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Abstract
Recent findings, including our own work, demonstrated that intestinal microbiota
species are capable of producing bioactive metabolites that engage host cellular
pathways (Kim et al., 2013; Sridharan et al., 2014). Microbiota-derived metabolites
have also been detected in circulation (Wikoff et al., 2009) and in the liver
(Vernocchi, Del Chierico and Putignani, 2016a), setting up the intriguing
possibility that these bacterial products could directly interact with host cellular
pathways at distant sites. The study described in this abstract investigates the
hypothesis

that

gut

microbiota

dysbiosis

perturbs

the

balance

of

immunomodulatory microbiota metabolites, which exacerbates liver inflammation
in steatosis. We utilize a multi-omic approach to identify microbiota-dependent
immunomodulatory metabolites and characterize their effects on liver
inflammation and metabolic function.
Using untargeted metabolomics, we compared the metabolite profiles in the
cecum of GF and conventionally raised (CONV-R) mice, and identified metabolites
whose levels in the mouse intestine depend on the presence of the microbiota.
Focusing on metabolites that are depleted in GF mice, we found derivatives
of aromatic amino acids (AAAs), several of which we had previously shown to
activate the aryl hydrocarbon receptor (AhR), a transcriptional regulator of hostmicrobiota interactions in the intestine.
To investigate a potential role for these metabolites in NAFLD, we
compared their profiles in serum and liver samples from 14-week old male
C57BL/6J mice raised for 8 weeks either on high-fat diet (HFD) and low-fat diet
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(LFD) mice. The diets were sucrose calorie-matched and derived 60% and 10% of
calories from fat, respectively. Untargeted metabolomics detected microbiotadependent AAA derivatives in not only the serum, but also liver samples from both
HFD and LFD mice. We thus selected a pair of representative metabolites from this
set, tryptamine (TA) and indole-3-acetate (I3A), for further analysis. Absolute
quantification of TA and I3A using targeted metabolomics showed that their levels
were significantly elevated (ca. 2- and 3-fold, respectively) in the serum of LFD
mice compared to HFD mice.
We next utilized in vitro cell culture models to investigate the ability of TA
and I3A to modulate inflammation in the liver. These experiments used both human
(HepG2) and murine (AML12) hepatocyte lines. Cultured HepG2 and AML12 cells
were treated with 10, 100, or 500 µM TA or I3A for 24 h, and then exposed to the
pro-inflammatory cytokine TNFα for another 24 h in the presence of the
metabolites. We focused on bile and fatty acids as functional readouts, as
dysregulation of bile acid lipid metabolism is a hallmark of NAFLD. Pretreatment
with I3A significantly attenuated the increases in primary bile acid levels.
Similarly, TNFα treatment significantly increased both intra- and extracellular
levels of several free fatty acids, including palmitic and oleic acid. Pretreatment
with I3A significantly attenuated these increases. At the highest dose, I3A
pretreatment completely abolished the cytokine stimulated increases in fatty acid
levels.
To investigate whether the AhR pathway was involved in attenuating the
effects of TNFα, we tested for the activation of the transcription factor using a
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hepatocyte reporter cell line, where binding of an AhR-ligand complex to the dioxin
response element leads to transcription of the reporter gene (GFP), resulting in
fluorescence. Consistent with our previous findings [10], 24 h exposure to either
TA or I3A dose-dependently increased GFP expression in the reporter cells,
indicating ligand activation of the AhR by these metabolites.
To further delineate the signaling and regulatory pathways affected by the
metabolites, we performed an untargeted proteomics analysis. An informationdependent acquisition (IDA) scan was used to generate an ion library of proteins
and their corresponding peptides in the sample. TNFα treatment significantly
altered several key proteins in our AhR network, constructed using STRING. I3A
attenuated many of these changes providing support to our hypothesis that I3A is
capable of modulating inflammation. Finally, we present preliminary data from I3A
treatment of mice raised on a Western diet and suggest several experiments for
future work.
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Figure 0-1: Cross-talk between the gut and the liver. Dysbiosis from
environmental factors such as diet causes changes in levels of bioactive
microbiota metabolites. Tryptophan derivatives such as I3A and TA are
activators of the AhR, which may modulate lipid metabolism through FASN and
inflammation through the activation of Kupffer cells.
In summary, we show that the levels of AAA-derived microbiota
metabolites are significantly depleted in a diet model of liver steatosis, and that
these metabolite can act directly on hepatocytes to modulate inflammatory
pathways. Our results also show that the microbiota metabolites are ligands for the
AhR, which could provide a mechanistic link for the observed anti-inflammatory
effects. Taken together, our findings support the hypothesis that dysbiosis of the
gut microbiota could predispose the liver to inflammation in diet-induced steatosis
through an altered microbiota metabolite profile. In ongoing work, we are utilizing
metabolomics and proteomics approaches to investigate potential crosstalk between
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AhR and other nuclear receptor pathways regulating liver lipid metabolism, while
also identifying additional microbiota metabolites that could modulate
inflammatory pathways in the liver. Prospectively, additional insights into the
mechanisms underlying the link between microbiota dysbiosis and NAFLD could
provide novel strategies to treat or prevent the progression of fatty liver diseases
through the use of probiotics or postbiotics.
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“Better is possible. It does not take genius. It takes diligence. It takes moral
clarity. It takes ingenuity. And above all, it takes a willingness to try.”
-Atul Gawande, Better: A Surgeon’s Notes on Performance

“Human knowledge is never contained in one person. It grows from the
relationships we create between each other and the world, and still it is never
complete.”
-Paul Kalanithi, When Breath Becomes Air

“There is no greater education than one that is self-driven”
-Neil deGrasse Tyson

“Somewhere, something incredible is waiting to be known.”
-Carl Sagan

“Look up at the stars and not down at your feet. Try to make sense of what you
see, and wonder about what makes the universe exist. Be curious.”
-Stephen Hawking
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Gut Microbiota Metabolites
Modulate Inflammation in
Non-Alcoholic Fatty Liver Disease

1

Chapter 1: Introduction
1.1 Overview of the Gut Microbiome
The bacterial populations in the human intestine impact host physiological
functions through their metabolic activity. In addition to performing essential
catabolic and biotransformation functions, the gut microbiota produces bioactive
small molecules that mediate interactions with the host and contribute to the
neurohumoral axes connecting the intestine with other parts of the body. In this
chapter, we discuss recent progress in characterizing the metabolic products of the
gut microbiota and their biological functions, focusing on studies that investigate
the responsible bacterial pathways and cognate host receptors. We also highlight
the relationship between the gut and the liver, which is a key component implicated
in the progression of nonalcoholic fatty liver disease. Several key areas are
highlighted for future development: context-based analysis targeting specific
signaling pathways; integration of analytical approaches; metabolic modeling; and
synthetic systems for in vivo manipulation of microbiota functions. Prospectively,
these developments could further our mechanistic understanding of host-microbiota
interactions.
Beyond the gastrointestinal (GI) tract, gut-brain, gut-lung, and gut-liver
associations have been identified, highlighting the importance of the microbiota in
host physiology. The microbiome has the capacity to exert strong influences on
many host processes. Alterations in the intestinal microbiota composition (i.e.
dysbiosis) have been correlated to various diseases, including obesity (Sanz and De
Palma, 2009; Diaz Heijtz et al., 2011), diabetes (Arthur et al., 2012), and cancer
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(Russell et al., 2012). Dysbiosis can result in increased intestinal permeability
(“leaky gut”), which exposes the host to gut bacteria and their products. Both
prevention of bacterial invasion into host tissues and absorption of vital nutrients
from diet are dependent on the integrity of this mucosal barrier. The gut regulates
a multitude of host processes such as energy homeostasis through fermentation of
dietary carbohydrates to short chain fatty acids, nutrient from diet, choline
metabolism, and the production of both proteins and small molecules.

Figure 1-1: Representative dietary inputs and metabolic functions of the gut
microbiota. Metabolic functions are indicated in italics. Closed and open arrows
indicate flow of specific metabolites and dietary residues, respectively. Dotted
lines illustrate negative feedback of hepatic bile acid synthesis under the
regulation of intestinal farnesoid X receptor (FXR), which is antagonized by
conjugated bile acids. (b) Tryptophan (TRP) catabolism via tryptophan
decarboxylase (TRD) and amidase (AMIE) produce tryptamine (TA) and indole3-acetate (IAA), which can translocate across intestinal epithelial cells (IECs) to
active the aryl hydrocarbon receptor (AhR) expressed in innate lymphoid cells.
This in turn induces secretion of interleukin-22 (IL-22), which triggers an
immune response against pathogens, e.g. resulting in production of antimicrobial
peptides by Paneth cells.
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The metabolic products of the gut microbes are known to play key roles in
the progression and pathogenesis of several metabolic disorders including
nonalcoholic fatty liver disease (NAFLD), inflammatory bowel syndrome (IBS),
and obesity.
Colonized at birth, the adult human gastrointestinal (GI) tract harbors ~1014
of bacteria belonging to at least several hundred species, which collectively
outnumber the genes of their host by ~100-fold (Tremaroli and Backhed, 2012).
The number of bacteria and complexity of their populations gradually increase from
the stomach to the colon. Collectively termed the gut microbiota, these bacterial
populations impact an array of physiological functions in the GI tract, including
digestion and host immune response to food-borne pathogens. A well-known
digestive function of the microbiota is the fermentation of complex carbohydrates
to short chain fatty acids (SCFAs) (Arora and Sharma, 2011), which are utilized as
nutrients by colonic epithelial cells. Metabolomic studies have detected SCFAs and
many other bioactive microbiota-derived metabolites in systemic circulation
(Wikoff et al., 2009), supporting the view that the metabolites generated by the gut
microbiota constitute part of the neurohumoral communication axes in the body
that link the intestine with other organs such as the liver and brain. Through these
axes, the microbiota profoundly influences the development of physiological
systems, e.g. driving the maturation of the immune system in infancy and
contributing to the maintenance of its homeostasis throughout life. Recent findings
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from studies using germ-free (GF) mice suggest that the gut microbiota modulates
brain development and cognitive function. (Diaz Heijtz et al., 2011)
Along this vein, significant alterations in the microbial populations, or
dysbiosis, correlate with diseases such as diabetes, cancer (Arthur et al., 2012), and
asthma (Russell et al., 2012). While it is difficult to establish causation, the case for
dysbiosis as a contributing mechanism for some diseases has become increasingly
compelling. Seminal work by the Gordon laboratory identified a pattern of
dysbiosis in obesity that is characterized by a greater capacity for energy harvest
(Ley et al., 2005; Turnbaugh et al., 2006). Findings from both human and animal
studies support a mechanistic role for dysbiosis in the development of neurological
disorders. Oral administration of antibiotics can reverse encephalopathy (Schiano,
2010), and psychiatric disorders such as autism spectrum disorder (ASD) are
frequently accompanied by structural changes to the intestinal microbiota (Diaz
Heijtz et al., 2011; L. Wang et al., 2011; Williams et al., 2012). Using a murine
model of ASD, Hsiao et al. showed that alterations to the serum metabolite profile
resulting from dysbiosis correlate significantly with behavioral abnormalities;
administration of a probiotic attenuated these abnormalities while reducing the
serum levels of microbiota metabolites elevated in ASD mice (Williams et al.,
2012).
Together, these and other studies linking dysbiosis and disease provide firm
evidence that structural alterations to the microbial populations in the GI tract have
functional consequences with dramatic impact on host physiology; moreover, these
functional consequences reflect alterations in the profile of microbiota-derived
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metabolic products. Many of these metabolites show activity as signaling
molecules (reviewed recently Nicholson et al. 2012), and engage various host
receptors and regulatory molecules (e.g. ligand-activated transcription factors) in
vitro and in vivo (Sanz and De Palma, 2009; Vogt, Pena-Diaz and Finlay, 2015);
however, specific functions have been identified for only a small subset of these
microbial metabolites (Vogt, Pena-Diaz and Finlay, 2015). Aided by advances in
next-generation sequencing and related data analysis pipelines (Segata et al., 2013),
efforts by large consortia (e.g. HMP, MetaHIT) as well as individual laboratories
have rapidly grown the catalog of annotated genomes for gut bacteria found in
human populations (Qin et al., 2010; J. Li et al., 2014) and model organisms
(Turnbaugh et al., 2009). These developments present an exciting opportunity to
integrate structural data on microbiota composition (‘who is there’) with functional
measurements on their metabolites (‘what is there’) to address fundamental
questions regarding the molecular mechanisms mediating host-microbiota
interactions.

1.2 Metabolic functions and outputs of the gut microbiota
In this section, we discuss recent progress in characterizing the metabolic products
of the gut microbiota and their biological functions in the context of host physiology
and health, specifically NAFLD and NASH. In particular, we focus on studies that
investigate

the

responsible

enzymatic

pathways

and

bacterial

groups.

Characterizing the large array of small molecules produced by the microbiota
presents substantial methodological challenges due to the complexity of the system.
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Motivated by these challenges, we discuss representative methods and models,
including metabolic models that could facilitate the integration of different types of
data on microbiota composition and functional readouts. We also discuss existing
models in the area of NAFLD study. We conclude by outlining future prospects for
manipulating microbiota pathways and their products to modulate host function.
Substrates metabolized by the gut microbiota include dietary residues,
mucosal macromolecules (e.g. mucins), endogenous metabolites (notably bile
acids), and xenobiotic molecules (e.g. drugs and environmental chemicals). The
major classes of dietary substrates (Fig. 1a) comprise carbohydrates, amino acids,
certain lipids (e.g., polyunsaturated fatty acids, PUFAs (Druart et al., 2015)), and
phytochemicals (bioactive non-nutrient plant compounds) (van Duynhoven et al.,
2011).

1.2.1 Short-chain fatty acids
The most abundant SCFA species in the intestine are acetate, propionate, and
butyrate (~100 mM total), which are primarily derived from carbohydrates
(Macfarlane and Macfarlane, 2011). Some fermentation of amino acids also occurs,
generating other alkyl carboxylic acids such as valerate and caproate (De Preter et
al., 2015). The different SCFAs vary in their spatial distribution; acetate and
propionate are found throughout the small and large intestines, while butyrate is
found mainly in the cecum and colon. While a handful of species (e.g. Roseburia
inulinivorans) can produce both propionate and butyrate, most butyrate producing
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species in the human gut lack the genes for propionate production, and vice versa
(Reichardt et al., 2014).
The main route for propionate synthesis from dietary hexoses proceeds
through succinate, with methylmalonyl-CoA decarboxylase (MMDA) catalyzing a
key step that results in the formation of propanoyl-CoA (Reichardt et al., 2014). An
alternative pathway involving hydrolysis of propane-1,2-diol into propanol has
been found in several major phylogenetic groups of the gut microbiota, especially
Lachnospiraceae, and likely plays an important role in fermentation of deoxy sugar
residues (e.g. fucose) of host-derived glycans (Reichardt et al., 2014). Similar to
propionate, butyrate production can occur through several pathways, utilizing
acetyl-CoA, glutarate, 4-aminobutyrate, or lysine as the major substrate; however,
further downstream, all four pathways converge onto a final step involving either
butyryl-CoA transferase (BUT) or butyrate kinase (BUK). A recent metagenomic
analysis of stool samples from healthy human subjects found that the acetyl-CoA
pathway was the most prevalent (accounting for ~80% of the detected butyrate
pathways), followed by the lysine pathway (~11%) (Vital, Howe and Tiedje, 2014).
The same study identified a small number of Firmicutes strains as the major
butyrate producers, with the vast majority of these strains harboring genes for the
acetyl-CoA pathway. The other butyrate producing pathways were primarily found
in Bacterodetes strains. However, current knowledge of Bacteroidetes physiology
casts some doubt regarding the in vivo significance of these pathways, and further
biochemical and physiologic studies, e.g. using isotopic tracers, are needed to
quantify the contribution of this phylum to the butyrate pool. Interestingly, the
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lysine and acetyl-CoA pathways often occur together, suggesting that the latter
pathway could be cross-fed with protein degradation pathways, thereby providing
adaptability to a protein-rich diet (Vital, Howe and Tiedje, 2014).
Utilized locally as an energy source by colonic epithelial cells (Donohoe et
al., 2011), SCFAs are critical for maintaining intestinal barrier integrity (Havenaar,
2011) by regulating expression of tight junction proteins (Peng et al., 2009; H.-B.
Wang et al., 2012). Additional biological roles have been identified for specific
SCFAs, particularly in the context of inflammatory signaling. Butyrate and
propionate potently interfere with NFκB-mediated cytokine production to attenuate
mucosal inflammation (Segain et al., 2000), whereas acetate has only a moderate
effect (Tedelind et al., 2007). The best characterized host receptors for SCFAs are
GPR41 and GPR43, although additional G protein-coupled receptors have been
identified and non-GPCR mediated effects have also been observed (Natarajan and
Pluznick, 2014). GPR41 is widely expressed in a variety of tissues and cell types,
including enteroendocrine cells, and plays an important role in regulating whole
body energy balance. For example, GPR41-/- mice exhibit diminished sensitivity
toward weight gain; furthermore, comparison of null phenotypes in germ-free (GF)
and conventionally raised (CONV-R) mice showed that the difference in weight
gain depends on the gut microbiota (Samuel et al., 2008). While GPR43 is
expressed to some degree in most cell types exposed to SCFAs, it is most highly
expressed in immune cells (Brown et al., 2003). Targeted gene knockout studies
have shown that SCFAs activate cytokines and chemokines in vitro (cultured
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intestinal epithelial cells) and in vivo, and that this response is GPR43 dependent
(Kim et al., 2013).

