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Abstract

Advances in high-throughput technologies in the past decade have helped
delineate the important role of gut microbiota on human health. Changes in gut
microbiota composition have consistently been observed in various health
conditions, including colorectal cancer (CRC). Studies show that the microbiota
fills in a variety of niche metabolic pathways that the host does not possess. For
example, the microbiota produces butyrate, which provides the colon’s epithelial
cells with about 70% of their energy needs. The typically fast proliferation of tumor
cells in CRC patients drastically alters the tumor’s nutrient microenvironment.
Those alterations correspond to changes in the microbiota composition and
function. Yet, it is not entirely clear how the gut microbiota interacts with the host
cells. In the present dissertation, we took a systems biology approach to map
various interactions between the microbiota and the host. We presented
comprehensive interaction networks between the tissue-associated microbiota,
gene expression, metabolites, and immune cell infiltration.

First, we performed an integrated analysis between the mucosa-associated
microbiota and the mucosa metabolome in healthy, nonhuman primates to
investigate the metabolic interactions between the microbiota with its host. We
found the microbiota composition was distinct at each tissue location, with variation
by host individual also observed. Additionally, the microbiota-metabolome
dynamics were primarily driven by interactions in the distal colon. More importantly,

we found that the interaction network in the large intestines is sparse compared to



the network in the small intestines. We postulate that the sparse interaction is due
to a specialized role of microbiota in the large intestines and may explain the
associations between altered microbiota and CRC.

We then investigated the interaction between the microbiota and host in
CRC tissues. Previous studies have shown that microRNAs (miRNAs) regulate
gene expression and have important roles in cancer development and overall
metabolism. In addition, recent studies suggested that host miRNAs can also
regulate bacterial growth and influence the composition of the gut microbiome.
Here, we investigated the link between the gut microbiota and the expression of
miRNA in CRC. We found that dozens of miRNAs are differentially regulated in
CRC tumors and adjacent normal colonic tissues and that these miRNAs are
correlated with the abundance of microbes in the tumor microenvironment.
Moreover, we found that microbes that have been previously associated with CRC
were correlated with miRNAs that regulate genes related to interactions with
microbes. Notably, these miRNAs likely regulate glycan production, which is
important for the recruitment of pathogenic microbial taxa to the tumor. This work
characterized a global relationship between microbial community composition and
mMiRNA expression in human CRC tissues.

Finally, we investigated a network interaction between the microbiota,
metabolites, and immune cell infiltrations in CRC tissues. We first found metabolic
pathways related to essential amino acids enriched in the tumors. Further

investigations through network analysis suggest that metabolites potentially



mediated the interactions between the microbiota and the host, including the
immune cells.

Overall, using a multi-omics and systems biology approach, we provide
comprehensive interaction networks of host-microbiota interactions. The network
suggests a shortlist of interactions that contribute to a better understanding of the
complex relationship and informs additional hypotheses for future validations and
developing strategies for modulating microbiota in the intestines to improve host

health.
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CHAPTER 1: INTRODUCTION



1.1 Introduction

An average human intestine contains more than 100 trillion bacteria
(collectively known as the gut microbiota)'. In recent decades, several studies
have suggested that the gut microbiota is crucial to human health and the
development of diseases?’.

In healthy humans, a key factor associated with microbiota variations is
host genetics®"'. In a study of healthy twins, Goodrich et al. found that host
genetics drive microbiota composition and can also affect the host metabolic
phenotype®. Several other studies have found an association between the
abundance of Bifidobacterium species and the presence of single-nucleotide
polymorphisms (SNPs) in close proximity to the host lactase gene locus®'2. This
association suggests that the Bifidobacterium species conceivably assist the host
in metabolizing lactose.

Studies have also identified that altered microbiota composition and
function (dysbiosis) is a common signature of CRC?~’. Bacterial candidates such
as Fusobacterium nucleatum and Bacteroides fragilis are consistently enriched in
tumor tissues and included in that signature. Specific factors in those bacteria,
including FadA and Fap2 protein from F. nucleatum and B. fragilis toxins, have
been identified that play a role in CRC pathobiology'3-2'. However, our
knowledge of most other bacteria associated with the CRC microenvironment is
limited. Moreover, we are just beginning to understand the complex interactions
between host and microbiota in CRC, as well as other clinical disorders such as
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neurodegenerative diseases??. A recent CRC study found that loss-of-function
mutations in the mitogen-activated protein kinase (MAPK) and Whnt signaling
pathways are associated with specific sets of microbiota profiles?. Furthermore,
mutations in the tumor-suppressor adenomatous polyposis coli (APC) gene are
also associated with a distinct inter-microbiota association network?. These
findings suggest that a common factor might orchestrate the dynamic host-
microbiota interaction(s) and functional relationship(s).

Based on mounting evidence, we postulate that the altered nutrient
composition and gene expression in the CRC microenvironment selectively
influences the surrounding microbiota, leading to alterations in its composition. In
this dissertation work, we present our investigation of the role of microRNA and
metabolites in mediating host-microbiota interactions in CRC (Figure 1.1). After
outlining the evidence pointing to their role, we reflect on the future direction of

this rapidly evolving field.

1.2 Microbiota and Colorectal Cancer

Studies have consistently found a change in the microbiota compositions
in CRC patients®23, Intriguingly, several studies have shown that genetic CRC
models and chemical-induced models develop significantly fewer CRC tumors in
germ-free or antibiotic-treated animals?*-26. These observations suggest a
potentially robust effect of the intestinal microbiota in CRC development. In the
healthy intestinal tract, the microbiota is dominated by the Bacteroidetes and

Firmicutes phyla, which together comprise about 70% of the microbiota?.
3



Several taxa of bacteria have been implicated in the microbiota of CRC patients.

In their stool samples, at the species level, a consistently higher abundance of
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Figure 1.1. Host—microbiota interactions in colorectal cancer.

Microbiota composition has a functional effect on the cancer cells, via stromal
and tumor-infiltrating immune cells by regulating various cellular processes (1).
Microbial metabolites and other secreted factors affect miRNA/gene expression
profiles in cells present in the tumor microenvironment. In turn, tumor cells affect
the microbiota composition of the stromal and tumor-infiltrating immune cells
through the shedding of epithelial cells and/or secreting extracellular vesicles
(EVs) containing miRNAs (2). The tumor-miRNAs alter the microbiota
composition by affecting the gene expression of the microbiota and by delivering
cancer-secreted metabolites (3). The tumor-derived miRNAs also have a role in
regulating stromal and tumor-infiltrating immune cells by affecting gene
expression through miRNAs delivered in EVs (4). Such interactions will finally
create a favorable microenvironment for tumor cells that include angiogenesis,
immune evasion, and microbiota composition (5).
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Bacteroides fragilis and Fusobacterium nucleatum has been found. F. nucleatum
is commonly found in the human oral microbiota and is frequently associated with
gum diseases; it is, however, not commonly present in the gut microbiota.
Furthermore, high levels of anti-Fusobacterium IgA and IgG have been detected
in the sera of CRC patients opening the potential for diagnostic biomarkers?’. A
higher abundance of the Bacteroidetes phylum and a lower abundance of the
Firmicutes phylum have been observed in CRC patients. A recent meta-analysis
of various CRC microbiota datasets found, for the tissue-associated microbiota, a
consistently higher abundances of F. nucleatum, Parvimonas, and
Streptococcus; 9 studies in that meta-analysis found a consistently lower

abundance of Faecalibacterium and Ruminococcaceae®.

However, because the microbiota works as a community and can change
in composition in response to many environmental factors, it is difficult to properly

model the human microbiota in mice.

1.2.1 Microbial Metabolites

In a normal colon, the microbiota produces a vast number of metabolites.
Some of them, including vitamin K, biotin, and short-chain fatty acids (SCFAs), is
essential for maintaining homeostasis in the colon microenvironment®. In fact,
the major energy source (~70%) required by colon epithelium is butyrate, which

is produced by the microbiota through fermentation of complex carbohydrates.
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Without the microbiota, the colon epithelium undergoes autophagy and fails to
maintain its normal structure and function?®. Similarly, mice lacking a microbiota
(i.e., germ-free mice or those treated by broad-spectrum antibiotics) develop
significantly fewer tumors in the colon?42530. However, in humans, using broad-
spectrum antibiotics to treat CRC is not feasible, because of the risk of
introducing harmful and highly resistant secondary infections such as
Clostridioides difficile.

In our current understanding, a few main classes of bacterial metabolites
play a key role in the pathogenesis of CRC and the immune microenvironment.
These metabolites include SCFAs, polyamines, secondary bile acids, and
phytochemicals. Their role in CRC has been extensively reviewed and

documented?8:31.32,33

1.2.2 Microbial Factors

In the past few years, researchers have found specific proteins in the gut
microbiota, such as FadA and Fap2 proteins from F. nucleatum and B. fragilis
toxins, that play a role in CRC pathogenesis®13.16.19.21,26,34

Using the Fap2 virulence factor, F. nucleatum uniquely binds with the D-
galactose-B(1-3)-N-acetyl-D-galactosamine (Gal-GalNAc) carbohydrate moiety
expressed on the tumor surface of CRCs'®. Once it localizes to the CRC
microenvironment, it targets the Whnt/B-catenin signaling pathway by binding, via

7



association with the FadA virulence factor, to the E-cadherin protein on the cell
surface?'. The Wnt/B-catenin signaling pathway is critical during tumor initiation,
tumor migration, and metabolic reprogramming3>-37:38, The B. fragilis toxin (bft)
also targets the same Whnt/B-catenin signaling pathway?°. The bft virulence factor
is able to bind to the E-cadherin protein, similar to that of FadA, but additionally
cleaves the protein, which can alter the intestinal tight-junction function*. The
Whnt/3-catenin pathway is a major signaling pathway that controls the expression
of many important tumor-suppressor-related genes, including MYC. The
transcription factor MYC, transactivates miRNAs, such as the miR-17-92 cluster,
that are highly expressed in CRC4144,

Additionally, F. nucleatum can also induce CRC cell proliferation by
upregulating miR-21, via activation of the nuclear factor kappa-light-chain-
enhancer of activated B cells (NF-kB) pathway via toll-like receptor 4 (TLR4)
signaling®®. Escherichia coli harboring the pks genomic island also plays an
important role in CRC. When CRC cells come in contact with the colibactin
genotoxin produced by E. coli, the cells undergo cellular senescence*64’. This
process is mediated by the cellular upregulation of miR-20a-5p, which results in
the downregulation of sentrin-specific protease 1 (SENP1). This process then
alters p53 small ubiquitin-like modifier (SUMO)ylation, which has been shown to
affect the growth and metastasis of tumor cells*®. It has also been found that
biofilms can promote CRC with increases in IFN-p and IL-17 as well as inhibition
of NF-AB which have been shown to have immunosuppressive effects in pre-

clinical models through reduced expression of anti-inflammatory cytokines*®-1,
8



In addition to virulent factors, many bacteria also produce beneficial
factors that can reduce inflammation and modulate the immune system. In germ-
free mice, early studies found impaired intestinal immune systems, which were
amenable to treatment®?. Specifically, the B. fragilis polysaccharide A (PSA) is
one such immunomodulatory factor that maintains the proper function of CD4+ T
cells®3. Several other polysaccharides produced by B. fragilis are also benéeficial
in maintaining proper immune function. Immunization with B. fragilis
polysaccharides, or the adoptive transfer of T cells specific to B. fragilis, can
even boost the treatment effect of anti-cytotoxic T-lymphocyte antigen 4 (CTLA-
4) immunotherapy®*. The seemingly conflicting role of B. fragilis within gut
bacteria is only the tip of the iceberg in current microbiota research and the fine

and highly complex balance between functions.

1.3 MicroRNAs and Colorectal Cancer

MicroRNAs are small non-coding RNAs (about 22 nt) that play an
important role in regulating and fine-tuning gene expression®®. In mammalian
cells, miRNAs regulate gene expression through posttranscriptional modifications
in two distinct, albeit paired, mechanisms. First, if the miRNA has an extensive
complementary binding site in the messenger RNA (mRNA) target, then it will
guide the RNA-induced silencing complex (RISC) to cleave the mRNA, thus
inhibiting translation. Second, if the miRNA only partially binds to the 3’

9



untranslated region (3’'UTR) of the mRNA, then the miRNA-RISC will act to
repress mRNA translation%6. Both mechanisms lead to the decreased translation
of mMRNAs, which alters their respective downstream functions. Because miRNAs
can act upon mRNA targets with limited complementarity, each miRNA can
target a wide range of mMRNAs in mammalian cells and each mRNA can be
targeted by numerous miRNAs. More than 30% of human genes are estimated to
have conserved binding sites in the 3’UTR®’. Clearly, given this vast and
enormously complex regulatory network, miRNAs are immensely important in
regulating critical cellular processes. We are only now beginning to understand
the sophisticated crosstalk of miRNAs, not only with each other but with the
myriad of target mRNAs.

Previous studies have identified numerous aberrant miRNA expression
patterns in CRC®%-62_ Specifically, the miR-17-92 cluster, miR-21, miR-182, and
miR-503 are consistently overexpressed in tumor (vs. normal) tissues 341425963
2. Any alteration(s) in expression levels of these miRNAs could, in turn, affect a
wide array of downstream gene targets. Together, these miRNAs regulate all
aspects of tumor pathobiology, including (i) altering tumor metabolism; (i)
promoting cell proliferation; (iii) stimulating angiogenesis; (iv) down-regulating
tumor-suppressor genes; (v) promoting evasion of immune surveillance, and (vi)
creating a favorable tumor microenvironment that promotes invasion and
metastasis.

