropic drying for 30 min, and the dried samples were stored at -80 °C

for later derivati zation. Subsequent steps included additb OO wO i wl k ws + wdl U7 ORAE
with incubation at 50 °C for 30 min (for methoximation of reactive carbo nyl groups)

i OOO0OPI EwE a wE E Enmethy-0 Guni@thylsiyR wifkireacetamide (MSTFA,

Cerilliant M -132)and similar incubation for trimethylsil yl replacement of exchangeable

protons. Supernatants were transferred to GC vials and analyzed on a 7890B GG5977B

ei-MS (Agilent Corp., Santa Clara, CA). We detected 547 metabolite features that were

present in at least 10% of samples, from which 206 wereannotated using our GC/MS

spectral library (120,121)or use in subsequentstatistical analysis (the remaining 341

included 280 unannotated, and 61 that either had uncertain annotation or were

suspected contaminants). Levels for each metabtite were given as log-2 integrated peak

area. For the purposes of statistical testing, weset the values of samplemetabolites that
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were missing, assumed below the limit of detection, to a pseudocount based on the

minimum value observed for that particula r feature.

2.2.10 Linear model design

Except where otherwise noted, statistics were performed using linear models
implemented with the Ime4 package in R and the ImerTest package to generatep-values.
For data with repeated measures from the same individual/vessel (human participants,
artificial gut), a mixed -effects model was used by including a random intercept term (1 |
ID) in the model formula within the Imer() function; otherwise (for in vitro cross
reactivity experiments, for which measurements were t aken from distinct cultures) the
Im() function was used. For the fecal metabolic potential experiment, the data were
found to be non-normal by using the descdist() function in the fitdistrplus package; in
this case, we therefore used a generalized mixedeffects linear model with a Gamma
distribution, implemented with the following call:

fit <- glmer(concentration ~ group*time + (1 | ID), data=hpaec.data, family =
Gamma(link = "log"))

For metatranscriptomic data, analysis was done using an ALDEx2 generalized
linear model using the aldex.glm() function (122)with vessel and time as factors. For the
within -taxa analysis, an individual GLM was con structed for each taxon in order to

account for changes in the total amount of RNA contributed by a given taxon (i.e. to
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avoid seeing apparent changes in a transcriptjust because the relative compositional
abundance of that taxon changed).In effect, transcript reads were treated as relative
abundances within each taxon. Multiple comparisons correction was performed by the
Benjamini-Hochberg method. To validate this approach, we re-analyzed four key
transcripts of interest from B. caccaéound to be upregu lated in response to inulin
(Figures 2C, 3A), by calculating the ratio of transcript reads to reads of four
housekeeping genes:dnaJ (BC01081), gyrB (BC03484), recABL02059), and rpoB
(BC00195)(123). Mixed-effects GLMs were generally consistent with our original
findings . Particularly, in th e case ofBC02731 analyses with all four housekeeping genes
indicated sustained upregulation at each of the three post-intervention time points,
consistent with our original method (Figure 21).

The 16S rRNA geneamplicon sequence data from the artificial gut required a
more complex model to account for the multivariate and compositional nature of the
data as well as the high density of repeated measures samples. We dsigned an auto-
following form in the fido R package(124).

CLR = AR(v,t) +¢o t+ ¢p1A1+PpoM1+PaA2s+ PaM24+Q
where CLR is the centered logratio transform of the data, AR(v,t) is the first order
autoregressive AR(1) portion of this model in which each time point is related to all

other time points within the same vessel according to a decaying factor, ¢ variables are
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effect parameters to be calculated by the model, tis the change in time from the
previous time point in that vessel (to account for consistent drift), Airepresents samples
taken on afternoon 1 (dose 1 hour 6) , M1 represents samples taken onmorning 1 (dose
2 hour -2), Azsrepresents samples taken on afternoons 25, M 24 represents samples taken
on mornings 2-4 (no morning sample was collected after dose 5), andQis the model
intercept.

The autoregressive portion of the model was designed by creating a variable for
each sample and setting the prior covariance of amples taken from the same vessel to
0.8 @up i 1 Ul wl OwPUwUOT T wOUOGET UwoOIl wi OUUUwi OExUI EwE]
from different vessels had a covariance of 0, and all sampks had a covariance of 1 with
themselves. The values of the four experimental variables (A and M) supplied in the
covariate matrix were all binary, set to 1 only for samples taken at the relevant time
point(s) and O for all other samples. The prior covariance of these variables was set to 0
with each other and 1 with themselve s. Essentially, the variables were designed in order
distinguish the effects at +6 hours and +22 hours, and to uniquely distinguish the effects
on day 1, since we had previously identified unique metabolic activity (or a lack thereof)

on this day (Figure 1B). The model was robust to changes in the priors.
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2.3 Results

Nutrient metabolism in the human gut provides an opportunity to test for
ecologica memory in a microbial community se tting. Nutrient availability plays a
crucial role in determining the form of cooperative and competitive interactions in the
gut (40), and host intake of nutrients varies on a daily basis (84). We thus reasoned that if
the metabolic potential of the human gut microbiome reflects recent nutritional
availability, newly introduced nutrients would be incompletely met abolized and require
multiple exposures to be fully utilized by intestinal bacteria. To test this hypothesis, we
analyzed samples from 40 participants enrolled in a randomized placebo-controlled
study . Individuals in the prebiotic group consumed 18 g/day of inulin (Fig ure 10A-D), a
nutrient that can be metabolized by the gut microbiome (23), but which is typically
consumed by individuals at low amounts (1 -4 g/day) (125. These participants were not
subject to any dietary restrictions for this stud y, and diet was monitored throughout the
study by an initial Diet History Questionnaire Ill (D HQ3) and two Automated Self-

Administered 24 -Hour Dietary Assessments (ASA24).
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Figure 1: Ecological memory of prior nutrient exposure is encoded within 24 hours.

A, Inulin/FOS concentrations after incubation of slurried stool samples with inulin for 24
hours ex viva (p =0.028 and 0.019, mixedeffects GLM; n = 21 patrticipants in placebo
group, 19 in prebiotic group.) B, Minimum pH reached over the 24 hours following each
inulin dose. Continuous pH trace for Vessel 1 shown. (Mixed -effect linear model with
200wWEOUI eepth B une<£34lsld) Concentration of inulin remaining in each
artificial gut vessel 6 hours after dosing. (Mixed -effects linear model with dose 1 as
intercept; n = 7 artificial gut vessels.)D, Concentration of inulin remaining in each vessel
after 6 hours by time since previous dose. (Mixed -effects linear model with 1st dose as
intercept; n=7, 2, 2, and 7 vessels, respectively. Sétg the model intercept to 1 day
shows a significant difference, p = 0.048, between 1 and 3 days [, Average final inu lin
concentration (of triplicate bat ch cultures) after 6 hours incubation on inulin, preceded
by pre-treatment with an inulin dose of var ying concentration. Log2 regression line
plotted. (n = 7 conditions.) A-D, Mean and standard error plotted. * p< 0.05,** p< 0.01,
*** 0 <0.001.
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2.3.1 The gut microbiome retains an ecological memory of prior inulin
exposure

We measured metabolic potential before and after inulin exposure using an ex
vivo assay of the capacity for the fecal microbiome to degrade carbohydrates over the
course of 24 hours(75). We observed a significant increase in inulin degradation after
participants in the prebiotic group consumed inulin for one day ( p = 0.028, mixedeffects
GLM; Figures 1A, 11A). An improve ment in average metabolic potential between Week
1 to Week 2 was observed for 17/19 90%) of participants in the prebiotic group (Figure
11A). We did not identify any specific taxa in this dietary intervention cohort
significantly altered by treatment (Benjamini-Hochberg adjusted p > 0.05, ALDEx2 GLM;
Figure 12A-C), an outcome we consider likely due to different microbial species sharing
the same functional role across individuals (126)as well as the shortterm nature of our
intervention . These findings suggest that within 24 hours of a nutrient shift, the human
gut microbiome alters its metabolic potential to favor metabolism of the added nutrient.
Importantly, since this was a free-eating cohort, our findin gs demonstrate the practical
capability of supplemental fiber to induce measurable metabolic changesin vivo within
the context of typical day -to-day dietary variation.

To examine how inulin exposure altered the metabolic potential of the human
gut microbiome, we considered three primary facets of ecological memory: lag,
duration, and strength (79). Lag refers to the amount of time after a disturbance before
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the event is translated into a differential response to future stimuli. To measure memory
lag with g reater resolution and control than possible among humans in vivo, we

I OxO00al EWEOQwW? EUUDI P E DE GudetHedmwithGr@egal ndaobiomeUT 1 WED U U
sample from a healthy human donor (Fig ure 10E-F) (107). To measure lag, we dosed
each artificial gut v essel with a single 2 g dose of inulin each day (calculated initial
concentration =5 mg/mL). We measured differential responses to inulin
supplementation by direct measurement of inulin concentration at -2 hr and +6 hr from
each dose, as well as by contimous monitoring of pH, which decreases as inulin is
metabolized (127)and impacts the overall ecology of the gut microbiome (10). These
measurements revealed that by the second day of inulin treatment, gut microbial
metabolism was altered, asecosystempH reached a significantly low er minimum value
on the second and subsequent days of dosing compared to the first p < 0.001, mixed
effects linear model, Figure 1B). Likewise, significantly less inulin remained in vessels at
+6 hr on the second and third days of dosing (p < 0.001, mixedeffects linear model,
Figure 1C). While nearly the entire initial concentration of inulin remained at +6 hr from
dose 1, the full amount had been either metabolized or washed out (by the continuous
flow of spent media out and fr esh media in) of the vesselat +22 hr (Figure 11B).
Together, these findings suggest the gut microbiome can encode memory to a nutritional

stimulus within a day of exposure.
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We next investigated the duration and strength of microbiome memory. We
added a second dosing week to our attificial gut model in which we varied the length
between doses (Figire 10E). Extending this period to two days between doses reduced,
but did not enti rely negate, the enhanced pH response (Figire 10C). Microbiome
potential to degrade inulin persisted even longer and remained enhanced when doses
were separated by three days p < 0.001, mixedeffects linear model; Figure 1D),
although the response at 3 days was less than that at 1 day p = 0.048; mixedeffects
linear model with 1 day as intercept). We then set up a high -throughput in vitro
anaerobic batch culture system to measure how the strength of microbiome memory
varies following a wide range of inulin ex posures (112) We observed a negative dose
dependence between concentration of inulin pre-treatment and subsequent metabolic
memory (Spearman correlation p < 0.001; Figrres 1E, 11D). Notably, maximal inulin
breakdown efficiency and acidification were reached below our original dose, which
UUOTTTUUI EwUOTl EQwUT 1 wl OOWOPEUOGEDOOI ZUWEEDOPUawWUO

saturated.

