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ABSTRACT

The human gut microbiome exists as a community of microorganisms in symbiosis with its
host. Prebiotics are functional compounds that modulate this microbial community,
promoting the growth and activity of bacteria that are beneficial to human health. Resistant
starches (RS), a subclass of prebiotics, are compounds linked to a number of host-beneficial
effects when included in human diets. Understanding how RS shapes gut flora composition
and function is crucial to understanding these effects; however, these effects are clouded by
the complexity of the microbiome’s interactions. Comprehensively characterizing
microbiome shifts as the result of prebiotics is an intriguing bioanalytical problem. In the
thesis project, | hypothesize that: RS changes microbiome biochemical pathway expression
community-wide and at different taxonomic levels; that RS forms will affect microbiome
bacterial taxonomic distribution; and that a linear programming optimization approach can
parsimoniously distribute ambiguous peptide abundances amongst their constituent species,
leading to different interpretations of functional and structural characteristics in microbiome
metaproteomics data. To address these hypotheses, the thesis project utilizes a combined
metaproteomics and bioinformatics approach. The Figeys lab-developed RapidAIM
bioanalytical assay is deployed to generate label-free mass spectrometry metaproteomics
data, testing for these effects experimentally. Further, Cerberus, a bioinformatics platform for
microbiome metaproteomics analyses, was developed to integrate workflows from different
software sources into a unified pipeline. Cerberus also implements a novel linear
optimization approach addressing the shared-peptide problem. Through experimental data
analyses using Cerberus, microbiomes encountering RS showed concerted taxonomic shifts,
general and specific functional modulations linked to these taxonomic changes, and a

significantly variable pathway expression profile for host-beneficial microbiome processes.



The peptide-species linear optimization procedure demonstrates how naive approaches to the
shared-peptide problem greatly skew downstream taxonomic and functional analyses in
metaproteomics experiments, marking an important consideration for microbiome studies

seeking to resolve taxon-specific alterations.
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1 INTRODUCTION

The human gut microbiome is a community of microorganisms living in symbiosis
with its human host [1]. Microbiomes are composed of many organisms, including
communities of bacteria, viruses, fungi, protists, and archaea [1]. Through interactions
between its constituent species and its host, the gut microbiome affects human health and
disorder [2]. Prebiotics are substances that positively modulate microbial communities in a
way that benefits the community's host [3]. Positive modulations of the human gut
microbiome by prebiotic substances provide a range of host benefits, including promoting
immune-system function and protecting from disease [4, 5]. For instance, prebiotics play a
role in protecting the host against colorectal cancer (rev. in [6, 7]) and inflammatory bowel
diseases [8].

Resistant starches (RS) are prebiotic polysaccharides that resist digestion by
pancreatic amylase in the small intestine and are not hydrolyzed to D-glucose. RS can reach
the colon, where they can be fermented by the constituents of the gut microbiome [9, 10].
The microbiome uses RS as an energy source, and produces RS fermentation by-products
such as short-chain fatty acids (SCFAs) [9, 11], compounds linked to a range of intestinal
benefits [11].

Although the host benefits from RS have been demonstrated (rev. in [12]), whether
resistant starches have all similar effects on the microbiome and whether individual
microbiomes respond differently to resistant starches remain unclear. This is further
complicated by the scale and complexity of the immense gut bacterial network: around four
trillion bacteria [13] split amongst 500-1000 species [14] comprise this microbiome.

Understanding the molecular pathway responses of microbiota upon prebiotic treatment and



the effect of prebiotics on microbiome composition is critical to grasping microbiome
dynamics and how interventions can modulate this system.

Omics based approaches have been extensively used to investigate changes in
microbiome compositions and functions. In particular, metagenomics can provide gene
content and encoded functional attributes from gut microbiome samples [15] and
incorporates 16S ribosomal sequencing [16—18]. Metatranscriptomics delves into primary
gene expression products to resolve activity profiles of bacteria above the underlying
microbial abundance and structure in the microbiome [19, 20]. Quantitative metaproteomics
provides a functional view of a microbiome that differs from metatranscriptomics and
metagenomics in that it moves past functional precursors (DNA and RNA) to resolve
proteins, which affect the vast majority of cellular interactions, processes, and phenotypes.
Label-free mass spectrometry (MS)-based metaproteomics analyses provide powerful means
to identify and quantify proteins, which constitute biochemical pathway effectors in
microbiomes' bacteria, such as enzymes and signalling proteins [21]. Modern study of the
human gut microbiome benefits from metaproteomics in that it provides protein abundance
data that can elucidate actual microbial function within a microbiome [22].

Recent investigations in the field of gut microbiome metaproteomics have assessed in
Vivo responses to probiotic intervention [23], examining mutualistic interactions between
microbiomes and their human hosts [24], and determining microbial signatures of Crohn's
disease [25]. Metaproteomics approaches elucidate the ways that microbiomes interact
internally in and externally to their communities and lend themselves well to further study of
prebiotics' effects on human gut microbiota.

However, significant challenges do exist in metaproteomics-directed microbiome

analyses. These include: the complexity and scale of microbiome communities [26] leading



to issues identifying low-abundance proteins; the large amount of homologous proteins
present between different bacterial species, an issue compounded by horizontal gene transfer
between microbiome bacteria [27]; and the proper distribution of abundance values for
'shared’ peptides (peptides whose sequences match more than one protein subsequence entry
in a sequence database) between taxa in a microbiome. Therefore, there is a need to develop
methods to address limitations of metaproteomic approaches. This thesis tackles the problem
of shared peptide distribution in metaproteomics experiments, critically important to human
gut microbiome investigations as accurate characterization of this community’s biochemical
mechanisms can elucidate disease-modulating and host-protective effects.

2 BACKGROUND

2.1 RESISTANT STARCH
2.1.1 Starch structure

Starch is a polysaccharide molecule that acts as the main source of carbohydrates in a
human diet. It functions as the main reserve polysaccharide in higher plants [28], who
synthesize starches inside plastids to be deposited in other plant storage organs such as roots,
tubers, fruits, grains, seeds, leaves, and stems [29]. There are two polysaccharide
homopolymer forms that are found in starch: amylose, a linear polysaccharide with o—(1—4)
glycosidic bonds between p-glucose moieties, and amylopectin, a branching polysaccharide
consisting of “short” (< 36 moiety) and “long” (> 36 moiety) saccharide chains stemming
from a—(1—6) branch points that exist on a linear a—(1—4) backbone [28, 30]. The ratio of
amylose and amylopectin varies in naturally-found starches. The definition of starch
encompasses many different mixtures of these molecules, and also covers variability in

starch granule size and shape, amylopectin structure branching and chaining, and the



arrangement of amylose and amylopectin into crystalline and amorphous regions inside the
insoluble starch granules [28].

The human body digests starch in a multi-stage process as it passes through the
gastrointestinal tract, beginning with salivary amylase hydrolyzing starch bonds in the
mouth, then further hydrolysis by pancreatic amylase in the small intestine [9, 10]. As starch
is broken down in these areas of the body, its individual sugar moieties become unlinked,
producing free glucose, fructose, and galactose [31]. The fraction of starch that successfully
undergoes this breakdown process and is absorbed by the gastrointestinal tract is known as
“available carbohydrates”, a term that encompasses these broken-down starches as well as
lactose and fructose [31]. This necessitates the classification of the remaining starch fraction,
known as “resistant carbohydrates”. Resistant carbohydrates include: RS; non-starch
polysaccharides (NSP), a term describing dietary fibre (intrinsic plant cell wall
polysaccharides); resistant short-chain carbohydrates (RSCC); and sugar alcohols [31].

2.1.2 Resistant starch classification

The term “resistant starch” was first used by Englyst et al. in 1982 to describe
“retrograded, enzyme-resistant starch ... [that] can be solubilised with 2M potassium
hydroxide solution [and] hydrolyzed to glucose with amyloglucosidase” [32]. Currently,
relevant literature differs on the definitions and number of RS structural types [9, 10, 12, 33—
35]. Resistant starch occurs naturally in three different forms (RS1/RS2/RS3), and
synthetically as a fourth (RS4) [10, 12, 33-35] and fifth (RS5) form [9, 12, 31, 34].

The RS1 exists as a physically-inaccessible starch because of its protection by a cell
wall in partially-milled grains [9, 10, 12, 33-35]. The protein matrix and cell wall material
that constitutes cereal grain and seed endosperm surrounds starch, hindering its digestibility

and reducing host glycaemic response to its presence [36]. There exists an inverse



relationship between RS1 content and cell wall integrity, as increased milling of whole seeds
leads to cell wall breakdown [37]. Cooked whole legume seeds or kernels maintain an
integral cell wall and protein matrix, causing decreased water penetration into their internal
starch. The internal starch therefore cannot gelatinize and swell, which limits is availability
to enzymes that would hydrolyze it [12]. Foods containing RS1 include extruded durum
wheat pasta (semolina) with its high protein content and hard texture [12, 38], and breads
made with whole or coarsely ground kernels or grains [12, 39].

The RS2 is described as an enzymatically-resistant starch [9, 12, 33—-35] or starch that
has poorly-gelatinized [10]. Cooking starches that could be classified as RS2 may cause loss
of their enzymatic resistance because cooking causes proper gelatinization [12]. Jane et al.
[40] list green banana starch, uncooked potato starch, gingko starch, and high-amylose maize
starch with B- and C-type polymorphs as examples of RS2 [40]. However, some RS2
starches do exist that exhibit a higher gelatinization temperature than the boiling point of
water (100°C), such as high-amylose starch produced by mutations of the amylose-extender
(ae) and branching-enzyme | genes. In these mutated starches, branch chains of intermediate
components have much longer lengths and the amylose proportion is higher, factors that
increase the gelatinization temperature [12, 41-43].

The RS3 is 'retrograded’ amylose and starch — starch that has been cooked and then
cooled — forming long-branched chains whose double-helical structure prevents
hydrolyzation by digestive enzymes because it cannot fit inside the binding site of amylase
[9, 10, 12, 33-35]. This double-helical structure tends to form near refrigeration temperatures
(4-5°C) when there is suitable moisture [12]. Once retrogradation has taken place,

retrograded amylose cannot be dissociated by cooking, and its gelatinization only occurs at



high temperatures up to 170°C; however, this gelatinization temperature decreases
proportionally inverse to its chain length [12].

The RS4 is broadly defined as chemically-modified [9, 10, 33—-35]; this chemical
modification can be the result of esterification, etherification, or cross-bonding with a
number of other chemicals and functional groups to decrease enzyme digestibility (rev in
[44]), or by inducing cross-linking, conversion, and substitution that creates atypical moiety
linkages [45]. Highly cross-linked starch loses its ability to swell during cooking, causing it
to remain in an enzymatically-inaccessible granular form after cooking [12]. Examples of
chemical derivatives that provide enzymatic resistance to starch are octenyl succinic [46] and
acyl [47] groups: the structural changes that a starch exhibits after their addition partially
restricts its hydrolysis, but, intriguingly, bacterial enzymes can still hydrolyze unmodified
regions of the starch, making it available as a fermentable sugar that gut bacteria can ferment
to produce short-chain fatty acids.

The RS5 has been described in a few ways: as a complexed form of amylose and
polar lipids added artificially to foods or because of processing and cooking [9, 12, 31, 34,
37]; and as an amylase-resistant polysaccharide consisting of a water-insoluble linear poly-a-
D-1,4-glucan [48]. Specific to polar lipid complexed-RS5, its resistance is a result of single-
helical complex between starch amylose and lipids, which prevents starch binding and
cleavage [12]. Starch amylopectin also becomes entangled with the amylose-lipid complex,
reducing its swelling capacity and preventing hydrolysis [49, 50].

2.1.3 Factors affecting starch digestibility

There are many factors that affect the digestive resistance of a starch, and, by

extension, its RS content. These factors can be broken down into environmental, mechanical,

and biological factors. Environmentally, the physical form of grains and seeds and its crop-



growing location play a role in digestibility [37]. Biologically, the size and type of starch
granules [37], starch association with other food components (lipids, proteins, sugars, gums,
other fibre types and plant bioactives that may inhibit human enzymatic activity [51]), the
genotype or cultivar of the plant [52-54] and any mutations that it may have as a result of
RS-altering genetic engineering [52, 53] play a role in digestibility. Further, the amylose
content of a starch defines its digestibility to the extent that amylose is digested slower than
amylopectin; because of this, the RS content of a starch is positively associated with the
amylose content of that starch [37]. Birt et al. [12] assert that ... the single structural aspect
with the greatest influence on [starch] digestibility is the degree and type of crystallinity
within the [starch] granule ... [and that] starch with long, linear chains has a greater tendency
to form long crystalline structures than starch with short, highly branched chains”.
Mechanically, food processing methods such as cooking, milling, high-pressure processing,
autoclaving, ultraviolet type-C irradiation, extrusion (forcing material through a die), storage
time, and annealing (physical modification of starch in water at temperatures below
gelatinization) all affect digestibility [50, 55-63]. In addition to these mechanical methods,
grinding of grains reduces RS1 content because of cell wall breakdown [37] and cooking
starchy foods in water causes starch gelatinization leading to increased digestibility [37];
however, cooking and then cooling starch (retrogradation) can produce RS3 [37, 64].

2.2 RESISTANT STARCH AS A MICROBIOME MODULATOR

On average, 10-60 g of resistant carbohydrates are available to the large intestinal
microbiota each day [65, 66]. These RS forms escape digestion and are present intact in the
large intestine, making them available for the human gut microbiome to use as an energy
source. Microbiome bacteria’s fermentation of resistant starch produces a number of

compounds, predominantly gases (carbon dioxide, hydrogen, and methane) and SCFAs [12].
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Resistant starch polymers are degraded into glucose, then bacterial glycolysis produces
SCFA and (to a lesser extent) other organic acids such as lactate, succinate, and formate.
Those bacterial species that are able to metabolize RS as it becomes available in the gut have
a growth advantage over other bacteria, as they can utilize RS as an energy source [67].

2.2.1 Bacterial RS import from the gut environment

Bacteria must first bind to starch granules so that they can bring them inside their
cells to be processed. A few different complexes have been described that function as
complex glycan importers.

The sus (starch-utilization-system) gene cluster was prototypically found in
Bacteroidetes thetaiotaomicron [68] with derivatives later found in other Bacteriodetes
species (termed ‘sus-like systems’ and the ‘sus paradigm”) [69, 70]. The left side of figure
2.1 shows an overview of its function. sus-like systems express a cell envelope-associated
multi-protein group SuUSRABCDEFG that binds and imports complex glycans. The proposed
mechanism for starch import and degradation through the sus system is as follows [69, 70]:
SusD interacts with starch molecules, anchoring them close to SusG (an a-amylase) which
hydrolyzes starch bonds. The resulting maltooligosaccharides are presented to SusC, a -
barrel integral protein that releases these sugars into the periplasm where they are hydrolyzed
by SusA (an a-amylase) and SusB (a pullulanase) into smaller sugar chains. SusR
transcriptionally regulates the activity of the sus cluster, inhibiting its function in response to
cellular availability of maltooligosaccharides, amylose, amylopectin, and pullulan. The
components Susk and SusF of sus-like systems have been described as facilitators of
insoluble, granular starch import [69] — starches such as RS — because they increase the sus

complex’s overall affinity for starch [69].



The ‘cellulosome’ also serves as a system for starch import [71]. The right side of
figure 2.1 shows an overview of its function. It is a multi-component enzyme complex

localized to the extracellular space, found in anaerobic bacteria. In Ruminococcus

Cellulosome / amylosome

RS / Cellulose

86 8

sca binding proteins

sus system

sca scaffolding proteins



Figure 2.1. Graphical representations of the sus-like and cellulosome/amylosome
bacterial RS/starch import systems es.
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flavefaciens, the cellulosome is encoded by the sca gene cluster, producing scaffolding and
binding proteins that import insoluble starches into the cell [71]. The ‘amylosome’, described
in the bacterium Ruminococcus bromii [72], is another highly-specialized group of enzymes
whose activity closely relates to the cellulosome found in Ruminococcus flavefaciens,
promoting the concept of Ruminococcus Bromii as a keystone species for RS degradation in
the human gut. This amylosome acts on the cell surface or extracellularly, binding
extracellular starches through dockerin and cohesin protein interactions [72].