Our laboratory previously reported that, during the adenoma-to-

adenocarcinoma transition, miR-182 and miR-503 were sequentially
10



overexpressed and targeted the tumor-suppressor FBXW?7 gene’. Other
researchers have observed, during CRC transformation, an increased expression
of the miR-17-92 cluster and miR-214173, In CRC adenocarcinoma, members of
the miR-17-92 cluster target transforming growth factor-beta (TGF-), which in
turn stimulates angiogenesis in the tumor microenvironment, thus promoting
tumor growth 7'. Additionally, miR-19, a member of the miR-17-92 cluster,
downregulates the expression of the tumor-suppressor phosphatase and tensin
homolog (PTEN), thereby activating the protein kinase B (AKT)/mammalian
target of rapamycin (mTOR) pathway in tumor cells’. The AKT/mTOR pathway
is the main metabolic sensing pathway, responsible for regulating glucose
transport into cells’®. Since glucose is the main fuel source of CRC cells and
activated AKT/mTOR pathway promotes tumor cell proliferation?®.

The tumor-suppressor PDCD4 gene, which is commonly downregulated in
CRC, is a target of miR-2168. Inhibiting the PDCD4 gene can lead to an increase
in the metastasis potential of tumor cells. Another important pathway commonly
altered in CRC tumors is the Wnt/B-catenin pathway®8%3. Dozens of miRNAs
have been shown to extensively regulate the genes involved in the Wnt/B-catenin
pathway®®. The Wnt/B-catenin signaling pathway is critical during tumor initiation,
tumor migration, and metabolic reprogramming3>-38. The role of the Wnt/B-
catenin signaling pathway in CRC has been previously reviewed3?.

The complex microenvironment of the CRC tumor also involves stromal
cell and immune cell fractions, which can be regulated by cancer-derived

miRNAs’7-7°, Studies have found that the miR-17-92 cluster, commonly
11



overexpressed in CRC cells, is also upregulated in CRC stromal cells8%73.80,
Strikingly, these miRNAs are not only endogenously produced by stromal cells
but also packaged in the microvesicles of tumor cells, and then delivered to
stromal cells®'-#2, Similar intracellular regulation mediated by miRNAs is also
found in immune cell fractions®. Additionally, endogenous miRNA dysregulation
is prevalent in CRC immune cell fractions, usually as a downstream effect of
tumor-secreted factors such as cytokines and chemokines84-8. Collectively, this
evidence suggests that miRNAs are important in regulating tumor cells, in
addition to maintaining the tumor microenvironment. It is clear that the
relationship between miRNAs and CRC is multifaceted, interrelated, and highly

complex.

1.4 Tumor nutrient microenvironment changes

The development of CRC entails a complex interplay between the
epithelial cells, the microbiota, and the immune system in the tumor
microenvironment34, and multiple signaling pathways play critical roles in both
tumorigenesis and tumor progression. Tumor metabolism changes have been
well studied and characterized. One of the hallmarks is an increase in glycolysis
as the primary energy source, known as the Warburg effect®”. Several studies
have found altered metabolite levels in both tissues and stools of CRC patients.
In tissue samples (as compared with adjacent normal tissues), glucose levels
were significantly lower, whereas levels of lactate and fatty acids were

significantly higher-0. In stool samples of CRC patients, amino acid levels were
12



higher than normal; levels of fatty acids were lower®®-90, These nutrient
composition changes in CRC patients correspond to the tumor’s increased need
for glucose for energy and fatty acids for proliferation.

miRNAs play a critical role in regulating the metabolism of CRC patients
and in sustaining the needs of tumor cells (Figure 1.2). The extracellular glucose
is first transported into cells via the glucose transporter 1 (GLUT1) receptor,
which is a downstream target of the mammalian target of the rapamycin (mTOR)
gene. In CRC patients, the mTOR gene is regulated by miR-144. Higher
expression of miR-144 inhibits expression of the mTOR gene, leading to reduced
glucose uptake by the tumor cells; thus, higher expression of miR-144 is
associated with a good prognosis for CRC patients®'.

After the glucose is transported into the cytosol, it undergoes glycolysis—a
process regulated by the alternative splicing of pyruvate kinase (PK). Higher
levels of 2 PK isoforms, M1 (PKM1) and M2 (PKM?2), in cells, will lead to
increased glycolysis, instead of oxidative phosphorylation®?-%4. These studies
have found that overexpressing miR-124 (another regulator of the mTOR gene)
in CRC cells can lead to higher PKM1:PKM_2 ratios, thus inhibiting glycolysis and
controlling tumor cell growth. The end product of glycolysis, pyruvate, will then be
metabolized into lactate by lactate dehydrogenase A (LDHA), which is commonly
upregulated in CRC patients. LDHA is a rate-limiting enzyme of glycolysis, so lost
LDHA expression is associated with a decrease in adenosine triphosphate (ATP)

production and cell proliferation®. In CRC cell lines, various miRNAs—including
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Figure 1.2. Tumor—microbiota metabolic interactions.

(A) An overview of the tumor—microbiota metabolic interactions. The thickness of
the line connecting tumor metabolites and microbiota shows the relative effects
of tumor metabolites on microbiota composition. (B) A curated map of miRNA-
mediated tumor—microbiota metabolic interactions. Red lines indicate the
pathway upregulated in colorectal cancer relative to normal tissue. Blue lines
indicate the overall downstream effects of the miRNAs or metabolites. Dotted
green lines indicate the oxidative phosphorylation common in normal cells.
Dotted black lines indicate potential effects. miRNA, microRNA.
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miR-34a/c, miR-369-3p, miR-374a, and miR-4524a/b—have been shown to
inhibit LDHA expression®. The lactate produced by the tumor cells can function
as signaling molecules that further affect tumor cell metastasis, angiogenesis,
and immune escape®.

In addition to altered glucose metabolism, CRC cells also have altered
macromolecule metabolism. We postulate the reason for the higher levels of fatty
acids in CRC patients’ tissue samples (relative to their stool samples) is the
increased need for membrane synthesis to support cell proliferation®-°. One of
the most important genes controlling this pathway is the fatty-acid synthase
(FASN) gene. The enzyme encoded by the FASN gene is critical for controlling
the synthesis of lipids, a process required for cell membrane formation. In breast
cancer and osteosarcoma, studies have found that miR-195 and miR-424 target
the FASN gene, thus inhibiting cell proliferation, invasion, and metastasis®’ .
Both of those miRNAs are significantly upregulated in CRC tissues, according to
the Cancer Genome Atlas (TCGA) dataset, suggesting such microRNA-mediated
lipogenesis may also happen in CRC. Additionally, because FASN is potentially
important to T-cell immunity'®, the dynamics of the miR-424/FASN axis in tumor
and immune cell function are currently being worked out. Other pathways with
downstream effects on metabolism, such as PTEN, and AKT/PI3K are also
modulated by miRNAs®8%101-104 Based on current evidence, it is clear that
aberrant miRNA expression in CRC cells profoundly alters the nutrient

composition of the tumor microenvironment.
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1.4 Host Regulation of Microbiota Mediated by MicroRNAs

In reestablishing germ-free mice with normal microbiota, studies have
found altered intestinal miRNA profiles, suggesting that the microbiota regulates
host miRNA expression’%51%_ Moreover, the responses of intestinal cells to
facilitating the microbiota process depend on the cell type, and intestinal
epithelial stem cells are especially sensitive to microbiota reestablishment'%6,
Because miRNAs are highly stable, several studies in the clinical arena were
able to detect higher levels of miR-21 and miR-92a, among other miRNAs, in the
fecal samples of patients with CRC®6.107.108 Thjs finding facilitated the
development of a noninvasive CRC screening method and delineated the
potential role of miRNAs in interacting with the trillions of microbes in the human
gut.

Intestinal miRNAs develop from two main sources, including the host and
the food'%%11°_ The intestinal epithelial cells are the main contributors of host-
derived miRNAs, either via shedding of cells or excretion of exosomes. Evidence
has shown that miRNAs from food can be absorbed by the host and can affect
host gene expression’'-113, But certain food-sourced miRNAs remain stable in
the digestive tract and reach the intestines''4115, This evidence suggests that
miRNAs can mediate cross-species regulation. The idea remains nascent, so
insight into how miRNAs mediate host-microbiota interactions is still limited. Liu
et al. first demonstrated such regulation, showing that miRNAs present in the
feces can regulate gene expression and growth of bacteria'®. Specifically, they

16



found that mice lacking the Dicer gene, which enables mature miRNA
processing, had different microbiota profiles than wild-type mice. More
importantly, the study reported that hsa-miR-515-5p promoted the growth of F.
nucleatum in vitro by targeting the 16S ribosomal RNA (rRNA) gene.

Notably, however, hsa-miR-515-5p shows very low expression levels in
CRC tumors, so they are not significantly different from normal tissue. Thus,
interactions between hsa-miR-515-5p and F. nucleatum might not be significant
in CRC pathogenesis. However, more importantly, this study found that fecal
miRNA transplantation restores fecal microbiota composition in mice with Dicer
gene knockout. Several recent studies found that fecal microbiota transplantation
(FMT) offers a potential therapeutic benefit that enables an immunotherapeutic
response®0.116-119_ Based on growing evidence, it is plausible that fecal miRNAs
play an important role in modulating the CRC microbiota as well as
immunotherapy responses.

Recently, Teng et al. demonstrated that miRNAs encapsulated in plant-
derived exosome-like nanoparticles (ELNs) can enter bacteria and alter bacterial
genes'%, The process for bacterial uptake of ELNs is determined primarily by the
lipid composition of the outer membrane. They found that ELNs enriched with
phosphatidylcholine were preferentially taken up by the Ruminococcus spp.,
whereas ELNs enriched with phosphatidic acid (PA) were primarily taken up by
Lactobacillus rhamnosus. After the ELNs are taken up by specific bacteria, the
miRNA contents are released into bacterial cells. Teng et al. also found that mdo-

miR7267-3p encapsulated in the PA-enriched ELNSs targets the Lactobacillus
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monooxygenase ycnE, which then increases its production of indole-3-
carboxaldehyde (I3A). The I3A metabolite then promotes interleukin-22 (/L-22)
production and helps repair damaged colon mucosa’?°.

There is developing evidence to support the notion that host or exogenous
miRNAs might be biologically active in bacteria, thereby affecting bacterial gene
expression. Although small RNAs similar to miRNAs exist in bacteria and
function similarly to miRNAs, it remains unknown how miRNAs function in
bacteria’'. Several studies have reported that exogenous miRNAs from plant or
animal sources can be taken up by human cells and exert biological functions™'-
115,122-124  Additional studies are required to ascertain whether or not miRNAs can

indeed affect bacteria and to delineate the precise mechanism(s).

1.5 Conclusions and Perspectives

With thousands of bacterial species living in the human digestive tract, it is
becoming quite evident that they profoundly affect human health. Our review of
the recent literature regarding CRC underscores a complex metabolic interplay
between the host and its microbiota, mediated in part by miRNAs. Based on the
current literature, we offer five major points in host-microbiota interactions in
CRC (Figure 1.1):

1. The CRC microbiota has reduced representation of beneficial bacteria.

These beneficial bacteria produce metabolites and other factors that can
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potentially slow CRC progression, in part via the modulation of miRNAs
that regulate tumor and immune cells.

2. Dysregulation of miRNAs in tumor cells can affect the survival, or the gene
expression, of certain members of the microbiota.

3. Dysregulated miRNAs in tumor cells can be packaged and delivered to
both stromal and immune cell fractions, creating a more favorable
microenvironment for tumor cells.

4. Overrepresentation of oncogenic bacteria among the CRC microbiota can
modulate tumor and immune cells, as well as the broader tumor
microenvironment, thereby resulting in a more favorable condition for
tumor growth.

5. This negative feedback loop perpetuates CRC progression.

Based on both experimental and computational data, we believe that miRNA
and metabolites mediate and critically influence host-microbiota interactions.
Clearly, they are a major part of a complex web of highly dynamic interactions.
While other factors in the CRC microenvironment could also play important roles,
in the current dissertation, we focus our investigation on the role of miRNA and

metabolites in mediating the interactions between host and microbiota.
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CHAPTER 2: MUCOSAL MICROBIOTA AND METABOLOME ALONG THE

INTESTINAL TRACT REVEAL A LOCATION-SPECIFIC RELATIONSHIP

2.1 INTRODUCTION

The human intestinal tract harbors trillions of microorganisms, termed the
microbiota, which includes thousands of bacterial species'?’. It has become
evident that the gut microbiota is important in regulating and maintaining the
health of the host and is implicated in many diseases, such as obesity and
several cancers®23.128-130 Despite numerous studies indicating the important
roles of microbiota in diseases, most studies have primarily focused on variations
in the taxonomic composition of the microbiota. The underlying metabolic
features associated with the host-microbiota interaction, however, remain unclear
for most diseases.