2.3.2 Ecological memory is reflected in microbiome composition and
metabolism

Having observed changes in community -level metabolism, we employed a
multi -omics approach to determine the extent to which repeated nutrient exposure

impacted community composition and function. While none of the 103taxa analyzed by
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16S rRNA gene amgdicon sequencing were found to have changed in abundance
following the first inulin exposure (dose 1 h our 6), forty -nine (48%) had altered
abundance following the second exposure (95% credible interval excluding zero,
Bayesian multinomial logistic -normal m odel; Figures 2A, 13C). Similarly, RNA
sequencing revealed that across the global transcriptome (i.e. tke collective
transcriptome of the whole community), only two gene groups were differentially
expressed after the first inulin dose; following the second dose, 18 genes were
differentially expressed (p < 0.05, ALDEx2 GLM with Benjamini-Hochberg correction;
Figure 2B). The two rapidly upregulated gene groups (K01212, levanase [EC:3.2.1.65]
and K01238,SUN family beta-glucosidase [EC:3.2.1:]) both encode gycoside
hydrolases. Analyzing transcriptional changes within taxa, we found that the
upregulation of thes e genes came from threeBacteroidetaxa: B. caccaeB. ovatus and B.
uniformis (Figure 2C), includ ing previously studied inulin utilization loci  wit hin these
taxa (128,129) Furthermore, the initial set of differentially expressed transcripts was
significantly enriched for carbohydrate metabolism and transport functions (C OG
EEUI T Opa umBpchisguared test; Figure 14D). Following dose 2, there was a 2.6
fold change in the number of geneswith expression changes (p < 0.05, ALDEx2 GLM
with B enjamini-Hochberg correction), and an additional 19 taxa (a 50% increase) lad at

least one such transcript (Figure 12B).
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Figure 2: Compositional, transcriptomic, and metabolic changes reflect nutritional
memory in artificial guts.
A, Examples of taxafound to be significantly altered in abundance with inulin treatment
by 16S rRNA gene amplicon sequencing (of 59 total differentially abundant taxa shown
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in Figure 13), selected to highlight the different outcomes observed. B. caccaéASV 13)

and Lachnospiaceae NK4A136 group SfASV 37) increased by thedose 2 hour-2 (positive

o1 OQwdt O BeEtéréidessiipk Qb wl | AWDOEUI EUI EWEAWEOUT wl wi OUL
Hungatella sp(ASV 24) and Erysipelatoclostridium ramosuifhSV 36) increased transiently

I OUwWUT T wUl EOOE wE OE wU U E thly)ghidd Ladbnodoéttiblutd spgdvO UD UD YT w
Y AwET EUI EUI EwET U1 UwUOT 1T wUI EOOCEWEOUI wepdl T EUDYIT w
inulin dosing. (Multinomial logistic -normal model; n = 6 vessels.B, Heatmap of KEGG

gene functions found to be differentially expressed by time point in the global

transcriptome. Color scale denotes ALDEX2 effect size estimate relative to baseline

(ALDEx2 GLM significance from baseline shown; n =5 vessels.)C, Gene transcripts

significantly differentially expressed in the within -taxon analysis and mapping to KEGG

categories increased at the earliest time point in panel 8). D, Total SCFA concentration

in artificial gut vessels over time. (Mixed -effect linear model with dose 1 hour -2 (day

1.42 on xaxis) as intercept;n = 7 vessés.) E, Change in concentration of select

metabolites relative to baseline. Top row: fructose metabolism intermediates. Bottom

row: amino acids. (Mixed -effects linear model significance from baseline shown; n = 6

vessels.)A,C-E, Dot colors are used to diginguish individual artificial gut vessels. Mean

and standard error plotted. * p < 0.05, **p < 0.01, **p < 0.001.

Metabolomic analyses further confirmed widespread alterations to microbial
biochemical activity and environment following repeated nutrient exposure. Total short-
chain fatty acid (SCFA) content was not significantly altered after the initial inulin dose,
but was significantly increased after the second (p < 0.001, mixedeffects linear model,
Figure 2D), a trend which was driven by increases n acetate and butyrate (Figure 15A).
Since SCFA production is a major driver of acidification in the gut (130), these
observations may explain the observed lag in pH decrease (Figures 1B, 11C). Untargeted
metabolomics revealed a 15.5fold incre ase (2 to 31) inthe number of metabolites whose
levels changed after the second dose of inulin relative to the first (p < 0.05, mixedeffects
linear model; Figures 2E, 15B). Notably, the set of metabolites that increased after the

second dose included fructose breakdown intermediates and five amino acids (p < 0.05,
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mixed-effect linear model; Figures 2E, 15B), which suggests a shift from proteolytic
metabolism towards a more saccharolytic state (131,132) More broadly, our multi -omic
analyses point to significantly greater changes in microbiome composition and activity
as being associated with repeated nutrient exposure.

We investigated the specific ecological shifts that could amplify microbiome
responses to a second inulin dose. We did not observe evidencehat extracellular
secretions induced memory, as inulin metabolism among inulin -naive cultures could not
be enhanced by adding conditioned media from inulin -treated cultures (Figure 16A). We
also did not find that changes to overall cell density in culture w as related to inulin
metabolic rates (Figure 16B-C). We therefore hypothesized that nutrient -induced
changes in transcription and abundance, which have been well documented in
individual taxa (102 104,133) drove the observed ecological memory. Indeed, we were
able to positively associate community taxonomic changes with microbiome memory to
inulin exposure. Our 16S rRNA gene amplicon sequence analysis of artificial gut
communities in the two hours prior to the second inulin exposure revealed that 1 9 out of
103analyzed amplicon sequence variants (ASVs) were significantly altered in
abundance (95% credible interval excluding zero, Bayesian multinomial logistic -normal
model; Figure 13) relative to two hours prior to the first dose. These ASVs included
Baceroides caccaa known primary degrader of inulin (Virtual Me tabolic Human

[VMH]) (134), as well asBacteroiéssp. and Bifidobacterium sp., two genera that contain
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inulin -degrading species, and taxa such ad.achnospiraceae NK4A136 groppeviously
shown to be associated with intestinal SCFA levels (135) (Figures 2A, 13C). To test
whether increased relative abundance of a single primary degrader could confer
enhanced metabolic potential, we added an inulin -naive B. caccaisolate derived from

our artificial gut community (since we had observed both transcriptional and abundance
changes in this taxon) to inulin -naive stool-derived mixed communi ty cultures. B. caccae
spike-in was sufficient to enhance inulin metabolism (Fig ure 16D), supporti ng the
hypothesis that changes in the abundance of primary degraders may be sufficient to

drive memory in microbial communities.
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Figure 3: Bacteroides PUL activation precedes broader transcriptional and
compositional changes in artificial guts.
A, Activation and repression of select PULs in Bacteroides by time point. (ALDEx2
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Hr +6, we detected 420 differentially expressed genes among 38 taxa (17 of whichwere
Bacteroides from a post-filtering set of 62,181 genes in 178 taxd37 Bacteroides At Dose 2
Hr -2, there were 355 genes from 44 taxa (2Bacteroides At Dose 2 Hr +6, there were
1082 genes from 57 taxa (2Bacteroidés * p < 0.05, *p < 0.01,*** p < 0.001.

2.3.3 PUL activation and primary degrader expansion drive memory

Given the known role of polysaccharide utilization loci (PULs) (136)in
carbohydrate sensing among individual g ut microbes (137)and in the context of
cooperative and competitive interactions in the gut microbiom e (128,129) we also
expected to observe changes among select microbes after initial exposure to inuh in our
artificial gut. Indeed, in our metatranscriptomics results, we found activation/repression
of PULs in twelve Bacteroidetaxa in the hours preceding the second inulin dose (Figures
3A, 17). In order to circumvent the influence of compositional ch anges on our
interpretation of the metatranscriptome, we ran an individual ALDEx2 GLM for each
taxon; thus, these differences reflected changes in the exprssion of genes within a given
genome and not simply changes in bacterial taxonomic abundance. The PULs identified
included genes encoding inulin -degradative glycoside hydrolase family 32 (GH32)
enzymes, which were also upregulated in the global transcriptome after a second inulin
dose (Figures 2B-C), as well as transcriptionally linked SusC/SusD homologs which
work together to bind and import oligosaccharides (137)(Figures 3A, 17). Given,
however, that these PULs were activated even earlier, at dese 1 hour 6 (Figures 2C, 3A,

17), we suspected that transcriptional changes played a role in enabling growth on the
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new substrate. In support of this hypothesis, we found that even after controlling for
starting cell density, inulin pre -treatment enhanced the ability of B. caccat grow on
inulin (Fig ure 16E-F). We therefore suspect that patterns of transcriptional change
observed when monocultures of bacteria leave lag phase during diauxic shifts (133)are
likely to also occur among Bacteroidespecies in amixed species setting.

We also identified upregulated sets of syntenic genesoutside of the Bacteroides
identifying several putative carbohydrate -associated loci f < 0.05, ALDEx2 GLM with
Benjamini-Hochberg correction; Figure 18) in taxa that degrade products of inulin
hydrolysis (glucose, fructose, sucrose, or shortchain fructo -oligosaccharides[scFOS)
(134) SevenBacteroideand two Clostridium species had lociwith at least one gene still
significantly upregulated two hours prior to the second prebiotic dose (Fig ures 17-18).
Three of theseBacteroidetaxa maintained activation of genes encoding inulin degrading
enzymes, andB. caccaalso continued to upregulate a fructokinase gene (p < 0.05,
ALDEX2 GLM with Benjamini -Hochberg correction; Figures 14E, 17). This
transcriptional activity, coupled with enhanced degradation of inulin (Fig ure 1C), may
have enabled additional taxa to upregulate genes involved in pathways down stream of
inulin processing (138) (Figures 2B,14E) and increase SCFA production (Figures 2D,
15A). Our metagenomic and metabolomic data suggest that sustained expression of

GH32 enzymes, along with increased relative abundance of the taxa that produce them
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(Figure 2A), prime microbial communities for a more widesp read metabolic response to

inulin upon re-exposure (Figure 14E).
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Figure 4: Ecological memory is cross -reactive.

A-B, Correlation between participant baseline dietary fiber (DHQ3) intake and fecal
inulin/FOS content on treatment day 1 (A) or the change in fecal inulin/FOS from
treatment day 1 to treatment day 4 (B). (n = 21 participants in placebo group, 16in
prebiotic group.) C, Correlation between average degree of polymerization (DP) of pre-
treatment inulin or constituent su gar and average final inulin concentration (of triplicate
cultures; n = 6 conditions). D, Final pH after 6 hour fermentation on dextr in, GOS, or
inulin, with and without pre -treatment of the same prebiotic. (t-test; n = 3 batch
cultures.) E-F, Final inulin /FOS concentration () and pH (F) after 6 hour fermentation
on inulin, after pre -treatment with different prebiotics. (Linear models with control as
intercept; n = 3 batch cultures.) Mean and standard error plotted. * p < 0.05, **p < 0.01, ***
p < 0.001.