1.2.2 Aromatic amino acid (AAA) derivatives
Another major group of immunomodulatory microbiota metabolites derives from
catabolism of AAAs. In both humans and mice, a principal route for tryptophan
(TRP) catabolism is the kynurenine pathway. Depending on the cell type, the ratelimiting first step is catalyzed by tryptophan 2,3-dioxygenase (TDO) or
indoleamine 2,3-dioxygenase (IDO1). Kynurenine is an endogenous ligand for the
aryl hydrocarbon receptor (AhR). A major function of the AhR is to regulate
xenobiotic transformation in response to environmental chemical exposure. It is
also implicated in regulating immune responses and inflammation through its
effects on cytokine production and Treg cell development (Nguyen et al., 2010).
Because kynurenine production competes with other TRP pathways, IDO1, which
is expressed in immune cells accessing the intestine, modulates the TRP pool
available for microbiota metabolism (Zelante et al., 2013). Major products of TRP
catabolism attributed to the microbiota include indole-3-acetamide (IAM),
tryptamine (TA), and indole, formed via tryptophan 2-monooxygenase (TMO),
tryptophan decarboxylase (TRD), and tryptophanase A (TNA), respectively
(Zelante et al., 2013). These products can be further transformed into other indolecontaining molecules such as indole-3-acetate (IAA) and indole-3-acetaldehyde
(IAld). The genes encoding the TRP reactions are not only broadly distributed
across different phylogenic groups of the gut microbiota (Sridharan et al., 2014),

10

but also present in human and mouse genomes; of the aforementioned enzymes,
only TNA is strictly bacterial. Nevertheless, metabolomic analysis of blood,
intestinal, and/or fecal samples from GF, gnotobiotic and CONV-R mice indicate
that the gut microbiota is a major source of indole-containing metabolites as well
as many other AAA derivatives (e.g. phenethylamine from phenylalanine and
phenol from tyrosine) [4, 39]. Like kynurenine, TA, I3A, and IAld are AhR ligands,
and can modulate the host’s immune reactivity (Figure 1-1). Interestingly, indole
itself is a weak AhR agonist (Cheng et al., 2015), but dose-dependently decreases
TNFα production and NFκB activation in vitro, increases tight junction resistance
of intestinal epithelial cells, and attenuates indicators of inflammation (Bansal et
al., 2010), suggesting that microbiota-derived TRP metabolites may interact with
host inflammatory pathways through other receptors.
Metabolism of AAAs illustrates another emerging function of the gut
microbiota, modulation of the neuroendocrine communication between the
digestives and nervous systems. Serotonin, an inhibitory neurotransmitter and
hormone synthesized in the gut by enterochromaffin cells, is produced from TRP
via sequential actions of tryptophan hydroxylase (TPH1) and aromatic amino acid
decarboxylase (Ruddick et al., 2006). The serum concentration of serotonin is
significantly reduced in GF mice (Sjogren et al., 2012; Yano et al., 2015), but
restored when their GI tract is colonized with a mixture of Clostridium species,
which also increases expression of TPH1 in the intestine (Yano et al., 2015). A
similar study on catecholamines found that the levels of total dopamine and
norepinephrine were both similar in GF and CONV-R mice; however, the
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catecholamines in GF mice were mostly in biologically less active conjugated form
(Asano et al., 2012). Colonizing the GF mice with Clostridium species or CONVR fecal isolates dramatically increased the levels of free catecholamines, suggesting
that the gut microbiota could modulate systemic catecholamine levels through
deconjugation activity.

1.2.3 Bile Acids
Synthesis of primary bile acids, cholate (CA) and chenodeoxycholate (CDCA),
occurs in the liver. Before entering the intestine, the primary bile acids undergo
conjugation with either glycine or taurine, which enhances the bile acids’ surfactant
function. More than 95% of the bile acids secreted in bile are reabsorbed in the
distal ileum and returned to the liver as part of the enterohepatic circulation. The
remainder enters the cecum and colon, where they can be transformed into
secondary bile acids (Hofmann, 2009).
Microbial deconjugation of endogenous metabolites plays an important role
in balanced turnover of bile acids. These cholesterol-derived metabolites facilitate
intestinal absorption of dietary lipids and fat-soluble vitamins, while their rate of
synthesis directly influences systemic cholesterol levels. The major secondary bile
acids are deoxycholate (DCA) and lithocholate (LCA), generated through 7αdehydroxylation of CA and CDCA, respectively. The bile acid-inducible enzyme
system (encoded by baiCD) catalyzing this dehydroxylation step has been found in
several Firmicutes species, notably Clostridium scindens (Ridlon and Hylemon,
2012); however, the distribution of this gene in colonic microbiota is poorly
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characterized. In contrast, the distribution of bile salt hydrolases (BSH), which
regenerate primary bile acids in the small intestine through deconjugation, has been
extensively characterized (Jones et al., 2008). Phylogenic groups encoding BSH
include major gut microbiota genera belonging to Firmicutes (Lactobacillus,
Clostridium, Enterococcus), Actinobacteria (Bifidobcterium), and Bacteroidetes
(Bacteroides). Together, the deconjugation and dehydoxylation reactions greatly
diversify the bile acids found in the intestine (Sayin et al., 2013).
A major component of the host’s bile acid signaling system is the farnesoid
X receptor (FXR), a transcription factor expressed in both the liver and intestine.
Recent data suggest that liver bile acid synthesis is under negative feedback
regulation by intestinal (rather than liver) FXR through a fibroblast growth factor
(FGF15)-dependent mechanism. In mice, FXR is antagonized by tauro-conjugated
muricholic acid (TβMCA; MCA is a primary bile acid in mice). The levels of MCA
and TβMCA in the distal small intestine are significantly higher in GF compared
to CONV-R mice (Sayin et al., 2013). As a result, FXR-dependent inhibition of
bile acid synthesis is impaired in GF mice, consequently increasing CYP7A1catalyzed cholesterol metabolism in the liver (Li and Chiang, 2015). Using intestine
specific FXR-/- mice, Li et al. showed that the anti-obesity effects of tempol, a
chemical radical scavenger, depends on inhibition of FXR signaling, and correlates
with depletion of Lactobacillus and Clostridium species and decreases in BSH and
7α-dehydroxylase activities (Li et al., 2013). Similar correlations between BSH
activity, bile acid profile, and host metabolic phenotype were observed when the
intestines of GF or CONV-R mice were colonized with Escherichia coli
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overexpressing a pair of bacterial BSH variants (Joyce et al., 2014). This study also
showed that subtle shifts in the BSH profile directly impacts the intestinal bile acid
profile, with functional consequence on host lipid metabolism.
Another emerging role for microbiota metabolism of bile acids is to inhibit
colonization by gut pathogens. In its vegetative state, the spore forming bacterium
C. difficile is susceptible to secondary bile acid (e.g. DCA) toxicity. Employing a
comprehensive set of analyses encompassing mouse models, clinical studies,
metagenomic analyses, and mathematical modeling, Buffie et al. found that
resistance to C. difficile infection strongly correlates with presence of C. scindens,
and showed that C. scindens inhibits C. difficile growth in a bile salt dependent
manner (Buffie et al., 2015).
One important point to note when studying this group of compounds is that
bile acids differ vastly between humans and rodents presenting many challenges
when using mice or rats as model animals to study the roles of bile acids. Humans
only have two primary bile acids: CA and CDCA, while mice have five: CA,
CDCA,

α-muricholic

acid

(α-MCA),

β-muricholic

acid

(β-MCA),

ursodeoxycholic acid (UDCA). In adult humans, glycine is the primary conjugation
group, with only 25% of conjugations by taurine (Lourenco and Camilo, 2002).
Mice, however, have extremely low levels of glycine-conjugated bile acids, with
nearly 100% of bile acids conjugated with taurine (Lourenco and Camilo, 2002;
Jahnel et al., 2015).
Bile acid regulatory mechanisms during cholesterol synthesis and
conversion also vary significantly between humans and rodents (Russell, 2003;
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Chiang, 2009). Cyp7a1, the rate limiting step in primary bile acid synthesis, binds
to liver X receptor (LXRα) in rodents, but not in humans. While in humans, the
Cyp8B1 promoter, can bind to farnesoid X receptor (FXR) (Sayin et al., 2013). The
contribution of CDCA, formed through the acidic pathway, to the primary bile acid
pool is nearly 25% in rodents, while in humans the contribution is only 5% (Russell,
2003). Shifts in these compositions are generally indicative of alterations in the
metabolic phenotype (Thomas et al., 2008). Rats and humans are more prone to
drug-induced liver injury compared to mice due to the increased transport flux of
synthetic compounds and toxins into the liver (Yang et al., 2015). In addition, since
gut microbiota compositions are quite unique to each host species, these differences
also contribute to the bile acid pool differences across the two groups. In particular,
the microbial population is a key player in regulating bile acid metabolism (Swann
et al., 2011) and alterations in the microbiota composition can contribute
significantly to a wide array of metabolic disorders merely, through alterations to
the host bile acid profile.

1.2.4 Choline
Although de novo choline synthesis does occur in humans, dietary uptake is
necessary to maintain a sufficient level for biosynthesis of phospholipids such as
phosphatidylcholine (PC). Metabolomic data indicate that certain species of the gut
microbiota carry out anaerobic choline metabolism to produce trimethylamine
(TMA), acetate and ethanol (Chen et al., 2016). Dysbiosis leading to aberrant
choline metabolism has been proposed as potential contributing factor in non-
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alcoholic fatty liver disease (NAFLD) (Caballero et al., 2010; Corbin and Zeisel,
2012), and increased TMA in circulation has been identified as a risk factor for
cardiovascular disease (Z. Wang et al., 2011), hypertension (Jaworska et al., 2017)
and colon cancer. However, the specific microorganisms responsible for choline
metabolism remained largely unidentified until recently, when the choline
utilization (cut) gene cluster was discovered in sulfate-reducing bacteria.
Functional characterization of this gene cluster in human gut bacteria using
transcriptional analysis showed that the gene encoding TMA-lyase (cutC), a novel
glycyl radical enzyme, was widely distributed across different phyla, but the
distribution did not correlate with phylogeny, suggesting that the pathway may have
been acquired in some strains via horizontal gene transfer (Martinez-del Campo et
al., 2015). The study also found that every human gut isolate experimentally
confirmed to metabolize choline possesses cutC, demonstrating the utility of the
gene as a functional marker of choline metabolizing capacity while also
underscoring the need to complement genomic and metagenomic analyses with
molecular and biochemical characterization.

1.3 Methods and Models
The above examples illustrate the diversity of metabolic functions performed by
the gut microbiota, as well as the challenges associated with identifying the
enzymatic pathways and specific microorganisms responsible for these functions.
Several experimental and analytical strategies have been employed to date to
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characterize the metabolic functions of the gut microbiota and its component
microorganisms.

1.3.1 Manipulation of gut microbial populations
Due to ethical concerns and practical limitations of manipulating the gut microbiota
in human subjects, GF and gnotobiotic (e.g. humanized or mono-colonized) mice
have featured prominently as experimental model systems. Table 1-1 summarizes
the most common murine models used for the study of the microbiota.
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Table 1-1: Commonly used murine models for study of the gut microbiota
Model

Design

Advantages

Disadvantages

Antibiotic
Purge

Conventionally raised
mice treated with a
cocktail of antibiotics
to simulate the GF
state.

Depletes bacterial
populations by up
to 90%; the
animal is allowed
to develop
normally; timing
of the purge can
be controlled

Purge is incomplete;
remaining 10% can
grow and colonize the
intestine with the
potential to alter the
overall metabolism
and phenotype of the
host.

Gnotobiotic
Mouse Model

Mice colonized with a
defined bacterial
population; the
population may be
isolates from humans
(Humanized Mouse
Microbiota Models
can also be mice that
are transplanted with
human fecal samples)

Composition of
gut microbiota is
more precisely
defined.

Colonization involves
only a handful of
species (or even
fewer); the diversity
of microbe-microbe
interactions is lost.
Spatial organization
remains uncontrolled.

Conventional
Mouse Model

Conventionally raised
mice fed with a
standard mouse diet.
Represents normal
metabolic and growth
functions that depend
on the microbiota.
Generally used as a
control in
combination with
other models.

Powerful in vivo
model to study the
effects of various
environmental
factors on
microbiota
metabolism and
host phenotype.

Difficult to control for
variability between
animals, leading to
poor reproducibility

Provides an in
vivo model for
studying the
consequences of a
complete lack of
microbiota

GF mice develop
differently from
normal mice; this can
confound
interpretation of data,
as some differences
between normal and
GF mice will be due
to abnormal
development, rather
than lack of microbial
activity per se

Germ Free
Mouse Model

In vitro
Bacterial
Cultures

a

Mice lacking a
microbiota

Murine intestinal
bacteria are isolated
and cultured in a
controlled setting
(e.g., under anaerobic
conditions) in defined
media.