Butyrate-producing bacteria may bind RS through a cell-envelope-associated a-
amylase: these include Butyrovibrio fibrisolvens, Roseburia intestinalis, and Roseburia
inulinviorans [73].

Cooperative RS intake also appears to exist in the human gut microbiome. Here, a
system is built between multiple bacteria relying on one or more species to initiate RS
degradation, releasing easier-to-process sugars that the remaining bacteria then intake. Milani
et al. [74] propose that Bifidobacteria species exhibit trophic relationships in their
carbohydrate resource sharing as they catabolize complex glycans. Mahowald et al. [75]
describe how, in the mouse intestine, Bacteroides thetaiotaomicron responds to the presence
of Eubacterium rectale by expressing glycoside hydrolases in a sus-like system to degrade
complex glycans. In response, Eubacterium rectale downregulates production of glycan-
degrading enzymes and upregulates production of oligosaccharide transporters, suggesting
that Eubacterium rectale utilizes glycan fragments released by Bacteroides
thetaiotaomicron’s complex glycan degradation. This ‘cross-feeding’ may be mediated by
Bacteroides species’ ability to produce extracellular vesicles containing glycoside
hydrolases, shifting complex glycan processing to the extracellular milieu and making the

resulting cleavage products more available to species such as Eubacterium rectale [76]. The
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donor organism may receive some kind of benefit; however, the exact nature of the trade-off
is unclear in the Bacteroides thetaiotaomicron/Eubacterium rectale relationship. A different
commensal trade-off relationship has been described by Rakoff-Nahoum et al. [77], where
two species of Bacteroides (ovatus and vulgatus) exhibit reciprocal benefit: after initial inulin
(a complex glycan) digestion by ovatus, vulgatus utilizes the remaining sugars, leading to an
increase in ovatus fitness through an unknown mechanism.

2.2.2 Biochemical mechanisms of SCFA production

Starch is broken down into glucose through the actions of bacterial enzymes such as
a-amylase (a—(1—4) bond hydrolysis), type-1 pullulanase (a—(1—6) bond hydrolysis), and
amylopullulanases (type-11 pullulanases) that hydrolyzes both types of bonds [12, 78]. Once
glucose is freed from RS through these enzymes and the starch intake systems, SCFASs can
be synthesized. The main SCFAs produced are formate, acetate, propionate (or propanoate),
and butyrate (or butanoate) [79].

A number of pathway mechanisms for SCFA synthesis exist through alternative
fermentation of hexose sugars (which comprise RS) [80, 81]. Figure 2.2 gives an overview of
these mechanisms. Hexose sugars enter glycolysis, forming phosphoenolpyruvate (PEP),
which can then enter four different pathway branches to form acetate, butyrate, or
propionate. Two of these pathways involve PEP conversion to pyruvate through the enzyme
pyruvate kinase as a first step, with pyruvate then being converted to either acetyl-CoA or
oxaloacetate. In the case of pyruvate-to-acetyl-CoA conversion, butyrate can be formed
through acetyl-CoA’s entry into the butyrate kinase pathway or the butyryl-CoA CoA-
transferase pathway. In the case of pyruvate-to-oxaloacetate conversion, propionate can be
formed through the acrylate pathway or succinate pathway. To form acetate, pyruvate can be

converted to acetyl-CoA by the Wood-Ljungdahl pathway or by direct conversion through
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the enzyme pyruvate decarboxylase. Acetyl-CoA can then be converted to acetate through
the enzyme acetyl-CoA synthetase. Further use of acetate as a butyrate precursor is described
by Duncan et al. whereby Roseburia intestinalis uses butyryl-CoA:acetyl-CoA transferase as
a CoA acceptor to convert butyryl-CoA, the final precursor to butyrate in the butyrate kinase
pathway, into butyrate (and acetate into acetyl-CoA) [82]. Lastly, the propanediol pathway
can produce propionate in bacteria through conversion of fucose and rhamnose (sugars
commonly localized to intestinal mucin) to dihydroxyacetone phosphate (DHAP) that is then
processed to propionate [80, 81, 83]. Further, amino acid analog pathways exist to convert
glutarate, lysine, and y-aminobutyrate (GABA) to butyrate (through conversion to the
butyrate precursor crotonyl-CoA) [84], suggesting that microbes are resilient to switches in
nutritional availability of hexose sugars and consequently highlighting the importance of
SCFAs as bacterial metabolites.

An analysis by Louis et al. noted the relative rarity of the buk (butyrate kinase) gene
in butyrate-producing bacterial isolates when compared to the ptb (butyryl-CoA:acetate-CoA
transferase) gene, suggesting that in the majority of butyrate-producing bacteria, butyrate is
formed through acetate usage rather than butyrate kinase pathway-mediated pyruvate-to-
butyrate conversion [85]. However, a metagenomic analysis of fecal bacteria found buk-
related genes being an enriched Clusters of Orthogonal Groups (COG), while ptb-related
genes were not enriched [15]; taken together with Louis et al.’s analysis, it can be said that
the individual contributions of buk and ptb to overall butyrate production is undefined.

2.2.3 Taxonomic distribution of SCFA-producing bacteria

Starch fermentation is carried out by three major phyla, Firmicutes, Bacteroidetes,
and Actinobacteria, which account for 95% of total gut bacteria in mammals [12]. The

distribution of SCFA-producing biochemical pathways expressed in gut bacteria varies:
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Figure 2.2. Overview of SCFA-producing biochemical pathways in gut microbiome
bacteria so,81,84,85.
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pathways producing acetate are widely distributed across phyla, while propanoate and
butyrate pathways have so far been described in relatively few genera [79, 83]. Specific to
RS fermentation, a small number of organisms seem to be responsible for the majority of
butyrate production. These butyrate-forming bacteria are dominated by Faecalibacterium
prausnitzii, Eubacterium rectale, Eubacterium hallii, and Ruminococcus bromii [86].
Ruminococcus bromii acts as a keystone species for RS metabolism: Walker et al. show that
Ruminococcus bromii and its relatives increased from means of 3.8% to 17% of relative
abundance in participants’ RS-supplemented diets [67], and Ze et al. show that its absence
from the gut microbiome associates with major decreases in SCFA production [87].
Reichardt et al. [83] assessed the phylogenetic associations of human gut bacteria to
propionate- and butyrate-producing pathways. The succinate pathway appeared to be the
most abundant route for propionate production, with Bacteroidetes species heavily
associating with succinate pathway enzymes. The acrylate pathway for propionate
production was found to be specific for Firmicutes species, mainly Clostridium propionicum
and a few other species to a much lesser degree. Reichardt et al. note the low abundance of
these acrylate pathway-associated bacteria in their metagenomic analyses, consequently
asserting that the succinate pathway is utilized more often than acrylate pathway by the
microbiome. Butyrate-producing pathways were associated with Firmicutes bacteria, with
the butyrate kinase pathway associated to Coprococcus species and the butyryl-CoA:acetyl-
CoA transferase pathway associated to a wide range of Firmicutes species from various
genera. The researchers note that most human gut bacteria possessing diagnostic genes for
butyrate synthesis (buk or ptb) lack diagnostic genes for propionate synthesis, suggesting that
butyrate and propionate pathways serve as alternative hydrogen sinks whose pathways

diverged evolutionarily into different bacterial groups in the gut. However, they did note that
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two Firmicutes phylum species (Clostridium catus and Roseburia inulinivorans) were able to
produce butyrate and propionate when cultured on different substrates.

2.3 RESISTANT STARCH AS A PROMOTER OF HOST HEALTH

The gut microbiome has been shown to contribute to host immune system
development, infection prevention, and absorption of nutrients [88]. The mechanisms of
these effects vary, from the microbiome releasing helpful metabolites to its bacteria
promoting the growth of host-beneficial strains or preventing colonization of pathogenic
strains. Prebiotics (which include RS) act as ecological and functional effectors of the
microbiome, whose influence on host health stems more from systemic changes to
metabolite usage, protection of the mucus layer, or physiological changes (such as lower gut
pH) than from selective induction of taxonomic shifts [89]. Linking RS fermentation into
SCFAs to host health outcomes appears to be a central research objective based on available
literature. This may be because SCFA production is an easily-measurable condition
compared to characterizing microbiome taxonomic or functional shifts in the context of host
health.

Availability of SCFAs to host tissues varies: butyrate becomes much less available
than propionate or acetate the intestinal epithelium, and propionate is not as available to the
liver as acetate [90]. It is therefore useful to consider the effect of each individual SCFA
across various biological gradients along with systemic effects in the host. Mechanisms have
been uncovered that describe how RS mediates host health outcomes through its
fermentation by the microbiome into SCFAs.

2.3.1 Intestinal barrier integrity

Butyrate has been shown to be a crucial metabolite for mediation of intestinal barrier
integrity and health. At the intestinal epithelium, it is actively transported into colonocytes
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through a sodium (Na+)-dependent cotransporter [91] and is preferentially used as fuel by
colonocytes [92], promoting their proliferation. Butyrate is also an important regulator of
tight-junction proteins, which regulate intracellular transport between the lumen and the
hepatic portal system [93]. As there exists an association between increased barrier
permeability and bacterial translocation (which can trigger inflammatory cascades) [94],
butyrate’s mediation of barrier integrity provides an anti-inflammatory benefit for the host.
Expression of the protein ZO-1 — important to tight-junction function in colonocytes — is
increased by colonocyte butyrate intake, and it has also been shown that butyrate reverses
aberrant ZO-1 expression in rats, mediating barrier integrity that prevents translocative
bacteria-induced inflammatory cascades and reduces hepatic liver injury [95].

2.3.2 Cancer therapeutics

The SCFASs have also been implicated in cancer therapeutic strategies. Butyrate and
(to a lesser extent) propionate have been shown to act as histone deacetylase (HDAC)
inhibitors [96, 97], compounds that have been widely used as cancer therapies [81]. The
HDAC inhibitors prevent deacetylation of histones by HDACs and consequently promote the
recruitment of transcriptional machinery to permissive chromatin regions. As mentioned
earlier, butyrate induces proliferation of healthy colonocytes, however it also paradoxically
induces terminal differentiation and apoptosis in oncolytic cells. This “butyrate paradox” [98,
99] may be explained partly by butyrate’s HDAC inhibitive effects causing altered
expression of cell differentiation and apoptytic pathways, or that oncolytic colonocytes prefer
glucose to SCFAs as an energy substrate (the Warburg effect) and accumulate much more
unused butyrate than healthy colonocytes (which oxidize butyrate for energy) leading to
HDAC inhibition [98]. Colon cancerous cells may develop from dysregulation of intestinal

epithelial cell differentiation, maturation, and apoptosis, all processes that take place rapidly
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in intestinal epithelial cells. Butyrate has been shown to induce expression of genes
implicated in colonic cell DNA repair in animal studies [100] important because the rapidly-
dividing and proliferating intestinal epithelial cells are prone to DNA damage that could
influence the aforementioned cellular processes [12]. It has also been shown to modulate
signal transduction pathways [101] and increase cancerous cell death by upregulating
expression of the apoptytic Wnt pathway [102]. Further, a dose-dependent decrease in
survival of human colon adenocarcinoma cells in vitro has been described [103]. In
summary, butyrate may act as a histone acetylation promoter in healthy colonocytes and a
histone deacetylation inhibitor in cancerous colonocytes, provide DNA repair induction
properties, and upregulate apoptosis in cancerous colonocytes.

2.3.3 Metabolic disease

Prebiotics have been investigated as therapeutics for metabolic diseases, including
diabetes and obesity. Lifestyle changes, including consuming more dietary prebiotics (such
as RS), have been associated with improved outcomes for metabolic disease. In diabetes
(both types I and 11), hyperglycaemia, or increased blood sugar levels, is a daily issue for
those affected by the disease, and can lead to systemic tissue toxicity [12]. Factors that
influence glycaemic levels include decreased insulin sensitivity, obesity, and attenuated
postprandial glucose response [12].

Resistant starch can provide host-protective effects against diabetic symptoms
because of its low glycaemic index, and it has been shown that consuming foods with high
RS content results in lower postprandial glucose concentrations and insulin response
compared to eating foods with normal starches [104-107]. Compared even to regular dietary
fibre, RS has been shown to have a more pronounced effect on glucoregulation for obese

prediabetic adults [108]. The RSs have also been shown to lower blood glucose, total
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cholesterol, and triglyceride levels in diabetic rats, with lower blood glucose levels the result
of genetic upregulation of glycogen synthesis and downregulation of gluconeogenesis, and
lower total cholesterol and triglyceride levels the result of genetic upregulation of lipid
oxidation and cholesterol homeostasis [109]. Conflicting results do exist, however: a 12-
week randomized controlled trial on RS supplementation to prediabetic adults showed no
significant improvement to glycaemic control [110].

Weight control is also an area of focus for researchers looking at host-protective
effects of RS. Increased dietary fibre intake is associated with increased satiety and lowered
body mass index (BMI) [111], factors that can influence food consumption. Because RS
shares many similarities with dietary fibre, it may aid in weight management in similar ways.
Replacement of easily digestible starch with RS lowers the caloric density of foods, a factor
associated with increased satiety and weight loss [112]. In humans, increased subjective
satiety through dietary RS enrichment has been shown [113-116]; however, other studies
describe no change in subjective satiety but quantitative decreases in energy intake [107] and
glucagon-like peptide (GLP)-1, a satiety-influencing hormone [117]. A quantitative
assessment found that RS-enriched diets associate with increased secretion of GLP-1 and
peptide tyrosine (PYYY; another satiety-influencing hormone) in rats [112]. In mice, RS
effectively ameliorated weight regain in rodents at a rate comparable to exercise, with the
regained weight being composed of relatively leaner mass [118].

2.3.4 Differential responses to RS forms

Investigation of RS effects on the gut microbiome in vivo describe variable responses
to different RS forms. In pig models, RS2 was shown to increase nutrient flow and cause
increased levels of Bifidobacterium [119] and cause selective proliferation of Bacillus, a

bacteria genus containing species associated with positive immune-stimulating effects [120].
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However, experimental data in humans has shown that SCFA production after RS2
supplementation varies wildly between people [121]. This may be explained by in vitro data
showing that Ruminococcus bromii is a prominent metaboliser of RS2 in single cultures and
stimulates RS2 and RS3 metabolism in co-cultures with other species surrounding it [87].
Different sources of RS3 have also been shown to cause differential SCFA production in
single cultures [122], underscoring the importance of knowing exactly what the composition
of an RS source is. It is important to note, however, that these latter conclusions on single
and co-cultures have not been examined in a microbiome capacity, to which ex vivo
experimentation provides a proxy for in vivo microbiome conditions.

24 MICROBIOME METAPROTEOMICS

Biochemical processes taking place in the human gut microbiome are difficult to
analyse because of the multi-species complexity of organisms within this community. Before
the advent of meta-omics approaches using massive parallel sequencing capabilities of recent
technologies, researchers relied on culture-based studies to investigate the “post-genomic”
content of microbiomes [22, 123]. Culture-based techniques suffer from analytical pitfalls
when assessing microbiomes, such as enrichment bias, where standard techniques select for
easily-culturable organisms that may not accurately represent human gut microbiome
taxonomic structure [123].

Metaproteomics, a term first coined by Rodriguez-Valera to describe abundantly-
expressed proteins in environmental samples of microbiological communities [124], is a set
of techniques that can capture protein expression in a microbial community through mass
spectrometry and bioinformatics. Bottom-up metaproteomics, where protein isolates are
proteolytically digested and fractionated into peptides before mass spectrometry analysis, is

an established method for complex microbial community analysis. “Shotgun”
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metaproteomics couples high-performance liquid chromatography (HPLC) — a method that
fractionates peptides by physical and chemical characteristics — to mass spectrometry in a
high-throughput manner [21, 125]. Its methodologies can be separated into distinct
workflows of sample preparation, peptide fractionation, mass spectrometry, and
bioinformatic data analysis [22].