2.3.4 Ecological memory is cross-reactive

Given that expression of a particular PUL or growth of a certain taxon may be

activated by multiple substrates (128), we reasoned that ecological memory of inulin
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may trigger, or be triggered by, ecological memory of related carb ohydrate compounds.
We found evidence for this model in our human dietary intervention study
/| EUUPEDx EOUUZz wU O U E Qake; & @dtirdafedby DigtBlistohE Ua wi DET Uwb
Questionnaire Il (DHQ3), was negatively correlated with fecal inulin/FOS content in
donor stool one day after the start of treatment in the prebiotic group ( p = 0.023,
Spearman correlation) but not the placebo group (p = 0.40, Spearman correlation; Figre
4A). Thus, participants who habitually consumed a high rate of dietary fiber initia lly
tended to excrete less undigested inulin than individuals with low habitual fiber
consumption. Furthermore, a positive correlation w as found between the change in fecal
inulin/FOS content from treatment day 1 to treatment day 4 in the prebiotic group o nly
(p = 0.024, Spearman correlation; Figre 4B). Baseline fecal inulin/FOS concentrations did
not differ between groups (Fig ure 11E), and therefore does not explain these differences.
This correlation suggests that low habitual fiber consumers stand to receive the greatest
benefit in metabolic potential from supplementation, consistent with prior findings from
our lab (78).

We tested for the crossreactivity of ecological memory to inulin degradation
using in vitro batch cultures using the same inoculum as used for the artificial gut
experiments. We treated human gut microbiome cultures with the constituent

components of inulin (fructos e, glucose, sucrose, and FOS/inulin of various chain

lengths). This treatment indeed enhanced subsequent inulin metabolism to varying
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degrees p < 0.05, linear model; Figuire 19A-B). The magnitude of this effect was
correlated with component chain length (p = 0.0499, Spearman correlation; Figre 4C).
To test ecological memory responses to nonfructan polysaccharides, we fermented
batch cultures with dextrin, galacto -oligosaccharides (GOS), inulin, or control,
performing every combination of pre -treatment and second treatment (16 combinations
total). We found evidence of prebiotic memory within both dextrin and GOS based on
final culture pH ( p < 0.05, ttest; Figure 4D). We additionally found that exposure to GOS
or dextrin resulted in partial, significa nt increases in inulin degradation capacity (p <
0.01, linear model; Figure 4E) and significant decreases in culture pH relative to control
following inulin treatment ( p < 0.001, linear model; Figuire 4F). Community analysis of
microbiome cultures revealed that while no taxa were significantly correlated with the
amount of inulin remaining in culture ( Benjamini-Hochberg corrected ALDEx2
Spearman correlation p > 0.05, Figire 19C), we did identify taxa that significantly
correlated with pH (Fig ure 19D). In both analyses, the top correlated taxon was
Erysipelatoclostridiunramosumwhich was correlated with subsequent inulin response in
terms of pH (p = 0.0.003%, Benjamini-Hochberg corrected ALDEx2 Spearman correlation;
Figure 19E-F), and significantly increased in abundance by pre-treatment with each of
the three prebiotics tested (p < 0.001 Benjamini-Hochberg corrected ALDEX2 GLM ;
Figure 19G). E. ramosumis a known degrader of scFOS, as well as the component mone

and di-saccharides of GOS and dextrin, respectively(134), which suggests that cross
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reactivity may be driven by increased abundance of generalist taxa. These findings
support a model where ecological memory within a microbial community can exhibit
crossreactive properties in which alteri ng the abundance of a rutrient -degrading
microbial species ultimately impacts the rates at which related nutrients will
subsequently be metabolized. Furthermore, which taxa encode ecological memory is
likely dependent both on the specific nutrient and whic h primary degraders are present

in the starting community.

2.4 Discussion

In concert, our findings demonstrate the existence of ecological memory of past
nutrient exposure in the human gut microbiome. Previous microbiome studies have also
shown that past disturbances to the gut microbiome induce memory involving host
processes (e.g. host metabolite production in response to infection(21), host weight gain
(105)). However, it had not been previously shown that nutrient memory occurs as a
community -level emergent property . Here, we elucidate fundamental processes
underlying ecological memory in microbial communities. In particular, while
microbiome metabolism is often measured by SCFA production of transcriptional
analysis, we directly measured inulin breakdown over time (Fig ure 1A,C-D), enabling
us to assess both the immediate action of inulin degraders as well as the effects of

broader cross-feeding interactions on the metabolome (Figures 2D-E, 15). Our results
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support a working model in which transcriptional changes among primary  prebiotic
degraders after nutrient exposure allow levels of these degraders to expand; following
expansion, the elevated abundance of primary degrades is sufficient to encode nutrient
memory (Figures 2A-C, 16D-F). We hypothesize these shifts among primary degraders
initiate a cascade of nutrient sensing events driven by crossfeeding interactions that
leads to further changes in community composition (Figures 2A, 13C) nutrient
breakdown (i.e. increased saccharolytic and reduced proteolytic fermentation ; Figures
2E, 14E, 15B), and metabolite production (e.g. SCFA production; Figures 2D, 15A).
Previously, metagenomic studies have inferred functional ch anges on the order
of days or weeks based on changes in genes detected, often limited by sampling
frequency (49,139) Changes in expression of metabolismrelated genes have been shown
by metatranscriptomic analysis in participants during a five day dietary intervention
(55). Our findings suggest ecological memory can be encoded even more rapidly, on
sub-daily time scales for the human gut microbiome (Figure 2B-C), consistent with past
findings showing that fecal SCFA content varies by the time of day samples are taken,
which suggested the possibility of sub-daily functional shifts (140). This response time is
consistent with how quickly individual microbes are known to undergo diauxic shifts,
which also occur on the order of hours (141). Importantly, these time scales areelevant
to human nutrition, as we showed that low -fiber consuming individuals excreted more

inulin on the day after their first dose, but that just one day was sufficient time to
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improve the metabolic potential of the microbiome of participants (Figures 1A, 4A-B).
These findings demonstrate that intrinsic ecological processes of microbial communities
may exhibit memory, and suggest a potential for such fundamental processes to
underlie downstream host outcomes.

Selective pressures for rapid microbial metabolic change may exist in
environments like the mammalian gut, where community members replicate on short
timescales and nutrient availability varies in both stochastic and rhythmic manners
within a single day (142). Such adaptation may also benefit hostsby providing them
with an adaptive microbial response to dietary shifts (140). Yet, given the benefits to
rapid metabolic plasticity, it is perhaps surprising that we also observe evidence that
after a nutrient is withdrawn, ecological memory persists for days and therefore likely
across multiple generations of bacteria. Bacterialcommunities or their members may
EIl O I POwi UOOW?ET Uwi 1 ET POT » wUUOUEUI T PI UwUOT EVDWEEO
reintroduced (133) It is also possible that once the transcriptional, compositional, and
metabolomic landscape of a microbial community has been altered, restoring to an
original starting state will encounter delay (83). Understanding these temporal dynamics
can aid in the rational design of prebiotic treatments by highlighting the importance of
recent nutritional exposures and the fequency of treatment dosage.

Our finding of ecological memory in human gut microbial systems also suggests

avenues for the rational design of treatments that alter how the gut microbiome harvests
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energy (143)or metabolizes drugs (144,145) To date, individ ualized therapies have
accounted for inter-individual variation in microbiome composition and function, which
have been linked to fixed population differences in both overall diversity and specific
taxonomic differences (145,146) Yet, if the metabolic potential of the gut microbiome is
plastic, observed microbiome heterogeneity may also reflect recentintra-individual
variation in behavior or | ifestyle. Indeed, it was recently shown that antibiotic
administration drives changes in metabolic potential to degrade dietary fiber (147).
Conversely, given our observations on prebiotic cro ssreactivity (Figures 4,19), itis
metabolic state prior to an unrelated intervention in order to enhance positive effects or
reduce undesired ones.Rationally designed therapies may therefore benefit from
monitoring changes to, and even manipulating, microbiome metabolic potential over
time (87). For example, our work suggests that microbiome -targeting nutritional
interventions have the most potential to impact the microbial metabolism of indivi duals
that microbiom e memory does not persist indefinitely suggests that such interventions

will require repeated administration to sustain their microbial ecological i mpact.
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3. Interplay between particle size and microbial ecology
in the gut microbiome

3.1 Introduction

In micr obial ecosystems environmental particles play crucial roles in
determining community composition and function . In particular, the size of particles in
a given environment can influence composition via differences in nutrient availability
and by the physical separation of microbes into sub-communities. In marine ecosystems,
particle -associated communities undergo waves of succession, with primary degraders
capable of degrading the substrate colonizing first, followed by secondary consumers of
byproducts pro duced by the primary degraders (148). Suchdivision of communities on
particles is relevant to understanding ecosystem-level metabolic processes, given that
cross-feeding interactions may be largely restricted to the low -2 m range (149). Particle
dynamics can shape genomes by mediatingsocial interactions (98) in a setting where
microbes must compete for space(150), and can even drive speciation in these
environments (99). In soil samples, smaller particle fractions are associata with the
greatest diversity of both bacteria and fungi (151). The stochastic nature of community
assembly on particles results in taxa that may be rare overall becoming dominant on a
UOEOOWOUOBET Dwodi wESERG déitasedpitidio £ tollc potentially
affect diversity by increasing the total number of particles, and therefore the number of

jackpot colonization events. In addition to the stochastic aspects of community

assembly, microbial taxa may have affinities for specific particle sizes (153). The division
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of communities onto individual particles may also be viewed as a form of spatial
partitioning, an important factor i n community assembly and dive rsity (39). Thus,
understanding how particles influence microbes as physical niches and nutrien t sources,
and how microbes in turn influ ence their particulate landscape through colonization and
degradation, is critical to understanding the ecology of such systems.