Environment is
highly
controllable; the
community can be
manipulated by
introducing
specific chemicals
and nutrients or
other species

Not all species found
in the intestine are
represented; culture
cannot replicate all of
the chemical and
physical cues present
in the in vivo
environment; cannot
study host-microbiota
interactions

High Impact Study and
Key Findings
This model has not been
used extensively to study
microbiota pathways in
disease. Several studies
have used these mice to
study the effects of
chemical compounds with
probiotic potential.
Buck et al. demonstrated
that particular bacterial
groups have specific
interactions that influence
host energy harvest and
balance. B.
thetaiotaomicron and M.
Smithii together contribute
to adiposity by increasing
overall energy harvest.a

Bile acid profiling in GF
and conventional mice
showed marked differences
in muricholic acid levels.
A naturally occurring FXR
antagonist, muricholic acid
begins a feedback loop,
which then activates
Cyp7a1 oxidation of
cholesterol to produce
more bile acids.b
Sridharan et. al applied
untargeted metabolomics
to samples from GF and
CONV-R mice to identify
metabolic contributions of
gut microbes.c

A phylogenetic analysis of
fecal cultures showed that
Bacteroidetes,
Streptococcus,
Bifidobacterium, and
Clostridium species can be
grown together in mixed
culture. However, this
study also confirmed that
the culture cannot replicate
the full diversity of
microbiota populations
across different
individualsd

(Samuel and Gordon, 2006), b(Sayin et al., 2013), c(Sridharan et al., 2014)
(Hayashi et al., 2006)

d
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Administration of broad-spectrum antibiotics via drinking water has also been used
to modulate the microbiota populations, but the results can be difficult to reproduce.
While gavage feeding of the antibiotics improves reproducibility (Reikvam et al.,
2011), this model introduces additional stress to the animal, presenting difficulties
for long-term studies. Another strategy for characterizing the metabolism of
specific gut microbes is to conduct in vitro cultures of intestinal (often fecal)
isolates, which affords experimental control over substrates and environmental
parameters (e.g. pH). Utilizing anaerobic cultures in conjunction with gnotobiotic
mice, Goodman et al. showed that the taxonomic groups dominant in human fecal
microbiota are represented in its readily cultured members (Goodman et al., 2011).
An intriguing extension of this approach is to introduce culture-expanded isolates
into gnotobiotic mice to study the interaction between specific bacterial groups and
diet, which is a dominant factor shaping the gut microbiota. Conversely, GF mice
can be colonized with isolates from individuals with different health status, e.g.
obese vs. lean, to study the effects of gut bacteria on the host’s metabolic phenotype
(Ridaura et al., 2013). Limitations remain, however, with respect to the ability to
recapitulate the spatial distribution of microorganism and associated distinct
functional niches (site specific clustering (Stearns et al., 2011)) along different parts
of the digestive tract. Conventional culture systems grow the cells in a mixed
environment, and thus unlikely to provide this feature; in this regard, the
development of staged bioreactor systems (Feria-Gervasio et al., 2014) or
engineered intestinal tissue models supporting stable colonization by bacteria
would be immensely useful.
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An alternative to isolating specific subgroups of the gut microbiota is to
characterize the metabolite profile of bodily fluids or intestinal samples, and
integrate these profiles with metagenomic data to investigate the microbial origin
of the detected metabolites. Untargeted analyses using high-resolution mass
spectrometry paired with comparative experiments using GF or gnotobiotic mice
have been especially useful in identifying metabolites whose levels depend on the
microbiota and could thus reflect bacterial metabolic activity (Marcobal et al.,
2013; Sayin et al., 2013; Sridharan et al., 2014). Due to the high dimensionality of
these data sets, multivariate methods (e.g. PCA, PLS-DA) are often employed to
select discriminatory metabolites that characterize significant differences between
samples. However, challenges remain in determining whether a metabolite is the
product of host or microbiota metabolism, as many metabolites can be produced in
both mammalian and bacterial cells. To compound this challenge, the metabolites
present in the intestine could result from co-metabolism involving reactions from
multiple organisms (Fischbach and Sonnenburg, 2011; Magnusdottir et al., 2015),
including the host.

1.3.2 Metabolic models
As has been the case for metagenomic data, analysis of metabolomic data could be
aided by computational methods that utilize metabolic models. Metabolites
identified from an untargeted analysis could be mapped to known pathways via
reaction definitions available in databases, which in turn provides a link to
enzymes, genes, and genomes. Using pathway analysis, routes could be traced
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through a metabolic model of the gut microbiota to determine the organism(s)
harboring the necessary genes and thus capable of producing the metabolites of
interest. Current modeling efforts can be broadly grouped into two approaches. In
the first approach, genome-scale metabolic models (GEMs) are built for specific
microorganisms, and analyzed using simulation frameworks such as constrained
optimization to characterize the organism’s metabolic capacities. For example,
Heinken et al. utilized a GEM of B. thetaiotaomicron in conjunction with flux
balance analysis (FBA) to find that co-metabolism with the microbe could rescue a
potentially lethal loss of enzymatic function in the host (Heinken et al., 2013). More
recently, Shoaie et al. utilized GEMs to simulate metabolic interactions across three
representative species of gut bacteria (Eubacterium rectale, Methanobrevibacter
smithii, and B. thetaiotaomicron) under varying nutrient settings (Shoaie et al.,
2013). In the second approach, the gut microbiota is modeled as a single “super”
organism that represents the metabolic capability of an entire microbial community.
This approach has the drawback that interactions between particular species cannot
be examined detail. However, the community-level models can be constructed in a
site-specific manner, comprising a subset of microorganism residing in the same
region of the intestine. Moreover, these models can be directly mapped to
metagenomic data to comprehensively analyze the diversity of metabolic functions
collectively encoded by the intestinal microbiome (Jiao, Ye and Tang, 2013;
Marcobal et al., 2013). Recently, Greenblum et al. assembled a community-level
model of human gut microbiota to find significant alterations in the functional
organization of the microbiota metabolic network in obesity and IBD (Greenblum,
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Turnbaugh and Borenstein, 2012). In our recent work, we adopted a similar
approach to model the gut microbiota and its host as two intersecting reaction
networks, and applied a probabilistic search method to identify pathways of AAA
catabolism, while discriminating between microbiota and host reactions (Sridharan
et al., 2014).

1.4: Analytical Tools, Biological, and Computational Models
The bidirectional relationship between gut microbiota and host is complex. A
number of experimental and analytical tools have been developed to study various
aspects of the gut microbiota-host interactions. Various analytical tools, which
include genome sequencing, gene expression analysis, proteomics, and
metabolomics, are ideally used in combination and in conjunction with an
appropriate experimental model. For example, gene expression analysis could
accompany proteomics and/or metabolomics to confirm protein expression and
biochemical pathway activity. Genome sequencing has been performed extensively
to determine bacterial functions and populations within the host. Mathematical and
computational models have been employed in conjunction with experimental
efforts to integrate findings and obtain mechanistic insights. However, these models
have limitations in terms of accurately representing the full complexity of microbemicrobe or host-microbe interactions. The models reported in the literature
typically represent only a subset of the species present in the intestinal microbiota.
Table 1-2 summarizes representative mathematical and computational models.
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Table 1-2: Common computational models for studying the gut microbiota
Model

Model Design

Advantages

Disadvantages

High-impact Study/Key Findings

Individual
Based
Computational
Models

Simulation of individual
bacterial cells within a
population combined together
for a global framework

Accounts for
heterogeneity in a
bacterial population.
IbMs can predict
distributions of
nutrients and also
accounts for growth,
strong tool for
studying biofilms

Computationally Intensive,
Requires data for each
population/group

Genetic Diversity results in
dominance by fastest growing
microbes not necessarily the
microbes that are beneficial to the
host. Epithelial secretion acts as a
selection tool. Antimicrobials
produced by bacteria can promote
the epithelial selection process by
modulating secretions.a

Biochemical
Pathway
Modeling and
Metabolite
Prediction in
HostMicrobiota
System

Predicts the biochemical
pathways of a particular
metabolite or group of
metabolites. Utilizes enzyme
functions from genome scale
models of host and microbe to
determine which biochemical
reactions/transformations to
distinguish between host and
microbiota
metabolites/pathways.

Extremely high
throughput method.
Utilizes both
modeling and
experimental data.
Provides metabolite
information to study
microbiota pathways
involved in disease
pathogenesis.

Requires experimental
confirmation of output or
starting metabolites using in
vivo or in vitro derived samples

In conjunction with metabolomics,
this study identified 26 metabolites
derived from aromatic amino acids
generated by the microbiota. In
particular, this study identified two
microbiota-derived metabolites that
are known ligands of aryl
hydrocarbon receptor (AhR).b

LotkaVerra
Models

Set up as a pair of firstorder, non-linear, differential
equations that act as "prey"
and "predator". Thus, they are
often used to represent
biological systems. The
populations of each group are
governed by the two
equations

Very generalized,
flexible system of
equations that can be
modified to suit a
variety of biological
ecosystems.

Limitations on dynamics and
competition between
populations, which occurs
often in microbiota
populations. This type of
model generally requires an
expansion to account for
limitations and population
competition.

Marino et. al modeled the timedependent murine microbiota using
16s rRNA sequencing of germ free
mice colonized with mature
conventional mouse fecal sample.
This model is an expansion of the
general Lotka-Verra model, which
described the dynamics of the
bacterial population and provided
predictions of bacterial associations
and activity.c

General
Mechanistic
Mathematical
Models

These models usually
incorporate several aspects of
a given biological system
such as biochemistry,
kinetics, transport
phenomena, metagenomic
data.

Extremely an
accurate
representation of a
physical biological
system and generally
offers some
predictive ability.

Computationally intensive,
requires a large amount of
information about the system.

Tamayo et. al a hydraulic
representation of the colon,
transport phenomena, and
biochemistry, the mathematical
model provided predictions of
carbohydrate metabolism in the
colon.d

Genome Scale
Metabolic
Model (GEM)Bottom-Up
Modelling

An integrated map of
metabolic/biochemical
pathways within an organism
and its genome sequences.
These models correlate the
genes that govern metabolic
processes with their
respective biochemical and
metabolic pathways.

Provide holistic
results for an entire
system. Can also
account for microbemicrobe interactions.

Computationally intensive. Can
only include species for known
genome scale reconstructions,
requires a large set of input
data

Confirmed, with three species
genome scale models, that a
bottom-up modelling technique for
representing a complex system
provides accurate results and offers
predictive abilities.e
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Metagenomic
Top-Down
Systems
Biology
Models

Dynamic and
Steady State
Flux Models

Combines metabolic
pathways information,
genomic data and a systems
biology approach to provide a
holistic analysis of driving
forces in microbiome
diversity and population
growth and the effects of
microbiota populations on
host health and disease.
Simulation of metabolism
based on known reactions
within the genome scale
model

Can describe and
predict the behaviors
of and interactions
within complex
systems such as the
host-microbiota
relationship.

Computationally intensive.
Requires a large set of
metabolic and genomic data to
obtain a complete picture.

Identified topological differences at
both the gene and biochemical
network levels between groups of
obese and lean patients.
Demonstrated that lean and obese
individuals have unique hostmicrobe interactions. Obese
microbiomes were also shown to
have less diversity.f

Computationally
inexpensive, can
simulation large
reaction networks

Does not capture microbemicrobe interactions as well as
spatial and temporal effects,
dependent on genome scale
reconstructions of each species

Application of OptCom to quantify
the relationship between two
microbial species, determine
optimal growth and predict
interspecies metabolite transfers.
Results showed that there fitness
driving forces govern the system.g

a

(Schluter and Foster, 2012), b(Sridharan et al., 2014), c(Marino et al., 2014),
d
(Munoz-Tamayo et al., 2010), e(Shoaie et al., 2013), f(Greenblum, Turnbaugh and
Borenstein, 2012), g(Zomorrodi and Maranas, 2012)

The significance of bacterial spatial location is often undermined with currently
used biological models. For example, bacterial translocation as a result of dysbiosis
is generally the most common cause for disease progression and immune response.
To study bacterial translocation and its effect on the host, an understanding of how
function depends on spatial location is crucial. Stearns et. al (Nature, 2011)studied
the biogeography, diversity, and distribution of the microbiota within the human
gastrointestinal tract using culture-independent methods. This study globally
surveyed the distribution and diversity of microbiota to show that spatial locations
were extremely unique in their bacterial colonies. Stearns et al observed, in
particular, "site-specific clustering" and growth of bacterial populations; clustering
had a higher correlation with the GI site rather than the sex or group of the subject.
This study showed that the different regions gastrointestinal tract have very unique
compositions, which indicates site-specific functionality of the gut microbiota.
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Making distinctions between correlation and causality with currently used
models is a challenge. Unlike infections, metabolic diseases such as nonalcoholic
fatty liver disease, diabetes, obesity or developmental disorders such as autism are
often the results of alterations in the bidirectional gut-host communications. A
number of studies have effectively shown correlations between inflammatory
disorders and the gut microbiota, but the causalities are for the most part unclear.
Obesity, an exception to this, has been studied extensively using several models
and analytical tools.

1.5 Future Outlook
Microbiome research continues to advance at a rapid pace, and significant progress
has been achieved over the last few years towards understanding the metabolic
functions performed by the gut microbiota. Metagenomic and metabolomic
analyses, in conjunction with studies using gnotobiotic animals and targeted gene
knockout models, have provided firm evidence that the small molecule products of
gut bacterial metabolism represent significant mediators of host-microbiota
interactions. However, many questions remain regarding the enzymatic pathways
and species responsible for these metabolite mediators. Moreover, it is likely that
the metabolites characterized to date represent only a fraction of the bioactive
chemicals produced by the microbiota. For example, a recent analysis by the
Fischbach laboratory identified more than 3,000 small-molecule biosynthetic gene
clusters (BGCs) in genomes of human-associated bacteria, which are widely
represented in metagenomic samples from the HMP. Conversely, this analysis also
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highlights the enormous potential to discover novel bioactive molecules in the
metabolome of the gut microbiota.
To this end, several promising directions for future research emerge from
the examples discussed in the present review. First, functional characterization of
microbiota pathways will benefit from workflows that integrate multiple analytical
approaches, including not only omics strategies, but also molecular assays (e.g.
degenerate PCR), to confirm biochemical function. Second, context-based
analyses, e.g. targeting a set of genes that constitute a pathway, will likely yield
more robust results than searching for a single gene. This obviously also applies to
analysis of metabolomic data, as detection of multiple intermediates of a given
pathway, rather than only the end product, will provide added confidence that the
pathway is active. Third, both data integration and context-based analysis will
benefit from metabolic models that comprehensively describe the diversity of
pathways supported by a microbial community while also capturing speciesspecific contributions. Here, the ability to reflect compositional changes in
simulations of metabolic outputs would be particularly useful, as this would enable
in silico predictions on microbiota structure-function relationships leading to
experimentally testable hypotheses. Finally, methods and systems will be needed
to modulate the activities of specific microbiota pathways in vivo, e.g. using
genome edited synthetic probiotic organisms, thereby establishing a route to
manipulate, in a controlled fashion, a metabolic function of interest. These
developments (and many others not discussed here) could provide new insights into
the molecular mechanisms of host-microbiota interactions, while helping to pave

26

the way for rational design of pre-, pro-, and postbiotics beneficial for human
health.