Preparing microbiome samples for bottom-up metaproteomic analysis first involves
lysis of microbes to isolate their protein content. While single microbe cultures can be lysed
relatively easily, differences between bacterial strains, such as gram-positive and gram-
negative cell membranes, confound pan-microbiome cell lysis [126]. Recent refinements to
lysis techniques for microbiomes have increased protein yield and identification, such as
mechanical disruption methods (bead-beating, ultrasonication) [127] and differential
centrifugation of cell components for protein isolation post-lysis [128]. Isolated proteins
from microbiome samples must then undergo digestion to produce peptides, often done
through tryptic enzymatic cleavage of peptide bonds. This digestion differentiates bottom-up
metaproteomics from “top-down’ metaproteomics, which maintains whole undigested
proteins until their fragmentation into ions during mass spectrometry analysis [129].

Regardless of bottom-up or top-down workflows, prepared peptide (or protein)
samples undergo a fractionation procedure to separate the sample mixture by hydrophobicity
and charge. As mentioned before, in the case of shotgun techniques, this fractionation takes
place through HPLC, although other methods exist to fractionate peptides or proteins based
on physical or chemical characteristics. Fractionated peptide (or protein) mixtures then enter
a mass spectrometer. In tandem mass spectrometry, proteins/peptides are ionized using an
ion source such as an electrospray ionizer (ESI) or matrix-assisted laser desorption/ionization

(MALDI) machine. In metaproteomics experiments, ESI is commonly used as it produces a
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plurality of ion charge states that can aid in high-mass protein measurement and produce ion
fragments that are more easily identifiable than MALDI ions [130]. Fragmented ions are then
subjected to two rounds of mass spectrometry selection. In the first round (termed MS1), ions
originating from the ion source (termed precursor ions) are separated by their mass-to-charge
ratio, or m/z, using an electric field in a mass analyzer, such as an Orbitrap [131]. Once
selected, a precursor ion undergoes fragmentation into peptide fragments: in bottom-up
approaches, collision-induced dissociation (CID) or higher-energy collisional dissociation
(HCD) are commonly used for this purpose [132], with electron-transfer dissociation (ETD)
used for top-down proteomics because of its improved performance for longer peptide chains
compared to CID [133]. These MS1-selected, fragmented peptide ions are then subjected to
another round of analysis (MS2), where their m/z values are detected in real-time as spectra
and stored in a computer system.

Bioinformatics approaches are used to identify and quantify proteins from mass
spectrometry-derived spectral data. In bottom-up approaches, peptide identification takes
place with either database search or de novo techniques. Database search for peptide
sequences requires a protein sequence database that covers expected proteins from a
biological sample. In the case of microbiome metaproteomics, the choice of protein sequence
database can drastically influence peptide identification performance; this is because of the
sequence complexity of a microbiome sample spanning many different microbes, the fact
that many of the species present in a microbiome have poor or no sequence coverage in
public databases, and that sequences in databases are biased toward easily-culturable, and,
therefore, sequenceable species [134, 135].

One method of protein sequence database generation is through metagenomic

sequencing of the original microbiome samples, producing a genetic catalog that can be
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extrapolated in silico to generate expected protein sequences. While this method is in theory
ideal for protein database construction as sample-specific data is used, genomic sequencing
and assembly errors may lower such a database’s coverage of experimentally-derived peptide
or protein sequences [126]. Another method involves using publicly-available sequence
databases as a basis for in silico protein sequence construction, such as the integrated gene
catalog (IGC) [136] and UniProt [137]; however, the size of public databases such as these
makes false-positive peptide-sequence matches (PSMs) more likely because of its large, non-
specific search space [126]. To address this false-positive identification problem, Zhang et
al. developed MetaPro-1Q [138], an iterative database search method for metaproteomics.
MetaPro-1Q uses a multi-step process to reduce the search space of a reference database
through false discovery rate (FDR) filtering, providing greatly increased search performance
for metaproteomic peptide identification and quantification.

2.5 LINEAR PROGRAMMING

In metaproteomics of the human gut microbiome (or any other complex multi-species
microbiological sample), the clear majority of peptide sequences found through a label-free
tandem-MS experiment will match to multiple protein sequences within a sequence database.
In turn, when attempting phylogenetic analyses using these metaproteomics peptide data,
these “shared” peptides present a major problem because their non-specific phylogenetic
assignment introduces taxonomic ambiguity — if a single peptide sequence can be matched to
more than one possible protein (which themselves can map to more than one bacterial
species) then a phylogenetic assignment of that peptide becomes unclear at some taxonomic
level. An unhelpful pattern develops from this: as one traverses the levels of a sample’s
bacterial phylogenetic tree from phyla to species, there will be less and less definite

taxonomic identifications coming from peptide identifications. Metaproteomics relies on
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these peptide identifications to build as complete a picture of the microbiome as possible, so
this “shared peptide problem” acts as a compounding limitation to both functional (protein-
level) and structural (taxonomic-level) analyses of microbiome metaproteomics data.

Identification of non-redundant or “unique” peptides can serve as a proxy for relative
abundances of the whole sample’s taxa, as the proportionality of real present taxa should
follow the distribution of unique peptides amongst those taxa. MetaPro-1Q [138], a
bioinformatics tool developed by members of the Figeys Lab, assigns phylogenetic
relationships to positive peptide identifications, and is used in this project. The MetaPro-1Q
results assign a phylogenetic resolution for a given peptide, and, for shared peptides, this
resolution will only go as far “down” the phylogenetic tree as the lowest common ancestor
(LCA) of its assigned species. This presents ambiguity when attempting to distribute shared
peptide intensity (abundance) values amongst bacterial species.

Naive solutions to this peptide distribution problem do exist. One could remove
shared peptides from consideration in the experiment, although this reduces the total amount
of peptides significantly. One could duplicate the intensity value across all species that match
to this peptide, but this increases the total peptide intensity relative to the number of
duplication candidate species. A more nuanced method is required: in this thesis, a method is
developed for linear optimization of shared peptide intensity values amongst the putative
species in a microbiome sample.

2.6 SUMMARY

A metaproteomic lens provides significant analytical power to evaluate the potential
modulating effects of three forms of resistant starch (RS2/RS3/RS4) on gut microbiome
communities. Implementation of a bioanalytical assay incorporating metaproteomic analyses

will provides a base on which further bioinformatics investigations can be performed.
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This thesis project uses a metaproteomics and bioinformatics lens to investigate the
microbiome-modulating effects of resistant starches and address the shared peptide
problem through algorithmic and statistical methods. In relation to resistant starch, I
hypothesize that: (1) microbiome biochemical pathway expression will change between
different bacterial operational taxonomic units (OTUs) and under different prebiotic
conditions, and that (2) RS forms will affect microbiome bacterial taxonomic distribution. In
relation to the shared peptide problem, | hypothesize that (3) a linear programming and
statistical approach can provide a more accurate distribution for ambiguous peptide
abundances, which can lead to changes in functional and structural interpretations of
microbiome metaproteomics data.

To address these hypotheses, | have completed an ex vivo screening protocol of
human gut microbiome samples using RapidAIM (Rapid Analysis of Individual
Microbiome), a high-throughput bioanalytical assay with metaproteomic MS data as its
result. The goals of this project are to identify and quantify bacterial proteins from gut
microbiome samples under different prebiotic conditions, and to design and implement
algorithms that identify biochemical pathways a given prebiotic treatment affects and
distinguish those bacteria that are driving metabolism at differential levels. The findings of
this research show modulating effects of prebiotics — in particular, RS — on gut microbial
communities: microbiomes encountering RS display concerted taxonomic shifts, general and
specific functional modulations linked to these taxonomic changes, and a significantly-
variable pathway expression profile for host-beneficial microbiome processes. Further, the
peptide-species linear optimization procedure demonstrates how naive approaches to the

shared-peptide problem greatly skew downstream taxonomic and functional analyses in
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metaproteomics experiments, marking an important consideration for microbiome studies
seeking to resolve taxon-specific alterations.

3 METHODS

3.1 PREBIOTICS SAMPLE SELECTION

The prebiotics used in this project will be RS2/RS3/RS4, with the inulin-type
prebiotic fructooligosaccharide (FOS) acting as a positive control. The FOS is considered to
be the preeminent prebiotic, with the weight of evidence supporting its positive function
[139-141]. Negative controls will be samples not encountering any prebiotic compound.

Four commercial samples of RS compounds were obtained:

RS2 - Hi Maize 260 [Ingredion, Inc., Westchester, IL, USA] — 60% RS2

RS3 - Novelose 330 [Ingredion, Inc., Westchester, IL, USA] — 28-38% RS3

RS4 - Fibersym RW [MGP Ingredients, Atchison, KS, USA] — 85% RS4

FOS - Orafti P95 [BENEO, Inc., Parsippany, NJ, USA] — 93.2-97.5% FOS

These specific compounds have been cited in previous literature on microbiome
responses (RS2 and RS3 in [87, 142, 143]; RS4 in [143]; FOS in [144-146]). The purity of
all of these samples was determined by the manufacturers using AOAC method 991.43
[147]. The RS1 and RS5 samples were not obtained. Literature examining RS1/RS5 in an
experimental context was also not found during literature review.

3.2 CULTURING, PREBIOTIC TREATMENT, AND SAMPLE PREPARATION

Human stool samples provide a close characterization of the in vivo gut microbiome.
Human fecal samples were treated with the RS2/RS3/RS4/FOS samples through ex vivo
culturing of their bacteria. This was done through the Figeys lab-developed RapidAIM
procedure (Genome Canada/Ontario Genomics Grant #9408), a high-throughput
bioanalytical assay testing for the effects of compounds on a microbiome with
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metaproteomics data as its result. Figure 1 gives a general overview of the procedure used in

the thesis project to generate mass spectrometry metaproteomics samples.
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Figure 3.1. Overview of procedure to generate metaproteomics mass spectrometry
samples of gut microbiomes from human fecal samples.
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3.2.1 Microbiome sample selection and collection

In total, ten stool samples were collected, and six were chosen as final samples for the
thesis project (four were excluded because of sample discontinuity or changes in protocol).
The Figeys lab has a human feces collection protocol in place (#2016-0585-01H) that is
authorised through the University of Ottawa's Ottawa Health Science Network Research
Ethics Board. These samples serve as the source of microbiome material for the thesis
project.

The collection protocol is as follows: First, potential participants contact the research
coordinator to volunteer, and a meeting is set up where the details of the study is discussed.
Each potential participant is designated a number to blind researchers from sample identity.
On the day of collection, the participant is given a kit containing a 50 mL BD Falcon™ tube
containing 12.5 mL of pre-reduced PBS [311-010-CL,; Fisher Scientific, Fair Lawn, NJ,
USA] (had been placed in an anaerobic chamber 24 hours before collection) and 0.0125 g of
L-cysteine [C7352; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (0.1% w/v; added
just before sample collection), a sheet of plastic wrap that will be placed over a toilet seat,
and a sterile spoon with which to collect the stool sample and place in the 50 mL tube. Once
a participant has collected their stool sample, the kit is returned to researchers.

3.2.2 Anaerobic culturing

Each participant's stool sample was cultured in 20 separate tubes: four technical
replicates for each of the five different treatment conditions (RS2, RS3, RS4, FOS, and
water), with an in-solution stool concentration of 2% wi/v. Once collected (as described
above), each human fecal sample was weighed to determine if enough fecal matter was

collected to reach the 2% w/v inoculation concentration.
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In each culture tube, 4 mL of a basic nutrient and salt medium was added prior to
stool inoculation. This medium consisted of peptone water [70179; Sigma-Aldrich Canada
Co., Oakville, ON, Canada] (0.2 g; 0.2% w/v), yeast extract [212750; BD Biosciences,
Sparks, MD, USA] (0.2 g; 0.2% w/v), monopotassium phosphate [P5655; Sigma-Aldrich
Canada Co., Oakville, ON, Canada] (0.045 g; 0.045% w/v), dipotassium phosphate
[PX1570-1; EMD Millipore Canada Ltd., Etobicoke, ON, Canada] (0.045 g; 0.045% w/v),
sodium hydroxide [S8045; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (0.09 g;
0.09% w/v), sodium bicarbonate [SX0320-3; EMD Millipore Canada Ltd., Etobicoke, ON,
Canada] (0.4 g; 0.4% w/v), magnesium sulphate heptahydrate [230391; Sigma-Aldrich
Canada Co., Oakville, ON, Canada] (0.009 g; 0.009% w/v), calcium chloride [CX0156-1,;
EMD Millipore Canada Ltd., Etobicoke, ON, Canada] (0.009 g; 0.009% w/v), bile salts
[48305; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (0.05 g; 0.05% w/v), Tween 80
[P1754; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (200 pL; 0.2% v/v), and distilled
water (~90 mL). This ~100 mL solution was scaled to account for the total number of
samples, autoclaved, corrected to pH ~7, and placed in an anaerobic chamber for 24 hours.

Previous literature involving microbiome responses to prebiotics using fecal slurries
state sample inoculations with a 1% w/v prebiotic concentration [144, 148]; this
concentration was used for this project’s culture samples. 0.04 g (1% w/v) of RS/FOS was
added to each corresponding culture tube. Fecal samples (in the 50 mL BD Falcon tube, with
12.5 mL PBS and 0.0125 g L-cysteine) were vortex mixed and strained through a cloth gauze
to remove solids. The resulting fecal slurry was then added to each culture tube at an amount
necessary to reach 2% wi/v inoculation concentration. Culture tubes were then placed on a

shaking platform (300 rpm) inside the anaerobic chamber at room temperature for 24 hours.
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3.2.3 Cell washing

A cell washing procedure was then followed. Culture sample tubes were taken out of
the anaerobic chamber and centrifuged for five minutes (300g/4°C), their supernatants
decanted to 15 mL BD Falcon™ tubes, then centrifuged again at the same settings. This was
repeated three times to collect all supernatant.

For each sample, 2.0 mL of supernatant was then added to a 2.0 mL Axygen® tube,
then all tubes were centrifuged for 20 minutes (14,000g/4°C). This produced a bacterial
pellet from bacteria in the supernatant. Each tube’s supernatant was then removed so that
only the bacterial pellet remained. The bacterial pellet was then washed three times (wash:
added 1.5 mL PBS, vortexed, then centrifuged for 20 minutes (14,000g/4°C)).

3.2.4 Celllysis

A cell lysis procedure was then followed. 200 pL of a lysis buffer (10 mL recipe:
urea [U5128; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (3.8 g, 38% w/v); 20%
SDS [L3771; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (2 mL, 20% v/v); 1M Tris-
HCI [C4706; Sigma-Aldrich Canada Co., Oakville, ON, Canada] (0.5 mL, 5% v/v); ddH20
(4 mL, 40% v/v); PhosSTOP™ tablet [4906837001; Sigma-Aldrich Canada Co., Oakville,
ON, Canada] (one tablet); cOmplete mini™ [4693124001; ; Sigma-Aldrich Canada Co.,
Oakville, ON, Canada] (one tablet)) was added to each sample culture tube. Each sample was
then ultrasonicated (25% amplitude) for 30 seconds, placed on ice for 30 seconds, then
ultrasonicated again (same setting) for 30 seconds. Sample tubes were then centrifuged for
10 minutes (16,0009/8°C). Supernatants were transferred to new 2.0 mL Axygen® tubes,
then 1 mL of a -20°C pre-chilled precipitation solution was added (50% v/v acetone [A949-

4; Fisher Scientific, Fair Lawn, NJ, USA]; 50% v/v ethanol [1009; Commercial Alcohols,
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Tiverton, ON, Canada]; 0.1% v/v acetic acid [A38-212; Fisher Scientific, Fair Lawn, NJ,
USA]). Proteins in samples were then precipitated overnight at -20°C.