The gut microbiota produces a vast amount of metabolites. Some
metabolites, such as vitamin B, vitamin K, bile acids, and short-chain fatty acids
(SCFAs), are essential to maintaining homeostasis in the colon?8131.132. The most
direct and active metabolic interaction between the host and its microbiota is in
the large intestine, and the vast majority (~70%) of energy required by the
normal colon epithelium comes from butyrate produced by the microbiota through
fermentation of complex carbohydrates'33. Without a functional microbiota, the
colon epithelia undergo autophagy and fail to maintain normal structure and
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function?®. Moreover, the metabolic interactions between the host and its
microbiota have widespread implications throughout the body'®'. For example,
the obesity-associated microbiota has been shown to possess the increased
metabolic capability to harvest energy from food'34'35 and the metabolism of L-
carnitine by the gut microbiota has been shown to promote atherosclerosis'®.
These studies suggest potential metabolic shifts of the microbiota, either in
response to or responsible for the host metabolic state35.

The mucosal host-microbiota metabolic interactions along a healthy
human intestinal tract are largely unknown. Although the microbiota and
metabolome variations along the intestinal tract have been investigated in
rodents and other animals, the dietary and anatomical differences between
humans and these animals render these data less informative for humans'37-142,
Here, we investigated the microbiota and metabolome profiles along the
intestinal tracts of healthy baboons (Papio anubis), a family of Old World
monkeys. We collected tissue samples from the duodenum, jejunum, ileum,
cecum, proximal colon, and distal colon. Amplicon sequencing of the 16S rRNA
gene (16S-Seq) was used to identify the mucosal surface microbiota
composition. We also performed untargeted metabolomics on the immediately

adjacent tissues to profile the tissue metabolite contents.

2.2 MATERIALS AND METHODS
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The tissue samples were collected via tissue sharing postmortem, which is

exempt from Institutional Animal Care and Use Committee (IACUC) review. The

cohort included 10 adult purpose-bred female olive baboons (Papio anubis)

modeling anterior cruciate ligament (ACL) injury and subsequent repair using

regenerative medicine techniques. The animals were between 6.5 and 15.6

years old (median, 9.3 years) and weighed between 14.4 and 24.9kg (median,

20.1kg). They were housed in pairs or housed in protected contact with

compatible conspecifics. Baboons had free access to water and were fed

identical diets that included biscuits (Harlan primate diet 2055C; Harlan Teklad)

based on body weight and daily enrichment with fresh fruits, vegetables, grains,

beans, nuts, and a multivitamin preparation. Semiannual veterinary physical

examinations were performed on all animals. Animals participated in an

environmental enrichment program designed to encourage sensory engagement,

enhance foraging behavior and novelty seeking, promote mental stimulation,

increase exploration and play and activity levels, and strengthen social

behaviors, providing opportunities for animals to increase time spent on species-
23



typical behaviors. Baboons were trained to cooperate with medical procedures,

including hand feeding and drinking, shifting into transport cages for sedation,

and targeting or presentation for examination. Animals were euthanized via

barbiturate overdose (Beuthanasia-D 286 mg/kg of body weight intravenously),

and tissue procurement was performed postmortem. No oral medications were

used for at least 6months prior to tissue collection. Tissue sections

(approximately 1cm by 1cm) from six different sites that included the duodenum,

jejunum, ileum, cecum, proximal colon, and distal colon were collected from each

animal, a total of 60 samples, using clean technique, snap-frozen in liquid

nitrogen, and then stored at —-80°C.

2.2.1 16S-Seq and sequence analysis.

Total DNA was extracted from approximately 250 mg of tissue using
DNeasy PowerSoil kit (catalog no. 12888; Qiagen, Valencia, CA) following the
standard protocol. Sequencing libraries were created by the Mayo Clinic Genome
Analysis Core (Rochester, MN). Briefly, the V3-V5 region of the 16S rRNA gene

was amplified with multiplexing barcodes using PCR (V3-341F,
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TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGAGGCAGCAG;
V5-926R,
GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCCGTCAATTCMTTTRAG
T). The libraries were then pooled and size selected between 700 and 730 bp
using a LabChip XT (PerkinElmer, Waltham, MA). Sequencing was performed on
a single lane of a MiSeq sequencer (lllumina) using paired-end mode. On
average, 64,937 quality reads (between 9,901 and 118,288) were generated per
library. The sequencing results were analyzed using the IM-TORNADOZ2 pipeline
143, Alpha- and beta-diversity metrics were analyzed using QIIME v1.9.1'#4. The
unfiltered OTU table is available in Appendix (Appendix Table AT1) in the
supplemental material. Linear discriminant analysis of effect size (LEfSe) was
used to determine differences in the relative abundances of taxa among tissue
sites’45.

The beta-diversity between tissue locations was analyzed by performing
principal-coordinate analysis (PCoA) using both weighted and unweighted
UniFrac distance metrics. The unweighted UniFrac distance considers only the
presence and absence of a certain OTU, while the weighted UniFrac distance will
consider the abundance; thus, these metrics can give an overview of the

microbial structure differences of different tissue locations'46-148,

2.2.2 Metabolite extraction.
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Metabolites were extracted from the immediately adjacent tissue that was
used to generate 16S-Seq. There was an insufficient amount of duodenum tissue
from animal B09 to perform untargeted metabolomics, so it was not analyzed.
Approximately 15 mg of tissue was used to extract metabolites. The tissues were
first ground into fine powder using CryoGrinder (OPS Diagnostics) on dry ice.
The tissues were then suspended in 20 ul of 80% methanol per 1 mg of tissue
weight. The mixture was then homogenized using a probe sonicator at 10%
amplitude for 15 s, with 1-min rest on ice after 5 s of sonication. The sonicated
samples were then centrifuged at 14,000 x g for 10 min at 4°C. The supernatant
from the centrifugation contained the metabolites and was saved at —80°C before
drying. The tissue pellets were then further processed for additional metabolite
extraction. They were first suspended in 10 pyl of 80% methanol per 1 mg of
original tissue weight and sent through high-pressure cycling on a Barocycler
NEP2320 (Pressure Biosciences). The high-pressure cycling protocol includes
60 cycles of 20 s of 35,000 Ib/in? pressure, followed by 10 s of 0 Ib/in? at 4°C.
After pressure cycling, the samples were again centrifuged at 14,000 x g for
10 min at 4°C, and the supernatants were pooled with the previously extracted

metabolites. Finally, the metabolites were dried under a nitrogen stream.

2.2.3 Untargeted metabolomics.
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The dried metabolites were first suspended in 15 ul of 0.1% formic acid

per 1 mg of the original tissue weight. The suspensions were then separated for

analysis using a C1s reverse-phase column and hydrophilic interaction liquid

chromatography (HILIC) column. The reverse-phase analysis results in

separation of larger nonpolar molecules such as steroid-like compounds, certain

amino acids, phospholipids, and other lipids, while the HILIC analysis separates

hydrophilic compounds such as amino acids and member of the citric acid cycle

and glycolysis pathways. The samples were analyzed using reverse-phase

positive mode (nonpolar interaction) separation and HILIC analysis (polar

interaction) separation before analysis with Q Exactive LC-MS/MS quadrupole

Orbitrap (Thermo Scientific). The reverse-phase analysis was performed in

positive mode ionization with an additional proton (+1.0073) added. For HILIC

analysis, the negative ionization mode was used with one additional proton

(—1.0073) removed. Since salts are present, compounds may occasionally form

as a sodium salt (neutral mass plus 21.9944) for the positive mode or as a

chloride salt (neutral mass plus 34.9688) for the negative mode. Samples were
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loaded and analyzed in random order, and quality control samples were analyzed

at regular intervals to eliminate extraneous signals. The untargeted

metabolomics were performed by the University of Minnesota Center for Mass

Spectrometry and Proteomics.

2.2.4 Metabolomic data analysis.

The data were processed using Progenesis QI software (Thermo). The
software first aligns all the features obtained in all the runs and then assigns
intensity measures for features found in all the runs. The raw data were further
processed by filtering for fidelity of individual feature detection using the quality
control samples. Only features with a coefficient of variation (CV) of less than
10% overall quality control samples were accepted. Features showing high
intensity in background samples relative to the quality control samples and
features not present in at least 67% of all samples were removed from analysis
per the U.S. Food and Drug Administration recommendation. Each feature is
uniquely identified with the mass-to-charge ratio (m/z) and the elution time from
the column. Features were then assigned to metabolites identified by searching

the Human Metabolome DataBase (HMDB) and using databases developed by
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the University of Minnesota (Appendix Table AT2). Pathway analysis was

performed using Ingenuity Pathway Analysis (IPA).

2.2.5 Microbiome-metabolome correlation analysis.

All analyses were performed in R v3.4.4 unless otherwise noted. The
Spearman’s ranked correlation test with false-discovery rate (FDR) adjustment
was used to test the microbiome-metabolome correlation'®. The microbiome
OTU data and metabolomic data were first combined and filtered to remove low-
abundance OTUs and metabolites (appearing in less than 50% of samples). The
Spearman’s ranked correlation test was calculated using the cor. test function.
The P values were then adjusted using the p.adjust function before filtering for
significant correlations. PERMANOVA was performed using adonis function with
Bray-Curtis distance and 999 permutations. Procrustes analysis was performed
using the procrustes function of the vegan package in R with principal-
component analyses of both the microbiome and metabolome using default

options™4°,

2.3 Results

2.3.1 Microbiota landscape along the nonhuman primate (NHP) intestinal
tract.
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We first assessed the baboon intestinal-tissue-associated microbiota
composition in 10 baboons using the 16S-Seq method. Baboons were between 7
and 16 years old and weighed 14 to 25 kg at the time of sample collection

(Appendix Table AT3). We found that the small intestinal (duodenum, jejunum,

and ileum) microbiota had significantly lower phylogenetic distance (P <1 x 1075,

two-tailed t-test; Fig. 2.1A), Shannon index (P < 1 x 10-5; Fig. 2.1B), Chao1

index (P <1 x 1075 Fig. 2.1C), and observed OTUs (P < 1 x 10-5; Fig. 2.1D)

compared to the microbiota in the large intestine (cecum, proximal colon, and
distal colon)'3”- 142, The patterns of beta-diversity also differed between the upper
and lower intestinal sites (Fig. 2.2A and B; Fig. 2.3). In the small intestine,
differences in composition did not reflect different tissue sites (permutational
multivariate analysis of variance [PERMANOVA] R? = 0.02, P = 1), but significant
compositional differences were observed between individual animals (R? =

0.84, P <0.0001; Fig. 2.2A). Conversely, in the large intestine, tissue-specific
differences were observed (R? = 0.16, P < 0.0005; Fig. 2.2B). However,
compositional differences were more strongly driven by the individual host (R? =
0.55, P < 0.0001). This suggests that both host and tissue locations can impact
the mucosa-microbiota structure in the intestine?.

The baboon intestinal tissue-associated microbiota was dominated by the
bacterial phyla Firmicutes, Bacteroidetes, Spirochaetes, and Proteobacteria,
independent of the tissue location (Fig. 2.2C and Fig. 2.2D). At the phylum level,

30



seven taxa (Actinobacteria, Bacteroidetes, Firmicutes, Fibrobacteres,
Lentisphaerae, Spirochaetes, and Verrucomicrobia) exhibited location-specific
enrichment (Fig. 2.4; P-value cutoff = 0.05, Kruskal-Wallis test with Dunn post
hoc test). We next analyzed differences in operational taxonomic unit (OTU)
composition to discover whether site-specific bacterial community signatures
occurred. We performed linear discriminant analysis (LDA) effect size (LEfSe)
and identified 21 taxa (at the genus level) that were characteristic of the small
and large intestine (Fig. 2.5). Of these 21 taxa, 3 taxa (Brevinema, Dehalobacter,

and Succinivibrio) were characteristic of the small intestine.

2.3.2 Metabolomic landscape along the baboon intestinal tract.

We then used Q Exactive LC-MS/MS (liquid chromatography coupled to tandem
mass spectrometry) quadrupole Orbitrap (Thermo Scientific) to analyze the
tissue metabolome composition in tissue samples immediately adjacent to the

tissues used for 16S-Seq. A total of 3,395 compounds were present in at least
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Figure 2.1: Microbiota alpha diversity along the intestinal tract.
(A) Faith’s phylogenetic diversity, (B) Shannon index, (C) Chao1 index, and (D)

number of observed OTUSs.