1.6: The Gut-Liver Axis
The relationship between the gut and the liver, termed the “gut-liver axis” has been
extensively studied. The liver is one of the largest organs found in vertebrates,
second to the epidermis. It is responsible for a wide range of functions including
metabolizing many of components, including synthetic chemicals and drugs, found
in diet through filtration of the blood received from the digestive system. The liver
is also responsible for the breakdown of fat and lipids and the absorption of fatsoluble nutrients (bile acid and cholesterol metabolism), glycogen, vitamin A,
vitamin B12, and vitamin D storage, insulin and hormone breakdown, production
of albumin for fatty acid and hormone transport, and production of angiotensinogen
to increase blood pressure when required.
The liver and gastrointestinal (GI) tract are connected via the enterohepatic
circulation, which acts as the transport system of bile, which contains biliary acids,
bilirubin, and other small molecules (highlighted in section 1.1.3). The liver is also
connected to the GI system by means of the portal vein, which contains blood rich
in nutrients absorbed during digestion. This connection supports that notion that
understanding the gut-liver axis is a key component of elucidating various aspects
of the metabolic syndrome and identifying biomarkers as well as potential
therapeutic intervention points.
The bacteria influence de novo triglyceride synthesis in the liver, control
bile acid pathways through feedback control, and activate innate immune response
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(Kupffer cell activation and migration) and subsequent inflammatory response by
toxins such as lipopolysaccharides (LPS). Hepatic fibrosis has also been linked to
bacterial activity through modulation of toll-like receptors in resident macrophages
(Luedde and Trautwein, 2008).
Non-alcoholic fatty liver disease (NAFLD) has emerged as the most
prevalent chronic liver disease in Western countries. Direct, potentially causal
involvement of the microbiota in NASH was highlighted by Le Roy et al., who
reported that high fat diet (HFD)-fed germ-free (GF) mice inoculated with
commensal bacteria from GI tract of HFD-fed hyperglycemic mice developed
steatohepatitis, whereas HFD-fed GF mice inoculated with bacteria from HFD-fed,
but normoglycemic mice only showed mild steatosis (Le Roy et al., 2013). This,
along with several other studies, suggests that the composition of the intestinal
microbiota, and hence their metabolic products, could determine whether NAFLD
progresses to NASH (Leung et al., 2016). Table 1-3 lists the currently known links
between gut microbiota functions and NAFLD pathogenesis.
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Table 1-3: Currently known links between the gut microbiota and NAFLD.
Mechanism

Mechanisms/Signaling Pathways

Role

Intestinal Barrier
Integrity, Innate
Immune Response,
and Inflammation

Balance between nutrient and liquid
absorption and prevention of microbial
invasion to other host tissues
LPS activation of Kupffer cells result
in secretion of proinflammatory
components (IL-1β, TNF⍺, and IL-6)a

”Leaky gut” can result in immune
response and inflammation
Intestinal barrier overgrowth
contributed to NAFLD progression
to NASH

Energy and Glucose
Homeostasis

Bile Acid Metabolism

Choline Metabolism

Conversion of carbohydrates to short
chain fatty acids (SCFAs) by gut
microbes
SCFAs contribute to the regulation of
weight, intestinal homeostasis, glucose
metabolism, and lipid metabolism
SCFAs activate GPR41, GPR43, and
GPR1-9A
GPR43 activation may improve
intestinal barrier integrity and prevent
inflammationb
Reduced microbiota diversity results in
reduced BA diversity and total BA
levels
Bile acid transporters modulate BA
flux and subsequently intracellular BA
levels
FXR activation by BAs activates
FGF15 inhibiting Cyp7a1 expression
and activity.
TGR5 activation by BAs results in
improved energy regulation and
expenditurec
Choline deficiency results in
reduced PPAR⍺ signaling, impaired
lipid metabolism, increased ROS
production, DNA damage, increased
fibrosis with development of cirrhosis
and HCCd

Endocannabinoid
System Modulation

CB2 and CB1 activation

Ethanol Production

Increased presence of alcoholproducing bacteria resulting in
increased ethanol production.f

e

a

The exact of SCFAs in NAFLD
remains unclear. Propionate has
shown to be associated with
increased body weight and obesity.
However, propionate alone with
butyrate, also activated GPR43,
which may play a protective role in
NAFLD.

Reduced BA diversity associated
with insulin resistance and obesity
BA transporters influence feedback
by BAs, which modulates FXR and
TGR5 pathways
FXR activation improves insulin
resistance, reduces blood
cholesterol, TG, and FFA levels,
TGR5 plays a protective role
against steatosis and immune
response
Choline conversion to betaine plays
a protective role in maintaining
lipid homeostasis and proper
mitochondrial function

CB1 promotes steatosis and insulin
resistance, CB2 prevents activation
and pro-inflammatory response of
Kupffer Cells

Increased ethanol results in hepatic
toxicity and inflammation

(Miele et al., 2009; Bansal et al., 2010; Ulluwishewa et al., 2011; H.-B. Wang et
al., 2012), b(Tedelind et al., 2007; Schwiertz et al., 2010; Macfarlane and
Macfarlane, 2011; Kim et al., 2013; Kim, Park and Kim, 2014; Kimura et al., 2014;
Natarajan and Pluznick, 2014; Morrison and Preston, 2016), c(Aranha et al., 2008;
Thomas et al., 2008; Sayin et al., 2013; Joyce et al., 2014; Arab et al., 2017; Chow,
Lee and Guo, 2017), d(Anstee and Goldin, 2006; Caballero et al., 2010; Corbin and
Zeisel, 2012), e(Mallat and Lotersztajn, 2008; Musso, Gambino and Cassader,
2009; Tam et al., 2011; Mallat, Teixeira-Clerc and Lotersztajn, 2013),
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f

(Elshaghabee et al. 2016; Engstler et al. 2016; Musso, Gambino, and Cassader
2009)

The gut microbiota produces small molecules that regulate metabolic and
signaling pathways. Bile acids are responsible for the absorption of dietary
nutrients. The composition of the bile acid pool has been shown to have correlations
with several metabolic phenotypes. In addition, several bile acids act as activators
of transcription factors such as FXR and TGR5. Bile acid enzymes and transporters
also play roles in lipid and glucose homeostasis, obesity, insulin sensitivity, and
inflammation. Short chain fatty acids (SCFAs) have been studied extensively to
understand their role in NAFLD progression to NASH. Propionate has been shown
to play roles in both NAFLD progression and protection against inflammation.
Many of these studies have also shown that results vary across species, model, and
diet. Choline may aid in maintaining lipid homeostasis and improve mitochondrial
metabolism. The importance of choline has been vital in the development of various
NASH murine models including the methionine-choline deficient diet, which
consistently results in a reproducible NASH phenotype after as little of 8 weeks of
feeding.
Cases of non-alcoholic fatty liver disease (NAFLD), over the years, has
rapidly increased and is now one of the most prevalent chronic diseases in the
western world. It is characterized by steatosis, or fat deposition in the liver, which
is found in nearly 80% of the population, and can remain a benign condition.
However, in 10-20% of patients, NAFLD progresses from steatosis to nonalcoholic steatohepatitis (NASH), which can lead to cirrhosis and liver cancer
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(Figure 1-2) (Loomba and Arun J Sanyal, 2013; Loomba and Arun J. Sanyal, 2013;
Byrne and Targher, 2015; Buzzetti, Pinzani and Tsochatzis, 2016; Leung et al.,
2016).

Figure 1-2: Progression of NAFLD. In approximately 80% of cases, individuals
have benign fat deposition in the liver. Between 10-20% of this population
present with inflammation, which indicates progression to NASH. Cirrhosis
occurs in approximately 15% of NASH patients of which, a significant
population develop HCC.

Currently, the accepted theory for the development and progression of
NAFLD is the “multiple-hits hypothesis”. This theory considers the impact of
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several insults in combination as determining factors for the development of
NAFLD and its progression to NASH. These insults include insulin resistance,
adipose hormone secretion, diet, gut microbiota composition, genetics and
epigenetics.

Figure 1-3: Schematic of the "multiple hits" hypothesis of NAFLD
pathogenesis

The “multiple hits” hypothesis, outlined by Buzzetti et. al (Metabolism,
2016) can be broken down into 4 sections as follows:

1. Dietary stress leads to decreased insulin sensitivity.
a. Insulin resistance results in de novo lipid synthesis and impaired
lipolysis in adipocytes. These two components increases fat
accumulation in the liver resulting in steatosis.
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b. Adipose tissue metabolic dysfunction can activate innate immunity
resulting in the production of pro-inflammatory adipokines,
cytokines and chemokines.
2. Dietary stress can also alter the gut microbiota population (dysbiosis).
a. Dysbiosis can increase intestinal permeability, which can increase
the transport of gut bacteria derived components including bioactive
small molecules and lipopolysaccharides (LPS), which can also
activate inflammatory signaling.
b. Altered bacterial populations can increase fatty acid absorption and
production and due to increased intestinal permeability, subsequent
transport of fatty acids to the liver.
3. Fat accumulation in the liver can exacerbate metabolic dysfunction and
inflammation.
a. Fatty acid increase in the liver can result in lipotoxicity, high
circulating cholesterol, bile acid dysregulation contribute to
mitochondrial dysfunction and subsequent production of reactive
oxygen species (ROS) production, loss of glucose and energy
homeostasis, and endoplastic reticulum (ER) stress.
b. The increased production and circulation of cholesterol and bile
acids increases intestinal caloric intake from diet increasing
metabolic

and

mitochondrial

inflammation.
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dysfunction,

dysbiosis,

and

4. Finally, the above factors combined with genetic pre-dispositions and the
appropriate environmental factors can result in chronic hepatic steatosis and
inflammation.
a. Chronic steatohepatitis results in loss of liver function, activation of
hepatocellular apoptotic pathways, and fibrosis.
b. Prolonged fibrosis along with genetic factors, continued lipid
accumulation, and inflammation can result in cirrhosis and
ultimately hepatocellular carcinoma (HCC).

Although this hypothesis shows a significant improvement in our current
understanding of NAFLD and its pathogenesis, there are still many components
that have yet to be elucidated. The order in which, inflammation and steatosis
appear can vary and the factors that induce one to precede the other are unknown.
Currently, our understanding of the genetic and environmental components
involved is weak and requires further evaluation. The connections between NASH
and fibrosis also remain unclear and the relevant biomarkers must be further studied
to develop our understanding of disease progression. Finally, the roles of
cholesterol, triglycerides, fatty acids, and bile acids must be studied in more depth.
For example, increased triglycerides, which is generally considered an insult due to
its correlations with increased lipotoxicity and liver injury, can also play a
protective role against excess free fatty acid production (Listenberger et al., 2003).
While there are several well-known small molecule connections between
the gut microbiota and fatty liver, the gut microbiota is also a source of several
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other classes of bioactive compounds, which have not been well-characterized with
respect to NAFLD. Phenyl derivatives, including hippuric acid, benzoic acid, and
p-cresol have been associated with the metabolic syndrome (Lord and Bralley,
2008; Zheng et al., 2011), but their roles in steatosis and liver inflammation have
yet to be elucidated. Similarly, aromatic amino acid derivatives are dependent on
microbiota metabolism. Compounds such as N-acetyltryptophan, serotonin, and
melatonin have been discussed in the context of various metabolic and neuronal
disorders (Ruddick et al., 2006; Keszthelyi, Troost and Masclee, 2009; Diaz Heijtz
et al., 2011). In this thesis, we examined tryptophan-derived gut microbiotadependent small molecules in the context of NAFLD by studying their impacts on
inflammation and steatosis in vitro and in vivo. By better understanding the roles
of various microbiota compounds, we may be able to open new avenues to
therapeutics such as pre-,pro-, or post-biotics.
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Thesis Outline
The objective of this thesis is to investigate the impact of bioactive small molecules
produced by the gut microbiota on steatosis and inflammation, both of which are
key components in NAFLD. We combined metabolomics and proteomics in both
bottom-up and top-down approaches to determine both the broad effects and
specific target pathways involved in our in vivo and in vitro inflammatory and
steatotic models. While many gut microbiota compounds have bioactivity across
many host pathways, we focused on two known activators of the aryl hydrocarbon
receptor (AhR). These compounds were also inversely correlated with our high-fat
diet models indicated they may be associated with the metabolic shifts that occur
due to dietary stress.
We studied the impact of each of these two compounds at various
physiologically relevant doses to determine their initial impact on inflammation.
From this initial screen, we chose one compound to test in a two hit model, which
represented both the inflammatory and steatotic components of NASH. In order to
understand the role of these compounds, we applied targeted and untargeted
metabolomics. Targeted metabolomics allowed us to determine the impact of these
compounds on bile acid and fatty acid metabolism, while untargeted metabolomics
provided a more holistic view of the system. We then attempted to develop our
mechanistic understanding of AhR activation by these compounds by applying
gene expression analysis and untargeted proteomics methods. Finally, in order to
determine the more relevant in vivo impact of AhR activation by microbiota
metabolites, we began testing these compounds in a Western Diet (WD) mouse
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model. By studying these bioactive molecules, novel links between the gut
microbiota and the NAFLD may provide new therapeutic routes for treatment of
obesity, fatty liver, and other components of the metabolic syndrome. This thesis is
organized into the following chapters:

Chapter 1
In this chapter, we provide a comprehensive literature review of the gut microbiota,
its pathways, and its role in host health and physiology. We examine the existing
in vitro, in vivo, and in silico models used to study the gut microbiota. Final we
provide an overview of the current knowledge of NAFLD and the known roles of
the gut microbiota in the progression of NAFLD to NASH.

Chapter 2
In this chapter, we describe the methods and tools used for our study. We highlight
our methods for annotating untargeted metabolomics data, quantifying untargeted
proteomics data, and our design of experiments to study the impact of our
molecules of interest on human and murine hepatocytes.

Chapter 3
Germ-free (GF) mice and conventionally-raised (CONV-R) mice cecum and fecal
samples were analyzed using untargeted metabolomics for differences in their
metabolomes. The aim of this was to identify microbiota metabolites and determine
the primary metabolic pathway contributions of the gut microbes. The same
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methods used in our GF and CONV-R were applied to high-fat diet (HFD) and lowfat diet (LFD) mouse models to determine if any of the pathways and key
metabolites depleted in GF mice were also altered under dietary stress. We also
found several key compounds that have known bioactivity. This provided a starting
point for identifying potential candidates for in vitro testing. We tested these
compounds in one-hit and two-hit models human and murine hepatocytes to
determine whether these metabolites may play a role in inflammation and/or
steatosis.

Chapter 4
Based on our analysis in Chapter 3, we sought, in this chapter, to better understand
the mechanism by which these compounds modulate fatty acid and bile acid
pathways. We applied proteomic and gene expression methods along with several
other biochemical assays to develop a mechanistic understanding of how AhR
activation by gut microbiota-derived metabolites may regulate the metabolic
alterations due to inflammation and steatosis.

Chapter 5
Finally, due to the limitations and simplicity of our in vitro models, we began to
investigate the impact of these compounds in murine diet models. We applied our
targeted and untargeted metabolomics methods to determine the ability of these
compounds to modulate fatty acid and bile acid metabolism in a more complex
model of fatty liver. In this chapter, we discuss on-going work and suggest future
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work that may aid in better understanding the role of these microbiota compounds
in vivo.
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Chapter 2: Methodology
2.1 Extraction methods
Several extraction methods were used to isolate metabolites and proteins from in
vitro cultures as well as in vivo tissue samples. These methods are outlined in this
section.

2.1.1 Metabolite extraction from in vitro cultures

2.1.1.1 Intracellular metabolite extraction
Intracellular metabolites were extracted using a solvent-based method according to
the protocol outlined below:

1. To each well of a 12-well plate, add 524µL of 91:9 methanol:water.
2. Detach cells from wells using a scraper. Collect and transfer cell lysates
collected to a 1.5 mL Eppendorf.
3. Add 476µL of chloroform to each sample and vortex.
4. Perform three freeze-thaw cycles in liquid nitrogen: submerge samples in
liquid nitrogen until frozen; allow samples to thaw completely before
repeating.
5. Centrifuge samples for 10 min at 12,000 rpm.
6. Carefully pipette supernatent from each sample to a fresh Eppendorf
7. Speedvac samples until completely dry.
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8. Reconstitute dried samples in 100µL 50:50 v/v methanol:water prior to
LC/MS analysis.

2.1.1.2 Extracellular metabolite extraction
1. Pipette extracellular media from cultures and transfer to an Eppendorf tube.
2. Centrifuge samples at 12,000 rpm for 10 min at 4°C
3. Dilute each sample 1:10 in HPLC-grade water prior to LC/MS analysis.
4. Extra media can be stored at -80°C for future analyses.

2.1.2

Metabolite Extraction from in vivo tissues
Flash-freeze tissue immediately after harvestation in liquid nitrogen until
ready for metabolite extraction. Cut and weigh a portion of the tissue prior
to metabolite extraction. Collection 50µL serum for extraction.

2.1.2.1 Liver, Cecum, and Feces
1. From complete tissue, cut a small portion for metabolite extraction and refreeze remaining sample.
2. Weigh each sample.
3. Place tissue into a pre-cooled bead beating tube; add 500µl ice cold
methanol and 250µl ice cold chloroform.
4. Homogenize sample using a bead beater.
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5. Centrifuge the sample tube at 12,000 rpm for 10 min at 4°C. Transfer the
supernatant to a fresh tube. Add 1ml ice cold water, vortex and centrifuge
at 12,000 rpm for 10min at 4°C. Samples will separate into three phases.
6. Carefully, without disturbing the interface, collect the upper and lower
layers into a new pre-cooled Eppendorf tube.
7. Add 500µl of ice cold methanol to each sample to double extract the sample.
8. Concentrate the polar phase by solvent evaporation in a speedvac
9. Reconstitute samples in 100µl methanol/water (50%v/v) prior to LC-MS
analysis.
10. Store extracted metabolites at -80C until analysis.