3.2.5 Isolated protein sample preparation

A protein washing procedure was then followed. Samples were centrifuged for 25
minutes (16,0009/4°C), then supernatants were removed. The following was repeated three
times: 1 mL of cold (-20°C) acetone was added to each tube, then tubes were placed in an
ultrasonic bath to resuspend the proteins in solution, samples were centrifuged for 10 minutes
(16,0009/4°C), then supernatant removed through a vacuum suction tip in a fume hood. This
resolved a washed protein pellet in each tube.

An in-solution protein digestion procedure was then followed. Samples were re-
suspended in 100 pL of ABC buffer (10 mL recipe: urea, 3.6 g, 36% w/v; 1M ABC [113164;
EMD Millipore Canada Ltd., Etobicoke, ON, Canada] (Stock soln., 0.5 mL, 5% v/v); dH20
(7 mL, 70% v/v)). Then, a DC™ assay [Bio-Rad Laboratories, Mississauga, ON, Canada]
was performed to determine protein content in each sample tube. Once complete, 50 pg of
protein from each sample was aliquoted into new 2.0 mL Axygen® tubes for in-solution
digestion, with the remainder stored at -20°C. 2 pL of DTT (Cleland’s reagent) [43815;
Sigma-Aldrich Canada Co., Oakville, ON, Canada] was added to each tube, then tubes were
mixed on for 30 minutes on an Eppendorf Thermomixer C (800 rpm/56°C). 2 pL of IAA
(iodoacetamide) [11149; Sigma-Aldrich Canada Co., Oakville, ON, Canada] was then added
to each sample, and tubes were placed in darkness for 40 minutes. 4 pL of a trypsin solution
containing 1 pg trypsin [T1426; Sigma-Aldrich Canada Co., Oakville, ON, Canada]
(lyophilized trypsin, 50 pg, 25% wi/v; 200 uL 50 mM ABC) was added to each tube, then

tubes were incubated on an Eppendorf Thermomixer C (800 rpm/37°C) for 24 hours.
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A desalting procedure was then followed. Elution columns were made from 20 pL
pipette tips with their tip end sliced off using a razor blade. 50 pL of a C18 bead
[ReproSil120 C18-AQ; Dr. Maisch GmbH, Ammerbuch-Entringen, DE] solution (500 mg
C18 beads, 5 mL acetonitrile [34851; Sigma-Aldrich Canada Co., Oakville, ON, Canada])
was added to each tip, acting as the stationary phase for elution of proteins. C18 beads in the
elution tips were activated (200 pL of acetonitrile added to each tip, then centrifuged for 2
minutes (200g, room temp.)) then equilibrated (200 pL 0.1% v/v formic acid [FO507; Sigma-
Aldrich Canada Co., Oakville, ON, Canada] added to each tip, then centrifuged for 2 minutes
(200g, room temp.)). Samples were then acidified to pH ~2-3 using 5% v/v formic acid and
loaded into elution columns (centrifuged as before) until all of sample was added. Elution
columns were then washed by adding 200 pL 0.1% v/v formic acid and centrifuging as
before until all wash solution had eluted through column. Finally, an elution solution (260
pL of 80% v/v acetonitrile and 20% v/v of a 0.1% v/v formic acid solution) was added to
each elution column whose elutant was collected in new sample tubes after centrifugation for
two minutes (100g/room temp.).

3.2.6 Mass spectrometry

All samples were then placed in a Speed-Vac [Savant™ SPD131DDA SpeedVac™
Concentrator; Thermo-Fisher Scientific, Waltham, MA, USA] to evaporate supernatant.
After solubilizing samples with 50 pL 0.1% v/v formic acid, samples were vortex mixed and
2 UL of each was placed in a 96-well MS plate. All samples were run on an Orbitrap Elite™
Hybrid lon Trap Mass Spectrometer [Thermo-Fisher Scientific, Waltham, MA, USA] with a
four-hour gradient, and spectral data was collected as .RAW files.

Metaproteomics MS analysis allows for protein identification and quantification and

serves as a basis for identifying biochemical pathways that are differentially expressed.
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The following computational tools will distinguish bacteria that have increased or
decreased activity relative to the community and will illuminate differential metabolic
profiles between bacterial species microbiome compositions across prebiotic treatments.

4 RESULTS

4.1 CERBERUS
411 Outline

Gleaning important information from mass spectrometry data involves a massive
amount of data analysis and organization. In metaproteomics experiments, this process
requires a deep understanding and application of biological, statistical, and bioinformatics
concepts. Researchers in the -omics space look to software implementations that streamline
the process of data organization and visualization to save time and for ease of use. Examples
of software packages for -omics workflows are iMetalLab [149], MetaboAnalyst [150],
Perseus [151], and Pathview [152]. While each software package contains several exclusive
features, an -omics project may require synthesis of results from one or more software
packages or workflows, and even involve outside programming or scripting to streamline and
automate data analysis. For example, a limitation of iMetaLab is that it cannot process
MaxQuant output created through a different program as its design as a pipeline requires
.RAW files as inputs. Perseus, MetaboAnalyst, and Pathview are built to be broad analysis
pipelines with varying functions, and their designs necessitate that they can handle input files
that may not originate from a microbiome metaproteomics experiment. Further, these
software (excluding iMetalLab) do not perform the initial database search procedure for
.RAW files, requiring this processing be done by some other software package.

A metaproteomics experiment using tandem-MS/MS workflows produces mass
spectrometry data in the form of .RAW spectra files. In the thesis project, and others like it,
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one .RAW file is produced for each replicate or sample in the experiment. For large projects
involving many samples, the size and complexity of MS-generated data becomes very large:
for example, the total size of the .RAW files generated in the thesis project amounts to over
130 GB of data. Needless to say, gleaning functional and taxonomic information from these
data would take an incredible amount of time if it was not for the utility of computer
programs and algorithms to automate data cleaning, data sorting, statistics, and
visualizations.

To this end, Cerberus, a software package, was developed to analyze data generated
in the thesis project and can be extended to other metaproteomics projects if given proper
databases. Cerberus is a Python 3.6 [153] and R >3.5.0 [154] software package that sits at the
interface between iMetalLab database search outputs from .RAW files and downstream
analyses. For large metaproteomics datasets that hold a large amount of sample data,
Cerberus allows researchers to do initial database search processing using iMetal ab, take the
iMetaLab output files, and then perform a range of statistical analyses and visualizations —
along with linear programming analyses. Cerberus is so hamed because it integrates
processes from three established software packages — iMetalab, PathviewR, and
MetaboAnalystR — and Cerberus is a mythical three-headed dog (and the name of a Figeys
lab member’s own dog as well).

The focuses of the thesis project are to describe resistant starch-mediated functional
and taxonomic shifts experienced by human gut microbiomes, as well as addressing the
shared-peptide problem that influences taxonomic and functional analyses of metaproteomics
data. Parlaying these focuses into Cerberus lead to its development as an integrative

workflow software package, taking out the legwork and tediousness of organizing mass
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spectrometry data for statistics and visualization generation. Cerberus has been deposited on
GitHub (https://github.com/jackrrryan/uolab).

4.1.2 Dataimport, processing, and annotation

Figure 4.1 outlines a general workflow utilizing Cerberus for metaproteomics data
analysis.

The Figeys lab-developed software suite iMetalLab [149] performs a crucial first step
as it produces outputs that serve as inputs for Cerberus. iMetaLab imports .RAW files,
constructs sample-specific peptide spectra search databases, and outputs a set of result files
including peptide, protein, and taxonomic abundance assessments.

Figure 4.2 outlines the data inputs and outputs of Cerberus’s functional and
taxonomic analyses. Cerberus inputs two files produced by iMetalab: proteinGroups.txt and
Metalab_taxonomy.xlsx. proteinGroups.txt organizes peptide-protein assignment information
into table rows or “proteinGroups”, with each proteinGroup containing one or more
“proteinIDs” (UniProt [137] protein identifier codes), based on the peptides that were
identified in the experiment. This file also contains all sample-specific proteinGroup
intensities (proxy for abundance) for each sample in the experiment. Metalab_taxonomy.xlIsx
is an Excel spreadsheet file whose two sheets can be converted into .csv files, making them
easier to read by software programs. Both sheets contain taxonomic abundance assignments
for every taxonomic level that was found in any sample (based on mappings done by
Metalab between peptide sequences and specific taxa), with one sheet containing taxa with
at least one peptide assignment and the other containing taxa with at least three peptide
assignments. Taken together, proteinGroups.txt and Metalab_taxonomy.xIsx represent a
basis for deeper taxonomic and functional analyses using Cerberus.

The first step for Cerberus is pre-processing of proteinGroups and taxonomic
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Figure 4.1. Overview of Cerberus, and of the bioinformatics workflow that Cerberus
inhabits.
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abundance data into internal data structures. Comparisons between treatment conditions
make up the bulk of Cerberus’s functions, and data pre-processing involves organizing
proteinGroups.txt and Metalab_taxonomy.xlIsx into pandas [155] data structures holding all
groups’ intensity and taxonomy data for experimental samples present in these files.

The KEGG ortholog functional annotation database [156] is used in Cerberus for
functional annotations. Its data is organized into a hierarchical directed graph with nodes at
four levels (defined as L1, L2, L3, and L4 in this thesis). This structure provides a
hierarchical and logical organization of functional divisions: L4 nodes (or leaves) represent
specific enzymes and their orthologs such as glucose-6-phosphate isomerase (KEGG L4 ID:
K01810); L3 nodes (internal) represent biochemical pathways such as
Glycolysis/Gluconeogenesis (KEGG L3 ID: ko00010); L2 nodes represent groupings of
biochemical pathways, such as Carbohydrate Metabolism (KEGG L2 ID: 09101); and L1
nodes represent general functional groupings, such as Metabolism (KEGG L1 ID: 09100; the
parent node of Carbohydrate Metabolism). L1, L2, and L3 can be considered a traditional
tree with descending nodes representing increasing specificity of functional groupings. L4
nodes can have more than one L3 parent node (inbound edges), as an enzyme may be
involved in multiple biochemical pathways. A webpage-based KEGG ortholog ID hierarchy
viewer is provided at https://www.genome.jp/kegg-bin/get_htext#AL.

Taxonomic annotations are done through Metalab-sourced proteinlD-taxa mapping
database files (pro2taxa_homo.csv or pro2taxa_mouse.csv, depending on the experiment’s
source organism). Functional annotations are done through KEGG GhostK OALA-generated
database files containing proteinlD-functional mappings [157] (KEGG-proteinlD-human.csv
or KEGG-proteinlD-mouse.csv, depending on the experiment’s source organism).

GhostKOALA maps UniProt proteinlDs to L4 KEGG IDs, completing the final annotation
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link to be able to functionally describe proteinlDs found through peptide database searches in
a metaproteomics experiment.

Each proteinGroup has a collection of proteinlDs, which themselves share a set of
peptide assignments. To annotate a proteinGroup with a KEGG functional mapping, each
proteinlD’s KEGG L4 annotations are retrieved, and the set union of all proteinID’s KEGG
L4s is calculated. This KEGG L4 set is then assigned to the proteinGroup and represents its
functional mapping. For taxonomic annotation, a proteinGroup’s proteinlDs are assessed
from most-confident to least confident, and if a proteinID has a taxonomic annotation, it is
assigned to the whole proteinGroup.

Once annotation is complete, Cerberus builds a Q-filtered association dataset, where
each treatment group’s proteinGroups are compared with every other treatment group to
determine which proteinGroups are common between and exclusive to treatment groups.
Consider an experiment with five treatment groups (e.g. control and 12-, 24-, 36-, and 48-
hour incubations), and each treatment group contains five technical replicates (in total, 25
samples between all treatment groups). Cerberus finds the union set and exclusive sets of
proteinGroups for each combination of treatment groups (in this example, sC2 = 10 possible
treatment group combinations).

Then, Q-filtering is performed on these associated proteinGroups. Since
metaproteomic datasets commonly consist of a range of samples originating from multiple
individual organisms and multiple treatment conditions, there exists a hierarchical sample
organization that becomes useful in a filtering procedure. As such, Cerberus takes
hierarchical sample organizations into account. There are two modes for Q-filtering: one for
cases where treatment groups have more than four replicates and one where treatment groups

have less than four replicates.
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Figure 4.2. A closer look at Cerberus’s functional and taxonomic analysis workflow.
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In the former case, the process is as follows:

For a given treatment group comparison between groups A and B, proteinGroups
belonging to the set A U B with a non-zero intensity in at least 50% of technical
replicates are kept (Q50 filtering), and for the A- and B-exclusive sets, only
proteinGroups that have a non-zero intensity in at least 80% of technical replicates
are kept (Q80 filtering).

For the latter case, the process takes place on individual treatment groups, and is as
follows:

Let T be the set of all treatment groups from all organisms. For a given proteinGroup
g in the set of all proteinGroups G, find the subset Ty of T composed of treatment
groups that have a non-zero intensity for g in >50% of their technical replicates. Next,
let Tn be treatment groups in T that are not in Tg but have at least one technical
replicate with a non-zero intensity for G. For each treatment group r in Tn, check how
many of r’s organism’s other treatment groups have at least one replicate with a non-
zero intensity for G. If this count is >50%, then add r to the final set Te (Tr also
contains Tg). Next, go through each treatment group association; for a given treatment
group comparison between groups A and B, find all proteinGroups that are in A and B
and that are in Tp.

Two experiment-specific compressed database files are the result of this pre-
processing step: associationdict.p, which holds all proteinGroup associations between
treatment groups, and proteindict.p, which holds taxonomic and functional annotation
information for all proteinGroups. Further, a set of files known as master-files hold this
filtering and association information and are saved in .csv format for easy viewing by the

user.
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Cerberus then performs data transformation and imputation using a few different

protocols. Users can select no data transformation or imputation, or a combination of one

transformation technique and one imputation technique. For transformation, data can be

scaled by sum or mean. These transform methods are as follows:

Sample vector S = {s1, ..., Sk, ... Sn}
find sum(k) for each sample k in S, assign to vector Ssum

find max(Ssum)

1 k
calculate scale factor vector S¢ = {26 _sum(sk) & _sum(n) o
max(Ssum) max(Ssum) max(Ssum)

multiply values in each sample in the proteinGroups table by each sample’s
scaled factor in Sc

replace ‘sum’ with ‘mean’ for mean transformation.

Imputation can take place through several methods:

apply the minimum non-zero value to all zero values in the proteinGroup table.
apply the minimum non-zero value multiplied by a random number in the range
[0.99,1.01] to all zero values in the proteinGroups table.

Do a sequential KNN (k-nearest neighbours) imputation to the proteinGroups
table.

This transformed and imputed proteinGroups table is used for further analyses in Cerberus.

The next step for Cerberus is a proteinGroup filtering procedure to find and retain

statistically-significantly-changing proteinGroups between treatment conditions. Another set

of files are produced for each treatment group combination, where the shared set of proteins

between two treatment groups undergo a further PLSDA (partial least squares discriminant

analysis) -VIP (variable importance in projection) filtering step. Cerberus interfaces with

MetaboAnalystR [150], an R package that provides statistical and visualization outputs, to

perform this step. PLSDA is a feature selection procedure that finds a linear regression

model and features of statistical importance for categorical data [158]. In these experiments,
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features can be considered as proteinGroups. A VIP coefficient is calculated for each feature,
with large VIP coefficients (greater than one) assigned to features that provide the most
explanatory power for the predictive PLS model; in metaproteomics analyses, these features
are proteinGroups that explain the most variability between treatment groups. VIP
coefficients provide a valuable means of filtering group comparison data so that only the
most “important” (VIP > 1) proteinGroups remain and limits a treatment group comparison’s
shared proteinGroup dataset to those proteinGroups that exhibit a great degree of variability
between treatment groups in the context of those treatment groups’ data.