Past findings suggest that such principles of particle-dependent
community assembly and metabolism play out in vertebrate gut microbiomes as well.
Fecal particle size (FPS) can provide insights into the conditions encountered by gut
microbes, particularly those in the distal colon, and some of the most fascinating results
in this area have come from the field of evolutionary rese arch in animals. Broadly,
results have supported a model that, at least in mammalian herbivores, FPS is
principally driven by chewing efficiency (154 158) Reptiles, which do not chew their
food, have lower FPS than mammals of equivalent body mass(155), and proboscis
monkeys, which ruminate, have smaller FPS than similar -sized monkeys (154). By
contrast, gut microbes have been thought to play a role in particle size reduction only in
cases where gastrointestinal transit time is exceptionally long, such as in the dugong
(154,159) Researchers have taken advantage of the importance of particle size to
modulate gut microbial ecology and digestion, s uch as in the feeding of livestock (160).
In sheep, reduced feed particle size hasbeen shown to cause increases in the abundance

of certain fiber-degrading taxa, and in overall diversity, providing in vivo support for the
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hypothesis that intake particle size influences microbiome composition and metabolism
(161)

While there is limited research investigating the role of particle size in the human
gut microbiome, successional waves similar to those observed in marine environments
have also been shown to occur in gut microbial communities using in vitro cultures of
human stool samples fermented on wheat bran particles (162,163) Furthermore, in such
systems, smaller particle size has been shown to yield the greatest producion of SCFA,
which has been posited to be driven by increased surface area of accessible nutrients
(164,165) There is also some evidence that modulating food particle size may have
impacts in vivo in humans, with one study finding that lower particle size wheat bran
was more butyrogenic (166), while other work has suggested that coarser wheat bran
may actually deliver more butyrate to the distal colon (164). These findings suggest a
relationship between particle size and gut microbial ecology, and their remains a
knowledge gap as to how the human gut microbiome may be influenced by intake
particle size in vivo.

Given the probable influence of particle size on the assembly and metabolism of
microbial communities, we sought to understand how differences in particle size intake
between and within individuals might influence the ecology of the gut microbiome. We

hypothesized that lower FPS woul d correlate with greater microbi ome diversity and
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SCFA production across individuals, and that modulating intake particle size through

increased chewing efficiency would therefore alter these endpoints within individuals.

3.2 Methods
3.2.1 Participant recruitment and sample collection

Data from Cohort 1 constitutes a post ho@analysis of samples left over from a
previously described (100)cohort recruited primarily to test a link between the gut
microbiome and aspects of cognition and behavior. The original study protocol was
approved by the Duke Health Institutional Review Board (IRB) at Duke University
under protocol numbe r Pro00093322, andegistered on ClinicalTrials.gov with the
identified number NCT04055246.

Cohort 2 was recruited specifically to study the role of particle size in the gut
microbiome; for this study, w e recruited 41 healthy adult participants under Duke
Health IRB protocol number Pro0010880%nd ClinicalTrials.gov registration number
NCT05091801. Participants were recruited by use of flyers on Duke University campus
as well as electronic postings on DukeList (a university -internal classifieds website), a
lab website, and ClinicalTrials.gov. All participants provided written informed consent
via an electronic consent form (eConsent) prior to participation in the study protocol.

Additional details for this cohort are discussed below.
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All participants were at least 18 years ¢d, and individuals were excluded from
participation if they: had a colonoscopy or oral antibiotics within the past month ;had a
history or current diagnosis of irritable bowel syndrome, inflammatory bowel disease,
type 2 diabetes, chronickidney disease with decreased kidney function, intestinal
obstruction, or untreated colorectal cancer; typically consumed more than one full meal
per week in liquid form (smoothie, meal replacement drink, etc.); had any dental issues
or other physical lim itations that wou Id prevent them from thoroughly chewing their
food; or were already practicing mindfulness or dietary techniques involving increased
chewing. Participants were 80.5% women (33/41), 17% men (7/41), and 2.4% (1/41)
nonbinary . Participants were 51.26 white (21/41), 46.3% Asian (19/41), 4.9 Native
American (2/41), 0% Black, 0% Native Hawaiian or other Pacific Islander, and 4.9% were
another racenot listed (2/41); additionally, 12.2% were Hispanic or Latino (5/41).
Average age at time of enrollment was 26.4+ 8.6years (mean * stdev).Most participants
(80.2%; 33/41) were omnivores, 4.9% ate everything except red meat (2/41), 4% were
vegetarian (2/41), 4.9% were vegetarian with the exception of fish (2/41),and 4.9%were
vegan. Average weight was 63.5+ 9.0 kg and average height was 166.5+ 21 cm.

Participants provided stool samples three times per week on Monday,
Wednesday, and Friday over a two -week study period. Samples were self-collected
using polypropylene scoop -cap tubes (Globe Scientiic), and participants were instructed

to keep samples in personal freezers until ready to transport to lab using a provided
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insulated container and ice pack. Once arrived, samples were kept at-20 °C for up to a
week and then moved to -80 °C until further processing. If a participant was unable to
produce a sample on the requested day, they were instructed to provide the next
available sample. For statistical analysis purposes,all such samples were lumped
together with samples from the prior requested tim e point (e.g. a Tuesday sample would
be lumped together with Monday samples).

Participants were instructed to continue their usual diet for week one. On week
two, participants were instructed to chew every bite of food more thoroughly
approximately 30 to 40 times, or until applesauce consistencyt for five days, beginning
Sunday and ending on Friday when the final stool sample was collected. Diet was
monitored through three dietary surveys. The Diet History Questionnaire 1ll (DHQ3)
was administered prior toUT I w! EUI OPOI wEOEWEUUI UUI EwxEUUDPEDx
past month. The Automated Self-Administered 24 -Hour Dietary Assessment Tool
(ASA24-2018) was administered twice, once during the Baseline week and once during
the Intervention Week, to provide a log of everything participants ate in the day prior to
taking the test.

In some instances, a participant did not provide a stool sample on the day
requested or not enough sample was present for all analyses, thusn is not always 41 for
each time point. A total of 236 stool samples (average of 5.8 per person) were received.

Additionally, two participants each (non -overlapping) did not complete the exit survey,
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DHQS3, and ASA24. In several cases, there was insufficient samples for all analyses, and
one sanple from Cohort 1 did not have available 16S data due to an issue during

amplicon prep . Otherwise, no samples were intentionally excluded from analysis.

3.2.2 Particle size measurement by laser diffraction

Stool slurries were created in an anaerobicchamber by combining stool samples
and pre-reduced PBS at a 1:10 weight/volume ratio (e.g. 1 g stool with 10 g PBS). This
mixture was placed inside a custom filter bag with 2 mm pore size (in order to reduce
the likelihood of clog ging the laser diffraction instrument), and homogenized aerobically
using a stomacher (Seward Stomacher 80 MicroBiomaster) set tonedium | OUwt Y oU8 w3 OU

UPOIT wi BRxOUI EwOOwoORaT I OWEPEWOOUwWI RET T EwhYyoODOB6 w
and stored in cryovials at -80 °C prior to further processing. Due to the particulate
nature of our samples, pipetting for this and other relevant steps was done using extra
wide bore pipet tips with 2.03 mm wide orifice (Azer Scientific). Samples were
randomized prior to analysis.
Fecal particle size (FPSWwas measured by laser diffraction using a MasterSizer
3000 (Malvern). 500uL stool slurry was combin ed with 4.5 mL 70% ethanol and
incubated for at least 20 minutes in order to disinfect the sample. The following

instrument settings were used: non-spherical particle type, 1.43 refractive index, 0.1

absorption, water as blank, 15 s red and 10 s blue meastement duration, 5-10
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measurements per sample, 220% obscuration. A volume-weighted patrticle size
distribution was produced for each sample, and summary metrics (10t percentile,
median, and 90" percentile) were produced by the software for each sample. Each
sample was added to approximately 90-100 mL diH20O in the dispersion unit, which
mixed the sample through the instrument at approximately 1500 -2000 rpm. The
instrument was washed with a 10% bleach solution to disinfect after each use.
Pre-filtering a t 2mm appeared to be reasonable given the very low abundance of
particles larger than 1 mm (Figure 5B). Given this filter, we considered any
measurements reporting particles above this size to represent undesired particle
aggregation, which tended to be visually apparent in the particle distributions as well. If
all measurements for a sample had this problem, that sample was run again. Any
individual measurements reporting particles > 2 mm were discarded as part of data pre -

processing in R prior to statistical analysis.

3.2.3 In vitro fermentation experiments

ground by coffee grinder to produce a greater range of particle sizes, then fractionated
by dry sieving. Glass beads (Next Advance) were chosen as a nonnutritive particle and
were autoclaved prior to use. Both substrate types were weighed into tubes and subject

to at least 15 minutes of UV sterilization in a biosafety cabinet in order to disinfect the
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particles as much as ssible. The wheat bran experiment was carried out in 14 mL
round -bottom tube s containing 2 mL pre-reduced Bacteroidesiinimal medium (167)
containing 0.05% glucose as the sole carbon source, plu20 mg wheat bran per tube. The
glass bead experiment wascarried out in 5 mL tubes containing 2 mL pre-reduced BMM
with 5% glucose as the sole carbon source, plu©-500 mg glass beadsOvernight cultures
of stool-derived microbial communities previously frozen as glycerol stocks were grown
in MGAM media(109) and this culture was used to inoculate samples at 1%by volume.
Cultures were incubated 24 hours at 37 °C anaerobically.

For the cross-inoculation experiment, three different Cohort 2 stool samples,
selected for having higher median FPS (ZR77, PE27, and WH89 day2 samples)were
combined at 3 mL fecal durry plus 27 mL 70% ethanol, and incubated for 90 min to
disinfect. Samples were then spun down 10 min at 2000 x g, poopernatant (168)was
discarded and sampleswere resuspended in 3mL PBS. To wash residual ethanol,
sampleswere spun down again and resuspended in fresh pre-reduced PBS. One of ten
overnight cultures derived from unique stool donorswasthen used to inoculate each
sample at 1:1@ by volume (247.5uL slurry + 2.5 uL culture). Control culture (MGAM

left overnight) was used to inoculate the control wells.
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3.2.4 16S rRNA gene amplicon sequencing

To assess community composition, 16S rRNA gene amplicon sequencing was
performed using custom barcoded primers targeting the V4 region of the gene according
to previously published protocol s (107,114)Samples newly sequenced for this study
were randomized and DNA extractions were performed in tubes using the Qiagen
DNeasy PowerSoil Pro DNA extraction kit (Cat no. 47016). Amplicons were cleaned
(Ampure XP, Beckman Coulter, Brea, CA), quantified (QuantlT dsDNA assay Kkit,
Invitrogen, Waltham, MA), and combined in equimolar ratios to create a sequencing
pool. For any samples with post-PCR DNA concentrations insufficient to contribute
enough DNA to fully ba lance the pool, a set volume of 7.54L was used. Libraries were
then concentrated, gel purified, quantified again by fluorimeter , and spiked with 30%
PhiX (lllum ina, San Diego, CA) to improve sequencing quality. Paired-end sequencing
was carried out on an lllumina MiniSeq system accordingto U1 1T wOEOUI EEUUUI Uz Uw
instructions using a 300-cycle Mid or High kit (Illumina, San Diego, CA, USA),
depending on the number of samples in each pool.