2.1.2.1 Serum
1. Add 200µl cold methanol to 50µl serum samples, vortex to mix.
2. Incubate for 1hr at -20C, the sample tube was centrifuged at 12,000 rpm for
10 min at 4°C.
3. Transfer supernatant was into a new Eppendorf tube and centrifuge again at
12,000 rpm for 10 min.
4. Speedvac sample until dry to concentrate.
5. Reconstitute sample in 100µl methanol/water (50% v/v) prior to LC-MS
analysis.
6. Metabolites can be stored at -80°C until analysis.
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2.1.3 Protein Extraction
Cellular protein can be extracted from the same cell lysate samples used for
metabolite extraction using the methods described in section 2.1.1.1. The buffers
and reagents required are as follows:

2.1.3.1 Reagents
All reagents were purchased from Sigma-Aldrich (St. Louis, MO), unless otherwise
noted.
TRIzol (Invitrogen, Carlsbad, CA), Tris-base (Tris), Sodium dodecyl sulfate (SDS),
β-mercaptoethanol (BME), Tris-hydrochloride (Tris-HCl), sodium hydroxide
(NaOH), calcium chloride (CaCl2), urea, dithiothreitol (DTT), iodoacetamide
(IAA), trypsin
2.1.3.2 Buffers and solutions
1. Extraction buffer: 0.05 M Tris (pH 7.6), 0.5 % (w/v) SDS, 1 % (v/v) BME.
1. Buffer A: 50mM TrisHCl (pH adjusted to 8.5 using NaOH)
2. Buffer B: 50mM TrisHCl with 1 mM CaCl2 (pH adjusted to 8.5)
3. Reduction solution: 8M urea and 20 mM DTT in Buffer A
4. Alkylation solution: 500mM IAA in Buffer A
5. Digest solution: 0.0225g/l Trypsin
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2.1.3.3 Extraction, reduction, alkylation, and digest

Extraction
1. Add 650µl TRIzol and 650µl extraction buffer to pellet (from metabolite
extraction).
2. Incubate at 37°C for 1hr and vortex.
3. Centrifuge at 14,000g for 15 minutes at 4°C.
4. Collect upper buffer phase (polar) containing RNA and store in a separate
tube.
5. Collect and discard interface containing DNA.
6. Add 1ml ice cold acetone to remaining phase (protein-containing), vortex,
and store at -20°C overnight.
7. To precipitate remaining protein in RNA-containing phase.
8. Add 130μl chloroform and vortex.
9. Incubate at room temperature for 5 minutes.
10. Centrifuge at 14,000g for 15 min at 4°C, collect upper phase (polar)
containing RNA (no proteins) and store in a separate tube.
11. Store bottom phase containing proteins in 800 µl acetone for further
purification if desired.
12. Add 25μl acetic acid and 500μl ethanol, vortex, and let RNA precipitate at
4°C for 30 minutes.
13. Centrifuge at 14,000g for 15min at 4°C.
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14. Pour off supernatant and wash pellet with 1ml 3M sodium acetate, and
centrifuge at 14,000g for 5 min at 4°C.
15. Pour off supernatant and wash pellet with 1ml 70% ethanol, and centrifuge
at 14,000g for 5 min at 4°C.
16. Repeat step 9, and let pellet dry at room temperature.
17. Dissolve pellet in 20 μl RNase-free water and incubate for 10min at 55°C.
18. Store reconstituted RNA at -80°C until further analysis.
19. Centrifuge protein smple (organic, phenol phase) at 14,000g for 15 min at
4°C.
20. Pour off supernatant, wash pellet with 1ml ethanol, and centrifuge at
14,000g for 5 min at 4°C.
21. Repeat step 20 two more times, pour-off supernatant and speedvac to
dryness.

Reduction & Alkylation
1. To the lyophilized protein add 50μl of urea solution with DTT. Incubate at
37°C for 30 min. (Reduction)
2. Add 5μl of IAA buffer. Incubate in the dark for 15 min. (Alkylation)
3. Check pH.

Digestion
1. Add 445μl of stock solution of trypsin in Buffer B (10μg trypsin is sufficient
to digest 1mg of protein).
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2. Incubate the digest at 37°C overnight.
3. Terminate the reaction by bringing the pH to 2 or 3 using no more than 50
µL formic acid.
4. Centrifuge the digest at 14,000g for 5 min at 4°C to pellet any undissolved
protein, and collect supernatant in a new microcentrifuge tube.
5. Store the digest at -20°C until LC-MS analysis.

2.1.4 DNA Isolation and Quantitation
For normalization of metabolite data, DNA was extracted using SDS buffer.
1. Aspirate media and wash with 1X PBS
2. Add 1 mL of SDS to each well of 12-well plate.
3. Incubate plate at 37°C for 10 minutes.
4. Gently shake to detach the cell layer from the bottom of the well
5. Collect sample and store at -80°C.
6. Prior to DNA quantification, thaw samples at room temperature (RT)

7. Sonicate at 70% amplitude for 10-20 seconds.
8. Prepare Bisbenzimide (Hoechst 33258, Sigma-Aldrich) stock:
a. 0.1 mg/mL solution containing 80:20 v/v ethanol:TEN buffer
b. Sterilize by filtration using a 0.22 µm filter.
c. Store stock away from light at 4°C.
9. Prepare Hoechst dye working solution:
a. Dilute stock in TEN buffer to obtain a working solution of 2 µg/ml.

46

10. Load 20µL of DNA samples (in triplicates) onto a 96-well clear bottom
plate along
11. Add 200µL of Hoecht dye working solution.
12. Incubate samples for 20 minutes at room temperature away from light.
13. Measure fluorescence with a 365 nm excitation filter and a 458 nm emission
filter both with a 40 nm bandwidth.
14. To quantify DNA using a standard curve, prepare a DNA standards in TEN
buffer at the following concentrations: 0, 10, 20, 30, 40, and 50 µg/mL.
2.1.5 RNA Isolation for qRT-PCR
1. Carefully remove supernatant from culture.
2. Wash culture three times with PBS.
3. Add 1 mL TRizol, collect sample, and transfer to Eppendorf.
Samples can then be quantified for total RNA and reverse-transcribed. (Reverse
transcription was performed using SuperScript III First-Strand Synthesis System
(Life Technologies))

2.2 LC-MS Methods for Metabolite Analysis
We utilize a variety of liquid chromatography and mass spectrometry methods to
study both holistic metabolite changes as well as alterations in specific groups of
metabolites. Untargeted methods allow us to identify new groups of metabolites
and metabolic pathways while targeted methods provide us with a way of robustly
quantifying metabolites with known implications in our system of interest. All LCMS parameters are summarized in Table 2-1.
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Table 2-1: LC and MS parameters for BA, FFA, HILIC IDA, and proteomics
IDA methods.

Bile Acid Method

Free Fatty Acid
Method

HILIC (Hydrophilic
Interaction)

Proteomics
IDA

Kinetex® 5 µm EVO
C18 100 Å, 50 x 2.1 mm

Luna® 5 µm C8(2)
100 Å, 150 x 4.6
mm

Luna® 5 µm NH2
100 Å, 250 x 2 mm

Acentis
Express C18
2.7 μm 100Å
150 x 2.1 mm

Column

Solvent A

50:50 v/v
water:methanol with
0.1% v/v NaOH and 10
mM ammonium acetate

97:3 v/v
water:methanol with
10 mmol
tributylamine and 15
mmol acetic acid

95:5 v/v
water:acetonitrile
with 20 mmol
ammonium acetate
and 20 mmol
ammonium hydroxide

Water with
0.1% formic
acid

Solvent B

100% methanol with
0.1% v/v NaOH and 10
mM ammonium acetate

100% methanol

100% acetonitrile

Acetonitrile
with 0.1%
formic acid

pH Solvent A

9

4.5

9.45

N/A

pH Solvent B

9

N/A

N/A

N/A

Column
Temperature
(°C)

50

25

25

35

Injection
Volume (µL)/
Drawspeed
(µL/min)/
Flowrate
(µL/min)

10/200/200

10/300/300

10/300/300

100/200/200

MS Method

Product Ion

Production

IDA

IDA

Source
(Ionization
Mode)

ESI (-)

ESI (-)

ESI (+)

ESI(+)

Calibration
solution

1 uM cholate,
chenodeoxycholate,
taurocholate, and
glycocholate dissolved
in 50:50 v/v
water:methanol

0.01 mg/mL
palmitic, oleic,
stearic, palmitoleic,
linoleic, and myristic
acid in 0.01%
chloroform in
methanol

Pos PPG Solution
(Absciex)

Betagalactoside

Source Gas 1

40

60

35

35

Parameter
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Source Gas 2

35

60

45

45

Curtain Gas

25

25

25

25

Source
Temperature
(°C)

450

550

450

550

TOF MS
Collison Energy
(V)

-10

-5

+25

+25

Declustering
Potential (V)

-100

-100

80

100

2.2.1 Untargeted Metabolomics
The extracted samples were analyzed using IDA experiments performed on a triple
quadrupole time-of-flight mass spectrometer (TripleTOF 5600+, AB SCIEX)
coupled to a binary pump HPLC system (1260 Infinity, Agilent Technologies,
Santa Clara, CA). Chromatographic separation was achieved on a hydrophilic
interaction column (Luna 5 µm NH2, Phenomenex) using a solvent gradient method
[66]. The LC gradients are outline in Table 2-2. Samples eluting from the column
were injected into the mass analyzer via a DuoSpray ion source (TurboIonSpray
probe, AB SCIEX, Foster City, CA). Each sample was run twice, with the mass
analyzer operated in either positive or negative ion mode. The IDA method for both
polarities (cycle time 650 ms) included a TOF MS (survey) scan (accumulation
time: 250 ms; CE: ±10 V) and four dependent (triggered), high-resolution MS/MS
(product ion) scans (accumulation time: 100 ms each: CE, ±25 V). The TOF MS
and product ion scans all had mass ranges of m/z 50 to 1000 for both polarities.
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Table 2-2: HILIC Method LC solvent gradient.
HILIC LC Method
Time (min)

Flowrate (µL/min)

%A

%B

0

300

15

85

15

300

100

0

28

300

100

0

30

300

15

85

60

300

15

85

2.2.2 Metabolomics Data Processing and Annotation
Raw data from the TOF-MS survey scan of the IDA experiments were processed
in MarkerView (v. 1.2, AB Sciex) to determine the ion peaks. The peaks were
aligned based on accurate mass (m/z) and retention time (RT) (30 ppm and 2.5 min
tolerance, respectively), and then filtered based on intensity (100 cps threshold) to
eliminate low quality peaks. An additional filter was applied to retain only
monoisotopic ions. The remaining ions were organized into a feature table, with
each MS feature corresponding to a unique combination of m/z and RT. In the case
a precursor ion triggered an MS/MS scan, the corresponding MS/MS spectrum was
extracted from the product ion scan data and added to the feature table. Each feature
with an assigned m/z and MS/MS spectrum was searched against compound
libraries in reference databases METLIN and HMDB using database-specific
search tools. The MS/MS spectra were also analyzed using in silico fragmentation
tools MetFrag [67] and CFM-ID [68]. In some cases, the search results returned
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more than one matching compound for a given MS feature. In these cases, the
highest ranking match was selected as the search result. The search results from all
four sources were used together to assign a putative ID to the detected MS features.
An ID was categorized as a confident assignment, if the search results were
consistent across at least one experimental database (METLIN, HMDB) and one
other in silico data source. The identities of a selected subset of significant
metabolites were confirmed using chemical standards. Figure 2-2 shows a sample
mirror plot used to confirm the identity of a compound.

Figure 2-1: Sample mirror plot comparing pure chemical standard (red) of
I3A to sample spectrum (black). Mirror plots were generated for all chemical
standards to confirm annotations of untargeted data. For each mirror plot, an xrank score was calculated to determine the alignment between the chemical
standard and the sample.
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2.2.3 Metabolomics Data Quantitation
For each metabolite with a confirmed or confidently determined ID, the
corresponding peak in the ion chromatogram was integrated using MultiQuant
(version 2.1, AB SCIEX) to determine the area-under-the-curve (AUC). For
comparisons of metabolite levels between samples, fold-changes were calculated
based on the AUC values normalized to the corresponding tissue weight (liver and
cecum samples), or DNA content (in vitro cell culture samples). For metabolites of
interest, which were eventually chosen for in vitro testing, we quantified using
standard curves. Figure 2-2 shows standard curves for three representative
metabolites from our untargeted data. Standard curves were generated by plotting
the integrated AUC against the standard concentration. A minimum of five
standards were used to generate standard curves. Standard curves were also used to
quantify all free fatty acids as well as bile acids.
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Figure 2-2: Sample standard curves for quantifying metabolites. All standard
curves are generated using the same LC and MS method from which, the
metabolite was identified. All standards were produced using at least five points
and were required to have an R2 fit greater than 90% to be used for quantitation.
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(A) standard curve for TA, identified using HILIC IDA in positive mode, (B)
standard curve for indole-3-pyruvate (I3P), identified using HILIC IDA in
positive mode, (C) standard curve for I3A, identified using HILIC IDA in
positive mode.
2.2.4 Targeted analysis of free fatty acids and bile acids
The extracted samples were analyzed using product ion experiments performed on
a triple quadrupole time-of-flight mass spectrometer (TripleTOF 5600+, AB
SCIEX) coupled to a binary pump HPLC system (1260 Infinity, Agilent
Technologies, Santa Clara, CA). Samples eluting from the column were injected
into the mass analyzer via a DuoSpray ion source (TurboIonSpray probe, AB
SCIEX, Foster City, CA). Table 2-1 outlines the LC-MS parameters. Tables 2-3
and 2-4 describes the LC solvent gradients for the separation of bile acids and free
fatty acids respectively. Table 2-5 details the MS parameters for the product ions
scans of each metabolite of interest.

Table 2-3: BA Method LC Gradient.
Bile Acid LC Method
Time (min)

Flowrate (µL/min)

%A

%B

0.50

500

100

0

4.50

500

50

50

5.50

500

0

100

6.50

500

100

0
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Table 2-4: FFA Method LC Gradient
Free Fatty Acid LC Method
Time (min)

Flowrate (µL/min)

%A

%B

0

300

20

80

20

300

1

99

40

300

1

99

41

300

20

80

50

300

20

80

Table 2-5: MS Parameters for each Product Ion Scan.
Metabolite

LC/MS Method

Collision
Energy (V)

Expected RT
(min)

Cholic acid

Bile Acid

-30

0.6

Chenodeoxycholic
acid

Bile Acid

-30

0.41

Palmitic Acid

Free fatty acid

-25

25.2

Oleic Acid

Free fatty acid

-25

26.02

Stearic Acid

Free fatty acid

-25

27.74

Palmitoleic Acid

Free fatty acid

-25

23.44

Indole-3-acetate

HILIC

+25 (IDA)

16.7

Tryptamine

HILIC

+25 (IDA)

3.4
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2.3 LC-MS Methods for Proteomics

2.3.1 IDA Proteomics
We performed a series of untargeted experiments using the QTOF instrument to
detect and quantify intracellular proteins. Chromatographic separation was
achieved on a RP column (Ascentis Express C18, Sigma Aldrich) using a gradient
method involving two mobile phases. The MS experiments were informationdependent acquisition (IDA) and data- independent acquisition (DIA). An IDA
scan was used to generate an ion library in ProteinPilot (v. 5.1, AB Sciex) of all
proteins and their corresponding peptides in the sample. The LC-MS parameters
are detailed in Table 2-1. The LC gradient is outlined in Table 2-6.