Once PLSDA-VIP filtering is complete, the proteinGroup data can be considered split
into two meta-groups: unfiltered, where PLSDA-VIP filtering does not take place, and
PLSDA-log2, where proteinGroup intensity data is logz-transformed before running PLSDA-
VIP filtering. Each meta-group contains a full output of taxa-/function-annotated treatment
group association files, and Cerberus maintains internal data structures holding all this
information as well. Along with these proteinGroup datasets, the Metalab taxa file data also
persist in Cerberus’s data structures, and parallel PLSDA-VIP-filtered association datasets
are also produced for use in figure generation.

4.1.3 Figure generation

Cerberus uses these datasets to generate figures. On runtime, the user supplies a text
file containing specifications for figure generation. As every experiment is different, it is
impossible for Cerberus to infer what treatment groups are controls (or samples) from
experiment sample names, and what treatment group comparisons the user wants to include
in various figures. To address this issue, the options file allows the user to define exactly
what treatment groups and comparisons to analyze, removing this responsibility from

Cerberus. The options file contains a list of headers corresponding to different figures, sub-
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headers corresponding to different “runs”, and line-separated strings corresponding to
individual group comparisons. A correctly formatted options file gives Cerberus necessary
information to be able to generate tailored figures from the following five categories.

4.1.3.1 Taxa PLSDA-VIP Hierarchical clustering plots

Taxonomic data from the 1-peptide and 3-peptide MetalL ab taxa files are sample-
scaled at the phylum, genus, and species levels. Scaling is done individually on samples: a
sample’s sum of all present taxa at phylum, genus, and species levels are calculated, all
values at that level are divided by this sum, and this value is then multiplied by the number
of different taxa for that level. This data table is then broken into treatment group
comparisons (as described before), undergoes PLSDA-VIP filtering (taxa with a VIP
coefficient < 1 are filtered out), and is submitted to MetaboAnalystR through an R script.
MetaboAnalystR outputs a hierarchical clustering plot displaying treatment sample and
taxonomic clusters using the Ward clustering algorithm [159] and a Euclidean distance
measure.

4.1.3.2 Taxonomic and functional (KEGG) assignment bar-charts

Once annotation is complete, a bar-chart is generated for each of phyla-, genus-, and
species-level taxonomic assignments. The Python Matplotlib software package [160] is used
to plot these data, and the unfiltered Metal ab taxa file data is used for these figures. After
proteinGroup annotation has taken place, KEGG L2 and L3 functional annotations for all
proteinGroups are displayed as bar-charts. For each sample in the experiment, Cerberus takes
all proteinGroup data and sums the intensities of those proteinGroups that are annotated with
a given L3 or L2 KEGG (depending on the bar-chart being generated). This creates a
summary data structure holding the summed intensity of each L3 and L2 KEGG, then used to

plot the bar-charts.
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4.1.3.3 Principal components analysis (PCA) plots

MetaboAnalystR includes a function that takes in a .csv file of features and outputs a
PCA plot given those features’ treatment groupings. Users can specify “meta-groups”,
combining multiple treatment groups into one group containing all pertaining samples.
Cerberus logz-transforms all proteinGroup intensity data and runs this function, producing
PCA plots as .png image files.

4.1.3.4 Taxa/Pathway t-test heatmaps

These heatmaps display an overview of relationships existing between
taxonomically- and functionally-annotated proteinGroup data. Figure 4 outlines the process
of assigning data and creating these figures.

Taxa annotations at the phylum- and genus-levels are considered. As described in
Figure 4, the filtering and calculation process is done for every taxa/L3 KEGG pathway
combination, but Cerberus selects subsets of KEGG L3 pathways to display on the heatmap
figures together. This is done for clarity and for focusing the figures on specific functions.
The subsets of KEGG L3 pathways are called “pathway groups”, and their member KEGG
L3 pathways share a similar over-arching function, such as “Amino Acid Metabolism” or
“Lipid Metabolism”.

The t-statistics and p-values for all taxa/pathway comparisons are saved to Cerberus’s
data structure, and p-value < 0.05 values are plotted as coloured squares on a heatmap. There
are two modes for this plotting function: multi-comparison displays a set of results for a list
of user-defined treatment group comparisons, useful for comparing multiple samples versus
some control; and pathwaygroups generates one figure for a single treatment group
comparison and contains all “pathway groups” defined in Cerberus, useful for providing a

broad biochemical pathway and taxonomic summary of a single treatment group’s response
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Figure 4.3. Overview of t-test heatmap figure generation.

This shows the process of isolating vectors describing some treatment groups A and B’s
proteinGroups that have been annotated with taxa « and L3 KEGG node X. Panel A shows a
condensed example of the KEGG ortholog database’s quasi-tree structure. KEGG levels are
shown on the right, along with an example of how L4 KEGG nodes can be connected
through inbound edges to L3 KEGG nodes (see L4 KEGG nodes C and D). Panel B shows a
toy data table with taxa and L4 KEGG annotations. Panel C shows the same data table after it
has had proteinGroups (rows) removed that do not have both a taxon and KEGG annotation.
Panel D shows the same table after it has had all proteinGroups removed that do not match
taxa «. Panel E shows the process of summing the three remaining protein groups together:
they all have been annotated with L4 KEGGs (nodes A and D) whose parent node is L3
KEGG node X, as well as all being annotated with taxa .. A Welch’s t-test is performed on
group A versus group B’s vector values using the SciPy ttest ind function [161], and its t-
statistic is displayed as a coloured box corresponding to taxa « and L3 KEGG node X in the
heatmap figure. Panel F shows a subsection of an example heatmap figure. This process is
done for every taxa/L3 KEGG pathway combination to produce a matrix heatmap.
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versus a single control. For each mode, two figures are generated, one where p-value > 0.05
values are displayed as black squares, and one where p-value > 0.05 values are displayed as
white squares. This is done so that a user can determine which taxa-pathway comparisons did
have proteinGroups that matched to them but did not have a significant t-test result.

4.1.3.5 Pathview figures

Pathview [152] is an R software package that integrates KEGG functional mappings
into KEGG L3 biochemical pathway visualizations, allowing for intuitive overviews of
KEGG functional expression levels between treatment groups. Cerberus interfaces with
Pathview through an R script, handing it prepared data files for treatment group comparisons.
Pathview imports a pathway-specific .png file and .xml file to run its figure generation. The
.png file acts as a template for Pathview to colour, and the .xml file holds L4 KEGG
mappings and colour locations. The .png and .xml files originates from the KEGG database
online portal and Pathview either downloads it at runtime through a file transfer protocol
(FTP) request or imported directly to Pathview from a local directory. Cerberus holds all
pathway .png and .xml files in a local directory, eliminating FTP running time that would
otherwise slow the automated Pathview figure generation to a crawl.

The data files Cerberus generates for Pathview are composed in a similar fashion to
the taxa-pathway t-test data, except taxa annotations do not factor into the filtering
procedure. This results in a table where rows are L4 KEGG IDs, columns are the two
treatment groups for a given comparison, and bins are the mean of the sum of proteinGroup
intensities that are annotated for that row’s L4 KEGG ID.

Figure 4.4 shows an example of the differences between single-comparison and
multi-comparison Pathview figures. Rectangular boxes represent enzymes mapped to the L4

KEGG IDs shown inside them. Cerberus uses a database file with a list of L4 KEGG IDs
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Figure 4.4. Examples of Cerberus’s PathviewR integration for KEGG pathway maps.
Panel A displays a dummy data table and its Pathview figure for a single treatment group
comparison (e.g. 12-hour incubation vs. control). Panel B shows the same pathway subset as
Panel A with an example output for a multi-comparison Pathview figure using the dummy
data in the lower table.
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deemed diagnostic for each pathway’s activity, and these specific L4 KEGG IDs can be
considered a subset of all L4 KEGG IDs displayed on an empty Pathview figure.
Green/grey/red boxes denote the colourbar-mapped value of a fold-change calculation
between the two treatment groups in the comparison, blue boxes represent enzymes that map
to KEGG L4 IDs without any proteinGroup annotations in that treatment group comparison,
and black boxes represent enzymes that either are not present in the KEGG ortholog database
or are not diagnostic for activity in the displayed pathway. In multi-comparison Pathview
figures, each KEGG rectangle box is “sliced” into even-width segments corresponding to the
value for a column in the input data file. This allows for the fold-change values from
multiple comparisons (e.g. control vs. 12-hour incubation, control vs. 24-hour incubation,
control vs. 36-hour incubation, etc.) to be displayed side-by-side in the same KEGG
rectangle box, making it easier for viewers to discern variable expression patterns between
treatment group comparisons.

Cerberus uses the unfiltered and log2-PLSDA-VIP datasets as the data source for
these Pathview figures.

4.1.4 Linear programming
4.1.4.1 Formulation

Cerberus includes a collection of functions to execute a linear programming (LP)
approach, addressing the shared-peptide problem present in metaproteomics mass
spectrometry experiments. Inspired by the work of He et al. [162], its goal is assigning a
parsimonious shared peptide intensity distribution amongst constituent bacterial species with
respect to all other peptide measurements obtained in the experiment.

The LP algorithm's objective function is as follows:
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min Z ‘. 4.1

Where D is the matrix holding all intensity values for all n peptides vs. all possible
bacterial species given shared peptides' phylogenetic resolution, and t is the maximum
peptide intensity value for the kth bacterial species' vector dk. The goal of the objective
function is to minimize the sum of the maximum values for all individual bacterial species
and optimizes for the fact that bacteria with the greatest intensities for unique peptides will
gather most of the shared peptide abundances.

Constraints for this LP algorithm are as follows:

Vj:bj — z =0 4.2

k|(yj,zk)EE

Where yj is the jth peptide, zk is the kth bacterial species, and E is the set of edges
from a graph G={V,E} with V representing vertexes assigned to all peptides and all species.
In this way, D can be considered the adjacency matrix of a bipartite graph G which connects
peptide “vertices” (a subset of V) to bacterial species vertices (another subset of V) through
edges E. This constraint forces the sum of intensity values for a given peptide's species to
equal the total intensity value of the peptide measured by mass spectrometry in the
experiment.

Further,

ik dy <t 4.3

constrains any matrix bin djk's intensity value to be less than its species vector dk's
maximum intensity value (tx).

Finally,
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Vj, k: dj {= 0 if (y.z) € E 4.4
' >0 else

asserts that matrix bins representing unmatched species and peptides must be 0, and
greater than or equal to 0 otherwise (matched peptides and species). In other words, peptide
sequences that are not known to be expressed by a given bacterial species, will have a 0 entry
in D for that bacterial species.
4.1.4.2 Rationale

This LP formulation carries the rationale that bacterial species with large unique
peptide intensities are likely to receive large distributions of shared peptide intensities. In
other words, “the rich get richer” — the more peptides a bacterial species is associated with,
the more it is likely to have shared peptides associated with it versus other species associated
with few peptides.

For instance, consider the following toy example matrix:

o [? - - = =

Dik=j |2 - 2 — 2
Ll- - - 72 - 45
Jj3 L— ? ? ? —

In 4.5, four peptides (rows j) and five bacterial species (columns k) are organized,
where ones represent possible peptide assignments and zeros represent where there can be no
match between a peptide and a species. Consider species column ko: peptides jo and ji can
possibly assign a share of their individual intensities to this species. In this toy example, let
peptide jo’s intensity be 100, and peptide ji’s intensity be 110. Note that peptide jo is a unique
peptide — it has a single specific species assignment — so the linear objective will place all its

intensity value (100) into the Do,o matrix bin:
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Jo 100 —
j ? — ?
D. = ].1 . .
Tk J2 — — —
I3 — ? ?
max 100 ? ?

?
?
?

— 4.6
?

If we were only to consider this information, then to (species ko’s maximum peptide

intensity value) will simply be the intensity value of peptide jo. Because the objective

function is attempting to minimize the sum of each column’s maximum value, the linear

formulation incentivizes giving the majority of peptide ji’s intensity (which is a shared

peptide between species ko, k2, and ka) to bin D1,0 in such a way that bin D1,0’s value does not

exceed bin Do,o’s value. A possible state of this matrix given this incentivization could be

this:
ke ki Kk
Jo 100 — —
Dy = ].1 90 — 10
J2 — - -
J3 - ? ?
max 100 ? 10

O Y|

— 4.7
10

D1.0gets 90/110 out of peptide j1’s intensity, and the maximum value of column Ko

remains 100. Ultimately, this is what the linear solver wants to achieve — a minimization of

each column’s maximum value. Consider extrapolating these concepts to the rest of the

matrix, and this majority-share pattern makes sense for other peptides in this situation: for

example, a similar association exists between peptides j2 (unique) and js (shared). In this

sense, bacterial species with evidence of their existence (unique peptides) will garner a larger

share of shared peptides’ abundance.
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4.1.4.3 Validation

The LP model uses peptide/taxonomy information supplied through iMetalab and
MaxQuant to parsimoniously distribute peptide abundances amongst bacterial species that a
given sample may possess. However, there is no “gold standard” for this model in a
metaproteomics context since we do not actually know the proportion of each bacterial
species in the analyzed samples and the amount each contribute to the measurement of a
peptide. The lack of a gold standard for this LP model presents a pitfall for its analysis and
usefulness. To address this, a focus of this facet of the thesis project has been to develop
validation procedures to determine the LP procedure’s performance against simulated
conditions.

The LP validation procedure starts with a representative peptide intensity/taxonomic
identification dataset. These data are organized into a table like that shown in equation 4.5,
called Dv. Along with this table, a vector | contains all the peptide intensity values measured
during the representative experiment, a vector P contains the list of peptides in Dv (rows in
the table), and a vector S contains “species abundance” values, which can be interpreted as
the sum of all peptide intensities assigned to that species.

Next, a set of rules is applied to the dataset so that the validation procedure mimics
biological realities of running metaproteomics tandem-MS/MS experiments. There are two

problems to consider here:

Subset-species problem: Consider all of the possible mappings between a sample’s
experimentally detected peptides and their possible assignments to protein sequences
extrapolated from a bacterial genomic database. Any microbiome sample that undergoes

mass spectrometry will only contain a subset of these mappings — many of mapped
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species do not actually exist in the sample, yet non-existent species are still considered
because sub-sequences of their proteins map to experimentally-determined peptides. This
is a by-product of spectral database search performance and the species/protein sequence
coverage of sequence databases, and the protein-centric nature of metaproteomics
experiments. Even in the case of very well optimized peptide/species matrices, there will
be species that could receive a share of a peptide’s abundance after LP optimization, even
though that species does not exist in the sample.

Peptide-error problem: a tandem-MS/MS instrument has some element of uncertainty in
its measurements. This results in experimental peptide intensity values deviating from
their actual abundance in the sample by some factor. Accounting for this deviation is
critical when using these raw peptide intensity values as the basis for their expression

distributions across their putatively constituent species.

The LP validation procedure must account for these two problems.

The validation procedure supplies some information to Dv, P, and S before running,
as described here:

To address the subset-species problem, randomly sampled peptide intensity values
from vector | are assigned to vector S, giving putative species a proxy abundance value —
however, only a subset of species in S are given randomly sampled values. Determining
which species receive a randomly-sampled value is done by calculating the amount r of
“definite” species from S (species that have at least one unique peptide assignment), then
randomly choosing r species from S (called Sr). For example, in equation 4.5, r = 2 (peptides
joand j2). All species which belonging to the set (S — Sr) receive a proxy abundance value of

0.
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Then, based on the proxy abundance values assigned to S, pre-LP peptide intensities
are calculated for P. Every peptide j has a set of species in S that it is assigned to (js). For any
peptide j in P, the sum of proxy abundance values in S that j matches to is calculated. This
gives a pre-LP peptide intensity to each peptide represented in Dv.

To address the peptide-error problem, each peptide’s intensity value is perturbed by a
factor € sampled from a V'(1, o) distribution. The value of o can change depending on the
validation procedure’s parameters. Each peptide intensity ji in P is multiplied by an
individually sampled € to generate ji’s perturbed peptide intensity je.

An LP iteration is run given the completed P vector with its perturbed peptide
intensity values.