Initial processing of raw sequence data involved custom scripts to create FASTQ
files using bcl2fastq v2.20, remove primers using trimmomatic v 0.36 and sync barcodes.
QIIME2 was used to demultiple x sequenced samples(169), and DADA2 was used to
identify and quantify amplicon sequence variants (ASVs) in our dataset using version

138 of the Silva databasg(115) We retained only samples with more than 5000 read
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counts to remove outlying samples that may have been subject to library preparation or
sequencing artifacts (107), and only retain ed taxa that appeared more than three times

in at least ten percent of samples.

3.2.5 Measurement of SCFAs

SCFAswere quantified by GC as previously described (75). Briefly, randomized
UEOx Ol Uwkl Ul wEEPEDH ®1 HWEQWEGEHOOP Wl bl Fuux ' wET OO0
was vortexed and then centrifuged at 14,000 xgi OU wk o OPOWE U wK wS" 6 w3 1T 1 wUI
centrifuging again under the same conditions. The resulting filtrate was then transferred
to a glass autosampler vial (VWR, part 66009-882).Due to the high presence of
particulate matter in these samples, filters were highly prone to clogging, and multip le
filtration steps were sometimes required to obtain a sufficient volume of filtrate. Filtrates
were analyzed on an Agilent 7890b gas chromatograph equipped with a flame
ionization detector and an Agilent HP -FFAP free fatty-acid column. A volume of 0.50 4 +
of the filtrate was injected into a sampling port heated to 220 °C and equipped with a

w3l 1 wEOOUOOwWUI Ox1 UECUUUI u

Qu

UxOPUwPONTI EUPOOWODPOI U
UEOxT EwOOwhAYwS" wEOWEWUEUT woOi whYywS" yPOOWEDE wU
YI OOEPUa wOi wt k ®E Oy Urbinupodt-tun db2a0 °E Brid authiidd ga®flo® w E w hu
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UEUT woOi uwaswuBed to B&alany residual sample. All C2:C5 SCFAswere
identified and quantified in each sample by comparing to an eight -point standard curve
ranging from 0.1 mM to 16 mM .

For statistical purposes, where a sample had no peak detected for a given SCFA,
the value was set to the minimum of the lowest value detected for that compound in the

run (including the standard), representing the limit of detection.

3.2.6 Mouse samples

Samples from germ-free and specific-pathogen-free mice were collected from
individual C57BL/6 mice (originally purchased from Jackson Laboratory and bred in-
house). Germ-free mice were bred and maintained in vinyl isolators and received
autoclaved food and water. Germ-free statuswas confirmed weekly by plating fecal
samples on rich media. All mice in this study were handled in accordance wit h the
guidelines set forth by the Duke Institutional Animal Care and Use Committee. Germ
free mice have ad libitum access to autoclaved diet 5K67; specifiepathogen-free mice
were given Labdiet 5053. Mice used in this study were between 13 and 29 weeks ofge,
and male and female mice were approximately equally represented across experiments

For the analysis of antibiotic effects, sampleswere from BALB/c mice (Taconic
Biosciences No. BALB)from a previously published study (170) As previously

described, five cages of three mice each were used for this analysiswith diet consisting
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of PicoLab Rodent Diet 20 (LabDiet 5053) fed ad libitum. On days 0, 1, and 2, mice
received Imipenem-Cilastatin 500mg/500mg (NDC: 63323322-25) at 50mg/kg body
weight by oral gavage once daily. Samples were collected by cage without

disting uishing individual m ice.

In preparation for particle size analysis, fecal samples were combined with a
volume of PBS equal to 10 times the sample weight. Since these volumes were too low
for use in the stomacher as with the human samples, the mouse sanples were mixed
directly in 1.5 mL tubes by vortexing, and the resulting slurry was passed through a

2mm filter into a fresh tube.

3.2.7 Statistics

Data analysis and visualization was done in R. When it was appropriateto
compare all groupsto asingleintercept group (i.e. a baselinetime point), linear models
were performed using either the Im or Imer function in the Ime4 package, with ImerTest
to generate p-values. For linear mixed models using Imer, repeated measures sampling
washandled by incl uding participant as a random effect specified by the term (1 |
participa nt). When multiple groups needed to be compared (e.g. clusters),an ANOVA
was performed by the aov function in the stats package and, where appropriate,

TukeyHSD from the same package was used as a post-hoc test to determine which
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specific groupsdiffered. To calculate Spearman correlation statistics, the cor.test
function in the stats package was used.

For tests of multivariate data, PERMANOVAs were performed with the adonis2
function i n the vegan package with 9999 permutations. Where appropr iate, the
participant term was specifie d for the strata argument. Differential abundance testing
was done using ALDEX2 (122) The function kmeansin stats was used for k-means
clustering of particle size distributions, after first assessing the optimal number of

clusters by sum of squares and gap statistic methods (Figures 19B-C).
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Figure 5: Fecal particle size varies across individuals.
A, Summary metrics of FPS distributions in all baseline samples by participant, arranged
by indivi dual average median value, with result of ANOVA on participant shown.

Dotted lines connect samples from the same participant, and error bars denote standard
error of multiple laser diffraction measurements of the same sample. B, Volume-
weighted particle si ze distributions for the same sample set, with mean and standard
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deviation plotted in red. C, Principal component visualization using k-means clustering.
Point size corresponds to median FPS of each sampleD, Mean and standard error
particle size distribu tion curves based on the five clustered sets.E, Median FPS by
cluster, with mean and standard error shown. ANOVA (cluster + participant) cluster p <
2 x 1016 participant p = 0.00034differences by Tukey HSD test shown. A-E, (h = 186
samples from 76 patticipants; 35 in Cohort 1 and 41 in Cohort 2.)

3.3 Results
3.3.1 Fecal particle size is individualized

To understand how patrticle size dynamics play out in vivo, we analyzed fecal
particle size (FP9 by laser diffraction in a set of previously collected samples from a
cohort of 35 healthy adults (Cohort 1) alongside samples from a second cohortof 41
healthy adults recruited specifically for this project (Cohort 2 ; Figure 22). Analyzing the
baseline (i.e. pre-intervention) samples from these two cohorts, w e found that samples
collected from the same individual tended to be more alike than samples from different
individuals when analyzed both in terms of median FPS (ANOVA by participant p< 2x
1018, Figure 5A) and the full particle size distribution (PERMA NOVA by participant p <
0.0001; Figire 23A). The average median value across all participants was44.5um, and
the average volume-weighted particle size distribution showed a peak at 0.872 um and a
second, higher peak at 111 pm, with only one sample of 186analyzed (0.54%) having
any particles detectable above 100Qum (Figure 22B). Given that the primary

components of stool are bacterial biomass (2554%), carbohydrates or undigested plant
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matter (25%), and protein or nitrogenous matter (2 -25%)(171), the first peak likely
corresponds to free bacteria and larger particlesto undigested food matter.

To understand the common forms of particle size distributions, we performed k-
means clustering, partitioning the data into five clusters (Fig ures 5C-D, 23B-D). These
clusters were partially distinguished by median FPS (Fig ure 5E), but also by the form of
the distribution, particularly in comparing clusters 1 and 2 (Fig ure 5D). Considering the
observed particle size distributions in the context of soil ¢ lassification, the data spanned
five categories, suggesting thatthe scale of particle size variability might be sufficient to
correspond to differences in microbial ecology (Figure 23E). Overall, these results
indicate that FPS is an individualized metric a nd that there is significant variability in
FPS across individuals.

Having o bserved that FPS does vary across individuals, we sought to understand
the role of particle size in the gut microbiome. We first carried out a series of in vitro
experiments to understand how substrate particle size might influence gut microbial
metabolism. We found that smaller wheat bran particles elicited greater SCFA
production (Fig ure 24A), consistent with past findings (164,165) Interestingly, while this
observed phenomenon has been largely attributed to the surface area of available
nutrients (164), we also found that the size of glass beads influenced the production of
SCFA, and that increasing the mass of glass beads in culture also led to an increase in

SCFA concentration (Figure 24B), likely due to the creation of additional physical niches
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(39). This suggests that the role of particle size in microbial metabolism is not purely
dependent on nutrient availability, but that spatial partitioning of the community may
also lead to metabolic differences consistent with findings in marine and synthetic
systems(39,148,152) These initial in vitro findings suggested that particle size may play

a role in shaping the ecology of the human gut microbiome in vivo.
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Figure 6: Results of chewing intervention st udy.
A, Selfreported compliance assessed by comparison of prestudy survey responses

relating to typical chewing efficiency, typical number of chews per bite, and typical meal
duration to these same metrics assessed for the intervention week. Linear mixed model

(week as fixed effect, paticipant as random effect) shown. (n = 39 participants). B,
Median FPS by time point in chewing study. Linear mixed model (time as categorical

fixed effect, participant as random effect) with day -6 as intercept shown. LMM by week

p=0.10 (n = 41 participants). C, Total SCFA concentration by time point in chewing

study. Linear mixed model (time as categorical fixed effect, participant as random effect)
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with day -6 as intercept shown. LMM by week p=0.012 (n = 41 participants). A-C, Mean
and standard error shown. * p< 0.05, *p < 001, **p < 0.001D, NMDS plot of
community composition by 16S rRNA gene sequencing, with results of PERMANOVA

on week (participant as strata) shown. PERMANOVA on day R2=0.0054p=0.95 (nh =41
participants).

3.3.2 Chewing is not a primary driver of FPS in humans

To understand what factors lead to the observed inter-individual variation in
FPS, wesought to modulate particle size in the gut microbiome . Since past findings
indicated that chewing efficiency is the primary driver of FPS in mammalian her bivores
(1544 158,172)and that behavioral changes in chewing do reduce intake food particle size
in humans (173 177), we enrolled 41 healthy adults in a fixed-order within -subjects
study to test the effects of chewing on these outcomes over a tweweek study period
(Figure 22). Participants consumed their typical diets on week 1 (baseline week) and
were asked to chew every bite of food more thoroughly t by chewing each bite 30-40
times or until the food had reached roughly an applesauce consistencyt on week 2
(chewing week). We hypothesized that a reduction in FPS would lead to increased alpha
diversity, altered community composition, and altered SCFA content. Compliance, as
assessed by selreported survey responses, was good overall; participants remembered
to chew as requested for83.3+ 13.6% (mean * sdpf solid meals consumed during the
chewing week. Participants also reported significantly h igher chewing thoroughness

(from a mean of 5.3 to 8.5 on a 110 scale), average number of chews per bite (from8.5 to
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27.8, and meal duration (from 18.3 to 28.5min) during the chewin g week compared to
their baseline (linear mixed model p < 0.001; Figire 6A).