Table 2-6: Proteomics Method LC Gradient

Proteomics LC Method
Time (min)

Flowrate (µL/min)

%A

%B

0

300

15

85

15

300

100

0

28

300

100

0

30

300

15

85

60

300

15

85
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2.3.2 Protein Data Processing and Quantitation
For each protein of interest identified from the IDA scan, the peptide(s) that gave
the strongest signal intensity in the MS/MS spectra were manually selected to build
a quantification method. A representative DIA scan data file was opened in
PeakView (v. 1.2, AB Sciex) to verify the choice of product ions for quantification
(Chapter 2 Fig 2-3). The peptides of interest were quantified using MultiQuant (v.
2.1, AB Sciex) by first summing the intensities of the selected product ion peaks,
and then integrating the summed intensities to determine the corresponding AUC.
Changes in protein levels between different samples were calculated based on the
AUC values normalized to the corresponding sample‘s total ion current (TIC) from
the TOF-MS survey scan.

2.4 Cell Culture Methods and Preparation of Treatments
To study NASH in vivo, we designed one-hit models of inflammation as well as
two-hit models of steatosis and inflammation using human and murine hepatocytes.
These models provide robust yet simplistic methods of studying NASH allowing
us to develop our understanding of the metabolic alterations that occur from
inflammation and steatosis and the impact of microbiota metabolites on these
metabolic changes. We also utilize a previously developed murine hepatocyte AhR
reporter cell line to test the activation of the AhR by our representative microbiota
compounds.
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2.4.1 Hepatocyte Cell Culture Experiments
Hepatocyte “one-hit” experiments were designed to mimic either a single insult due
to inflammation from a pro-inflammatory cytokine (i.e. TNFα), which is
representative of immune activation and macrophage migration in the liver.
“Two-hit” experiments were designed to mimic two separate insults. The first from
dietary fats resulting in lipid accumulation (steatosis) and the second from
macrophage activation resulting in the production of pro-inflammatory cytokines.

2.4.1.1. Culture medium formulations
HepG2 culture medium: low-glucose DMEM supplemented with 10% (v/v) heat
inactivated FBS, penicillin (200 U/ml) and streptomycin (200 µg/ml).

AML12 culture medium: 1:1 mixture of DMEM and Ham’s F12 medium
supplemented with 0.005mg/ml insulin, 0.005mg/ml transferrin, 5ng/ml selenium,
40ng/ml dexamethasone, 10% FBS, 1.2 g/L sodium bicarbonate, 0.5 mM sodium
pyruvate, 3.15 g/L glucose, 200 U/mL penicillin and 200 ug/mL streptomycin

2.4.1.2 HepG2 and AML12 “one-hit” model
1. Seed HepG2 or AML12 into 12-well plates at a density of 1.25x105
cells/cm2 and culture in a humidified incubator at 37°C and 5% CO2.
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2. Change medium every 48 hours after seeding until culture reaches 80%
confluence.
3. Treat cells were for 24 hours with either 0 (vehicle), 10, 100, or 500 µM
indole-3-acetate (I3A) or tryptamine (TA).
4. Then, treat with either vehicle or 25 ng/mL TNFα for another 24 hours

2.4.1.3 HepG2 and AML12 “two-hit” model
1. Seed HepG2 or AML12 into 12-well plates at a density of 1.25x105
cells/cm2 and culture in a humidified incubator at 37°C and 5% CO2.
2. Change medium every 48 hours after seeding until culture reaches 80%
confluence.
3. Treat cells with either 500 uM OA and PA or vehicle for 48 hours.
4. Treat cells were for 24 hours with either 0 (vehicle) or 500 µM indole3-acetate (I3A).
5. Then, treat with either vehicle or 25 ng/mL TNFα for another 24 hours

2.4.1.4 AhR inhibitor experiment
For AhR inhibition studies, the AhR inhibitor CH-223191 was prepared as a stock
solution of 20 mM in DMSO. AML12 cultures were dosed with either 1µL of
inhibitor solution or 0.1% DMSO 10 min prior to I3A treatment and again 10 min
prior to TNFα treatment.
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Figure 2-3: Hepatocyte cell culture model timelines. Culture timelines begin
at time of seeding. Day 0 corresponds to the beginning of any treatments. (A)
Hepatocyte “one-hit” model timelines for HepG2 an AML12 cultures treated
with metabolite and TNFα. (B) Hepatocyte “two-hit” model timeslines for
HepG2 and AML12 cultures treated with FFAs, metabolite, and TNFα. (C)
Hepatocyte AhR inhibitor timelines for “two-hit” model treatments combined
with AhR inhibitor CH-223191

2.4.2 Ahr Reporter Culture and Ahr Activation Assay
H1G1.1c3 cells were developed by M. S. Denison at University of California,
Davis, CA and generously supplied by David Sherr (Boston University, Boston,
MA) for use in his lab.

2.4.2.1 Media Formulation
Selective medium (for growth): DMEM supplemented with 10% fetal bovine
serum, 2 mM L-glutamine (Sigma), 5 µg/mL plasmocin (InvivoGen, San Diego,
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CA), and 968 mg/L G-418 (American Bioanalytical, Natick, MA) (Nagy et al.,
2002)
Nonselective medium (for fluorescence assays): αMEM supplemented with 10%
FBS, 2 mM L-glutamine (Nagy et al., 2002)

2.4.2.2 Cell culture protocol and AhR reporter assay
H1G1.1c3 cells were maintained in selective medium consisting of Cultures of in a
37°C humidified incubator and 5% CO2. H1G1.1c3 is a murine hepatoma cell line,
which contains a stable enhanced green fluorescent protein (EGFP) reporter
construct regulated by AHR response elements (AHREs) derived from the CYP1A1
promoter.
A previously described AHR reporter assay (Nagy et al., 2002) was adapted for
testing the Ahr activation by microbiota metabolites TA and I3A.

1. Seed H1G1.1c3 cells at a density of 3.125x105 cells/cm2 into a 96-well plate
in 200µL selective media and incubate at 37°C for 24 hours.
2. After 24 hours, aspirate selective medium and replace with 100µL
nonselective medium.
3. Dose each well (in triplicates) with 2µL of appropriate stock solution
containing metabolite (TA, I3A, indoxyl sulfate (IS)) to achieve the
following final concentrations of TA, I3A, and IS:
TA: 10µM, 100µM, 500µM, and 1 mM
I3A: 10µM, 100µM, 500µM, and 1 mM

61

IS: 1µM, 10µM, 100µM, and 500µM.
4. Incubate plate(s) at 37°C for 48 hours and read fluorescence every 24 hours.
5. Calculate relative fluorescence (induction of AHR activity) by subtracting
the average background fluorescence of untreated cells from all
experimental values.

2.4.3 Preparation of cell culture treatments
Several treatments were used in out in vitro cell culture systems. The preparation
of these treatments is outlined in this section.

2.4.3.1 Palmitate and oleate treatment preparations
For FFA pretreatment of hepatocytes to induce lipid accumulation,
1. Dissolve palmitate and oleate individually into 100% ethanol to a
concentration of 100 mM. (Make a 10mL stock and store at 4 degrees C)
2. Dilute each stock ten-fold (10mM) in a 10% BSA solution. (Dilute 1mL
into a final volume of 10mL)
3. To achieve the final media concentration of 500 µM palmitate and 500 µM
oleate, dilute each 10 mM 10:1 in growth media, combine, and filter. (Dilute
10mL into 100mL of media- total final volume of FFA treated media will
be 200mL)

Note: vehicle control is complete media with 0.5% ethanol and 0.5% BSA solution.
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2.4.3.2 I3A treatment preparation
1. Dissolve 1.75 g I3A into 10mL DMSO (1 M stock solution- store at 4°C)
2. For 500 uM, dilute 100µL stock solution into 200mL fresh media and
filter.
3. For 100 uM I3A treatment, the 500µM treatment was diluted five-fold
into fresh growth media.
4. For 10µM I3A treatment, 100µM I3A was diluted ten-fold into fresh
growth media.
5. And for 1 uM I3A treatment, 10µM I3A was diluted ten-fold into fresh
growth media.

Note: Vehicle control for this treatment is complete growth media with 0.05%
DMSO.

2.4.3.3 TA treatment preparation
1. Dissolve 1.6 g TA into 10mL DMSO.
2. For 500µM TA treatment, dilute 100µL of the stock solution into 200mL
fresh media and filtered.
3. For 100 uM TA treatment, dilute the 500µM treatment five-fold into fresh
growth media.
4. For 10µM I3A treatment, dilute 100µM TA ten-fold into fresh growth
media.
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5. And for 1µM I3A treatment, dilute 10µM TA into fresh growth media.

Note: Vehicle control for this treatment was complete growth media with 0.05%
DMSO.

2.4.3.4 TNFα stock preparation
Recombinant mouse TNFα was purchased from R&D Systems (Minneapolis, MN)
For TNF-alpha treated media

1. Reconstitute recombinant mouse TNFα (R&D Systems) to a stock
concentration of 100 µg/mL in a 1X solution of PBS containing 1 g/L BSA.
2. Reconstitute the stock solution in growth media to a final concentration of
25 ng/mL. (Add 25µL of TNFα stock into 100mL growth media and filter).

Note: Vehicle control is complete media with 0.00025 X PBS-BSA solution (25 uL
1x PBS containing 1 g/L BSA into 100 mL fresh growth media)

2.5

CARS Microscopy

Lipid accumulation in hepatocytes grown in fatty acid supplemented medium was
visualized using Coherent Anti-stokes Raman Scattering (CARS) microscopy.
Images were recorded every 24 h by tuning the Stokes (1064 nm) and pump (817
nm) beams to excite the Raman peak at 2845 cm−1 (663 nm) corresponding to the
CH2 stretch in lipid molecules. Sample focus was obtained using a 40× water
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immersion objective (Plan Apo VC, Nikon, Melville, NY) with 1.4 numerical
aperture. A laser-scanning confocal inverted optical microscope (Nikon BV ‘C1’,
Amsterdam, Netherlands) was used to acquire the images. The microscopy system
was configured to detect both forward- and epi-CARS signals. The laser power at
sample was 500 mW for both the pump and Stokes beams. All images were
averaged over 64 frames. Overlays of forward- (green) and epi-CARS (red) signals
were generated using raw images (LAS X Software v3.0.2, Leica Microsystems).

2.6

qRT-PCR

QPCR was performed with Brilliant II SYBR Green qPCR Master Mix (Agilent
Technologies) on a Stratagene Mx3000P qPCR system (Agilent Technologies).
Primer sequences are listed in Table 2-7. Fold change values were calculated using
the 2-ΔΔCt method, normalized to GAPDH housekeeping gene.
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Table 2-7: Primer sequences for qRT-PCR Analysis
Gene

Forward Primer Sequence

Reverse Primer Sequence

Fas

TACCAGTGCCACAGGAGTCTCA

TAAACACCTCGTCGATTTCGTTC

SREBP-1c

CTCCAAGGTTTCGTCTGACG

TCCAGTGGCAAAGAAACACC

AhR

CGCGGGCACCATGAGCAG

GAGACTCAGCTCCTGGATGG

Cyp7a1

CCTTGGACGTTTTCTCGCT

GCGCTCTTTGATTTAGGAAG

Cyp27a1

TGCCTGGGTCGGAGGAT

GAGCCAGGGCAATCTCATACTT

GAPDH

GAAGGTCGGTGTGAACGGATTTGGC

TGTTGGGGGCCGAGTTGGGATA

2.7 Animal Experiments
As discussed previously, the choice of animal model plays an important role in the
ability to understanding systems. To identify microbiota metabolites, we opted to
compare germ-free (GF) mice with conventionally-raised (CONV-R) mice. To
determine the impact of diet on microbiota metabolites, we used a high-fat diet
(HFD) mouse model compared to a low-fat (standard) diet (LFD) mouse model.
And finally, to test the in vivo impact of direct treatment with microbiota
metabolites on a fatty liver model, we chose a western diet mouse model.

66

2.7.1 Animal Handling
All animals were handled in accordance with the Institutional Animal Care and Use
Committee guidelines under an approved animal use protocol. Chow was
purchased from Research Diets (New Brunswick, NJ) in the form of pellets. Mice
were housed at 22°C, chow was replaced weekly, and weights were collected daily
from time of arrival.

2.7.2 GF vs. CONV-R Experiment
This experiment was performed for a previous publication. The protocol is outlined
by Sridharan et. al (Sridharan et al., 2014). Metabolomics data collected from
cecum and fecal samples were reanalyzed to identify pathway and metabolite
contributions of the gut microbiota. The protocol is shown in Figure 2-4.

Figure 2-4: Experimental timeline for GF vs. SPF study. Male C57BL/6 mice
were raised on a standard chow for 6-7 weeks. At this time, mice were sacrificed;
cecum and fecal samples were harvested, metabolites were extracted, and
samples were analyzed using targeted and untargeted LC-MS methods.
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2.7.3 HFD vs. LFD Experiment
Male C57BL/6 mice of 14 week of age, raised on a standard low fat diet (LFD)
consisting of 10% calories from fat (D12450B, Research Diets), were purchased
from Jackson labs. At 6 weeks of age, the mice were randomly divided into two
groups (n = 5). One group was continued on the standard low fat diet for 8 more
weeks, while the other group was fed a high fat diet (HFD) consisting of 60%
calories from fat (D12492, Research Diets). At 14 weeks, the mice were sacrificed
by euthanasia at the Texas A&M Health Science Center. Blood was collected via
heart puncture. Serum was collected by centrifugation at 4,000g for 30 min. The
collected serum was stored at -80 °C. The liver was quickly excised, rinsed with
10x volume of ice-cold PBS, flash-frozen in liquid nitrogen, weighed, and stored
at -80 °C. The experimental protocol is outlined in Figure 2-5.

Figure 2-6: Experimental design of HFD vs. LFD mouse study. C57BL/6
mice were raised on standard chow for 6 weeks. After 6 weeks, half received a
HFD consisting of 60% calories from fat. At 14 weeks animals were sacrificed,
liver, serum, cecal and fecal matter was harvested and analyzed using targeted
and untargeted LC-MS methods.
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2.7.4 I3A Experiment
Female C57BL/6 mice of 13 weeks of age, raised on a Western diet (WD)
consisting of 43% carbohydrates (35% sucrose), 41% fat, and 15% protein
(D12079B, Research Diets), were purchased from Jackson labs. At 14 weeks of age,
the mice were randomly divided into three groups (n = 7). All groups were
continued on the WD. Each group was given oral gavage treatment with either
vehicle (corn oil), 50 mg/kg body weight I3A, or 100 mg/kg body weight I3A. At
16 weeks, the mice were sacrificed by CO2 at DLAM (Tufts University). Blood was
collected via heart puncture. Serum was separated by centrifugation at 4,000g for
30 min. The collected serum was stored at -80 °C. The cecum and liver were quickly
excised, rinsed with 10x volume of ice-cold PBS, flash-frozen in liquid nitrogen,
weighed, and stored at -80 °C. The experimental protocol is outlined in Figure 2-6.

Figure 2-7: Experimental timeline for in vivo I3A study. C57BL/6 mice will
be raised on a Western diet (WD) for 14 weeks. At 14 weeks, half of the mice
will receive I3A oral gavage treatment for two weeks while the other will receive
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oral gavage with vehicle (corn oil) for the same duration. At 16 weeks, mice will
be sacrificed; liver, cecum, and serum samples will be harvested and analyzed
using targeted and untargeted LC-MS methods.