32

Animal
@ B9
8 B10
& 811
& B12
@814
8815

818

B



A. B. C.
1.00
Principal Coordinates Analysis
Weighted Unifrac
EE 0.75
0.44 =
; g
4] @ :
2 o2 A 2 o1 3
kS A g i 021 ¥ < 050
5 ] ne ¥ © ; o
> A >° L v =z
é' n,o-*‘ e 00 N & 5
~ 0 W @
S & © ., &£ 925
& Tissue Location ™ &f Tissue Location
<< 02 M Duodenum ‘é 9 > Ceoum
8 e @ Jejunum 5] &S %7 Proximal colon
= A lleum m g 04 & Distal colon
- o 0.00
> Qo ~ W &b ~ "l.o OJ
PCoA1: 97.96% variance PCoA1: 83.15% variance
D. . S — —
K i3 M—
0.75
1]
Q
c
[1+
2
= 0.50
L
<
Q
>
=
S
D 025
o
0.00

Duodenum I

Jejunum
lleurn I

Cecum I
Proximal colon
:

Distal colon

Animal
@ B09
® B10
® B11
® B12
@ B4
@ B15

B16
® B25
@ B28

- B3

Phylum
I Cyanobacteria
I Elusimicrobia
I Fibrobacteres
" Lentisphaerae
g
I Verrucomicrobia
| Tenericutes
B Caldiserica
Fusobacteria
I Actinobacteria
B Protecbacteria
B Spirochaetes
B Firmicutes
B Bacteroidetes

Figure 2.2: Microbiota along the nonhuman primate gastrointestinal tract.
Weighted UniFrac principal-coordinate analysis (PCoA) of the upper (A) and
lower (B) intestinal samples. Stacked bar plot of bacterial phyla showing the
average relative abundance at each of the six tissue locations (C) and at each of
the six tissue locations for each sample (D), in the order of duodenum, jejunum,
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Figure 2.5: Linear discriminant analysis (LDA) effect size (LEfSe).
Thirty-one bacterial taxa have an LDA score (log10) over 3.6. Bacteria with larger
effect sizes in the large intestine are shown in red, and bacteria with larger effect

sizes in the small intestine are shown in green.
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two-thirds of all samples analyzed. After searching against the Human
Metabolome Database (HMDB)and in-house libraries generated by the University
of Minnesota Center for Mass Spectrometry and Proteomics, a total of 292
compounds were assigned putative identity. We focus on these compounds with
assigned identities for further analysis.

We sought first to identify differential metabolites between the small and
large intestines. We performed Wilcoxon rank-sum test between metabolites of
the small intestine (87) and large intestine (53) and identified 140 compounds
with differential abundance. Consistent with previous studies in human and
mouse samples, the small intestine contained more amino acids such as aspartic
acid, alanine, tyrosine, valine, leucine, and isoleucine, as well as tauro-
conjugated bile acids'%.'5'_ In the large intestine, there was more cholic acid and
urobilin, in addition to more-complex metabolites. We then performed pathway
analysis using the fold change differences of the differentially abundant
compounds between the small and large intestines (Appendix Table AT3).
Curiously, we found that these compounds are involved in the upregulation of
bacterial growth-related pathways (Fig. 2.6) in the small intestine. In the large
intestine (Fig. 2.7), amino acid uptake pathways (Fig. 2.7B) and cancer-related

pathways (Fig. 2.7C) were upregulated.
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Figure 2.6: Ingenuity Pathway Analysis of differentially abundant

metabolites.
(A) Pathways related to growth of ba
Pathways related to uptake of amino

cteria are activated in the small intestines.
acids (B) and solid tumor (C) are activated

in the large intestines. A blue line indicates activation, an orange line indicates
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association.
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Figure 2.7: Tissue-specific Procrustes analysis.
(A) Jejunum, (B) duodenum, (C) ileum, (D) cecum, (E) proximal colon, and (F)

distal colon.
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2.3.3 Microbiota-metabolome interactions.

To establish a global microbiota-metabolome relationship, we performed
Procrustes analysis using the vegan package in R (Fig. 2.8A). Globally, we
found a significant relatedness (P = 0.0028) between the microbiota and the
metabolome. Interestingly, this relatedness was driven by the ileum (P = 0.042)
and distal colon (P = 0.037; Fig. 2.7). We then analyzed microbiota-metabolite
relationships using Spearman’s ranked correlation on the metabolites with
assigned identity and abundances of bacterial genera. This includes 595
significant (g < 0.05, false discovery rate-adjusted P-value) interactions in the
small intestine and 166 in the large intestine (Table 2.1; Appendix Table AT4).
Additionally, we observed that the correlation network in the small intestine was
more interconnected than that in the large intestine (Fig. 2.9). One explanation is
that the large intestine harbors more bacterial species than the small intestine;
thus, there could be more functional redundancies in the large intestine, with
fewer correlations at greater taxonomic resolution. Interestingly, in both networks,
the levels of most metabolites were correlated with only a few bacterial taxa, and
such correlations tended to be in the same direction (Table 2.1; Fig. 2.9).
However, a bacterial taxon tended to correlate with many metabolites in different
directions. Although the current data do not demonstrate any causal relationships
among the mucosal microbiota and metabolites, it nevertheless warrants further

investigation.
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Table 2.1: Summary of microbiota-metabolome interactions

Location No. of No. of bacteria No. of
metabolites with >5 significant
with >5 bacterial metabolite interaction pairs
interactions interactions
Small intestine 26 49 595
Large intestine 8 8 166
A B c.
Procrustes Metabolome - PCA Microbiota - PCA
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Figure 2.8: Microbiota-metabolome similarity.

(A) Procrustes analysis of the microbiota principal-component analysis (PCA)
against the metabolome PCA. Longer line lengths indicate lower within-sample
similarities. PCA of the tissue metabolome (B) and microbiota (C).
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2.3.4 Dietary enrichment shapes intestinal tract microbiota-metabolite

interactions.

We further sought to determine the potential origin of the metabolites that
were highly correlated with bacterial taxa. These metabolites corresponded to
metabolites commonly found in several vegetables. 6-Hydroxypentadecanedioic
acid and 1-isothiocyanate-7-(methylthio)heptane had 56 and 31 significant
correlations in the small intestine, respectively (Fig. 2.9A). 3H-1,2-Dithiole-3-
thione had 11 significant correlations in the large intestine (Fig. 2.9B).
Surprisingly, all three compounds are commonly found in Brassica vegetables,
which were fed to the animals as a part of the normal dietary enrichment. All
bacteria significantly correlated with 6-hydroxypentadecanedioic acid in the small
intestine are positively correlated with this compound (Appendix Table AT3).
They include Clostridium XIVa, Ruminococcus, Faecalibacterium,
and Lactobacillus, all of which have shown health benefits in humans 92153, This
suggests that 6-hydroxypentadecanedioic acid may have potential prebiotic
effects. Due to the potential health benefits associated with

eating Brassica vegetables, this finding warrants additional investigation.

2.4 DISCUSSION

Currently, there is limited knowledge of the microbiota composition along
different sections of the intestinal tract in either human or nonhuman primate
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(NHP) samples 1541%5_ Studies of human subjects usually require prior bowel
preparation, which has been shown to alter the microbiota 9. In this study, we
collected tissue samples from healthy NHPs without prior bowel preparation, thus
providing an unaltered view of the healthy microbiota. Previous studies have
analyzed the intestinal tract microbiota compositions in mice, chickens, dogs,
cows, and horses '¥7-'4! among others. However, due to the anatomical
differences, in addition to the dietary and genetic differences, these animals may
have different microbiota along the intestinal tract.

Perhaps not surprisingly, the baboon microbiota composition is more
similar to that observed in human intestinal tissue-associated microbiota and
dissimilar to that observed in mouse fecal samples 23. Similar to a previous
human study which examined the microbiota composition using small and large
intestinal biopsy samples '#2, we found several microbiota differences along the
intestinal tract at the phylum level. Additionally, we found lower alpha-diversity in
the small intestine, while Stearns et al. did not '*2. One plausible explanation is
the previous study collected biopsy samples after the patients had undergone
bowel preparation, and this may affect the microbiota composition. Indeed, the
fecal samples collected prior to bowel preparation had very different microbiota
composition compared to the colon tissue samples.

Similar to previous reports in humans, we found variations in the
microbiota composition between different NHP subjects. In addition, we found
that the microbiota composition along the intestinal tract is also influenced by the

host. Previous studies suggest that this variation between individuals can be
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attributed to factors such as genetics, dietary preferences, and other factors
38157 |n this study, differences in baboon age and weight may have further
contributed to interindividual differences. The alpha-diversity differences
observed along the intestinal tract sections were likely due to changes in the
microbial concentration gradient, where the small intestine harbors fewer bacteria
due to the high-pH environment. It is not surprising that the distal colon and
cecum harbor more distinct bacterial taxa than other locations. Previous studies
have shown that both the distal colon and cecum are where most bacterial
fermentation takes place, although we found no discernible differences in the
predicted metagenome of the microbiota 158,

In this study, we performed untargeted metabolomics on the intestinal
tissues. Although we were able to identify more than 3,395 entities, we were able
to assign identities to only 292 compounds. This lack of positive identification is
mainly due to the lack of available databases. It is conceivable that we will be
able to extract additional information from the current data in the future using
improved databases, further strengthening the current research. Nevertheless,
using the most current database, we found that the metabolomic profiles showed
enriched cancer-related pathways in the large intestine. We think this observation
suggests that the large intestinal metabolic microenvironment may better support
tumor growth compared to the small intestine. This hypothesis is supported by
the low incidence of small intestinal tumors in humans. However, a major caveat
of the current research was our inability to distinguish between the metabolic

contribution from the host and the microbiota. Thus, whether differences in
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metabolite profiles between the small and large intestine were primarily driven by
the microbiota is yet to be determined. A previous study comparing the tissue-
level metabolome between conventional and germfree mice showed that the
microbiota contribute to various metabolomic differences along the intestinal
tract. However, whether this difference is due to changes in microbial metabolism
or host metabolism is unclear '8!, Future studies should aim to separate
metabolites originated from the host, microbiota, or food source.
Interestingly, our analysis also found that 6-hydroxypentadecanedioic acid, 1-
isothiocyanato-7-(methylthio)heptane, and 3H-1,2-dithiole-3-thione, compounds
commonly found in Brassica vegetables, were correlated with higher levels of
several potentially beneficial bacteria. Notably, 3H-1,2-dithiole-3-thione has been
previously shown as a potent antioxidant and potential chemopreventive agent,
by targeting the transcription factor NRF2 159, This may suggest a potential
prebiotic effect of these compounds. Moreover, these compounds show location-
specific correlations with microbiota, which may suggest a potential strategy to
target beneficial bacteria in different intestinal locations. One explanation for the
location-specific correlations is the differences in absorption of these compounds
at different locations of the intestine, which can lead to different metabolite
concentrations in the intestinal lumen. However, since the current study did not
include controlled feeding, we are unable to ascertain the exact role of these
compounds in modulating the microbiota.

In the present study, we report the host-microbiota interactions along the

healthy nonhuman primate lower gastrointestinal tract. Our study provided a
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global view of the microbiota landscape of healthy NHPs. Our analysis suggests
an intricate global relationship between the microbiota and metabolites along the
intestinal tract. Importantly, we found that dietary components may be a means
to modify microbiota composition at specific sites throughout the intestinal tract,
suggesting potential targeted use as prebiotic therapeutics. Further study will be
necessary to evaluate specific diet-microbiota-metabolomic interactions and the

potential to use metabolites as microbiota-directed therapeutics.
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2.5 PUBLICATIONS

This chapter has been modified (with permission) from the published article':

160. Yuan, C., Graham, M., Staley, C. & Subramanian, S. Mucosal Microbiota
and Metabolome along the Intestinal Tract Reveal a Location-Specific
Relationship. mSystems 5, (2020).
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7253361/
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CHAPTER 3: INTERACTION BETWEEN HOST MICRORNAS AND THE GUT

MICROBIOTA IN COLORECTAL CANCER

3.1 Introduction

The colon microenvironment hosts trillions of microbes, known as the gut
microbiome. A healthy microbiome helps maintain colon microenvironment
homeostasis, immune system development, gut epithelial function, and other
organ functions'28-130.161.162 - Aljthough many factors impact the composition of the
gut microbiome, the overall functional profiles remain stable over time'63.164,
Nevertheless, changes in the taxonomic and functional compositions of the
microbiome have been implicated in many diseases, including colorectal cancer
(CRC)?3.165-167  Although the association between microbiome alterations and
disease processes has been extensively demonstrated, the directionality, as well
as the mediators of the host-microbiome interaction, remains unclear.

Diet has been independently associated with both the gut microbiome and
CRC. For example, the Western diet (characterized by low fiber and high protein,
fat, and sugar) affects gut microbiome composition in humanized mice, whereby
mice fed a Western diet have an increased abundance of Firmicutes and a
decreased abundance of Bacteroidetes'®®1%. The same Western diet has also
long been considered a risk factor for developing CRC'7%-172, Using an animal
model of CRC, Schulz et al. demonstrated that the high-fat diet (HFD) exacerbates
CRC progression; however, treating animals with antibiotics blocks HFD-induced

CRC progression'’3, This suggests that diet can drive microbiome composition
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change in the gut as a precursor to CRC development.

Recent studies have found that host genetic variation is correlated with
microbiome composition. For example, a polymorphism near the LCT gene, which
encodes the Ilactase enzyme, is associated with  an abundance
of Bifidobacterium in the gut microbiome, and microbes in
the Christensenellaceae family were shown to be heritable, with a higher similarity
between monozygotic than dizygotic twins 121748911175 = Another recent study
investigated CRC tumors and identified a correlation between coding mutations in
tumors and the composition of the microbial community in the tumor
microenvironment?. Interestingly, in a genetic mutation model of intestinal tumors,
germfree animals developed significantly fewer tumors in the small intestine 24.
Although the finding is limited to the small intestine, the trend shows that CRC
development partially depends on the microbiome. In an animal model of colitis-
associated CRC, Uronis et al. showed that germfree mice exhibit normal histology
and do not develop tumors, compared to 62% of conventionalized mice that
developed tumors (n = 13) 76, These results support an interaction between the

microbiome and host genomics that may affect tumor development.