After the LP iteration is completed, a Euclidean distance is calculated between each

peptide’s newly-distributed intensity values and values in S that each peptide corresponds to:

Vi€P:j, =

i 2
(o) -s)) 48
m

With S7 =S/, ..., S;, being the subset of species corresponding to some peptide j.

Steps 1-5 are then repeated using the same Dv for x iterations.

Measuring LP validation performance involves examining all jd to see how well the
LP procedure recapitulates the distribution of peptide intensity values based on the pre-
determined bacterial species abundances. A jd of 0 indicates a perfect match between
expected and observed LP values, with increasing jd indicating increasing magnitude of
match error. The thesis project benchmarks the two naive methods previously mentioned

above: naive-split and naive-duplicate. The naive-split dataset is composed by evenly
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splitting all individual peptide intensities from P amongst their constituent species in each
peptide j’s Sj, and the naive-duplicate dataset is composed by duplicating all individual
peptide intensities in the same fashion. It is worth nothing that while the LP algorithm is
described in the thesis project as distributing peptide intensity values across bacterial species,
it can be used to distribute values across any OTU level in a community’s taxonomy.

This algorithm has been implemented in Python 3.6 code as part of Cerberus and
contains major contributions from the PuLP package [163].

4.2 GENERAL EXPERIMENTAL RESULTS
4.2.1 Mass spectrometry quantification

The thesis project relied on a metaproteomic approach to characterize the functional
and taxonomic shifts that an ex vivo microbiome sample exhibits when exposed to different
types of resistant starch. Samples from six participants were co-cultured as described in
section 3.2. 116 .RAW files corresponding to technical replicates for treatment conditions
were produced through tandem-MS/MS and analyzed using MetalLab. 5,119,332 MS/MS
spectra were identified from these files, and a total of 80,297 peptides and 21,240
proteinGroups were identified using a false discovery rate (FDR) threshold of 1%. MetaL ab-
generated taxa files showed that 142 species with >= 3 peptide assignments (corresponding
to 79 genera and 16 phyla) were identified throughout all 116 evaluated samples.

Figure 4.5 shows an overview of the thesis project’s experimental results. Clustering
and component/coordinate decomposition approaches are used to describe high-level
relationships and differences between experimental samples. Cerberus (interfacing with
MetaboAnalyst) was used to generate principal component analysis (PCA) plots, and The R

package vegan [164] was used to calculate and plot a principal coordinate analysis (PCoA)
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plot of Bray-Curtis dissimilarities as well as run an analysis of similarities (ANOSIM) of
species abundances between all samples in the dataset.

The experimental data shows close clustering amongst samples originating from the
same participant, as seen in Figure 4.5 panels C (PCA plot), D (Bray-Curtis PCoA plot), and
E (hierarchical clustering plot). Panels C and D display clear clustering of each participant’s
treatment samples from proteinGroup intensity and Bray-Curtis dissimilarity scores,
respectively, regardless of the treatment each sample was subjected to. These data were then

run through a principal coordinate analysis (PCoA) in R. The ANOSIM R value was 0.9262
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Figure 4.5. Overview of the thesis project’s experimental data.

Panel A describes the experimental sample division and organization. Panel B displays the
quantities of MS/MS spectra, identified peptides, and identified proteinGroups in the
experiment. Panel C shows a principal coordinate analysis (PCoA) plot of Bray-Curtis
dissimilarities between samples, coloured by participant. Panel D shows a principal
component analysis (PCA) plot of the first two components for the experimental dataset
(FOS [positive control] samples are not shown as their components lie far outside of the rest
of the samples’ components, making the plot hard to read). Panel E shows a hierarchical
clustering plot (Euclidean distance measure, Ward clustering algorithm) of all samples’
proteinGroup intensities (FOS samples removed).
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(p = 0.001), suggesting a high degree of similarity between samples originating from the
same individual (as opposed to similarity between samples originating from different
individuals). Panel E reinforces this pattern, with visible “blocks” of proteinGroup intensities
appearing in corresponding columns for each participant. When these analyses are done on
treatment group divisions as opposed to participant group divisions, there does not appear to
be any distinct clustering pattern in PCA or hierarchical clustering plots (see figure 4.6
below). Taken together, these results suggest the existence of expression “enterotypes”
specific to individual participants, where differences between individuals’ microbiome
composition/expression account for far more variation than ex vivo co-culturing with RS
types.

4.2.2 Resistant starch-mediated microbiome shifts

The hypotheses of the thesis project regarding RS-microbiome interactions are that
(1) microbiome biochemical pathway expression will change between different bacterial
operational taxonomic units (OTUs) and under different prebiotic conditions, and that (2) RS
forms will affect microbiome bacterial taxonomic distribution. To address these, several
statistical analyses and visualizations were performed using Cerberus.

Figure 4.6 displays PCA plots of log2-transformed proteinGroup intensity data. As
previously mentioned, the figures as a whole show a clear clustering of samples amongst
their participant label, demarcating “enterotypes” that, in this principal component
decomposition, show that inter-sample variability is much more dependent on the participant
that the sample originated from rather than the treatment the sample was exposed to. When
the same PCA results are coloured according to the treatment condition that each sample was
exposed to (top-right), the plot shows no discernable clustering. In the middle- and bottom-

row plots, variability between samples corresponding to treatment conditions can be seen.
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Figure 4.6. PCA plots of log2-transformed and Q-filtered proteinGroup intensity data.
Each point represents a single sample from the overall experiment. In the top row, points are
coloured by membership to participants (panels A and B) and treatment conditions (panel C).
Plots in the middle and bottom rows (panels D-I) contain only samples from their labelled
participant (top-left corner of each plot). Points are coloured by membership to treatment
conditions. In all plots, coloured ellipses correspond to two-sigma confidence areas for all
points belonging to a participant. FOS samples have been removed from each plot in this
figure as their samples lie far away from the other treatment groups’ samples in component
space and obscure differences between the other treatment groups.
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For participants 1,2,3, and 4, there appears to be little discernable difference between
treatment groups, save for some defined separation between RS3’s samples (dark blue) and
control (H20; red). This suggests that for these participants, RS treatments did not lead to
large differences in overall proteinGroup expression patterns. In participants 6’s and 7’s data,
treatment groups resolve to defined clusters in principal component space, suggesting a
participant-specific RS effect on proteinGroup expression in these two individuals.

While PCAs provide a broad overview of sample variation through a decomposition
procedure and broadcasting to a component space, specific functional differences between
treatment conditions in participant sample groups are not picked up by the PCA procedure.
These differences include biochemical pathway enrichment variations at the treatment
condition and participant levels and require further analytic and visualization techniques.
4.2.2.1 Functional shifts

Functional changes between treatment groups were assessed using Cerberus-
generated visualizations. Figure 4.7 gives an overview of functional mappings for each
sample in the total experiment. In this figure, FOS samples have a visible functional output
difference when compared to other treatment groups from the same participant, regardless of
which participant the samples originated from. The majority of FOS samples’ functional
variation relative to other treatment groups stems from enhanced expression of proteins
annotated for pyruvate metabolism pathways (bottom panel of figure 4.7, dark blue bar
sections at bottom). Since FOS samples were used as positive controls in the RapidAIM
experiment and their functional profile differs significantly enough from negative control
(H20), these results confirm it as a working positive control for microbiome shifts.

Functional information for the entire microbiome’s protein expression data gives a

broad view of differences between treatment groups. To establish more specific functional
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Figure 4.7. Overview of KEGG functional mappings for each participants’ treatment

groups’ samples.
Top panel shows KEGG L2 functional mappings, and bottom panel shows KEGG L3
functional mappings. Functional abundance data was scaled across all samples for

comparison purposes.
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changes at the pathway and enzyme level, PathviewR figures were produced using Cerberus.
These PathviewR figures were used to build the major portion (panel (c)) of figure 4.8,
which displays functional enrichment differences for SCFA producing pathways, related
reactions, and the butyrate pathway specifically. These data show a few significant trends
related to SCFA production and biochemical pathways that feed into them. First, different
RS have different taxa-function profiles related to butyrate production (panels (a)). In all RS,
bacteria belonging to the Firmicutes phylum show the most variability regarding this set of
KEGG L3 pathways, with proteinGroup activity appearing balanced relative to negative
control (H20) as shown by the same-size green and red semicircles in the Firmicutes row.
However, there does appear to be an RS-specific shift in taxa-function linked expression for
these SCFA pathways, shown clearly in the Bacteroidetes phylum rows. RS2-related
Bacteroidetes functional profiles parallel the balance shown in RS2-related Firmicutes
function, but RS3 and RS4 results show that Bacteroidetes bacteria are much more up-
regulated and down-regulated (respectively) for SCFA-related function relative to control.
The data presented in figure 4.8C consists of an aggregation of enzyme-level outputs
from five PathviewR figures (Butanoate (Butyrate) Metabolism; Arginine and Proline
Metabolism; Alanine, Aspartate, and Glutamate Metabolism; Glycolysis / Gluconeogenesis;
and Pyruvate Metabolism), generated through Cerberus. All RS sources show an
upregulation trend for major portions of pathways integral to butyrate production. This is
apparent in the metabolism of early butyrate precursors, shown in reactions converting
pyruvate through precursors acetyl-CoA, acetoacetyl-CoA, B-hydroxybutyryl-CoA, and
crotonyl-CoA. These upregulated enzymes are an expected result as RS-encountering
microbiome bacteria will have readily available 5- and 6-carbon sugars to use for this

metabolic process (among others). Interestingly, the final direct conversion step of butyryl-
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Figure 4.8. Analysis of SCFA-linked biochemical pathways in the context of the whole
microbiome and specific taxa.

(a) Taxon-function distribution of proteinGroups responding to RS2, RS3, and RS4 through

their assignment to KEGG L3 pathway IDs related to SCFA production. Responding

proteinGroups were selected using a partial least squares discriminant analysis (PLS-DA) of

treatment group comparisons for all participant datasets, with only those proteinGroups
having a VIP score > 1 (significantly different relative to control) being considered. Data is

relative to negative control (H20). The radius of each semi-circle corresponds to the number

of significantly changing proteinGroups with a positive (green) or negative (red) logz-fold-
change relative to control. (b) Phyla-level shifts in SCFA-related functional activities
(KEGG L3 pathways). The origin of these data is the same as the data used in A. The
percentages of the total numbers of up- or down-regulated proteinGroups corresponding to
each KEGG L3 pathway are shown as coloured blocks on either side of the median line
(0%), and a color legend is displayed at the bottom-right of the figure. (c) Effects of RS2,
RS3, and RS4 treatment on enzyme expression levels relative to negative control (H20) for
enzymes involved in butyrate (butanoate) metabolism. Arrow color represents bidirectional
or unidirectional enzyme function. In each matrix, rows of boxes represent treatment
condition (RS2, RS3, or RS4), and columns of boxes represent participants. Box color
represents logz-fold change of the sum of PLSDA-VIP > 1 proteinGroups annotated for a
KEGG L4 ortholog of a given enzyme (E.C. numbers shown).
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CoA to butyrate (E.C. 2.8.3.8, butyryl CoA:acetate CoA transferase) shows a clear down-
regulation of activity for all RS compounds relative to control. Instead, butyryl-CoA
conversion to butyrate through the intermediate butyryl phosphate (catalyzed by E.C.#s
2.3.1.19 and 2.7.2.7) shows varying up- and down-regulation relative to control across
different RS treatments and different participants. Despite these two enzymes not showing a
clear upregulation trend in most participant/treatment pairs, these data strongly suggest that
these RS-responding microbiomes are significantly shifting expression of enzymes involved
in the last step of butyrate production.

4.2.2.2 Taxonomic shifts

Taxonomic variation between samples was captured from iMetaLab and Cerberus
through visualization procedures. Figure 4.9 outlines the overall taxonomic variability
present between samples, participants, and treatment conditions in the thesis experiment.
This visualization uses taxonomic abundance data that has been mean-transformed and
scaled to fit in the [0,1] range (0% to 100% of total abundance). In this figure, there is a great
deal of taxonomic variability between participants and less variability between treatment
conditions, similar to the pattern shown by functional changes in figure 4.8. Each
participant’s FOS samples also appear to be more taxonomically variable relative to each
participant’s other treatment groups, further confirming it as a positive control in this
experiment.

While RS treatment group replicates do display differences relative to H20 in figure
4.9, the degree to which RS alters taxonomic profile is overshadowed by phylum, genus, and
species profiles intrinsic to each participant’s microbiome. This trend is further displayed in
figure 4.10. Bray-Curtis and Jaccard dissimilarity matrices were constructed using the

Python 3.6 package skbio [165], some of whose functions are integrated into Cerberus. These
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Figure 4.9. Overview of taxonomic mappings for each participants’ treatment groups’
samples.
Taxonomic abundance data was scaled across all samples for comparison purposes.
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Figure 4.10. Principal Coordinate Analysis (PCoA) plots of Bray-Curtis and Jaccard
dissimilarity matrices generated from comparisons between genus- and species-level
abundances for all samples in the total experiment.

Plots display PC 1, 2, and 3 decompositions, with comparisons between PCs shown on the
faces of the three-dimensional plots (see the axis labels on each plot for the specific PC
comparison displayed on that face). Points (samples) are coloured according to the
participant (above the black line) or treatment (below the black line) they belong to.
Coloured ellipses on faces show the two-sigma confidence interval for each participants’ or
treatments’ samples in that PC comparison. Points with black outlines demarcate the
position of each sample in the three-dimensional coordinate space.
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dissimilarity matrices were then transformed through a principal coordinate analysis (PCoA)
procedure, and the three resulting latent features were projected onto axes displayed in this
figure. PCoA analyses using these distance metrics resolve similar structures from the
iMetalab taxonomic dataset. When considering the participant that each sample originates
from, both Bray-Curtis and Jaccard distances show that samples cluster among their shared
participant in the first three PCoA features at both the genus- and species-level. When
samples are grouped by their shared treatment, this clustering largely disappears, except for
some discernable differences shown in the FOS-treated samples (dark red color in the bottom
four plots). Taken together, these taxonomic results affirm that inter-microbiome variability
plays a much larger role than treatment condition in shaping the bacterial profile of each
sample.

A number of bacterial species have been noted in literature as being involved in RS
degradation and SCFA production [71-73, 75, 82, 83, 86, 166]. The iMetaLab taxonomic
output dataset was used as the source of overall abundance data, which was then scaled
(x/sum) and the logz-fold change in RS2, RS3, and RS4 samples vs. H20 samples was
calculated for a collection of species. Figure 4.11 displays logz-fold change values for
different divisions of data at the species level.

These data show a few trends. In particular, the species Eubacterium rectale,
Roseburia faecis, Butyrivibrio crossotus, and Butyricicoccus pullicaecorum have a logz-fold
change value of at least 1 (approximately double the abundance versus control) for at least
one RS compound when the species values of all samples from all participants are averaged.
These species also appear to follow a trend of upregulation at the participant level regardless
of RS treatment or participant (see heatmap panels at bottom of figure 4.11). Bacteroides

thetaiotaomicron shows a logz-fold change below -1 for RS3 and overall is negative for the
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Figure 4.11. log2-fold change values for scaled species-level abundances of SCFA-
producing species.

The bottom row of heatmaps shows log2-fold change of RS2/RS3/RS4 vs. negative control
(H20) for the mean of each participant’s treatment samples in each box. The top panel shows
log2-fold change for the mean of all participants’ treatment samples as bars and shows the
same values as the heatmap as coloured dots. Heatmap color range corresponds to the y-axis
of the top panel (green is positive, red is negative), maximum is +5 and minimum is -5. In
the top panel, log2-fold change values above 5 are displayed as dots at the “>5" y-axis tick,
and log2-fold change values below -5 are displayed as dots at the ‘<-5’ y-axis tick. In the
bottom panel, the same logic follows, with values outside of the [-5,5] range shown as deep
red or deep green, respectively. Log2-fold changes of 1 or -1 correspond to a doubling (or
halving) of the abundance of that species relative to control.
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other RS treatments, although this appears to be due to major negative values from two
participants’ (P3 and P7) samples skewing the overall fold change profile in the negative
direction. Other species such as Ruminococcus bromii, Roseburia inulinivorans, Butyrivirbio
fibrisolvens, Coprococcus catus, Bacteroides caccae, and Faecalibacterium prausnitzii show
a highly-variable abundance profile relative to control. Taken together, these data show that
the RapidAIM procedure captures species-level taxonomic shifts taking place in RS-treated
microbiome samples relative to control, with a number of species integral to SCFA
production displaying significant abundance changes when data from all participants and
each individual participant are considered.