2.8 Statistics and Multivariate Analysis
Metabolite level comparisons from in vivo data were performed using the Wilcoxon
rank-sum test. Statistical significance of in vitro data was calculated using one-way
ANOVA for single treatment comparisons and two-way ANOVA for multiple
treatment comparisons. A p-value of less than 0.05 was considered statistically
significant. All heat maps were generated using pareto-scaled data. The similarity
of the metabolite profiles was assessed based on group centroid distances using
PLS-DA. Ellipses in PLS-DA plots show 95% confidence regions for each
treatment group.
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Chapter 3: Gut Microbiota metabolites modulate hepatocyte fatty acid and
bile acid metabolism in vitro
3.1 Abstract
Background: While there is accumulating evidence that the gut microbiota plays
a role in the progression of fatty liver disease, the molecular mediators remain
unclear.
Objectives: The aim of this study was to determine the effects of gut microbiotaderived tryptophan metabolites such as tryptamine (TA) and indole-3-acetate (I3A)
on fatty acid and bile acid metabolism in hepatocytes exposed to pro-inflammatory
cytokines and/or free fatty acids.
Methods: Using a combination of targeted and untargeted metabolomics, we
characterized the metabolic effects of TA and I3A in human and murine
hepatocytes in vitro.
Results: Comparing the differences in metabolite profiles between germ-free and
conventionally raised mice against the differences between mice fed low-fat and
high-fat diet, we identified metabolites that depend on the microbiota and are
depleted under HFD. Two of these metabolites, tryptamine (TA) and indole-3acetate (I3A), were tested for their ability to modulate inflammatory responses. In
hepatocytes, I3A attenuated inflammatory responses under conditions of lipid
loading, activated the aryl hydrocarbon receptor, and reduced the expression of
fatty acid synthase and sterol regulatory element-binding protein-1c. These results
suggest that gut microbiota-dependent metabolites could directly modulate
inflammatory responses in the liver.
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3.2 Introduction
Non-alcoholic fatty liver disease (NAFLD) is the most prevalent chronic liver
disease in Western countries, and its incidence correlates strongly with obesity and
the metabolic syndrome (Day, 2011). NAFLD encompasses a spectrum of disorders
from simple steatosis, which by itself is a benign condition, to non-alcoholic
steatohepatitis (NASH), which is characterized by intrahepatic inflammation,
hepatocellular ballooning and progressive fibrosis (Loomba and Arun J. Sanyal,
2013). Sustained steatohepatitis can lead to the development of cirrhosis and liver
cancer (Buzzetti, Pinzani and Tsochatzis, 2016).
Unfortunately, the cellular and molecular mechanisms driving the
progression of NAFLD are not well understood, and treatment options remain
limited. The conventional view is that there are at least two components: lipid
loading in the liver and initiation of an inflammatory cascade. In this ‘two-hit’
model, cellular lipid deposits in the form of inclusion bodies accumulate in the liver,
which is followed by activation of immune cells, including resident macrophages,
and production of pro-inflammatory cytokines (Dowman, Tomlinson and
Newsome, 2010). Recently, a more detailed view has emerged that outlines a
complex, multifactorial process (Eslam, Valenti and Romeo, 2018). In this
“multiple hit” model, lipids accumulate in the liver due to insulin resistance,
increased fatty acid uptake and lipogenesis, and inhibition of lipolysis, while the
inflammatory cascade involves not only liver resident macrophages, but also
adipose derived cytokines. Nutritional, genetic, and epigenetic factors are all
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thought to play a role in determining whether an individual with steatosis develops
inflammation, fibrosis, and the more severe pathologies of fatty liver disease [74].
One additional, emerging factor that likely contributes to the pathogenesis
of fatty liver disease is dysbiosis of the intestinal microbiota. A recent study has
shown that germ-free (GF) mice fed a high-fat diet (HFD) and inoculated with
bacterial isolates from feces of hyperglycemic mice developed steatohepatitis,
whereas GF mice fed the same HFD but inoculated with bacteria from
normoglycemic mice only showed mild steatosis (Le Roy et al., 2013). A
comparison of intestinal microbiomes from children found subtle, yet significant
differences between children with obesity and children diagnosed with NASH (Zhu
et al., 2013).
Several hypotheses have been put forth regarding the role of dysbiosis in
steatohepatitis (Schippa and Conte, 2014). It has been proposed that dysbiosis
disrupts production of microbial metabolites such as short-chain fatty acids that are
utilized by the intestinal epithelial cells for maintaining intestinal barrier integrity.
A decrease in intestinal barrier integrity results in elevated bacterial endotoxins in
circulation, which triggers a pro-inflammatory cytokine cascade in the liver
(Peterson and Artis, 2014). Another hypothesis is that dysbiosis leads to increased
generation of toxic metabolic byproducts in the intestine and results in an elevated
chemical burden on the liver (Saltzman et al., 2018). A third hypothesis is that
dysbiosis leads to aberrant metabolism of dietary residues (e.g. choline) and/or
endogenous metabolites (e.g. bile acids), which impairs export of lipids or elevates
lipogenesis in the liver (Saltzman et al., 2018). A common denominator of these
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hypotheses is that progression towards steatohepatitis is linked to alterations in the
metabolic outputs of the intestinal microbiota. Recent findings, including our own
work, have shown that the intestinal microbiota produces bioactive metabolites that
engage host cellular pathways to modulate immune cell fate and function (Jin et al.,
2014; Sridharan et al., 2014) and lipid absorption in the intestine (Ghazalpour et
al., 2016). Microbiota-derived metabolites have been detected in circulation
(Wikoff et al., 2009) and the liver (Vernocchi, Del Chierico and Putignani, 2016b),
and several of these metabolites (e.g., indole-3-acetate, tryptamine, kynurenine,
indoxyl sulfate) are ligands for host receptors such as the aryl hydrocarbon receptor
(AhR) (Hubbard et al., 2015). Interestingly, studies in transgenic animal models
suggest that the AhR plays a significant role in regulating lipid and fatty acid
metabolism (Lee, Wada, Febbraio, He, Matsubara, Lee, Frank J Gonzalez, et al.,
2010). In mice, AhR activation negatively regulates several lipogenesis enzymes,
including fatty acid synthase (Fas), acetyl-CoA carboxylase (ACC), stearoyl-CoA
desaturase 1 (SCD1), and the cholesterol metabolism regulator sterol regulatory
element-binding protein-1c (SREBP-1c) (Tanos, Murray, et al., 2012). In humans,
exposure to TCDD has been shown to disrupt lipid and fatty acid metabolism
(Pelclova et al., 2002).
The present study investigates the hypothesis that gut microbiota dysbiosis
perturbs the balance of immunomodulatory microbiota metabolites, which
exacerbates liver inflammation in steatosis. We utilize metabolomics in conjunction
with biochemical assays to identify microbiota-dependent immunomodulatory
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metabolites that activate the AhR and characterize their effects on liver
inflammatory responses and metabolic function.
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3.3 Methods
In this chapter, we identify and test metabolites in vivo with potential roles in
inflammation and steatosis. Beginning with a comparison of a CONV-R mouse
model to a GF mouse model, we use untargeted metabolomics to identify
compounds depleted in the cecal and fecal contents of GF mice as microbiotadependent metabolites. We then applied untargeted metabolomics to liver, serum,
and cecal samples from mice raised on either high-fat or standard chow to identify
microbiota metabolites (from GF vs. CONV-R comparison) altered in HFD mice.
Lastly, we tested these metabolites in vitro on murine and human hepatocyte
models of inflammation and steatohepatitis. This section describes the methods
used.

3.3.1 Reagents
AML12, and HepG2 cells were purchased from ATCC (Manassas, MA).
Dulbecco’s Modified Eagle Medium (DMEM), alpha minimal essential medium
(αMEM), RPMI-1640, penicillin/streptomycin, phosphate-buffered saline (PBS),
TRIzol, RNAse-free, DNase-free water, and fetal bovine serum (FBS) for culture
of HepG2 and AML12 cells were purchased from Invitrogen (Carlsbad, CA).
Insulin-transferrin-selenium (ITS) was purchased from Thermo Fisher Scientific
(Waltham, MA). The AhR inhibitor CH-223191 was developed in the Sherr lab at
Boston University. H1G1.1c3 reporter cells were obtained from the Denison lab at
UC Davis and utilized in the Sherr lab. Unless otherwise noted, all other reagents
were purchased from Sigma Aldrich (St. Louis, MO).
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3.3.2 Animal Experiments
Our first objective was to identify microbiota-dependent metabolites for which, we
used GF mice. We compared their cecal and fecal metabolite profiles to those of
CONV-R mice using untargeted metabolomic, described in section 2.2. Metabolites
were extracted from cecum and fecal samples, according to the methods described
in section 2.1.2. Untargeted features were annotated as explained in section 2.2.2.
We focused on differentially present metabolites and classified them by
pathway. We then reduced our study space to look for and identify GF-depleted
metabolites. Again, by applying pathway classifications, we were able to identify
the metabolic contributions of the gut microbiome. The protocol is shown in Figure
2-2 and described in section 2.7.2.
We then screened samples collected from HFD and LFD mice to identify
changes in GF-depleted metabolites due to short term high-fat feeding. The
HFD/LFD animal experiments are outlined in section 2.7.3. Our goal was not to
induce NASH, but to identify classes metabolites that were sensitive to even short
term diet changes. We again used untargeted metabolomics, for which the methods
are described in section 2.2. The untargeted features were annotated according to
section 2.2.2 and again classified by metabolic pathway. We also used targeted
metabolomics (section 2.2.4) to quantify changes in FFAs and BAs as a result of
high-fat feeding. All metabolomics data collected from animal experiments were
normalized to tissue weights. Serum sample volumes were maintained at 50 uL
across all experimental conditions.

77

The metabolite selection process was performed according to the following
critera (Figure 3-1):
1. Metabolite must be significantly depleted in GF fecal and cecum
samples.
2. Metabolite must be significantly altered in the liver of HFD mice.
3. Metabolite must be significantly altered in at least one more
compartment (cecum and/or serum) of HFD mice.
4. Metabolite must be confirmed using a chemical standard.
5. Metabolite must be a known activator of the AhR.

Figure 3-1: Venn diagram of metabolites annotates from untargeted analysis
of in vivo samples. Untargeted data was annotated using the consensus method
described in section 2.2.2. The cross-section of differentially present metabolites
from each of the five conditions was considered for in vitro testing. Significance
was calculated using Wilcoxon rank sum test.
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3.3.3 in vitro testing of metabolites
The representative metabolites were then tested for activity in in vitro models of
inflammation. HepG2 and AML12 cultures were maintained according the methods
in section 2.4.1. Cultures were treated with various concentrations of I3A or TA
along with pro-inflammatory cytokine TNFα according Figure 2-1. TNFα and
metabolite treatments were prepared according to section 2.4. Intracellular and
extracellular metabolites were extracted from HepG2 and AML12 cultures
according to the methods described in section 2.1.1. We looked at holistic changes
in metabolites using untargeted metabolomics (methods section 2.2.2) as well as
specific changes in FFA and BA metabolism using targeted metabolomics (section
2.2.4). All metabolite data was normalized to gram DNA measured in the sample.
DNA was isolated and quantified according to the protocol described in section
2.1.4. All LC-MS parameters are summarized in Table 2-1 and detailed protocols
for annotation and quantitation are outlined in section 2.2. By combining the results
of untargeted and targeted metabolomics data, we were able select a candidate for
further testing in a two-hit in vitro model of steatohepatitis.
The same methods described above were applied to study the effect of
microbiota metabolites on our in vitro two-hit model. The cell culture timeline is
outlined in Figure 2-1. Formulation of FFA treatment for lipid loading of
hepatocytes is detailed in section 2.4 along with protocols for formulating
metabolite and TNFα treatments. To confirm that pretreatment with FFAs resulted
in lipid loading, we used CARS microscopy, detailed in section 2.5.
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All untargeted data was analyzed using multivariate analysis (PLS-DA and
hierarchical clustering) highlighted in section 2.8. HepG2 and AML12 culture
metabolite extracts were annotation using methods described in section 2.2.2 as
well as using BioCAn (Alden et al., 2017).

3.3.4 Statistics and Multivariate Analysis
All statistics used in this chapter are outlined in section 2.8.
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3.4 Results
3.4.1 Microbiota-dependent metabolites in the intestine include tryptophan-derived
AhR ligands
Cecal contents and fecal material from germ free (GF) and conventionally-raised
(CONV-R) mice were analyzed using both targeted and untargeted liquid
chromatography mass spectrometry (LC-MS) metabolomics. Hierarchical
clustering of detected features showed qualitative differences between the two
groups (Figure 3-2A). In the cecal contents, 72% of features were significantly
different, and the majority of the differentially present features (60% of total) were
reduced in GF samples, suggesting that these features include de novo products of
microbiota metabolism (Figure 3-2B). In the fecal material, a majority of
differentially present features (36% of total) were elevated in GF samples,
suggesting that these features include diet-derived compounds that would have
been catabolized by the intestinal microbiota (Figure 3-2C).
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Figure 3-2: Results from untargeted analysis of metabolites in samples from
GF and CONV-R mice. Heat maps of hierarchically clustered LC-MS features
(i.e., metabolites) detected in fecal material and cecal contents (A). Features from
fecal material and cecal contents were separately scaled prior to clustering using
the Pareto method. Fraction of detected features that are depleted, elevated, or
not significantly different in cecal contents (B) and fecal material (C) from GF
mice compared to CONV-R mice. Identified metabolites that depend on the gut
microbiota (D-G). Features depleted in cecal contents (D) and fecal material (E)
from GF mice were annotated and mapped to metabolic pathways cataloged in
KEGG. Statistical tests on average fold-changes identified several metabolites
that are consistently depleted in both fecal material and cecal contents from GF
mice. Levels of suspected AhR agonists I3A and TA are both significantly
reduced in cecal contents (F) and fecal material (G) from GF mice. Data shown
are averages of n = 7 mice. Error bars represent one standard deviation. *: p<0.05
using Wilcoxon rank-sum test.
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Of the 1,444 LC-MS features depleted in both cecal contents and fecal
material from GF mice, we were able to putatively annotate 156 features. The
majority of these metabolites are associated with phytochemical and lipid
metabolism pathways (Figures 3-2D and 3-2E). Other major categories of
metabolites that are significantly depleted in both cecal contents and fecal material,
and hence likely de novo products of microbiota metabolism, are amino acid
derived compounds, nucleotides, vitamins, and cofactors. Notably, these depleted
metabolites included bioactive molecules such as indole-3-acetate (I3A) and
tryptamine (TA) (Figures 3-2F and 3-2G), which we previously found (Sridharan
et al., 2014) to activate the AhR in a breast cancer cell line.
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3.4.2 HFD alters the levels of microbiota-dependent metabolites in cecum, serum,
and liver

Figure 3-3: Effect of HFD on microbiome and metabolite profile. Fecal
material from HFD and LFD mice were assayed for Firmicutes and Bacteroidetes
using qRT-PCR (A). Ratios between the two phyla were determined from copy
numbers calculated based on a DNA standard curve. Data shown are averages of
n = 5 mice. Error bars represent one standard deviation. *: p<0.05 compared to
LFD using Wilcoxon rank-sum test. Heat map shows hierarchically clustered
LC-MS features (i.e., metabolites) detected in cecum, liver, and serum samples
(B). Features from cecum, serum, and liver samples were separately scaled prior
to clustering using the Pareto method. Red or green color denotes a feature that
is elevated or depleted, respectively, relative to the mean value for the feature in
the tissue compartment. Features significantly elevated or depleted were
annotated and mapped to pathways cataloged in KEGG (C). Primary bile acid
composition showing contribution from cholic acid (CA) and chenodeoxycholic
acid (CDCA) (D).
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We next investigated whether administering HFD, which with prolonged exposure
can induce steatosis in mice (Kim et al., 2012), alters the levels of microbiotadependent metabolites identified above. To confirm that even after a short feeding
duration of 8 weeks, HFD significantly perturbed the microbiota, we used qRTPCR to measure the abundance of Firmicutes and Bacteroidetes, two major phyla
in the murine intestine. The ratio of Firmicutes to Bacteroidetes was significantly
higher in fecal material from HFD mice (8.62) compared to LFD mice (0.82)
(Figure 3-3C).

Figure 3-4: Analysis of microbiota metabolites in HFD mice. Liver, cecum,
and serum samples from LFD and HFD fed CONV-R mice were analyzed using
untargeted LC/MS experiments. Significantly different features (Wilcoxon ranksum test, p<0.05) were Pareto scaled and clustered along with features of interest
based on annotation of GF and CONV-R samples (A). TA and I3A were
quantified using targeted analysis (product ion scan) to confirm depletion of these
metabolites in HFD samples. Metabolite levels were normalized to sample
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weights and plotted as fold-changes comparing HFD to LFD (B). Data shown are
averages of n = 5 mice. Error bars represent one standard deviation. *: p<0.05
using Wilcoxon rank-sum test. Metabolite selection process based on features
differentially present in GF vs. CONV-R samples and HFD vs. LFD samples (C).
Final selections are suspected AhR ligands of which I3A and TA were selected
for in vitro testing.