A recent report demonstrated that fecal microRNAs (miRNAs) can shape
the composition of the gut microbiome %, indicating a mechanism by which host
cells can regulate the microbial community. In CRC, several miRNAs, such as miR-
182, miR-503, and mir-17~92 cluster, can regulate multiple genes and pathways

and have been found to promote malignant transformation and disease
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progression 416370 |nterestingly, studies have also found that microbiome-derived
metabolites can change host gene expression, including expression of miRNAs, in
the colon 721%_ Taken together, these results suggest a bi-directional interaction
between host cells and microbes, potentially mediated through miRNA activity.
However, we still know very little about the role of miRNAs in host-microbiome
interactions, especially in the context of CRC. With thousands of unique miRNAs
and microbial taxa present in the CRC microenvironment, it is challenging to
experimentally study all possible pairwise interactions. Nevertheless, genomic
characterization of both miRNA expression and microbial composition in patients
with CRC can identify potential interactions between miRNAs and microbes, which
can then be used as candidates for functional inspection.

Here, we establish the relationships between miRNA expression and
microbiome composition in CRC patients. We sequenced small RNAs and
integrated 16S rRNA gene sequencing data from both tumor and normal colon
tissues from 44 patients (88 samples total). We explored the correlation between
miRNAs and the microbiome through imputing the miRNA functional pathways and
microbiome metabolic pathways in silico (Fig. 3.1). To our knowledge, this is the
first analysis to establish a global relationship between miRNA expression and the

microbiome in CRC.

3.2 Methods

3.2.1 Tissue samples.
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A total of 88 matched tumor and adjacent normal tissues were collected
from 44 patients by the University of Minnesota Biological Materials Procurement
Network. A detailed description of sample collection was previously published 23.
Briefly, all patients provided written, informed consent. All research conformed to
the Helsinki Declaration and was approved by the University of Minnesota
Institutional Review Board, protocol 1310E44403. Tissue pairs were resected
concurrently, rinsed with sterile water, flash-frozen in liquid nitrogen, and
characterized by staff pathologists. Detailed deidentified sample metadata,
including age, gender, tumor location, tumor stage, and microsatellite stability

(MSS) status, are available in Appendix Table ATS.

3.2.2 16S rRNA sequencing and sequence analysis.

The 16S rRNA gene sequencing data were previously published?®. Raw
sequences were deposited in the NCBI Sequence Read Archive under project
accession number PRJNA284355, and processed data files are available in the
work of Burns et al.?3. Briefly, total DNA was extracted from approximately 100 mg
of tissue. Tissues were first physically disrupted by placing the tissue in 1 ml of
QlAzol lysis solution in a 65°C ultrasonic water bath for 1 to 2 h. The efficiency of
this approach was verified by observing high abundances of Gram-positive
bacteria across all samples, including those from the phylum Firmicutes. DNA was
then purified using an AllPrep nucleic acid extraction kit (Qiagen, Valencia, CA).

The V5-V6 region of the 16S rRNA gene was PCR amplified with multiplexing
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barcodes '77. The bar-coded amplicons were pooled and ligated to lllumina
adaptors. Sequencing was performed on a single lane on an lllumina MiSeq
instrument (paired-end reads). The forward and reverse read pairs were merged
using the USEARCH v7 program fastq_mergepairs, allowing stagger but no
mismatches'”®. Operational taxonomic units (OTUs) were picked using the
closedreference picking script in QIIME v1.7.0 and the Greengenes database
(August 2013 release)'#4179.180 The similarity threshold was set at 97%, reverse
read matching was enabled, and reference-based chimera calling was disabled.

The unfiltered OTU table used for the analysis is available in Appendix Table AT6.

3.2.3 MicroRNA sequencing.

To prepare samples for small-RNA sequencing, total RNA was extracted using an
AllPrep nucleic acid extraction kit (Qiagen, Valencia, CA). RNA was quantified
using the RiboGreen fluorometric assay (Thermo Fisher, Waltham, WA). RNA
integrity was then measured using a model 2100 Bioanalyzer (Agilent, Santa Clara,
CA). Library creation and sequencing were performed by the Mayo Clinic Genome
Analysis Core. Briefly, small-RNA libraries were prepared using 1 ug of total RNA
per the manufacturer’s instructions for the NEBNext multiplex small-RNA kit (New
England Biolabs, Ipswich, MA). After purification of the amplified cDNA constructs,
the concentration and size distribution of the PCR products were determined using
an Agilent (Santa Clara, CA) Bioanalyzer DNA 1000 chip and Qubit fluorometry

(Invitrogen, Carlsbad, CA). Four of the cDNA constructs are pooled, and the 120-
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to 160-bp miRNA library fraction is selected using Pippin Prep (Sage Science,
Beverly, MA). The concentration and size distribution of the completed libraries
were determined using an Agilent Bioanalyzer DNA 1000 chip and Qubit
fluorometry. Sequencing was performed across 4 lanes on an lllumina HiSeq 2000

instrument (paired-end).

3.2.4 MicroRNA sequence data processing and QC.

See Fig. 3.1 for an overview of the data analysis steps. Briefly, quality control (QC)
of miRNA sequencing data was performed using FastQC before and after adaptor
trimming with Trimmomatic'®!. Then, the paired-end reads were assembled using
PANDAseq and aligned to the hg38 genome assembly using bowtie2'82.183_Finally,
the total mature miRNA counts were generated with HTSeq'®. We removed 7
samples (S01, S02, S03, S36, S40, S41, and S43) due to a low number of total
raw reads (fewer than 500,000 raw reads) from the analysis (Appendix
Table AT5). A previous study showed that a number of miRNA sequencing reads
as low as 500,000 provides sufficient coverage for analysis'®. The remaining 81
samples have between 519,373 and 17,048,093 (median, 6,010,361) reads per
library, with an average quality score of greater than 37 in all libraries. Between
66.79% and 96.14% (median, 83.53%) of reads passed adapter trimming
(Fig. 3.2). Of all the reads passing adapter trimming, between 287,356 and
11,102,869 (median, 3,701,487) reads were identified as concordant pairs by

PANDAseq. After being mapped to the hg38 genome, between 18,947 and
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4,499,805 (median, 859,546) reads were assigned to a total of 2,588 mature
miRNAs (Fig. 3.2). Principal-component analysis (PCA) visually shows a clear
separation between tumor and normal samples (Fig. 3.3A), while tumor location,
gender, age, total raw reads, and total mature miRNA reads do not appear to have
an impact on the data (Fig. 3.3B to F). Similarly, PCA plots, including an additional
principal component, did not detect clustering based on these factors (Fig. 3.4).
We further performed discriminant analysis of principal components (DAPC) using

the adegenet package in R, and it confirmed the existence of separate clusters for

tumor and normal samples (P < 2.2 x 10-16) (Fig. 3.5) but not for gender and tumor

locations (P> 0.2 for all comparisons) (Fig. 3.5)'®. Between 283 and 1,000
(median, 670) miRNAs had coverage over 1 read, and between 134 and 599
(median, 367) miRNAs had coverage over 5 reads (Fig. 3.3G). Overall, the quality
of our sequencing results is on par with those of previous studies and our previous

observations'®’.

3.2.5 MicroRNA differential expression and correlation analysis.

We identified differentially expressed (DE) miRNAs between tumor and normal

samples using the DESeq2 package (1.10.1) in R (version 3.2.3)'88 Raw miRNA

counts were filtered to include miRNAs with 21 read in 280% of the samples. The

remaining 392 miRNAs were then used for DESeq2 analysis. We define DE
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miRNAs as showing a fold change of over 1.5, with a false-discovery rate (FDR)-

adjusted P value (q value) of <0.05. We performed correlation analysis for the

tumor samples using Sparse Correlations for Compositional Data (SparCC) at the
genus level for bacteria and the miRNAs'8%. To increase the accuracy of estimation,
we performed 20 iterations for each SparCC procedure. SparCC then performs

100 permutations to calculate the pseudo-P values. Significant correlations were

defined as a correlation coefficient (r) of over 0.05 (or less than —0.05), with a

pseudo-P value of <0.05. Heatmaps of the correlation were generated in R using

the pheatmap package. We performed hierarchical clustering for both columns and

rows with the average linkage method using Pearson’s correlation. We utilized

PICRUSt v1.0.0 to construct a predicted metagenome for bacteria with significant

correlations with the DE miRNAs in tumor tissues'®. Specifically, bacterial OTUs

that are significantly correlated with the DE miRNAs are collapsed to the species
level (L7). The predicted metagenomes are then generated by following the
standard PICRUSt metagenome prediction pipeline. We included miRNAs with
significant correlations with CRC-associated genera (Fusobacterium, Providencia,
Bacteroides, Akkermansia, Roseburia, Porphyromonas, and Peptostreptococcus)

to perform pathway enrichment analysis using miRPath v.3%"19, We generated
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network visualization of miRNA-microbe using Cytoscape v3.5.1.
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Figure 3.1: Overview of analysis.

Paired tumor and normal tissues were collected from 44 CRC patients by the
University of Minnesota BioNet as a part of a previous study. The 16s rRNA gene
sequencing was performed prior, as a part of the previous study. The small
RNAs were sequenced on an lllumina HiSeq 2000 platform. A detailed
description of the analysis was described in methods section.
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Figure 3.2: Bar plot of quality control of raw reads. a. Total number of raw
reads on log10 scale per sample (grey) and percent of reads surviving quality
control (blue). b. Percent of reads surviving quality control per sample. Bar plot of
c. percent of concordant paired-end reads per sample and d. total number of
mapped mature miRNAs per sample on log10 scale.
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Figure 3.3: Small RNA sequencing data quality.

Principal-component analysis showing principal component 1 (PC1) on the x axis
and PC2 on the y axis. Each dot is colored according to its normal/tumor status
(A), tumor location (B), patient gender (C), patient age (D), raw read count (E),
and mature miRNA mapped read count (F). (G) Bar plot of the numbers of
mature miRNAs identified in each sample, with coverages over 1 read (gray) and
over 5 reads (blue).
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multiple comparisons are adjusted using false discovery rate (FDR) method.
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3.3 Results

3.3.1 MicroRNAs differentially expressed in tumor tissues.

Before performing differential expression (DE) analysis, we performed
extensive quality control of the miRNA data. Our results indicate that miRNA
expression is not strongly affected by tumor location, patient gender, patient age,
or read coverage and show a clear clustering of miRNA data by tumor and normal
samples (Fig. 3.3; see also Materials and Methods below). To identify small RNAs
that are DE between tumor and normal samples, we performed DE analysis using
DESeqg2 (see Materials and Methods). A total of 76 DE miRNAs were identified,
with 55 upregulated and 21 downregulated in tumor tissues compared to normal
tissues (P-value < 0.05 after false-discovery rate [FDR] correction). A full list of DE
mMiRNAs is available in Table ATS in the appendix. DE miRNAs with higher
expression levels in tumor tissues include miR-182, miR-183, miR-503, and the
miR-17~92 cluster miRNAs (Fig. 3.6; Appendix Table AT5), all consistent with
our previous reports®®7?. These miRNAs have all been previously shown to
contribute to CRC disease progression; for example, miR-182 and miR-503 were
found to cooperatively target FBXW?7 and contribute to CRC malignant
transformation and progression and were also predictive of patient survival’®. The
miR-17~92 cluster regulates multiple tumor-suppressive genes in CRC and other
cancers*?. In addition, miR-1, miR-133a, and miR-448 (Appendix Table AT5)
were observed at higher levels in normal tissues than in matched tumor tissues,

also in agreement with previous reports®192,
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3.3.2 Predicted functions of microbiome taxa correlated with DE miRNAs in

tumor samples.

To investigate the relationship between individual miRNAs and the
microbiome in CRC tumor samples, we performed correlation analysis using
Sparse Correlations for Compositional Data (SparCC). SparCC is developed
specifically to analyze compositional genomic survey data, such as 16S rRNA
gene sequencing and other types of high-throughput sequencing data'®.
Hierarchical clustering revealed several clusters of significantly correlated miRNAs
and bacterial taxa (Fig. 3.7). To further investigate the relationship between
miRNAs and the microbiome in CRC, we selected bacteria significantly correlated
with the DE miRNAs (Fig. 3.8A). The correlations clearly show a distinct pattern
based on the enrichment of miRNAs, even though the correlation analysis is

performed only with tumor samples. We then built a network visualizing the
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Figure 3.6: Differentially expressed miRNAs between matched normal and
tumor samples. Box plot and dot plot showing differentially expressed miRNAs.
Each panel represents a single miRNA with a normalized expression level on the
y axis. Lines connect a normal and a tumor sample from the same individual,
with red lines indicating a higher expression level in tumor tissues and green
lines indicating a higher expression level in normal tissues. miR-17, -18a, -20a, -
92a, -182, and -503 were found to have significantly higher expression levels in
tumor tissues.
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relationship between the top 9 DE miRNAs and their significantly correlated
bacteria (Fig. 3.8B and Fig. 3.8C). The correlation network shows a highly
interconnected  relationship  between these miRNAs and bacteria.
Interestingly, Blautia, a genus previously found to have lower abundance in tumor
samples, is negatively correlated with miR-20a, miR-21, miR-96, miR-182, miR-
183, and miR-7974, which are all miRNAs with high expression levels in tumor
tissues. Blautia is also positively correlated with the expression level of miR-139,
which is an miRNA with high expression levels in normal tissues. Experimental
validations are required to investigate the correlations.