4.3 LINEAR PROGRAMMING RESULTS

Overall, the linear programming strategy more accurately recovers the bacterial
species-shared peptide associations and their abundances than the naive approaches. For the
identified peptides, a file was generated to show all possible bacterial species that contain
proteins matching sub-sequences to the identified peptides. In effect, this file represents a
dataset of all possible peptide-to-species mappings based purely on sequence matching and
was used as the basis for peptide intensity redistribution through linear programming.

4.3.1 Post-optimization peptide redistribution

To calculate taxonomic and functional shifts, the dataset was split into three parallel
organizations: a dataset holding the post-LP-optimized peptide-species abundance
assignments; a dataset holding peptide-species abundance assignments that arise from the
naive-split method (a given peptide’s intensity is split evenly amongst the species that it can
possibly be assigned to); and a dataset holding peptide-species abundance assignments that
arise from the naive-duplicate method (a given peptide’s intensity is duplicated for the
species that it can possibly be assigned to).
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4.3.1.1 Taxonomic changes

Linear programming optimization of the peptide-species abundance assignments produces a
defined shift in the taxonomic characteristics of the dataset. Figure 4.12 shows an overview
of general taxonomic changes compared to naive peptide-species distribution approaches.
The naive approaches will necessarily assign some positive intensity value to all of a
peptide’s constituent species, dependent on the coverage of the sequence database being used
to generate peptide-species mappings. The subset-species problem is shown plainly through
these naive distribution results. Linear programming addresses the subset-species problem by
influencing the distribution of peptide intensities amongst species to be more parsimonious.
A division of peptide-species mappings are left with no value after linear programming,
making the summed intensities of some taxa equal to zero. This effect is shown clearly in the
right-side bar chart of figure 4.12, where both naive approaches have many more species
(bars) present than the linear programming approach does.

4.3.1.2 Functional changes

To determine functional shifts described by peptide abundances that arise from
peptide-species distribution through the LP procedure, an annotation dataset needed to be
constructed. Here, the protein sequence database used for peptide identification was filtered
to contain only protein sequences that an experiment’s peptides matched to. Peptides were
mapped to this subset of proteins. These proteins themselves were mapped to their taxonomic
LCA according to the same sequence database — in effect, the same as the linear
programming input dataset.

There are a few things to consider when performing functional analyses on these
data:

e A peptide can be mapped to multiple species.
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e Of these species, one or many will have received a share of the peptide’s intensity

after linear programming optimization.
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Figure 4.12. Taxonomic shifts as a result of linear programming optimization at three
different taxonomic levels (phylum-, genus-, and species-level).
Coloured bar blocks represent the relative abundance of an OTU at that taxonomic level.
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Further:

e A peptide can be mapped to multiple proteins.

e Proteins can be mapped to one, multiple, or no KEGG L4 IDs.

e Proteins can be mapped to one, multiple, or no taxa.
To form the taxa-function annotation dataset, these data must be constructed such that only
the KEGG L4 IDs corresponding to proteins that themselves map to species with an above-
zero intensity for a given peptide are considered.

Figure 4.13 displays the result of this taxa-functional mapping for the linear
programming output dataset. The results show that linear programming distribution of
peptide intensities amongst constituent species causes a defined shift in the functional
character of the metaproteomics dataset when compared to naive methods of peptide-species
distribution. This shift is most clearly seen in how the logz-fold change between linear
programming results and naive-split results (left panel of figure 4.13) shows relative
decreases (red) or complete absence of values (black) in most of the found taxa-function
mappings. It is important to note, however, that the linear programming procedure also
managed to assign peptide intensities to species that, when abstracted to taxa-functional
mappings as shown in this figure, produced a relative increase in taxa-linked functional
intensity, denoted by the sparse light-blue boxes in the top-left corner of figure 4.13’s far-left
panel.

4.3.2 Validation results

Assessing the performance of the LP optimization procedure falls on the validation
protocols described in the methods section (specifically 4.1.4.3, Validation).
Figure 4.14 shows an overview of the validation results for one sample. The

validation procedure’s & factor adds a level of randomness to each peptide intensity value. It
86



post-linear programming

Bagleraides

Prevolefia

Holdenanella
b

Megam

Day

eiitioi
Hungatal

-15 -10 -5 0 5 10 15
log,fold-change(Zintensity ./ Zintensity

naive—split)

naive-split naive-duplicate 30
22.5
=
‘B
&
15 €
ot
o)
kel
—7.5
0

87



Figure 4.13. Post-linear programming peptide distribution results mapped onto genus-
level taxonomy and KEGG L3 pathways IDs.

Top box shows logz-fold change values comparing post-linear programming summed
intensities vs. naive-split summed intensities. The value in each box represents the logz-fold
change of the sum of all peptides that map to that KEGG L3 ID/genus for post-LP vs. naive-
split. Bottom boxes show the logz2-summed intensity for peptides corresponding to genera
mapped to KEGG L3 IDs. Left-side are results for the naive-split dataset, and right side are
results for the naive-duplicate dataset.
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Figure 4.14. Histogram of Euclidean distances calculated from linear programming
validation results of one sample, run over 1000 iterations, using ¢ factors of 0 (top row)
and 0.01 (bottom row).
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is selected from a V' (1, o) distribution whose o value remains the same for all iterations in a
validation run, meaning that the sampling range for € does not change, however & still is
random for each peptide intensity value in each iteration. & accounts for stochasticity in the
experiment that produced the peptide intensity values, and its different values’ effect on the
validation results are used as a benchmark for how the validation procedure reacts to initial
parameters, and, further, how those parameters fit the pre-assigned species abundances after
all validation iterations are complete. The Dv matrix holds all possible peptide-species pairs,
and a peptide’s set of possible species is based purely on the underlying database’s coverage
of taxonomically-linked protein sequences, meaning that for any peptide in Dv, there may
(and most likely will) be many mapped species that are not present in the sample but
nonetheless can receive some share of intensity values after optimization has completed. The
S vector of pre-assigned species abundances will not change throughout all iterations of the
validation procedure, and the actual optimization procedure is agnostic of S during its run.
Therefore, increasing values of o can be interpreted as giving the validation procedure an
increasing ability to produce an optimized Dv matrix holding peptide-species vectors that fit
S’s species abundance values.

Given this interpretation, figure 4.13 shows two results.

First, a validation procedure where o is 0 means that all £ values will be 1 and no
peptide intensities will change from their original values in any iteration, yet regardless of
this model rigidity, LP resolves more perfect peptide intensity distributions than either of the
naive-split or naive-duplicate approaches. Further, when LP arrives at a solution for a
peptide’s intensity distribution that is not perfect — there is a Euclidean distance above 0 — the

degree of that error is less that the degree of error in either of the naive approaches (see the
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left-side tail of each distribution in the histograms). When the ¢ value is 0.01 (results shown
in second row of histograms in figure 4.8), an element of randomness is introduced into the
validation procedure’s initial conditions as described before; the results show that the LP
procedure resolves more perfect peptide distributions and its degree of error is less than
either of the naive approaches. The LP degree of error also exhibits a somewhat bimodal
distribution, with a skewed clustering of incorrectly-distributed peptide intensities in the
lower range of histogram bins (d < 10). Taken together, these validation results show that LP
resolves more perfect peptide distributions amongst constituent species than both naive
approaches, and, further, when LP produces incorrect peptide distributions, it is wrong to a
lesser degree than either of the naive approaches.

5 DiscussION

In the thesis project, the Figeys lab-developed RapidAIM metaproteomics assay was
implemented as a procedure to describe functional and taxonomic changes present in
microbiomes encountering RS 2, 3, and 4. Further, the need for comprehensive and efficient
data analysis to investigate functional and taxonomic changes lead to the development of the
Cerberus software package. Lastly, a LP approach was developed, deployed, and validated to
address the shared-peptide problem in metaproteomics studies.

The thesis project looked at taxonomic and functional characteristics of microbiomes
exposed to RS 2/3/4 versus a negative control (H20). Through the RapidAIM procedure, a
massive dataset representing microbiomes from six individuals was collected, generated, and
analyzed.

When comparing logz-fold change values of SCFA-involved species in RS-treated
samples vs. control (Figure 4.11), many species exhibited a significant (>=1) relative

increase in abundance, suggesting their movement into new microbiome taxonomic niches as
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a result of RS treatment. These significantly-increasing species include: Butyricicoccus
pullicaecorum (a species tolerant to environmental variability and suggested as a probiotic
for IBD patients [167]), which showed a logz-fold change value above 2 for all three RS
types and showed the same profile in the majority of participants at the participant level
(heatmap in figure 4.11); Roseburia faecis and Eubacterium rectale, showing logz-fold
change values above 1 for RS2/RS3 (R. faecis) and RS3 (E. rectale) and the same positive
profile in the vast majority of participant-specific comparisons; and Butyrivibrio crossotus,
showing a logz-fold change above 1 for RS3-treated samples but highly-variable participant-
level responses (very high values for P1, P3, and P6, but very low values for P2). Two
Butyrivibrio species (crossotus and fibrisolvens) exhibited relative increases in abundance (to
a lesser degree — between 0 and 1) for all three RS types when all participants’ data are
considered, however there doesn’t appear to be a symmetrical participant-level up- or down-
trend for these species. Further, the species Ruminococcus bromii, Roseburia inulinivorans,
Coprococcus catus, Bacteroides caccae, and Faecalibacterium prausnitzii showed highly
variable responses to RS treatments in each participant that results in offsetting log2-fold
change values when all participant’s values are considered.

Taken together, these data show that many species, with literature supporting their
function as SCFA producers, expand into new microbiome taxonomic niches when exposed
to RS. However, there are some notable exceptions in these data: Ruminococcus bromii, a
species described as integral to SCFA production in the human gut microbiome [67, 72, 86,
87], showed very little change relative to control in all three RS types, and Bacteroides
thetaiotamicron, containing a sus-like glycan import system [68] and involved in cross-
feeding with Eubacterium rectale to produce SCFA cooperatively [75], displayed a large

negative change in abundance relative to control for all three RS types (opposite to
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Eubacterium rectale with increases in relative abundance). Based on these data, it is possible
that Eubacterium rectale is already exposed to enough RS cleavage products from overall
microbiome metabolism that Bacteroides thetaiotamicron may not need to participate in a
cross-feeding system with rectale, or the activity of thetaiotamicron as a primary RS
degrader for rectale may be independent of changes in its relative abundance within the
microbiome.

The common theme amongst all of these species-level abundance change profiles is
that inter-individual variability overwhelms treatment-specific responses for RS compounds.
This theme extends to other taxonomic- and functional-level analyses in this thesis project;
the phylum-, genus-, and species-level taxonomic profiles and PCoA projection plots in
figures 4.9 and 4.10 serve as evidence of this. At the phylum level, Firmicutes and
Bacteroidetes dominate in all samples, but Actinobacteria varies in its relative abundance,
with much higher shares in P1 and P2 compared to other participants (top panel, figure 4.9).
Further, P3 has a more even Firmicutes/Bacteroidetes split as a share of total abundance
compared to all other participants. Importantly, dramatic shifts do take place when samples
from any participant are subject to the FOS positive control, with a marked relative increase
in Actinobacteria abundance compared to other phyla. In all samples, phyla-level inter-
individual taxonomic variability translates to variability at lower taxonomic levels, such as
genus and species, with entire taxa appearing and disappearing based on each sample’s
originating individual. FOS’s variability relative to negative control in these microbiomes is
captured through the RapidAIM procedure regardless of sample source, and evidence
showing FOS-treated microbiome samples changing drastically gives a point of reference for
RS-treated samples, whose variability exists on a much smaller scale. The Bray-Curtis and

Jaccard distance PCoA projections shown in figure 4.10 support this participant-level
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taxonomic variability at the genus- and species-level, and the high overlap present in PCoAs
for treatment conditions reinforces the finding that inter-individual variability overpowers
inter-treatment variability in these microbiomes.

Considering inter-individual variability is therefore crucial when interpreting results
from multi-individual microbiome experiments where treatment conditions confer smaller-
scale changes. Human gut microbiome enterotypes have been suggested to be
geographically-, age-, diet-, and host-genetic-dependent [168], and bacterial species
associated with the gut microbiome undergo genome recombination at a rate 25 times higher
than other non-human ecological community isolates [169]; these features of microbiomes
further capture the scope of their inter-individual variability. While average values for all of
a participant’s data can be resolved and are useful in determining experiment-wide trends,
context is critical; multi-individual data pools serve as pieces that contribute to a snapshot of
microbiome complexity and add complexity to the process of drawing conclusions from
microbiome metaproteomics datasets.

Taxonomy informs function in the microbiome, but bacterial communities in
symbiosis must maintain their functional flux in response to changing environmental
conditions, such as RS treatment. Results from the thesis project show how, regardless of
participant and taxonomy, functional profiles remain similar when subjected to different
conditions (Figure 4.7). This functional homeostasis arises from taxonomic shifts as well as
horizontal gene transfer between bacteria [170]. Despite this, results from this project show
how defined responses to RS treatment can be gleaned from overall function as well as
functions linked to taxonomic shifts. Figure 4.8 exhibits how analyses focused on overall
microbiome protein output resolve enzyme- and pathway-level differences, and, further, how

the interplay between taxonomy and function modulates microbiome response.
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Different RS forms cause fluctuations in proteins associated with KEGG L3
pathways, and this variability is captured in panels A and B in figure 4.8. PLSDA VIP > 1
ProteinGroup intensities are assigned KEGG L4 annotations through Cerberus and database
search, and the summed KEGG L4 intensity is derived. KEGG L4s are then aggregated to
KEGG L3 pathways (Figure 4.8A). These data show that the majority of variable functional
activity emerges from Firmicutes and Bacteroidetes bacteria, and that different RS forms
produce different taxa-function-linked responses. RS3-treated samples have more
downregulated KEGG L4 IDs (red semi-circles) compared to upregulated KEGG L4 IDs
(green semi-circles) for Bacteroidetes proteins across KEGG L3 pathways involved in SCFA
production, while RS2- and RS4-responding Bacteroidetes display more up-regulation for
KEGG L4 IDs involved in SCFA production. This pattern can be seen in Figure 4.8B, where
KEGG L4 variability in Bacteroidetes trends down in RS3 and slightly up in RS2 and RS4.
Regardless of RS treatment, Firmicutes appears to stay balanced between upregulated and
downregulated KEGG L4s, suggesting that Bacteroidetes shifts its functional profile relative
to itself to a higher degree in response to RS forms than Firmicutes. Bacteroidetes species
have been described as major drivers of propanoate production in human gut microbiomes,
and Firmicutes species are associated with butyrate production overall [171]; in the context
of these data, there doesn’t appear to be a significant phylum-level trend towards either of
these relationships in RS-treated microbiome samples.