Surprisingly, the increased chewing did not lead to a reduction in median FPS as
expected (linear mixed model by week p=0.10), and in fact, there was a statistically
significant increasaletectable on day 5 (linear mixed model p=0.034 Figure 6B). There
was also no differencein terms of overall particle size distributions (PERMANOVA p=
0.70; Figure 25A). We did observe a difference in fecal SCFA content; total SCFA was
significantly decreased by day 1 and in the chewing week overall (Figure 6C), driven
most apparently by a decreasein propionate (Fig ure 25F), with proportions of
isobutyrate and isovalerate significantly increased (Figure 25G). In terms of the
microbiome commun ity, we detected no differences in alpha diversity (Fig ure 25B) or
community composition across participants (Fig ure 6D), although differences in beta-
dissimilarity within participants suggeste d the possibility of individualized community
shifts (Figure 25C-E). The observed decrease in SCFA may be relate to alterations in diet
that occurred as a result of the chewing intervention. While we detected no differences
in macronutrient intake between th e two study weeks by ASA24 dietary recall survey
(Figure 26A-B), a majority of participants (22/39, 56.4%) reported that the chewing
intervention reduced or greatly reduced the amount of food they consumed (Fig ure
26C), consistent with past research indicating that additional chewing leads to increased

satiety and reduced food intake (178) While the observed differences indicate that some

72



alteration to the gut microenvironment did occur with this intervention, our findings

indicate that in humans, increased chewing is insufficient to reduce patrticle size.
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Figure 7: State of gut microbiome influences FPS in mice.

A, Median FPS in germfree (GF) and specificpathogen-free (SPF) mice collected from

individual mice. (Linear model with GF as intercept; n@ & eahuyY w& %wOPET wBOE whl w2
Particle size distributions for (A). C, Median FPS for mouse fecal samples collectd by

cage, with imipenem antibiotic treatment begun on day 0. Linear mixed model (day as

categorical fixed effect, cage as random effectwith D -1 as intercept shown. ho & ok wWEET 1 U8 ¢
D, Particle size distributions for ( C). Mean and standard error plotted. * p< 0.05, *p <

0.01, ***p < 0.001.
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3.3.3 Gut microbes play arole in particle breakdown

While our chewing intervention did alter SCFA content (Figures 6C, 25F-G),
increased chewing was insufficient to overcome baseline inter-individual variation and
reduce FPS(Figures 6B, 25A). This is at odds with previous reports that chewing
efficiency is the primary factor driving FPS (154 158). We therefore considered the
alternative hypothesis that FPS may be a reflection of the efficiency of microbial
mediated degradation of food particles . We analyzed two in vivo sample sets in mice,
hypothesizing that if microbes played a role in particle size breakdown, then germ -free
(GF) mice would have a higher FPS than colonized counterparts, and that disruption of
the microbiome with antibiotics would lead to an increase in F PS.As expected, we
found that GF mice (n = 10) had greater FPS than specific pathogen free (SPF) mica &
12) (linear model p=0.0082 Figure 7A-B). Mice treated with the antibiotic imipenem ( n =
5 cages of 3 mice eachalso exhibited a significant increase in FPS as anticipated (linear
mixed model with treatment day as categorical fixed effect and cage as random effectp =
0.042 on dayl and p = 0.00046 on day 2; Figre 7C-D). Both GF and antibiotic -treated
mice exhibited a clear decrease in the0.872 um micron peak (Figure 7B,D), providing
further evidence that this peak reflects free bacterial cells We therefore re-computed FPS
statistics omitting particles < 2 pm to make sure that we were not just capturing
differences in bacterial biomass, and still found that GF and antibiotic -treated mice had

increased FPS (Figre 27B-D).
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To test the hypothesis that different microbial communities may have different
capacities to degrade patrticles, we inoculated disinfected stool samples from three
different donors with cultured communities from ten different  additional donors (plus
no-inoculation control) and found that inoculation donors did tend to have a consistent
effect across substrates in terms of the final particle size distribution (PERMANOVA on
inoculation donor with substrate donor as strata p = 00012 Figure 27A). Thesein vitro
findings and our results with GF and antibiotic -treated mice provided support for the
hypothesis that microbiome communities play a role in particle size reduction in mice
and humans (Figures 7, 27). The apparent discrepancy may perhaps be explained by the
fact that the particle size distributions observed in ou r study were much lower than
previously described. That is, we suspect that microbial activity does reduce particle size
within the low -pum range, which is physiologically relevant in humans. Consistent with
this idea, recent work in fat sand rats (Psammomg obesusfound evidence of significant
particle size reduction along the gastrointestinal tract, suggesting that gut microbes may

play a role in particle size reduction if intake particles are fine (179)
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Figure 8: Fecal particle size relates to gut microbiome composition profiled by 16S
rRNA gene amplicon sequencing.
A, Correlation between median FPS averaged within each participant and alpha
diversity by observed ASVs and Shannon index. Spearman correlation test datistics
shown. (n = 76 participants; 35 in Cohort 1 and 41 in Cohort 2.)B, Alpha diversity
metrics for all individual samples by particle size distribution cluster. ANOVAs (cluster
+ participant) significant for both variables for both diversity metrics ; letters indicate
significantly different ( p < 0.05)groups by Tukey HSD test. C, NMDS ordination plot of
16S data for all samples, with results of PERMANOVA (cluster + cohort + participant)
shown. D, Relative abundances by cluster for top three ASVs by bwest ALDEx2

76




Kruskal -Wallis test p-value assessing compositional differences by cluster. Letters
indicate significantly different groups by Tukey HSD test on CLR -transformed count
data. B,D, Mean and standard error plotted. B-D, (n = 185 samples).

3.3.4 FPS relates to gut microbiome features in vivo

If the microbiome does shape patrticle size, weexpected this to be reflected in
compositional differences within our human cohorts . We therefore analyzed FPS data in
the context of microbiome features, hypothesizing that FPS would be negatively
correlated with alpha diversity and would relate to community composition. Indeed,
using 16S rRNA gene sequencing, we found that across individuals, median FPS was
strongly negatively correlated with alpha diversity both in observed ASVs and Shannon
diversity (Fig ure 8A). This trend of smaller FPS samples being associated with greater
diversity is consistent with previous findings in soil microbiomes (151) Differences in
read depth did not explain this relationship (Fig ure 28A-B), and the trend was consistent
when considering the full particle size distributions as well as median FPS (Fig ure 28C-
D). Moreover, particle size distribution clusters significantly differed by alpha diversity
as well (Figure 8B).

This relationship could be due to particle size influencing the available nutrient
surface area and number of niches as others have suggeste51,164)which would also
be consistent with our own findings that substrate particle size can influence microbial

metabolism (Figure 24). Yet, given the now-probable role of microbes in particle
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degradation along the gastrointestinal tract, we must consider the alternative
explanation: that more diverse microbiomes are more adept at breaking down food
particles, resulting in lower FPS. We therefore believe our findings indicate a model
defined by an interplay between particle size and the microbiome. That is, intake
particle size may influence microbial ecology, and in turn the gut microbiome r educes
particle size to varying degrees dependent on its composition and metabolic state.
Examining community composition, we found significant differences both by
median FPS (Figure 29A) and cluster (Figure 8C). While we also found significant
differences by cohort (Figure 29A), likely due to the use of different DNA extraction kits,
we were still able to identify specific taxa differing by cluster by ALDEX2, with 29 ASVs
of 298 analyzed (9.7%) having a KruskatWallis p-value < 0.05 after multiple-
comparisons correction (Figure 29B). These included the Cscillospiraceae UCG-002 sp.
(ASV 121), which was most abundant in cluster 1, Anaerostipes hadrug\SV 30), which
was most abundant in cluster 3, and [Ruminococcus] gnavus group SV 42), which
was most abundant in clusters 3 and 5 (Figure 8D). Interestingly, taxa more abundant in
high FPS samples weremostly members of the order Lachnospirales, and those more
abundant in low FPS samples were mostly members of Oscillospirales (Figure 29C).
These results indicate that particl e size is related to both alpha diversity and community

structure in human gut microbiome samples.
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Having found that microbiome composition related to FPS, we next examined
microbial metabolism by profiling the short -chain fatty acid (SCFA) content of stool
samples by GC. We found evidence that total SCFA content varied by particle size
distribution cluster (ANOVA p = 0.020 for cluster and3.6 x 1010 for participant), which
was most apparent in the greater SCFA content in clusters 3 and5 relative to cluster 4
(Figure 9A). This overall difference seemed primarily driven by differences in the
concentrations of acetate and propionate in stool samples, whereas the concentrations of
isobutyrate, isovalerate, and valerate tended to exhibit the opposite trend, being higher
in cluster 4 (Figure 9B). In addition to total concentrations, the proportions of these three
SCFAs were significantly elevated among cluster 4 samples and, to a lesser extent, in the
other small FPS clusters 1 and 2 (Figre 30A).

The tendency for higher FPS samplesto have more SCFA is somewhat surprising
given both the existing literature on smaller particles yielding greater SCFA production
in vitro (164,165)and given our own findings that smaller FPS is associated with greater
diversity (Fig ure 8A-B). One possible explanation is that different size fecal particles
may tend to have distinct compositions, such as smaller particles having greater protein
concentration. When considering demographic variables, we did n ot find any apparent
relationship between FPS and stool consistency (Figire 30B), stool frequency (Figure

30C), or diet (Figure 30D).
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Figure 9: Fecal particle size relates to short-chain fatty acid content.

A, Total SCFA concentrations for all baseline samples by cluster. B, Concentrations of
individual SCFAs by cluster. A-B, Mean and standard error plotted. ANOVASs (cluster +
participant) significant for both variables for total and all individual SCFAs except
butyrate. Where effect of cluster p < 0.05 by ANOVA, letters indicate significantly
different groups by Tukey HSD test. (n = 185 samples).
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3.4 Discussion

Our findings demonstrate that human FPSis an individualized metric that
relates to key features of gut microbiome composition. Past research reporting a
relationship between body mass and FPS among related sgcies has placed the FPS of
primates of comparable mass to humans (Pan troglodytesit 52 kg, Pongo pygmaeust 60
kg, and Gorilla gorillaat 98 kg) at about 3 mm (2.9, 2.4, and 3.6mm, respectively) (180),
nearly two orders of magnitude higher than our estimate of FPS in humans at44.5um
(Figure 5A). This difference is likely due to several factors, which influence how we
contextualize our results. Methodologically, prior studies in animals have measured FPS
by wet sieving and determining the dry mass of particles in each fraction, with the
smallest sieve size commonly 63 or 125 um(154t 156,180) resulting in less resolution in
the low -um range. Furthermore, humans living in industrialized nations, such as those
in our cohorts, consume diets comprised of much more processed foods and less raw
plant matter, meaning that intake particle size and food toughness are lower to begin
with (155,181184) It is therefore probable that human FPS is lower than might be
expected by body mass alone given our highly processed diets; future research into the
effects of diet on FPS, and of FPS in modernday hunter -gatherers, may shed further
light on this.