We then analyzed the predicted functional composition of the microbiome
data and investigated correlations with miRNAs (Fig. 3.9). We hypothesized that
if MiRNAs selectively affect the growth of certain bacteria, then bacteria correlated
with DE miRNAs are likely to represent functional differences between tumor and
normal tissues, while the uncorrelated bacteria would not. Using the PICRUSt
v.1.0.0 software, we generated the predicted functional profiles of the correlated
and uncorrelated bacteria by assigning pathways and enzymes using the Kyoto
Encyclopedia of Genes and Genomes (KEGG) database. A total of 25 pathways
have significantly altered enrichment (two-sided Wilcoxon signed-rank test with an
FDR-corrected P-value of <0.05) (Fig. 3.9). Interestingly, several metabolic
pathways and signaling pathways, including signal transduction, amino acid
metabolism, energy metabolism, and linoleic acid metabolism, were all enriched in

the uncorrelated group, suggesting increased metabolic processes in this group.
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Figure 3.7: Heatmap of miRNA-microbiome correlations.

The correlations were estimated using SparCC. Bacterial taxa are shown in the
column, and miRNAs are in the rows. Red indicates negative correlations, and
green indicate positive correlations.
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Figure 3.8: Bacteria significantly correlated with DE miRNAs.
(A) Heatmap showing bacterial genera (in columns) that were significantly

correlated with the DE miRNAs (in rows). Red indicates negative correlations,
and green indicates positive correlations. (B) Interaction network showing the
nine most significantly DE miRNAs and their correlated bacteria (showing
bacteria with a relative abundance of >0.1% and a correlation pseudo-P value of
<0.05). Edge thickness represents the magnitude of the correlation, with blue
indicating negative correlation and with red indicating positive correlation. (C)
Heatmap showing the correlations displayed in panel B, with bacterial taxa in
columns and miRNAs in rows. Red indicates negative correlations, and green

indicates positive correlations.
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For bacteria significantly correlated with DE miRNAs, however, pathways related
to transporters, peptidoglycan, and terpenoid backbone biosynthesis have
significant enrichment. It is worth noting that the predicted metagenome may not
accurately represent the function of the microbiome; further validation using

quantitative PCR or high-throughput sequencing is required.

3.3.3 Predicted functions of miRNAs correlated with CRC-associated

bacteria.

To investigate the function of miRNAs correlated with CRC-associated bacteria,
we focused on bacterial genera previously associated with CRC,

including Fusobacterium, Providencia, Bacteroides, Akkermansia, Roseburia,
Porphyromonas, and Peptostreptococcus 2388.193-195 \We hypothesized that if
these bacteria affect CRC through modulating miRNA expression, then miRNAs
that are significantly correlated with the bacteria should show enrichment in
cancer-related genes and pathways. A list of miRNAs significantly correlated with
these bacteria is available in Appendix Table AT7. We separated these miRNAs
into groups with positive correlation and negative correlation with each bacterium
independently. Then, using the miRPath v.3 software, we predicted the functions
of miRNAs by assigning pathways to the miRNA targets using the KEGG
database (Appendix Table AT8). We visualized the pathways with a q value of

<0.01 (modified Fisher exact test; FDR corrected) in Fig. 3.10.
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Our results show that Akkermansia is the only taxon correlated with

miRNAs associated with the colorectal cancer pathway. Fusobacterium,
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Figure 3.9: Metabolic pathway (KEGG) enrichment of microbiomes
correlated and uncorrelated with DE miRNAs. The bar graph (left panel)
shows the fold enrichment for each group. Red indicates correlated and blue
indicates uncorrelated KEGG enrichment. FDR-corrected P values from a
Wilcoxon rank-sum test (on a negative log10 scale) are shown in the right panel.
The solid red line indicates a q value of 0.05

70



-log10(g-value) R
<)

0 5 10 15 166 e SE
Positive Correlations . | Lo §,§ §fb'
- D0 RE G

Negative Correlations | 0] RS 59 @Sé’ g

B SOCOTFTNES

0 5 10 122 é‘@oo@é‘\,}&?

TSI RSES

Colorectal cancer 1

Prostate cancer -

Endometrial cancer

Glioma -

Pancreatic cancer

Renal cell carcinoma -

Pathways in cancer

Glycosphingolipid biosynthesis — lacto and neolacto series [ |
Glycosphingolipid biosynthesis — ganglio series
Glycerophospholipid metabolism A
Glycosaminoglycan biosynthesis — heparan sulfate / heparin |
Mucin type O-Glycan biosynthesis (Y
Other types of O—glycan biosynthesis -
Proteoglycans in cancer

Ras signaling pathway -

PI3K-Akt signaling pathway -

ErbB signaling pathway -

Hippo signaling pathway -
Phosphatidylinositol signaling system
Oxytocin signaling pathway -

Prolactin signaling pathway -

Signaling pathways regulating pluripotency of stem cells -
Thyroid hormone signaling pathway A
Biotin metabolism -

Central carbon metabolism in cancer
Fatty acid elongation

alpha-Linolenic acid metabolism -
Biosynthesis of unsaturated fatty acids
Fatty acid biosynthesis {

Fatty acid degradation -

Pantothenate and CoA biosynthesis -
Primary bile acid biosynthesis A
Tyrosine metabolism -

Cell adhesion molecules (CAMs) {1
ECM-receptor interaction -

Axon guidance -

GABAergic synapse -

Long-term depression

Morphine addiction

Nicotine addiction -

Prion diseases -

Figure 3.10: miRNA target pathways correlated with CRC-associated

bacteria.

The heatmap shows the predicted pathways of miRNAs (rows) correlated with
CRC-associated bacteria (columns) with a q value of <0.01 (modified Fisher
exact test; FDR corrected). Positive correlations are shown in blue, and negative
correlations are shown in red. The color intensity is shown in a negative log10
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extracellular matrix.
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Providencia and Roseburia correlate with miRNAs associated with cancer-related
pathways, including the glioma, pancreatic cancer, and renal cell carcinoma
pathways and pathways in cancer. Interestingly, glycan-related pathways,
including the pathways mucin-type O-glycan biosynthesis, other O-glycan
biosynthesis, glycosaminoglycan biosynthesis—heparan sulfate/heparin, and
proteoglycans in cancer, have correlations with all bacterial genera analyzed,
except for Akkermansia. This finding corresponds to a previous study showing
that Fusobacterium nucleatum infection stimulates mucin secretion in vitro 9.
Additionally, Fusobacterium nucleatum binds to specific Gal-GalNAc, which is
expressed by CRC tumors, through the Fap2 protein'®. Porphyromonas
gingivalis was shown to induce shedding of a proteoglycan, syndecan-1, in oral
epithelial cells'. However, the role of the bacteria and glycan interaction is not
clear in the context of CRC. Cell signaling pathways previously implicated in
CRC, such as the Ras, PI3K/Akt, ErbB, and Hippo pathways, are also correlated

with these bacterig36.198-200,

3.4 Discussion

Although there is a known association between gut microbiome composition
change and CRC?31%5-167 the potential mediators of this relationship remain
unclear. One potential mediator is host genetics and, specifically, CRC tumor
mutational profiles?4176. Additional evidence indicates that miRNAs can mediate

host-microbiome interactions in patients with CRC'%%, Here, we presented the first
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integrated analysis of miRNA expression and gut microbiome profiles in CRC
patients. Our data show a highly interconnected correlation network between
miRNA expression and the composition of the microbiome and support the role for
miRNAs in mediating host-microbiome interactions.

Active interactions between host and the microbiome in CRC have been
previously observed, leading to the proposition that pathogenic “passenger”
bacteria colonizing tumor tissue might lead to exacerbated tumor progression 34.
In  our analysis, we focused on potential passenger bacteria,
including Fusobacterium, Providencia, Bacteroides, Akkermansia, Roseburia,
Porphyromonas, and Peptostreptococcus. Fusobacterium includes several
pathogenic species and is implicated in dental disease, infections, and CRC
21,201.202  Gimilarly, Providencia has also been implicated in gastrointestinal
infections 23203-205 The mechanism of Fusobacterium in promoting CRC
tumorigenesis and progression has been investigated. It activates the Wnt/3-
catenin signaling pathway through FadA protein, which binds to the E-cadherin
protein on intestinal epithelial cells (IECs), thus promoting cell proliferation?'.
Several mechanisms might explain this observation. One possibility is that bacteria
can infiltrate the intestinal epithelial barrier after certain pathogenic bacteria,
cleaving the E-cadherin 21206, This might lead to an increased inflammatory
response in the colon microenvironment, and the inflammation can lead to DNA
damage and contribute to disease progression 234, Another potential mechanism
is that bacteria can directly cause mutations in IECs through virulence proteins.

Several of these virulence proteins were found in Escherichia
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coli and Helicobacter pylori 2°72%8 and results indicate that these virulence factors
may be enriched in the CRC microbiome, especially
in Fusobacterium and Providencia?3. However, it is unclear whether these bacteria
produce virulence proteins that can directly cause DNA damage, and further
investigation is required to elucidate this mechanism.

The Wnt/B-catenin pathway activation by Fusobacterium can lead to
upregulation of numerous genes related to CRC?%%-2"1. One such gene, MYC, is a
transcription factor that targets multiple genes related to cell proliferation, the cell
cycle, and apoptosis. The miR-17~92 cluster is a known transcriptional target
of MYC and has oncogenic properties in several cancer types 41424344
Interestingly, butyrate, a short-chain fatty acid produced by members of the
microbiome, diminishes MYC-induced miR-17~92 overexpression in CRC in
vitro through its function as a histone deacetylase inhibitor’?. Studies of CRC have
consistently found low fecal butyrate levels as well as a reduced relative
abundance of Dbutyrate-producing bacteria, such as members of
the Firmicutes phylum?87288  QOne potential explanation is that, in CRC, the DE
miRNAs can affect the growth of certain microbes, which eventually outcompete
other species and form a biofilm on tumor tissues'%?. Indeed, our data show several
enriched bacterial nutrient biosynthesis and metabolism pathways in the microbes
uncorrelated with DE miRNAs, but not in the correlated group. Interestingly,
pathways in bacterial cell motility and secretion are also enriched among
uncorrelated bacteria, suggesting that, in addition to promoting bacterial growth,

certain miRNAs may be involved in recruiting bacteria to tumor tissues. This may
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also provide a possible explanation for the observed difference in alpha diversity
of tumor microbiomes?3:4344,

In our analysis of the functions of miRNAs correlated with selected bacteria
known to have associations with CRC, prion disease, and morphine addiction
pathways found to be enriched in our analysis do not immediately seem related to
cancer (Fig. 3.10). Upon further investigation of miRNA target genes in these
pathways, we found that several genes included in the pathways may have
relevant functions in cancer. For example, mitogen-activated protein kinase
(MAPK) is central to cell proliferation and survival, interleukin-6 (/L6) and
interleukin-beta (IL718) are cytokines involved in inflammation, protein kinase A
(PKA) is important in regulating nutrient metabolism, Bcl-2-associated X protein
(BAX) is a tumor suppressor gene; and prion protein (PRNP) are known to have a
significant role in regulating immune cell function?12-214,

A recent study has suggested an additional mechanism affecting host-
microbiome interactions that may promote CRC tumorigenesis and progression
19215 Abed et al. showed that Fap2 produced by Fusobacterium binds to glycan
produced by CRC to attach to the tumor tissue '°. Interestingly, glycan biosynthesis
pathways were enriched in targets of the miRNAs correlated with CRC-associated
bacteria. The increased glycan production may increase recruitment of certain
bacteria, such as Fusobacterium, to the tumor location. This result highlights a
novel potential mechanism for miRNAs, through regulating glycan biosynthesis, to
attract specific microbes to the tumor microenvironment and thus impact tumor

development. Interestingly, the mucin-type O-glycan biosynthesis pathway is
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enriched in miRNAs positively correlated with Fusobacterium but negatively
correlated with Bacteroides and Porphyromonas. This suggests that these
bacteria may have different mechanisms of attachment to the mucosal surface due
to different abilities to bind to O-glycan?'®. Additional studies are required to test
the association between Fusobacterium, tumorigenesis, and miRNA-driven glycan
production.

It is important to note that our study uses 16S rRNA gene sequencing to
characterize microbiome taxonomic composition and computationally predicted
pathway composition using PICRUSt v1.0.0"%°. Although this method is widely
used, metagenomic shotgun sequencing can be more accurate and informative in
understanding the functional makeup of a microbial community. Similarly, to
impute miRNA functional profiles, we used anin silico prediction method,
miRPath'%191 While both of these methods have been rigorously tested and
validated with experimental data, the results remain predictions and may not
represent the real biological system'.1°1_ Another limitation of our approach is that
it identifies correlations and not causal relationships. Nevertheless, this approach
allows us to generate a microbiome- and miRNA transcriptome-wide
characterization of potential interactions, which shed light on potential new
mechanisms of host-microbiome interactions.

In addition, we highlight candidates for potentially interacting host miRNAs
and microbial taxa, which can be directly validated and explored in model systems
217 For example, mouse models have been extensively used to study host-

microbiome interactions in the gut?'®, and studies have quantified how microbiome
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colonization can modulate gene expression in the host gut?'%220_ In addition, in
vitro approaches can be useful in dissecting the regulatory effects of the
microbiome and in characterizing the effects of variation in individual taxon
abundances on gene expression in host cells??'222, These studies can validate
interactions identified in our current study and shed light on the directionality and

causality.