When considering treatment- and participant-specific functional enrichment, building
pathway maps like the one in panel C of figure 4.8 provides an intuitive and information-
dense visualization of enzyme-specific variability in specific biochemical pathways.
Analyzing biochemical pathways, especially in microbiome studies where functional data is

derived from thousands of different bacterial species in a community, digging into enzyme-
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level variability in response to compounds presents a high-resolution look at low-level
microbiome metabolism and is crucial for defining precise modulations. Results from the
thesis project show that enzymes involved in butyrate production are upregulated at many
precursor steps, and, interestingly, suggest that these RS-treated microbiomes preferentially
utilize a butyryl phosphate intermediate as a final precursor to butyrate instead of direct
conversion from butyryl-CoA to butyrate through the enzyme butyryl CoA:acetate CoA
transferase (E.C.# 2.8.3.8). Louis et al. (2017) describe how, in the microbiome, this last step
to butyrate production produces ATP through the butyryl-phosphate mechanism, but can also
conserve the energy of the CoA group on butyryl-CoA by transferring it to acetate, itself an
SCFA and a common substrate in the microbiome [171]. The authors also point to the
prevalence of CoA-transferase enzymes in the microbiome as a factor in its function, noting
that one microbiome species has 14 such enzymes encoded in its genome [172], and that
CoA transferases have been shown to be accepting of many different substrates. Data from
this project show a notable downregulation of CoA transferase activity at this final
conversion step, suggesting that these microbiomes prefer ATP production through butyryl-
phosphate conversion to CoA maintenance, possibly because of an abundance of CoA
produced through other metabolism, an increase in CoA transferase activity at other
metabolic reactions, or a forced downregulation of this specific CoA transferase activity in
order to produce ATP.

Interpretations of enzyme-level shifts in response to RS treatment must take into
account the experimentally-derived information on each enzyme and are dependent on a few
different factors. The KEGG database provides enzyme orthologues to KEGG L4 IDs
through KEGG ENZYME [173], an annotation database holding mappings between KO

(KEGG Ortholog) identifiers and Enzyme Commission (E.C.) numbers [174]. KO identifiers
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represent “functional orthologs in the context of [KEGG biochemical] pathway maps [and]
are also defined as [protein] sequence similarity groups”[173], all of which have been
experimentally characterized in literature. Their relationship is many-to-many: one KO can
correspond to multiple E.C.s, and multiple KOs can correspond to one E.C. The KEGG
PATHWAY database uses these KO-to-E.C. mappings to construct biochemical
relationships as reactions, and mappings from the KEGG PATHWAY database are what
PathviewR builds its pathway figures upon.

Since KO identifiers are by definition built on functional or sequence-based
orthologs, there exists three levels of abstraction from a MS-derived peptide identification to
an ultimate value assignment for a specific E.C. number. After proteinGroups are built
through MaxQuant (level 1), Cerberus’s annotation procedure assigns one or many KEGG
L4 IDs (KO identifiers) to each proteinGroup (level 2), and then, through the KEGG
ENZYME database, the proteinGroup’s KEGG L4 IDs are mapped to E.C. codes (level 3). In
this last level of abstraction, it cannot be determined whether a KEGG L4 ID-to-E.C.
mapping exists because of protein sequence similarity or functional similarity; nonetheless,
PathviewR performs this last step to produce a figure output. All of these steps rely on
accurate and robust databases that limit generalizations as much as possible. The problem
with a mapping and aggregation method such as this is that database limitations may force
mapping generalizations that are ambiguous in the context of the exact pathway, function,
and enzyme that catalyzes a reaction. An example of a generalization could be mapping a
KEGG L4 ID to an E.C. whose mapping set consists of up to hundreds of KEGG L4 IDs, as
many E.C.s describe “non-specific” enzyme functions that could be part of many different
pathways. In effect, this means that a peptide found in an experiment originating from a

specific bacterial protein expressed in a microbiome sample could ultimately have its
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intensity mapped to a vast array of proteinGroups, KEGG L4 IDs, and E.C.s, contributing its
intensity value to all of these levels of abstraction, and, in the context of PathviewR figures,
contribute its intensity value to enzymes in multiple KEGG pathways. Taken together, these
factors underscore the importance of good, well-annotated, and experimentally-validated
databases that limit generalization as much as possible, all of which are goals of the KEGG
project. As more experimental data is gathered and validated by the KEGG consortium,
improved generalization accuracy will be achieved and lead to increased resolution of
orthologous pathway mapping and functional enrichment analyses, especially for
microbiome studies.

In the thesis project, a linear optimization approach was developed to address the
shared-peptide problem present in metaproteomics studies. This problem manifests itself in
the data analysis stage of a metaproteomics experiment, where knowing the abundance of
peptides and proteins in a sample allows for derivation of bacterial abundance at different
taxa.

The peptide-/protein-to-taxa derivation step is often performed through aggregation
and mapping of the peptide sequences to a protein sequence database, whose data was either
gathered through a metagenomic experiment on the same microbiome sample or composed
of an amalgamation of many different metagenomic experiments to generate the most
taxonomic coverage possible using current techniques. An example of the latter is the
Integrated Gene Catalog (IGC) [136], the protein sequence database used by iMetalLab
analyses. The IGC is a combined database of 1,267 metagenomic sequenced microbiome
samples, with protein sequences extrapolated in silico from gene sequences. This database
provides both protein sequence information and taxonomic mapping to these proteins. When

bottom-up metaproteomic datasets are checked against the IGC protein database, each

99



peptide is assessed for sequence matches to each database protein, forming an experiment-
specific peptide-protein map.

This procedure streamlines proteomic abundance measurements through an implicit
assumption: that any species present in the experimental microbiome sample could be
present in the IGC, as the originating organism for both experimental microbiome samples
and IGC samples is the same (human) and taxon definitions from all 1,267 IGC datasets
combined together should cover a very broad range of taxa. However, pitfalls with using this
approach exist. Importantly, the IGC’s large database coverage means that there is an
increased possibility of false mappings between any experimental peptide sequence and any
IGC database protein sequence. This potentially causes situations where an experimental
peptide ends up being mapped to a set of proteins, some of which are not present in the
experimental sample, inserting more ambiguity into defining accurate taxonomic mappings
based on peptide measurements alone. The opposite problem may arise as well: despite IGC
taxonomic coverage, there may be bacterial taxa present in the experimental sample that are
not present in IGC, especially when doing species- or genus-level taxonomic assignments,
because of the required sequence resolution needed to confidently distinguish sequences
belonging to a given species or genus from another.

These pitfalls all stem from a common issue: the sequence database does not
originate from the same sample as the experimental peptide measurements. Addressing these
pitfalls during experimental analysis may involve using filtering procedures with arbitrarily
defined parameters. An example of this is when the taxonomic abundance profile of a
microbiome sample is inferred from its experimental peptide measurements. A table of
taxonomic abundances can be constructed by looking at each peptide measurement, mapping

its sequence to a database such as IGC, and summing the intensities of all peptides that have

100



been mapped to any given species’ proteins. To calculate the overall abundance of higher-
level taxa, such as genera and phyla, all the child node intensities of each taxa are summed
together. This creates a peptide intensity-based taxonomic tree structure for the experimental
sample. However, a researcher should be wary of having confidence in an aggregation
procedure such as this. Errors here can be broken into two categories: database-dependent
and microbiome-dependent. These error modes obscure real taxonomic abundance
measurements through metaproteomics procedures and will likely cause an over-assignment
of abundances to all taxa.

Database-dependent errors arise when a peptide is mapped to a set of species in a
sequence database, and a subset of those species are either not actually present in the
microbiome sample or do not express the peptide in the sample. If the procedure to define
taxonomic abundances described in the last paragraph is followed, it will result in a
taxonomic tree containing entries for taxa that do not exist, entries for taxa that do exist but
not at the abundance ascribed to it by the summing procedure, or, more likely, a mixture of
both scenarios. Microbiome-dependent errors arise when a peptide is mapped to a set of
species in a sequence database, but the subset of species that are actually responsible for
expressing the protein containing that peptide is undefined.

There a few naive methods to address peptide-species mapping ambiguity. One could
simply remove all shared peptides from consideration, leaving a dataset containing only
peptides unique to one species in the sequence database; however, this method removes a
majority of peptides found through mass spectrometry from consideration. In the thesis
project, two methods were applied: splitting peptide intensity measurements evenly amongst
each mapped species (naive-split datasets), or duplicating intensity measurements to each

mapped species (naive-duplicate datasets). On top of these two naive methods, a further
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filtering step can be performed, where the taxonomic tree is constructed to only contain
species that have n peptide mappings. Defining a value for n does present more problems,
however: low n values will be too permissive of multiplexed peptide-species mappings, and
high n values will be too restrictive and lead to true peptide-species mappings and intensities
being filtered out. It is therefore up to the researcher to define an n value that allows for
accurate taxonomic mappings in the context of the error that a given n value may introduce
into their dataset. For instance, iMetaLab uses n=1 and n=3 as its cut-offs to reject a species
from the final calculated taxonomic tree.

These strategies all inherit one major underlying flaw: there is no gold-standard
dataset with which to compare results. Metaproteomics experiments can only work with the
observed data that they output, composed of peptide intensity measurements, which then
must be combined, altered, and transformed to produce protein- and taxonomic-level
abundance measurements. A standard dataset could be constructed using a targeted whole-
genome metagenomic experiment on a microbiome sample, producing gene-level abundance
information on its species, and then using the results to build a parallel taxonomic abundance
dataset that can be used as a reference for metaproteomic peptide-to-taxonomy assignment
estimation; however, this method also relies on the assumption that a bacterial species’ total
protein expression will be closely linked to its real abundance in the microbiome. In a broad
sense, this is a somewhat safe assumption to make, as there are so many bacteria in a
microbiome community and the contribution of a low-abundance bacteria to the expression
of a certain protein may be insignificant in a relative sense. However, the microbiome is a
dynamic system with bacteria cooperating, competing, and vying for a place in its
equilibrium, and a low-abundance species may become higher-abundance as a result of

producing a specific antimicrobial compound that kills off a competitor, allowing it to gain a
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greater foothold in the community. This dynamism suggests that there are cases where
protein expression is not closely linked to bacterial abundance, but rather linked to several
complex factors, such as opportunistic bacterial protein expression, environmental changes,
and susceptibility of the microbiome to minor and major alterations. This is an important
concept to consider for all researchers, and specifically those studying the effects of
environmental changes such as introduction of drugs and other compounds to the
microbiome, where defining bacteria that are significantly over-expressing a certain protein
or group of proteins is important to identifying targeted effects.

Sample-specific sequence databases could be constructed using a whole-genome
sequencing procedure, and protein sequences would then be derived using in silico methods,
much like IGC’s protein sequence database. Using sample-specific sequence databases for
metaproteomics data analysis addresses some of the challenges present with massive public
databases. The benefit of restricting the sequence database to only be composed of
information that was derived from the same microbiome sample is that the resulting protein
sequence database will only contain sequences that could have possibly come from a species
in the sample. This increases specificity in database search procedures, but sensitivity to
unknown protein sequences will be a function of the initial metagenomic procedure’s
accuracy and coverage. One can foresee a situation where there is a low-abundance
bacterium present in the microbiome sample, it is not picked up during metagenomic
sequencing, and its protein expression is either mistaken for a different bacterial species
(through sequence alignment and matching protocols) or missed altogether.

Consideration of these factors inspired the development of the LP protocol. Further,
defining a performance metric for the LP protocol in the context of these factors lead to

development of its validation procedure. Since the only data to work with was the peptide
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intensity information produced by the mass spectrometer, proxies for a few features of
dynamic microbiomes needed to be characterized. These include the assignment of pre-
optimization bacterial abundance measures in an iterative protocol, the introduction of
randomness through the e-factor and V'(1, 0) sampling, and comparison of linear
programming results to naive approaches of peptide-species abundance assignment. Results
from the validation procedure showed a distinct distribution shift of LP peptide-species
distance measures towards d = 0 compared to both the naive-split and naive-duplicate
methods, suggesting that when LP produces an incorrect peptide-species redistribution, it is
incorrect to a lesser degree than either naive method. Euclidean distance was used as the
distance function for this investigation because it takes into account scalar values of each
element in a peptide-species vector, allowing for the incorporation of cases where linear
programming has redistributed a peptide’s abundance to a species but not to the exact
amount specified in the S species abundance vector (as opposed to using a binary distance
function such as the Hamming distance, which would only take into account the presence or
absence of an intensity value for a peptide-species pair).

A workflow that was explored during the earlier parts of the LP protocol’s
development was using metagenomic data to effectively filter out bacterial species from the
overall pre-LP data table, composed of peptides (rows) and species (columns). The pre-LP
table was derived through iMetaLab, where it matched each peptide sequence to the set of
species that have some protein matching a peptide’s subsequence. For non-unique peptides, it
must be assumed that many of the peptide-species matches are incorrect: a database sequence
match does not mean that the bacterial species is present in the sample itself. If these peptide-
species database matches were then combined with species-level metagenomic information

about the presence or absence of a specific species in the microbiome sample, another level
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of analytical validation supports the existence of that species in the sample. Linear
programming could then be performed on a filtered dataset where peptide-species matches
are only considered if they also can be backed up by the species being in the metagenomic
dataset. This would undoubtedly speed up LP performance and increase sample-specific
peptide distribution. Further, metagenomics-informed intensity optimization as described
would also allow for more accurate estimation of bacterial species abundance, in the sense
that the optimized taxonomic profile (metaproteomics data informed by metagenomics data)
could be compared directly against taxonomic abundance measurements from the
metagenomics dataset. Combining these two experimental datasets would ultimately increase
confidence in calculated taxonomic distributions using bioinformatics.

In 16S sequencing — a metagenomic method that amplifies the 16S rRNA gene using
PCR to define sequence similarity and abundance of bacterial taxa in a sample — taxonomic
resolution is limited because the PCR primers used must be able to amplify as many bacterial
16S hypervariable regions as possible, while remaining specific enough to capture taxonomic
differences [175]. This method was attempted during the thesis project in an effort to obtain
species-level taxonomic profiles for microbiome samples, but the data was ultimately
deemed unsuitable because there wasn’t enough taxonomic resolution for it to be effectively
applied as a filter to the pre-LP dataset. Recently, procedures have been developed to address
16S sequencing’s taxonomic resolution limitation that could be viable as a parallel species-
level definition methods [175-177]. Future analyses using LP approaches should consider
parallel metagenomics sequencing of this kind to increase the performance of optimization

algorithms addressing the shared-peptide problem.
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6 FUTURE DIRECTION

The thesis project used six human gut microbiome samples to investigate the effects
of three RS compounds on their function and taxonomy. Through the RapidAIM procedure,
a wealth of metaproteomics mass spectrometry data were generated and assessed using a
variety of software tools, most notably Cerberus and iMetaLab. While features of functional
and taxonomic variability were established using this workflow, statistical significance at the
participant and treatment level was hard to achieve in many circumstances, owed to the fact
that peptide, protein, and taxonomic data across different microbiomes was so variable and
participant specific (“enterotypes”). Further, technical replicate counts for each participants’
treatment conditions (e.g. P1’s RS2-treated samples) were either three or four; this made
comparing treatments against each other much more susceptible to exploding p-values for t-
tests and other statistical procedures. For further analyses of microbiome responses to RS
treatment, it may be prudent to increase technical replicate counts and increase the number of
participants and microbiome samples gathered. Compiling a larger metaproteomics dataset
will aid not only in statistical power but also may allow for detection of trends at the
participant level that can be taken into consideration when all participant data is pooled and
analyzed.

Although the same amount of each prebiotic compound (RS and FOS) was exposed
to each microbiome, these data show that RS does not appear to influence microbiome
taxonomy or function to the same scale as the FOS positive control. Because these data
support FOS as a functioning positive control in a microbiome metaproteomics context,
increasing the culture concentration of RS compounds may be necessary to resolve signal
from noise and elucidate defined functional and taxonomic characteristics of microbiomes

responding to these compounds. The FOS compound used was ~98% pure FOS, while the
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RS compounds had actual RS contents as low as 23%; increasing the concentration of RS
compounds relative to FOS should be considered to ensure treatment consistency.

For the LP procedure, building a parallel metagenomics dataset that has species-level
resolution would greatly aid in performing peptide-species intensity redistribution, as
removing species that are not present in a parallel metagenomics dataset ensures that only
those species that have been verified to be in the sample through a non-protein-dependent
protocol are considered. This would increase confidence in LP redistribution results, as the
base-level peptide-species relationship table would contain much less spurious associations

for the LP procedure to take into account.
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