While we did not find evidence for a role o f diet as a driver of FPS based on

habitual macronutrient intake reported by DHQ3 (Fig ure 30D), we cannot rule out the
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possibility that specific food types influence FPS, either by varying intake particle size or
by modulating the gut microbiome. A study in chimpanzeesfound effects of seasonal
differences in fruit intake on FPS, but noeffect of age, which was expeced to correlate
with a decrease in chewing efficiency over the lifespan (158), with a recent study of wild
Japanese macaqueseporting similar results (185). We also cannot rule out a role for host
factors, such as mechanical and enzymatic breakdwn in the stomach and small

intestine (186), as well as transit time, in driving inter -individual differences. Future

work is needed to answer questions in these areas that arise from the present study
although we note it is difficult to establish causality in this case due to factors such asthe
known p ersonalization of diet-microbe interactions (84).

Our findings that FPS strongly correlates with alpha diversity (Fig ures 8A-B, 28)
and relates to community composition (Fig ures 8C-D, 29) in the gut microbiome have
several practical applications. Particle size within individuals may serve as a biomarker
of the compositional and metabolic state of the microbiome. FPS has been used as a
biomarker of impaired digestion in rainbow trout (187), and could have similar
applications as a metric of dysbiosis in humans. Furthermore, our study highlights the
critical role of particulate matter in the gut microbial ecosystem. In conjunction w ith
recent work showing the rol e of spatial partitioning as a modulator of microbial
diversity (39), our findings suggest that culture -based methods might benefit from the

use of particles in order to maintain initial sample diversity.
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Our findings indicating th at gut microbes play a role in particle breakdown
along the gastrointestinal tract provides fundamental new insight into the proce ss of
digestion. Knowledge of this fact may influence how researchers seek to modulate gut
microbiome composition and metabolic state in the future. Past studies have found that
gut micr obiomes can have increased energy harvest capacity in a way that pronotes
obesity (143), and the gut microbiome has beentargeted by prebiotic intervention as a
means of alleviati ng undernutrition in children (188). FPSmay therefore serve asa
metric of microbiome energy harvest in such research, and understanding the nuances
of how microbes engage in particle adhesion and degradation may help us develop

improved strategies for optimizing metabolism of particles in the gut.
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4. Conclusions

4.1 Summary

The goal of this dissertation is to provide new insight into the fundamental
mechanisms governing gut microbia | ecology. In particular, research in the field has
revealed the dgnifican ce of inter-individual variation on metabolism in the gut
microbiome, but much remains unknown about forces driving inter -individual
variation. Here, | examine variation and stabili ty within gut microbiomes in response to
changes inwhat we eat and how we eat it. This research has primarily focused on
community composition and metabolism in health adults, using multi -omics and
ecological modeling to analyze this time -series data. Through this work, we have
determined h ow ecological memory shapes nutrient metabolism and the role microbes
play in particle breakdown during the digestive process.

In Chapter 2, | detail a project designed to explore whether the gut microbiome
encodes an eological memory of prior nutrient exposures . In a cohort of 40 healthy
adults, we confirmed that metabolic potential could change rapidly; gut microbiomes
became more efficient at breaking down the prebiotic inulin after just one day of
supplementation. U sing an in vitro artificial gut system to interrogate the temporal
dynamics of this effect with greater resolution, we found that inulin was poorly utilized
after the first supplementation, but a day later, the community -level metabolism had

shifted to efficiently break down this nutrient. An increase in the abundance of primary
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degraders was sufficient to encode this memory, and upregulation of genesinvolved in
polysaccharide utilization preceded this incre ase in abundance. Nutrient memory was
crossreactive, aspre-treatment with multiple pre biotics was capable of enhancing
metabolic potential to degrade inulin, likel y due to an increase in the abundance of
generalist taxa. Among human participants consuming the inulin supplement, t he
greatest change in metabolic potential was observed in those who habitually consumed
the least dietary fiber. These findings demonstrate that memory of prior nutrient
exposure shapes the metabolic state of the gut microbiome, suggesting that individuals
who habitually consume more and varied sources of dietary fiber will be best able to
utilize supplemental or novel forms of fiber. On the other hand, our findings also
suggest that gut microbial metabolism is plastic, and those who habitually consume the
least fiber stand to benefit the most from adding more to their diet.

In Chapter 3, | describe new findings on the interplay between particle size and
gut microbially ecology. Surveying 76 healthy adult participants, we characterize the
typical human fecal particle size (FPS)distribution, with an average of 44.5um, with
significant inter -ind ividual variation in this metric. Fascinatingly, we found that FPS
strongly negatively correlates with gut microbiome alpha diversity; that is, indi viduals
with lower FPS tend to havemore diverse microbiomes. Furthermore, the specific
composition of the gut microbiome rel ates to FPS prdile, as doesmetabolism as

measured by SCFA content. Surprisingly , in contrast to what has been described in the
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evolutionary literature, we found that incre ased chewing was insufficient to lower FPS
in a cohort of 41 parti cipants who underwent a behavioral dietary intervention . Instead,
FPS was remarkably stable within individuals over a two -week period. This suggested
that perhaps gut microbiome composition itself drive s FPS, and indeed we found
evidence in mice suggesting that gut microbes play a significant role in degrading
particles along the gastrointestinal tract. These findings reveal FPS as a potential
biomarker of microbiome composition and metabolism and provide new insights into

some of the fundamental processesof digestion in the human gut.

4.2 Future directions

The findings presented in this dissertation open up and suggest a number of
further avenues for research. Regarding ecological memory in the gut microbiome, our
study focused on the prebiotic inulin, ra ising the question of how consistent the
characteristics of this memory are for different prebiotics. For example, utiliz ation of
novel seaweed-based prebiotics (189) may require the presence of primary degraders
less comman across individuals. Additionally, while polysacchar ide utilization loci have
been well characterized in the Bacteroidesother primary degraders such as Ruminococcus
bromii may have distinct nutrient sensing systems, and ecological memory may therefore
play out differently. It is also likely that metabolis m of other nutrients such as protein

and fat, and even non-nutritive compounds like drugs (147), may be subject to the
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dynamic s of ecological memory, but more work is needed to assess this. Fathermore,
our findings on cross-reactivity of memory raise the question of how memories of these
different compounds may be interrelated. While metabolic potential was robustly
stimulated a cross participants in our trial, we were unable to detect consistent changes
to microbiome composition by 16S rRNA gene amplicon sequencing. This suggests that
changes may be individualized, with different primary degraders increasin g in
abundance depending on the individual 7 baseline microbiome. However, further
research with a larger sample size, perhaps employing higher-resolution metagenomic
sequendng, is needed to confirm the notion of individualized changes in this con text.
Our findings on particle size also raise a number of questions.First, while we did
not observe a relationship between FPS and diet, more nuanced approachesnay be
required to understand the impact of specific foods (84), either through direct difference
in intake particle size or by shaping the composition and metabolic potential of the gut
microbiome. Furthermore, while our findings point to a role for microbes in food
particle breakdown along the gastrointestinal tract, longitudinal sampl ing of intestinal
contents at different stages may shed further light on this. Given that we identified
specific taxa whose abundancewas increased in either high or low FPS samples across
indivi duals, follow -up work on these taxa could also assess whether tlese relationships

are due to preferential attachment strategies by thesetaxa (190), or whether these taxa
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play particular roles in particle breakdown. The latter case might suggest probiotic
strategies to improve nutrient utilization in undernourished populations.

Our research has facused on healthy adults, and how the dynamics we have
observed may play out in disease states remains unexplored.For example, there is
evidence of microbial memory of past infections (21), yet how infection may alter
nutrient metabolism and vice versa, how nutrient shifts may affect colo nization research,
may be the subject of future studies. Altered p article size has been a biomarker of
intestinal disease in trout (187), and perhaps dysbiosis in humans may also lead to
detectable changes in FPS that could serve as a rapid biomarker of suctshifts. Broadly,

there remain many opportunities to appl y these new ecological findings.

4.3 Perspective

The human gut microbiome plays critical roles in the maintenance of our health,
and there remains a great deal for us to unravel about how this ecosystem functions. The
novelty of our findings stems from t wo main factors. First, we have drawn wisdom from
diverse fields, considering microbial ecosystems in other environments such as the
ocean and soil, and applying theoretical frameworks from the ecology of plant and
animal systems. Much like a forest or any other ecosystem, the gut microbiome is a
dynamic system subject to constant disturbances, with microbes cooperating and

competing in a densely populated, physically structured environment. Applying
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ecological frameworks such asthe notion of ecological memory has therefore allowed us
to deeper our understanding of the gut microbiome.

Second,we have applied a variety of technologiesin new ways to answer our
research questions. Most notably,analysis of stool samples by laser diffraction has
enabled us to measure FPS in human samples for the first time, to our knowledge, and
the use of HPAEC-PAC to analyze inulin concentration allowed us to directly measure
metabolic potential in terms of direct substrate breakdown, as well as indirectly through
measurement of SCFA production by GC. We also balanced the use of human samples
from dietary intervention cohorts to understand how microbiome dynamics play out in
vivo with technologies such as bioreactors, where we could test additional hypotheses in
vitro and collect samples with higher temporal resolution.

These findings provide funda mental new insights into variation and stability in
gut microbial ecology. Metabolic potential to degrade a given nutrient has a high degree
of intra -individual variation, whereas FPS is highly stable and resistant even to greatly
increased chewing of onez food. Our finding that ecological memory of prior nutrien t
exposure exists inthe gut microbiome is perhaps unsurprising based on prior
knowledge of nutrient sensing mechanisms in t hat this phenomenon appears to be
driven primarily by diauxic shifts in primary degraders. Yet, we observed that such
shifts cascadethrough the community, resulting in a second wave of change among

secondary degraders.Furthermore, in determining the time scales on whichmemory is
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encoded and lost, we show that these dynamics are physiologically relevant, with
individuals who habitual ly consume little fiber particularly liable to simply excrete a
one-off dose of supplemental fiber without truly receiving its benefits. Fortunately,
metabolic potential is plastic and individuals can improve their a bility to utilize inulin
within just one day.

Our finding s that fecal particle size relates to measures of microbiome
composition and metabolism are consistent with past findings in soil environments and
in vitro fermentation experiments. The strength of the correlation between FPS and alpha
div ersity is particularly striking given all of the potential confounding varia bles such as
diet and host factors. The fact that we did not find chewing to be a driver of intra -
individual variation is surprising given past findings about the importance of che wing
efficiency as the primary driver of FPS in animals. Therefore, our findings suggest that
gut microbes do play a signifi cant role in particle breakdown along the gastrointestinal
tract in humans, and this difference is likely due to relatively small in take particle size in
modern human diets.