3.5 Conclusions

Our analysis, together with evidence from previous studies, suggests that
miRNAs likely mediate host-microbiome interaction in CRC. We identify potential
novel mechanisms that mediate this interaction and may have a role in CRC
tumorigenesis, including a possible role for miRNA-driven glycan production in
the recruitment of pathogenic microbial taxa. The interactions identified here
might be a direct target for developing therapeutic strategies that can benefit
CRC patients. Follow-up studies using model systems are warranted to assess

the causal role of individual microbes and miRNAs in CRC.
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3.6 PUBLICATIONS

This chapter has been modified (with permission) from the published article?:

3. Yuan, C., Burns, M. B., Subramanian, S. & Blekhman, R. Interaction between
Host MicroRNAs and the Gut Microbiota in Colorectal Cancer. mSystems 3,
e00205-17 (2018).

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5954203/
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CHAPTER 4: MICROBIOTA - METABOLITE - IMMUNE CELL
INTERACTIONS IN COLORECTAL CANCER

4.1 Introduction

The gut microbiota actively metabolizes undigested food and substances
shed from the intestinal cells, thereby generating energy and sending vital
nutrients back to the host?8. Without the microbiota, the colon's epithelial cells will
undergo autophagy and will fail to maintain their structure®®. In the normal colon,
epithelial cells primarily use butyrate as energy. Tumor cells, however, require a
large amount of glucose as their energy source to sustain growth, creating a
large amount of lactate as the product in the tumor microenvironment. In
addition, to support the formation of new cell membranes, the tumor has an
increased need for lipid and amino acids biogenesis. The change in the energy
source preferred by proliferating tumor cells profoundly alters the nutrient
composition of the tumor microenvironment (TME). The TME is immensely
complex that includes the microbiota, host epithelium, and infiltrating immune
cells in the colonic mucosa. The microbiota helps ferment host dietary products
and supply essential metabolites to the host. Alterations in the microbial profiles
in the TME can negatively affect the activity and function of tumor-infiltrating
immune cells, including macrophages, and T cells. Signaling interactions
between these species at the Gl tract maintain host-microbiota physiology and
function'®-8, Recent analysis in metagenomics and metabolomics have yielded
associations of the microbiota with numerous disease pathologies including

CR(19-21.23,165,166,.223 Yet the directionality and the mediators between CRC and
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dysbiosis remain unclear®. Given the drastic changes in the nutrient composition
of the tumor microenvironment and the role of the microbiota in metabolism,
there is undoubtedly a metabolic interaction between the tumor and its
microbiota. Investigating the metabolic secretions from the bacteria may produce
a more standardized and reproducible approach to identify candidates that can
mechanistically alter immune cell phenotype and function within the CRC TME.
Modulatory factors secreted by the microbiota include indole metabolites, Short
Chain Fatty Acids (SCFAs), bile acids, and amino acids that have been
implicated in shaping the presence and function of infiltrating immune cells.

To investigate microbial metabolite contribution to altered immune cell
infiltrate we employed an integrated multi-omics approach of untreated primary
tumor and tumor matched adjacent normal tissues. We performed 16S rRNA
sequencing, RNA sequencing, and untargeted metabolomics to address this
looming question. This comprehensive data set and data integration yielded a

robust characterization of the TME within our cohort.

4.2 Materials and Methods

4.2.1 Sample collection and tissue preparation

A detailed sample collection method was previously described??*. A total
of 24 treatment naive human CRC biospecimens along with matched adjacent
normal tissue were collected through the Biological Materials Procurement
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Network (BioNet) of the University of Minnesota and the Cooperative Human
Tissue Network under an institutional review board (IRB)-approved protocol. All
freshly resected specimens were transported in ice-cold RMPI1-1640 medium and
immediately flash-frozen in liquid nitrogen in the laboratory. The frozen tissues
were stored in -80C freezer until further processing for RNA-seq, 16S-seq, and
metabolomics analysis.

Samples were prepared using the same method as described in the
materials and methods section of Chapter 2. Briefly, the tissues were ground
using a mortar and pestle in liquid nitrogen. The ground tissues were then used

for DNA, RNA, and metabolites preparation.

4.2.2 RNA and 16S gene Sequencing and data analysis

The DNA and RNA were isolated using the Qiagen Allprep kit (Qiagen)
with QiaCube machine following the manufacture’s protocol. The University of
Minnesota Genomics Core performed library creation and sequencing. The RNA
sequencing method was described in detail in a previous study 22°. Briefly, 1 ug
of total RNA was used to create each sequencing library using the StrandedRNA
Pico Mammlian LP (TakaraBio) and was sequenced on a NovaSeq (lllumina)
instrument with the 150-base pair paired-end mode. The FASTQ files were
analyzed using a customized pipeline (gopher-pipelines,

https://bitbucker.org/jgarbe/gopher-pipelines/overview) developed and

maintained by the Minnesota Supercomputing Institute. Differential gene
81



expression analysis was then performed in R, version 3.4.3, using the edgeR
package (https://biocoductor.org/packages/release/bioc/html/edgeR.html).25
We performed an in-silico immune cell infiltration analysis using the
CIBERSORTXx algorithm (https://cibersortx.stanford.edu/) following the
recommended settings.?®

For 16S gene sequencing, the V3-V5 region of the 16S rRNA gene was
amplified as described in Chapter 2. Sequencing was performed on a single lane
of a MiSeq sequencer (lllumina) using paired-end mode. The sequencing results
were analyzed using the IM-TORNADO?2 pipeline'#3. Alpha- and beta-diversity

metrics were analyzed using QIIME v1.9.1744,

4.2.3 Untargeted Metabolomics and Data Analysis

The metabolite extraction and untargeted metabolomics were performed
using the same protocol described in detail in Chapter 2. The data were
processed using Progenesis QI software (Thermo). The software first aligns all
the features obtained in all the runs and then assigns intensity measure for
features found in all the runs. The raw data were further processed by filtering for
the fidelity of individual feature detection using the quality control samples. Only
features with a coefficient of variation (CV) of less that 10% overall quality control
samples were accepted. Features showing high intensity in background samples
relative to quality control samples and features not present in at least 67% of all

samples were removed from analysis per the U.S. Food and Drug Administration
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recommendation. Each feature is uniquely identified with the mass-to-charge
ratio (m/z) and the elution time form the column. Features were then assigned to
metabolites identified by searching the Human Metabolome DataBase (HMDB)
and using databases developed by the University of Minnesota. Co-pathway
analysis was performed using MetaboAnalyst 5.0

(https://www.metaboanalyst.ca/).

4.2.4 Correlation analysis.

All correlation analyses were performed in R v3.4.4 using the Spearman’s
ranked correlation test with false-discovery rate (FDR) adjustment'4®. The
protocol was described in detail in Chapter 2. Briefly pair-wise Spearman’s
ranked correlation test was calculated using the cor. test function. The P values
were then adjusted using the p.adjust function before filtering for significant

correlations.

4.3 Results

4.3.1 Differential analysis between tumor and normal tissues

We observed significant differences between the tumor and normal
tissues between their gene expression profiles (p < 0.03; Fig. 4.1A, B; Fig. 4.2A,
B). There were a total of 2,969 differentially expressed genes (fold change > 2
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and FDR-adjusted p < 0.05). Of those genes, 1,283 were upregulated in the
tumor tissues and 1,686 upregulated in the normal tissues.

The overall metabolome differences were not statistically significant
between tumor and normal (Fig. 4.1C, D; Fig. 4.2C, D). In total, we have
identified 38 statistically significant differentially abundant metabolites, of which 3
have lower levels and 35 have higher levels in tumor tissues (FDR-adjusted p < <
0.1; Table 4.1).

Table 4.1: Differentially abundant metabolites between tumor and normal
tissues.

HMDB ID Normal Tumor FDR-adjusted
p-value
HMDB0000162 19.83 20.99 5.45E-05
HMDB0000721 14.26 15.74 0.0001244
HMDB0000182 17.82 18.44 0.0001498
HMDB0000070 17.28 17.94 0.0001797
HMDB0000300 16.41 18.71 0.0003662
HMDB0000684 12.81 14.69 0.0006013
HMDB0000157 22.31 23.57 0.0007016
HMDB0010383 17.55 19.43 0.0009547
HMDB0008002 11.82 17.41 0.001994
HMDBO0011737 17.19 17.95 0.001994
HMDB0000159 18.61 19.45 0.002986
HMDB0010379 16.76 18.53 0.002986
HMDB0034365 12.54 15.01 0.003365
HMDBO0000687 21.89 22.61 0.004354
HMDBO0000063 14.83 13.60 0.004919
HMDB0000167 17.22 17.85 0.005547
HMDB0000158 17.59 18.19 0.008007
HMDB0000251 20.71 21.74 0.008968
HMDB0000123 14.18 14.94 0.01003
HMDB0001397 20.25 2114 0.01003
HMDB0000883 19.60 20.27 0.01003
HMDB0000875 15.81 16.60 0.01003
HMDB0000292 18.42 19.91 0.01090
HMDB0000156 18.99 19.64 0.01215
HMDB0000267 18.33 17.56 0.02122
HMDB0005060 16.56 18.51 0.02346
HMDB0000283 18.11 18.71 0.02589
HMDB0031240 11.45 9.67 0.02634
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HMDBO0010391 18.13 19.63 0.02827
HMDB0002231 17.31 18.84 0.04243
HMDBO0000939 17.80 19.14 0.04243
HMDB0000092 10.32 11.71 0.05087
HMDB0002815 22.84 24.00 0.06755
HMDBO0009783 23.74 24.97 0.06755
HMDBO0010392 17.28 18.56 0.07286
HMDB0000172 21.94 22.57 0.07928
HMDB0000273 8.82 10.26 0.08618
HMDB0000630 12.27 13.14 0.09357

The overall microbiota profile is different between tumor and normally
based on unweighted Unifrac distance (p<0.05; Fig. 4.1E, F; Fig. 4.2E, F),
however, no significant differences are observed based on weighted Unifrac
distance (p<0.8). Overall, there was 11 genre significantly different between the
tumors (Table 4.2; p<0.05). While some groups have reported larger microbiota
differences between the tumor and adjacent normal tissue, others have shown
limited differences?26-22%_ This could potentially be due to differences in surgical
sample collection, the relative distance between the normal and tumor tissues as
well as the location of the tumor.

Table 4.2: Differentially abundant microbes between tumor and normal

tissues.

ID Normal Tumor p-value
Propionibacterium 0.03239845 0.00634185 0.005
Roseburia 0.00099343 0.00266521 0.013
Corynebacterium 0.00146358 0.00014692 0.026
Pseudomonas 0.01087837 0.00089081 0.029
Aquabacterium 0 0.00057164 0.036
Bibersteinia 0.00397880 0.00144829 0.044
Lactonifactor 0.00013136 0 0.045
Oribacterium 0.00032415 0 0.045
Acidocella 0.00235101 0 0.045
Clostridium_XI 0.00421386 0.020029928 0.046
Streptophyta 0.07586353 0.067695203 0.049
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Figure 4.1: Differential analysis between tumor and normal tissues.
a), Principal component analysis of RNA-Seq. b) Discriminant analysis of
principal components of RNA-Seq data. ¢) Principal component analysis of
untargeted metabolome data. d) Discriminant analysis of principal components of
untargeted metabolome data. e) Principal coordinate analysis of unweighted
unifrac distance of the microbiota data. f) Phyla level relative abundance.
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Figure 4.2: Principal component/coordinate analysis between tumor and
normal tissues.

Principal component analysis of RNA-Seq data showing a) PC1 and PC3. b) PC2
and PC3. Principal component analysis of untargeted metabolome data showing
c) PC1 and PC3. d) PC2 and PC3. d) Principal coordinate analysis of unweighted
unifrac distance of the microbiota data showing e) PC1 and PC3. f) PC2 and
PC3.
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4.3.2 Pathway analysis

We then sought to investigate the pathway enrichment with changes in the
metabolome. We found that 3 pathways were significantly enriched, including
Aminoacyl-tRNA biosynthesis (p < 1e-8), Valine, Leucine, and Isoleucine
Biosynthesis (p < 0.0005), phenylalanine, tyrosine, and tryptophan biosynthesis
(p < 0.1). Curiously, all three pathways are related to amino acid biosynthesis,
and the amino acids involved, except for tyrosine, are all essential amino acids,
meaning humans cannot synthesize those amino acids. While tyrosine is a
conditionally essential amino acid, which can be synthesized from phenylalanine
in humans. We found that all of these amino acids are present at a higher
concentration in the tumor tissues (Table 4.3). In Chapter 2, we found a higher
concentration of amino acids in the Baboon small intestines (Appendix
Table AT3), this is consistent with our knowledge that amino acid absorption
occurs in the small intestines. Considering humans cannot synthesize these
amino acids, we postulate that tumor microbiota could be involved in

synthesizing these amino acids that are required for cellular functions.

Table 4.3: Select amino acid levels in tumor and normal tissues.

HMDB ID Normal Tumor | TDR-adjusted

p-value

Valine (HMDB0000883) 19.60 2027 0.01003
Leucine (HMDB0000687) 21.89 22.61 0.004354

Isoleucine (HMDB0000172) 21.04 2257 0.07928
Phenylalanine (HMDB0000159) | 18.61 19.45 0.002986
Tyrosine (HMDB0000158) 10.83 20.99 5 45E-05
Tryptophan (HMDB0000929) 14.26 15.74 0.0001244
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Next, we performed an integrative Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analysis by combining DEGs and DE metabolites in
the same analysis (Figure 4.3-8). We identified 5 significantly enriched
pathways, including Nitrogen metabolism (p<0.0001; Figure 4.3), purine
metabolism (p<0.005; Figure 4.4), phenylalanine metabolism pathway (p<0.06;
Figure 4.5, Figure 4.8), Mucin type O-glycan biosynthesis (p<0.1; Figure 4.6),
glutathione metabolism (p<0.1; Figure 4.7). Interestingly, of the 5 pathways, 4
are related to amino acid metabolism. Although the Mucin type O-glycan
biosynthesis pathway was not related to amino acid metabolism, it was identified
in chapter 3 to be associated with Fusobacterium, a known carcinogenic

bacterium9,

4.3.3 CRC Interaction networks surrounding essential amino acids

Based on the differential expression and pathway analysis, we then
focused our analysis on the essential amino acids. We mapped the interaction
network around these differentially abundant essential amino acids, including
microbiota as well as immune cell fractions. We decided to include imputed
immune cell fractions due to previous studies indicating the potential role of the
essential amino acids in immune cell regulations (Figure 4.9). The network
analysis shows that CD4 T resting memory T cells had the most correlations with

the microbes and metabolite isoleucine (HMDBO0000172). Leucine
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(HMDBO0000687) is positively correlated with both M2 Macrophages and resting
Mast cells. Tryptophan (HMDB0000929) is negatively correlated with
Aquabacterium, Coprococcus, and activated memory CD4 T Cells. Valine
(HMDBO0000883) is positively correlated with Serpens and Oribacterium.
Tyrosine (HMDBO0000158) is positively correlated with Micrococcus and
Acidocella. Phenylalanine (HMDBO0000159) is negatively correlated with
Corynebacterium and Bibersteinia. Notably, we also found both Corynebacterium

and Bibersteinia to have higher relative abundance in the tumor tissues.
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Figure 4.3: KEGG metabolic pathway co-enrichment analysis. Nitrogen

metabolism.
Red indicates higher expression level (genes) or concentration (metabolites) in

the tumor tissue and green indicates lower levels.
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Figure 4.4: KEGG metabolic pathway co-enrichment analysis. Purine

metabolism.
Red indicates higher expression level (genes) or concentration (metabolites) in

the tumor tissue and green indicates lower levels.
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Figure 4.5: KEGG metabolic pathway co-enrichment analysis.
Phenylalanine metabolism.

Red indicates higher expression level (genes) or concentration (metabolites) in
the tumor tissue and green indicates lower levels.
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Figure 4.6: KEGG metabolic pathway co-enrichment analysis. Mucin type

O-glycan biosynthesis.
Red indicates higher expression level (genes) or concentration (metabolites) in

the tumor tissue and green indicates lower levels.
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Figure 4.7: KEGG metabolic pathway co-enrichment analysis. Glutathione

metabolism.
Red indicates higher expression level (genes) or concentration (metabolites) in

the tumor tissue and green indicates lower levels.
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Figure 4.8: KEGG metabolic pathway co-enrichment analysis.
Phenylalanine, tyrosine, and tryptophan biosynthesis pathway.

Red indicates higher expression level (genes) or concentration (metabolites) in
the tumor tissue and green indicates lower levels.
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circles indicate immune cells. Red edges indicate negative relationships and
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the correlation coefficient, whereas thicker lines mean a higher correlation
coefficient.
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4.4 Discussion and Conclusion

We took a systems biology approach in this study and analyzed
microbiota — metabolite — immune cell interactions in colorectal cancer. While
previous studies have analyzed pair-wise interactions, limited studies have
explored the 3 — way interactions. More importantly, we found a central role of
amino acids in the interactions that may have implications in developing
treatment or diagnostic strategies.

Previous studies have similarly found higher levels of essential amino
acids in the CRC tumor tissues, fecal samples, and even blood samples88:230-234,
Typically, food-source amino acids are absorbed in the small intestines. In
certain situations, for example, high protein diet, undigested proteins can pass
through the small intestines and end up in the large intestines, where proteolytic
bacteria can break them down through the putrefaction process?®'. Studies have
shown that this process can produce harmful metabolites that contribute to CRC
progression. It is also possible that due to faster proliferation and higher levels of
misfolded proteins being produced by the tumor cells, they require a larger
amount of amino acids overall to the tumor location, leading to higher detected
concentrations®*°. Another possible contributor to the amino acids in the gut
microbiota, where many species are known to produce all 20 amino acids
needed by humans?®.

Higher levels of these essential amino acids in the tumor tissue may have
several consequences. While we have identified multiple relationships between
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metabolites, microbes, and immune cell fractions, limited studies have shown the
same relationships. One notable essential amino acid is tryptophan. Prior studies
have found that IL411 in tumor potentially act as a novel immune checkpoint. This
gene act through mediating tryptophan metabolism which influences M2
macrophages polarization and inhibits both T-cells and B-cells in the tumor
microenvironment?37-23%_ This is consistent with our analysis (Figure 4.9)
showing that tryptophan is negatively correlated with activated CD4 T Cells.
Additionally, our co-pathway analysis has also found enrichment of the
Phenylalanine, tyrosine, and tryptophan biosynthesis pathway in the tumor
tissues (Figure 4.8), where phenylalanine, tyrosine, and IL411 contribute to the
pathway enrichment. Additionally, we found that tyrosine is positively correlated
with Micrococcus, which has shown to be able to produce tyrosine?*°. Moreover,
phenylalanine, which is found at a higher level in the tumor tissues and an
essential amino acid that can be converted into tyrosine in humans, is negatively
correlated with Corynebacterium. Corynebacterium has long been thought to be
able to elicit an immune response and potentially useful in cancer treatment?#'-
244

Taken together, evidences suggest a potential pathway where
Micrococcus produces tyrosine in the tumor microenvironment, which through
IL411 contributes to immune cell suppression and finally contributes to tumor
progression 237239 \We postulate that microbial-derived metabolites act as an
intermediate in the tumor microenvironment that can promote tumor progression

through both nutrient production and immune cell regulation. The contribution of
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the gut microbiota in sustaining metabolite conditioning to promote
immunosuppression is relatively novel and unexplored. Further investigations on
the metabolic mediators secreted by the gut microbiota will undoubtedly provide
a new level of understanding of immune homeostasis and novel methods in
modulating immune responses in a multitude of diseases including improving the

effectiveness of immune-checkpoint blockade therapies in cancers.
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CHAPTER 5: CONCLUSIONS AND FUTURE DIRECTIONS

We are still at the beginning of understanding many factors surrounding
CRC, including microbiota and the immune system. These factors do not act
alone, they form a complex network of interactions and together contribute to
CRC development and progression?®. It is thus important to develop and use
combinatorial models rather than single-factor models, to examine the effect of
multiple factors in preclinical testing. Although this may go against the traditional
bottom-up approach, experience shows the necessity of using combinatorial
models and technological advances support the development of such models.

This current dissertation outlined interactions between the host and
microbiota, through the lens of miRNAs, metabolites, and immune cells, using a
systems biology approach. We presented multiple interactions that warrant
additional investigations. A recent effort to develop a mouse model with
humanized microbiota may further propel the field of tumor-microbiota metabolic
interactions (TMMI)?45. We believe future research will require incorporating
humanized microbiota animal models with a dual approach that leverages high-
throughput genomics and metabolomics technologies is imperative in studying
TMMI in CRC. Here we discuss a microbiota model that can be used to assess
tumor growth and immune response.

Typically, to establish a humanized microbiota-associated (HMA) animal
model, human microbiota samples are transferred into germ-free animals "8
This method has shown short-term stability in retaining human microbiota in

these animals. However, this method requires significant capital investment in
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the dedicated germ-free facility and is not available to many researchers. Another
method that simplifies the process uses extensive antibiotics treatment to
condition the mouse colon, followed by a single dose of human microbiota
gavage as depicted in Fig. 5.124%. This model is much more feasible compared to
the germ-free model and has shown a similar ability to stably retain human
microbiota in these animals over 21 days. More importantly, this method does not
elicit systemic nor mucosal immune activation, suggesting potential long-term
stability and relevance for evaluating immunotherapies. In light of the recent
studies showing the importance of microbiota in enhancing immunotherapy
response, the HMA model is needed for future immunotherapy testing. We are
just beginning to scratch the surface of our understanding of the microbiome’s
contribution to health and disease but recent rapid advances that have yielded
insight into therapeutic responses are promising that modulating the microbiome
will provide a novel approach for patients with CRC. As a result of recent
investigations that have implicated the microbiota contributing to the efficacy of
immunotherapies, many researchers have sought to identify ways to manipulate
the microbiome for improved responses to therapies. One method gaining noted
attention comes from fecal microbiota transplantation (FMT) which takes patients’
stool samples that had positive responses to immunotherapy and are transferred
and retained in patients to assess the efficacy of immunotherapies. For more

information on this, we direct readers to three excellent reviews on this topic246-

248
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Figure 5.1: Methods of generating gnotobiotic mouse models that can be
used to model human microbiota composition.
Advantages and drawbacks comparing antibiotic methods and germ-free

conditions are included.
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With a better understanding of how the microbiome is contributing to tumor
progression and therapeutic outcomes, several clinical trials investigating FMT
combination treatment with chemotherapy and immunotherapy are being
explored?*%, While the majority of investigations have explored refractory
melanoma, there are a number of trials looking at gastrointestinal cancers and
specifically CRC. For example, NCT04130763, a phase 1 clinical trial sponsored
by Peking University, is being conducted to examine combination treatments of
FMT with anti-PD-L1 in patients with GI malignancies who were previously
unresponsive to PD-L1 blockade. Further investigations examining the feasibility
of Microbial Ecosystem Therapeutics (MET-4) such as NCT03686202. Unlike
donor stool used in fecal transplants, which are incompletely characterized by
complex communities of microbes and associated metabolites and fecal material,
MET-4 consists of a defined mixture of pure live cultures of intestinal bacteria
isolated from a stool sample of a healthy donor.

Other attempts at manipulating the microbiome for improved efficacy
come in the form of supplemental probiotics. Several completed clinical trials
have investigated probiotic treatment in the context of anti-tumor immunity in
CRC?*. Including NCT0372641, and NCT03782428 which investigated the role
of probiotic functional foods in reducing CRC-related inflammatory markers and
symptom alleviation. With these recent investigations showing that the
microbiome can contribute to therapeutic response, it is clear that preclinical
models are essential to recapitulate human microbiota in murine models to

narrow down which bacteria are drivers in response and resistance. These
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models require robust maintenance of a human microbial signature for relevant
comparisons. Challenges that remain in assessing the role of the microbiota
include the vast diversity of microbes in the gut as well as environmental and
dietary differences amongst cohorts being studied. These factors can somewhat
be controlled for in preclinical models but once scaled to clinical trials becomes a
very complex issue that needs to be resolved.

Since Mice have been extensively used for preclinical studies and have
provided invaluable results that have helped test many life-saving therapies for
CRC patients, here we present a summary of the advantages and limitations of
various surgical, genetic, and chemically induced mouse models for studying
CRC (Table 5.1). At this moment, no single mouse model is better than another
to study CRC. Depending on the focus of the study and the technical expertise of
the researcher, one model may be preferred over another. Many models we
discussed here require either extensive surgical expertise (orthotopic and
humanized models) or expensive and dedicated equipment (orthotopic and
human microbiota-associated models). These factors may also affect the choice
of mouse models for a certain study. Besides mice, rats and pigs are also used
for studying CRC 259251, Similarly, these models all have their advantages and
limitations. It is important for a researcher to carefully balance the research focus

and limitations of the animals.
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Table 5.1: Summary of the advantages and limitations of different mouse

models for CRC.

Advantages Limitations
Subcutaneous e Simple to establish e Tumor not grown in the
implantation e Easy to monitor correct location and
environment
Orthotopic e Tumor grown in the e Requires extensive surgical
implantation correct location and training

environment

Difficult to monitor

Organoids model

Captures the benefits of
both cell line and tumor
chunks

Expensive

Humanized model

Human immune system

Requires extensive surgical
training

e Expensive
e |nconsistent humanization

Genetic model

Tumor grown in the
correct location and
environment

o Well established
¢ Readily available

Multiple genetic mutations
are difficult to obtain

e Can be very expensive
¢ Difficult to monitor

Chemically
induced model

Tumor grown in the
correct location and
environment
Captures human CRC
mutation profile

Immunological features may
not mimic human CRC

e Chemicals are expensive
e May alter the microbiota
¢ Difficult to monitor

Human Microbiota
Associated model

Humanized microbiota

The “healthy” microbiota
composition is not defined
Long-term stability is
unclear

Combinatorial
models

Capture advantages of
multiple models

e May be difficult to establish
e Maybe expensive
e Many unknowns
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In the future, alternatives to using animals in disease studies may become
more feasible. Currently, organoid models represent a significant advance in
modeling organs in vitro. It will not only reduce and replace the number of
animals used in research, but it is also important in supporting the development
of precision medicine. Researchers are also developing organ-on-chip models for
more complex in vitro models as well as in silico models 252253, These animal-
free models will undoubtedly have a significant impact on the drug discovery

process.
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