Collectively, these findings highlight the importance o f understanding the
dynamic s of gut microbial ecology, which play a crucial role in how we digest food .
These findings have important implications for how we a ssess metabolic potential in
microbiomes and how we culture microbes to maintain optimal diver sity. Moreover,

this work agai n highlights the potential benefits of consuming a diverse diet rich in
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high -fiber foods. As researchers in the field continue to work towards unraveling the
diet-microbiome relationship in the context of health and diseaseand towards exploring
the personalization of dietary recommendations, we must consider the microbiome as a
complex ecosystem continually subject to nutrient p ertur bations within a structured

environment .
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Appendix A: Supplementary Material from Chapter 2
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7 Baseline 0 Treatment Followup
time (days) | | ;
SNACK BAR
samples T F T F T F
Yvvyvwyy
Placebo . Product contamns milk and soy allergens
9g maltodextrin Product does not contain nuts, peanuts, eggs, or shellfish,
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honey, sea salt), unsweetened chocolate,
glucose, fructose, alkalized cocoa powder,
glycerin, whey protein concentrate, lecithin,
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Figure 10: Study design.

Ingredients: Oligofructose enriched inulin, corn
syrup, fruit paste [dried fruit (plums, dates)
fructose, glycerin, water], crisp rice (rice flour,
malt extract, and rice bran), palm cil, nutty rice
(brown rice flour, raisin juice concentrate,
honey, sea salt), unsweetened chocolate,
glucose, fructose, alkalized cocoa powder,
glycerin, whey protein concentrate, lecithin,
N&A vanilla flavor.

A, Human participant study design. Participants consumed snack bars twice daily,
which contained either 9 g inulin (prebiotic group) or 9 g m altodextrin (placebo group),
and provided stool samples twice weekly, on Tuesdays and Friday s. B, Photo of snack
bar consumed by research participants. C, Approximate label used for snack bars. A
colored dot, either red or blue, was coded to the identity of the bar, to which participants
were blinded. D, Nutrition facts and ingredients for the pl acebo and prebiotic bars.E,
Schematic of artificial gut run. After a 13 -day burn -in period, discrete inulin dosing
(denoted by ¢ ) was started in the seven artificial guts used for the experiment. Samples

were taken once or twice daily, denoted by |. F, Dial UE QwOi wUT 1 w? EVUUDI PEPE O
continuous -flow bioreactor.
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Figure 11: Enhancement of inulin metabolism wit  hin 24 hours of first dose.

A, Inulin/FOS concentrations (DP 3+) after incubation of slurried stool samples with
inulin for 24 hours ex vivoon a log scale, with lines connecting samples from the same
participant. Red lines indicate participants for whi ch there was an averageincrease
between baseline and treatment values; red dots indicate the minimum value observed
for each participant. (placebo group n = 21; prebiotic group n = 19).B, Concentration of
inulin remaining in each artificial gut vessel 2 hours before dosing. Prior to dose 1, there
had previously been no inulin in the system. ( n = 7 artificial gut vessels.)C, Minimum
pH reached over the 24 hours following each inulin dose, plotted by time since previous
dose. (Mixed effects linear model with 1st dose as intercef; n=7, 2, 2, and 7 vesselsD,
Final pH after 6 hours incubation on inulin, preceded by pre -treatment with an inulin
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dose of varying concentration. (n = 3 cultures; for Spearman correlation, average values

used, excluding control, son = 7 conditions.) E, Baseline fecal inulin/FOS concentrations

at day -3 as measured by HPAEGPAD. B-E, Mean and standard error plotted. * p < 0.05,
**p<0.01, *p<0.001.
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Figure 12 Human cohort 16S gene amplicon sequ ence data.

A, Bray-Curtis NMDS plot of stool samples, colored by time point. All terms for a
PERMANOVA test of group*t ime with participants as strata had p>0.05. =21
participants in placebo group, 19 in prebiotic group.) B-C, Volcano plots for an ALDEx2
GLM model of the group*time interaction, showing effect size estimates and
(uncorrected) p-values for the two model terms associated with treatment week. For all
taxa in both interaction terms, BH -corrected p > 0.05.D-F, Volcano plots depicting

SpeE UOE Oz U wU lcdrackedd=vailes for three separate ALDEX2 correlation test
models investigating the relationship be tween metabolic potential (MP) and taxo nomy.
For (D), the day -3 metabolic potential, as inulin/FOS content remaining at the end of ex
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vivo culture, was supplied as a continuous variable. For (E-F), the change in metabolic
potential was calculated as the ratio of the treatment week mean to the baseline week
mean.
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Figure 13: Changes in artificial gut community co mposition .

A, Bray-Curtis NMDS plot of artificial gut vessels during the week prior to inulin

dosing. B, Relative abundances of the top ten families over time in each vessel. Dashed
lines indicate times of inulin doses. C, Bayesian multinomial logistic -normal model
parameter estimates for all ASVs where the 95% credible interval for at least one
parameter excludes zero (ndicated by EEUT | EwOD Ol AOQwUOUUI EwEa wof | wY
indicates the 95% credible interval, dark blue indicates the 50% credible interval, dots
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Figure 14: Changesin artificial gut metatranscriptome following inulin exposure.

A-C, PCA plots of global transcriptome (A) and individual transcriptomes of select taxa,
a primary inulin d egrader (B) and a degrader of secondary metabolites C), by time
point. PERMANOVA R?and p-values shown. D, Representation of COG categories in
transcripts found to be significantly differentially expressed by ALDEx2 GLM at each
time point in the within -taxon analysis. The dashed line describes where all COG
categories would lie if the y were represented in the hits equally to their proportion in
the overall gene set. Chisquared test for enrichment of category G (carbohydrate
metabolism and transport) shown . (n = 5 vessels.E, Simplified pathway diagram
depicting the conversion of inul in to relevant secondary metabolites by time point. Taxa
found to significantly (Benjamini -Hochberg adjusted p < 0.05) up or downregulate
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genes encoding enzymes carrying outsteps in this pathway shown. (ALDEx2 GLM; n=
5 vessels.)
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Figure 15: Changes in artificial gut metabolome.

A, All measured SCFAs in the artificial gut during dosing week and the two days prior.
(Mixed -effects linear model with dose 1 hour -2 (day 1.42 on xaxis) as intercept;n =7
vessels.) Dashed linesrepresent times of inulin dosing. Mean and standard error plotted.
B, GC/MS metabolites found to be significantly different from baseline by mixed -effects
linear model in the artificial gut ( n = 6 vessels). p < 0.05, **p < 0.01, ***p < 0.001.
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Figure 16: Factors driving ecological memory.

A, Conditioned media (CM) from inulin -exposed cultures did not increase metabolism
of inulin in treatment -naive cultures (linear model; n = 3 batch cultures) B-C, Effect of
starting cell concentration on inulin/FOS breakdown ( B) and final pH ( C). (Tukey test; n
= 3 cultures.)D, Effects of 10 or 50%Bacteroides caccaddition to complex community
cultures. (Linear model; n = 3 batch cultures).E, Effects ofglucose or inulin pre -
treatment on growth curves of B. caccaemonocultures grown on inulin in conditioned
media (from inulin -naive cultures). The no inoculum control well had only mGAM
media and serves as a control for contamination. (Linear model; interaction term of time
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and pre-treatment p < 0.05 for all points below the line; n = 3 batch cultures).F, Metrics
from growth curves shown in ( E) calculated by the growthcurver R package. (Two-sided
unpaired t -tests;n = 3 cultures.) Mean and standard error shown. NS p > 0.05, *p < 0.05,
**p<0.01, *p<0.001.
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Figure 17: Activation of PULs in Bacteroides.

A-B, Polysaccharide utilization loci (PULS) in Bacteroides cacca@CC 43185 @A) and all
other Bacteroides species B) for which at least one gene was sgnificantly differentially
expressed following inulin treatment. Conserved functional prediction from PULDB
shown. (ALDEx2 GLM; n =5 vesgls.) *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure 18: Activation of putative PUL -like operons in non -Bacteroides taxa.
Heatmap of genes comprising putative operons (sets of adjacent genes) with
significantly increased expression on inulin treatment by ALDEx2 GLM.
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Figure 19: Supplementary data on cross -reactivi ty of ecological memory.

A-B, Final inulin concentration ( A) and pH (B) when pre-treated with inulin of various
chain length or component mono/di -saccharides. (Linear models with control as
intercept; n = 3 cultures.) Mean and standard error shown. C-G, Statistical results for the
prebiotic cross-reactivity experiment shown in F igure 4D-F. C-D, Volcano plots of
ALDEX2 Spearman correlation tests between ASVs and final inulin/FOS concentration
(C) or pH (D). Red points indicate post-Benjamini-Hochberg-corrected p < 0.05 for that
taxon. E-F, Correlations between an ASV mapping to E. ramosumand final inulin/FOS
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concentration (E) or pH (F). This was the top correlated taxon for both tests. Relative
abundance is shown here for interpretability, but CLR -transformed counts were used for
the correlation test. G, ALDEx2 GLM results for all A SVs, testing the effect of first and
second treatments with three prebiotics. Mean effect size estimate and standard error
shown. Red indicates a statistically significant (p < 0.05) result for a given ASV-covariate
combination. Note that E. ramosumand tw o other ASVs had positive and significant
values for pre-treatment with all three prebiotics. ( n = 3 cultures.) *p < 0.05, *p < 0.01,
***n<0.001.
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Figure 20: Spectra of primary inulin sources used in this study.
Raw HPAEC-PAD spectra for inulin samples. Light blue shading denotes the
approximate region containing FOS peaks (DP 3-10), and dark blue denotes inulin peaks
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(DP 11+).A, Orafti Synergy 1 inulin, a mixture of short - and long-chain inulin, used for
the human study. B, Sigma inulin from dahlia tubers, a very pure source of long -chain
inulins, used for most in vitro work including the artificial gut experiment. C, NOW
inulin, a source with m ostly shorter chain FOS.D, Jarrow inulin, another mixed chain
length inulin.
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Figure 21: Confirmation of changes to B. caccaePUL43 gene transcripts by comparison

to housekeeping genes.

A, Gene diagram depicting the Bacteroids caccaPUL of interest shown in Figure 3A,

with gene names and functional categories. B, Expression levels of the four B. caccae
genes in PUL43 found to be significantly upregulated following inulin exposure in the
artificial guts (Fig ures 2C, 3A), reanalyzed by computing the ratios of these transcripts to
each of four housekeeping genes: dnaJ (BC01081), gyrB (BC03484), recA (BC02059), and
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