Global profiling of metabolites in the cecum, serum, and liver using
untargeted LC-MS analysis (Figure 3-3B) did not show any obvious qualitative
differences between HFD- and low-fat diet (LFD)-fed mice. However, a more
detailed examination of the LC-MS data using hypothesis testing for equal medians
(Wilcoxon rank-sum test) followed by feature annotation revealed significant
differences in several categories of metabolites (Figure 3-4A). The major categories
identified were phytochemicals, lipids (primarily phosphocholines, prostaglandins,
and sphingolipids), and amino acid-derived compounds (Figure 3-3C). Intersecting
the list of metabolites that are differentially present in HFD and LFD mice with the
list of metabolites that are differentially present in GF and CONV-R mice identified
20 microbiota-dependent metabolites, including three putative AhR ligands - I3A,
TA, and xanthurenic acid (XA), that are consistently elevated or depleted in two or
more of the three tissue compartments sampled from HFD mice compared to LFD
mice (Figure 3-4C). In addition, due to the low N of 5 used in our diet study, the
metabolites selected were both statistically significant and exhibited fold-changes
across the two groups. Targeted LC-MS analysis for I3A and TA confirmed
significant depletion of both metabolites in the liver and cecum of HFD mice
(Figure 3-4B). TA was found to be depleted in all three tissue types with a two-fold
decrease in the cecum and liver and a ten-fold decrease in the serum. I3A was only
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found to be significantly depleted in the cecum (ten-fold decrease) and liver (threefold decrease). To determine physiological relevant concentrations for in vitro
experimental design, absolute concentrations in the liver of both metabolites were
quantified using standard curves. TA was found to be at levels of 2 umoles/g tissue
while I3A was quantified to be 0.03 umoles/g tissue.

3.4.3 HFD increases levels of free fatty acids and alters composition of primary
bile acid pool

Figure 3-5: Comparison of fatty acid (FA) profiles in HFD and LFD mice.
Major FAs were quantified in liver (A), cecum (B), and serum (C) samples from
HFD and LFD mice and HFD CHOW (D) Data shown are averages of n = 5
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mice. Error bars represent one standard deviation. *: p<0.05, **: p<0.01, ***:
p<0.001, ***: p<0.0005 using Wilcoxon rank-sum test.

Targeted LC-MS analysis for major fatty acid species confirmed significant
increases in both saturated and unsaturated fatty acids in the livers of HFD mice
compared to LFD mice (Figure 3-5A) In particular, palmitate and stearate, the two
most abundant fatty acids, were both increased four-fold in the HFD mice.
Palmitate levels were also increased ten-fold in cecal contents of HFD mice while
stearic acid was unchanged (Figure 3-5B). In serum, every major fatty acid species
measured in this study was elevated (Figure 3-5C) with the largest increases seen
in palmitate (fifty-fold increase), palmitoleate (thirty-fold increase), and lineolic
acid (eight-fold increase). Smaller, but significant, alterations were also observed
in the cases of stearate (six-fold increase), oleate (five-fold increase), and
arachidonate (two-fold increase). In order to determine the correlation between the
composition of the high fat diet and the free fatty acids quantified in liver, cecal,
and serum samples; targeted LC-MS analysis for free fatty acids was also applied
to extracted HFD pellets. The four most abundant free fatty acids were palmitate,
oleate, linoleate, and stearate; these results were qualitatively consistent with in
vivo free fatty acid levels (Figure 3-5D).
In addition to increasing the FFA levels, HFD also altered the composition
of the primary bile acid pools in the liver, cecal contents, and serum. Targeted
analysis for cholic acid (CA) and chenodeoxycholic acid (CDCA) found a decrease
in the relative pool size of CA in the liver (Figure 3-3D).
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3.4.4 I3A and TA restore TNFα-induced primary bile acid alterations
One of the hallmarks of fatty liver disease is dysregulation of bile acid metabolism.
Using targeted LC-MS analysis, absolute intracellular and extracellular BA
concentrations were quantified in metabolite extracts from hepatocyte cultures
treated with varying doses of TA and I3A with and without TNFα (as a
representative pro-inflammatory signal produced by macrophages in the liver).
In AML12 cell cultures, TNFα significantly increased both intracellular CA
and CDCA by ten-fold. CA intracellular concentrations exhibited a dose-dependent
response to TA both with and without pro-inflammatory stimulus (Figure 3-6A).
However, in the presence of TNFα, TA attenuated CA production to similar levels
as vehicle control while without TNFα, TA increased CA production between four
and six-fold depending with the largest increases (six-fold) observed at 100µM. A
similar trend was observed in CDCA concentrations, but the trends were not
necessarily dose-dependent (Figure 3-6B). In contrast, neither nor TNFα had a
significant effect on intracellular concentrations of conjugated bile acids GCA and
TCA (Figures 3-6C and 3-6D).
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Figure 3-6: Intracellular primary and conjugated BAs in TA-treated HepG2
cultures. HepG2 cultures were treated with 1, 10, or 100 uM of TA with and
without TNFα. Metabolites were extracted from cell cultures using a solventbased method and analyzed using LC/MS product ion scans for BAs. Primary
BAs, cholic acid (CA) (A) and chenodeoxycholic acid (CDCA) (B), along with
conjugated primary BAs, glycocholic acid (GCA) (C) and taurocholic acid
(TCA) (D) were quantified in micromoles per gram DNA. Data shown are
averages of 3 independent experiments with 6 biological replicates. *:p<0.05
compared to NC, ‡:p<0.05 compared to TNF (positive control) group with a twotailed Student t-test.

I3A-treated AML12 cultures exhibited many of the same trends
intracellularly as TA-treated cultures (Figure 3-7). CA concentrations increased
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between six- and ten-fold with I3A treatments with the highest observed increases
at 10 and 100 uM I3A (Figure 3-7A). Cultures treated with both I3A and TNFα
exhibited marked reduction (approximately ten-fold) in both intracellular CA and
CDCA at all doses (Figures 3-7A and 3-7B). As in the case of TA-treated
hepatocytes, neither I3A nor TNFα had significant effects on intracellular GCA
and TCA production (Figures 3-7C and 3-7D).

Figure 3-7: Intracellular primary and conjugated BAs in I3A-treated
HepG2 cultures. HepG2 cultures were treated with 1, 10, or 100 uM of TA with
and without TNFα. Metabolites were extracted from cell cultures using a solvent91

based method and analyzed using LC/MS product ion scans for BAs. Primary
BAs, cholic acid (CA) (A) and chenodeoxycholic acid (CDCA) (B), along with
conjugated primary BAs, glycocholic acid (GCA) (C) and taurocholic acid
(TCA) (D) were quantified in micromoles per gram DNA. Data shown are
averages of 3 independent experiments with 6 biological replicates. *:p<0.05
compared to NC, ‡:p<0.05 compared to TNF (positive control) group with a twotailed Student t-test.

Figure 3-8: Extracellular primary and conjugated BAs in I3A-treated
HepG2 cultures. HepG2 cultures were treated with 1, 10, or 100 uM of I3A with
and without TNFα. Extracellular media was aspirated, centrifuged to remove
debris, diluted ten-fold in water and analyzed using LC/MS product ion scans for
BAs. Primary BAs, cholic acid (CA) (A) and chenodeoxycholic acid (CDCA)
(B), along with conjugated primary BAs, glycocholic acid (GCA) (C) and

92

taurocholic acid (TCA) (D) were quantified in micromoles per gram DNA. Data
shown are averages of 3 independent experiments with 6 biological replicates.
*:p<0.05 compared to NC, ‡:p<0.05 compared to TNF (positive control) group
with a two-tailed Student t-test.
Extracellular CA and CDCA were not significantly altered upon I3A dose
modifications. Treatment with both I3A and TNFα had a significant impact on BA
concentrations. Extracellular concentrations of CA increased fifty-fold at all I3A
concentrations compared to positive TNFα control (Figure 3-8A). CDCA exhibited
dose-dependent increases: 15-, 30-, and 35-fold for 1 uM, 10 uM, and 100 uM I3A
concentrations respectively compared to positive TNFα control (Figure 3-8B).
GCA concentrations (Figure 3-8C) increased 20-fold with I3A treatment while
TCA concentrations were not impacted by exposure to I3A (Figure 3-8D). TNFα
had no independent effects on primary bile acids or conjugated GCA, but increased
extracellular TCA ten-fold compared to vehicle control. The extracellular BA
profile of TA-treated cultures showed no noticeable trends (data not shown).
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3.4.5 I3A more closely mimics negative control in comparison to TA

Figure 3-9: Analysis of untargeted metabolomics data from HepG2 cultures
reveals differential affects of I3A and TA. HepG2 cultures were treated with
varying doses of I3A, TA, or vehicle and then treated with either vehicle or
TNF⍺. Untargeted analysis of metabolite extracts from cultures were compiled,
pareto-scaled and hierarchically clustered (A) for qualitative comparisons of I3A
and TA on global metabolite profiles The similarity of the metabolite profiles
was assessed based on group centroid distances using PLS-DA (B). Ellipses show
95% confidence intervals for each group. Numbers in parentheses show % of
variance in the data explained by the latent variable (LV).
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For a more holistic view of metabolite profile changes in hepatocytes treated with
either TA or I3A with or without TNFα, untargeted metabolomics data was paretoscaled and hierarchically clustered (Figure 3-9A). Qualitatively, I3A treated
cultures more closely mimicked vehicle control cultures with no obvious
differences with increasing dose. However, at 100 uM, TA-treated cultures were
more similar to vehicle-treated cultures than at doses of 1 or 10 uM. To
quantitatively assess the differences between I3A and TA, PLS-DA analysis was
performed on untargeted metabolomics data and 95% confidence ellipses were
drawn (Figure 3-9B). I3A and vehicle control cultures separated along LV1 from
TA and TNFα cultures.
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3.4.6 I3A attenuates FFAs in “one-hit” model of inflammation

Figure 3-10: Intracellular and serum I3A concentrations in AML12 cultures.
AML12 cultures were treated with 10, 100, or 500 uM of I3A with and without
TNFα. Intracellular (A) and extracellular (B) samples metabolite samples were
analyzed using a product ion scan for I3A. Quantitation of I3A was performed
using a standard curve.
Based on targeted quantitation of BAs and the finding that I3A exerted strong
effects in its ability to attenuate TNFα-induced metabolite changes, we chose to
proceed with I3A as a representative microbiota compound for further testing. As
an initial proof of principle, metabolites extracted from AML12 cultures treated
with 10, 100, or 500 uM of I3A, were analyzed using product-ion scans to identify
and quantify intracellular (Figure 3-10A) and extracellular concentrations (Figure
3-10B) of I3A. Quantitation showed that at 500 uM concentrations, there more than
the expected five-fold increase in intracellular I3A when compared to 100 uM
doses. While there is no difference between cultures treated with 10 uM I3A and
100 uM I3A. Analysis of extracellular metabolites shows absolute concentrations
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of I3A in spent medium. At 10 uM doses, there is approximately 50% remaining in
serum while at 100 uM and 500 uM doses there is 30% and 10% respectively.

Figure 3-11: I3A attenuates TNFα-induced FFA changes in AML12
cultures. AML12 cultures were treated with 1, 10, or 100 uM of TA with and
without TNFα. Metabolites were extracted from cell cultures using a solventbased method and analyzed using LC/MS product ion scans for FFAs. The two
most abundant fatty acids, palmitate (A) and oleate (B) were quantified in
nanomoles per gram DNA. Data shown are averages of 3 independent
experiments with 6 biological replicates. *:p<0.05 compared to NC, ‡:p<0.05
compared to TNF (positive control) group with a two-tailed Student t-test.

To determine if I3A can impact FA metabolism, targeted LC-MS analysis of FFAs
was performed on intracellular TNFα-treated AML12 culture extracts. TNFα
increased intracellular palmitate (PA) concentrations 16-fold (Figure 3-11A) and
oleate (OA) 25-fold (Figure 3-11B). I3A at all doses significantly reduced both PA
and OA back to concentrations observed in vehicle control cultures.

97

3.4.7 Combining consensus annotation with BioCAn provides robust annotation of
untargeted data

Untargeted data was generated from metabolites extracted from in vitro
cultures through HILIC IDA (positive ionization mode) LC-MS analysis. Data was
processed using Markerview (v. 1.2, AB Sciex) and features present in less than 4
samples were discarded. 6164 and 5835 features were identified in the metabolite
samples from AML12 and HepG2 cultures respectively. In AML12 samples, 631
features had at least one putative annotation from at least one of the four databases
used while HepG2 samples had 576 features with putative IDs. Using the consensus
method described in section 2.2.2, we obtained 86 and 99 high confidence
annotations for AML12 and HepG2 samples respectively. To improve our
annotation fraction, we used BioCAn in order to identify features not annotated
using our consensus method. BioCAn allows us to do this because it applies
connectivity of metabolites along host pathways using a KEGG-based model under
the hypothesis that within a pathway, the more metabolite nodes are present within
the network, the higher the confidence in feature annotations. By adding in
additional features putatively annotated by BioCAn, we were able to annotate (high
confidence) 112 metabolites from AML12 samples and 125 metabolites from
HepG2 samples. In order to determine the contributions of our consensus process
and BioCAn to our feature identification process, we counted the number of unique
IDs each method contributed individually as well as together (Figure 3-12A). We
also evaluated the % contribution of each tool to the consensus ID assignments.
The was determined by taking the ratio of the number of times a tool agreed with
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the final consensus assignment to the total number of consensus IDs for a given
data set (Figure 3-12B)

Figure 3-12: Annotation of AML12 and HepG2 untargeted metabolomics
data. Metabolites were extracted from cultures using a solvent based method and
analyzed using IDA metabolomics. Features were annotated using a consensus
method combined with BioCAn (Alden et al., 2017). Consensus and BioCAn
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were compared for % contribution to final annotation of feature (A) as well %
agreement with consensus annotation by each reference database (excluding
BioCAn results) (B). High purity standards were used to confirm annotations.
Number of annotations confirmed with a chemical standard for each annotation
tool was plotted (C). % accuracy of each annotation tool was plotted (D). Highconfidence annotations (consensus with BioCAn) were mapped to metabolic
pathways cataloged in KEGG (E).

Finally, we analyzed 37 high-purity standards using the same LC-MS
method with which the original culture samples were analyzed (HILIC IDA,
positive ionization mode). Standards were compared to sample spectra using mirror
plots (Figure 2-1). We plotted the number of confirmed IDs produced by each
database (Figure 3-12C). In total, our standards confirmed 22 annotations in both
cell types with HMDB providing the most correctly annotated features. We
assessed and plotted the accuracy (rate at which, each tool predicted the correct
annotation) of each tool (Figure 3-12D) BioCAn, while having only 80% accuracy,
provided a 10% increase in total number of annotations. Both in silico tools
performed equally well, identifying 19 (out of 22 matched to standards) metabolites
correctly. Metlin had the highest % accuracy when compared to standards,
however, it (along with HMDB) had the lowest agreement with the consensus
annotations.
We performed pathway analysis of high-confidence annotations to identify
the distribution of features (Figure 3-12E). Pathway analysis of high-confidence
(consensus with BioCAn) metabolites revealed that both profiles had similar
distributions across metabolic processes. The largest fraction of metabolites were
amino acid derivatives. 19% of features were categorized within vitamins and
cofactors in AML12 samples while only 16% were vitamins and cofactors in
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HepG2 cells. Other significant groups were sugars and organic acids: 11% in
AML12 and 21% in HepG2 cells and lipid metabolites: 16% in AML12 and 11%
in HepG2 cells. Only one BA was identified in both cultures: taurocholic acid.
Other groups identified were bioactive molecules (eicosanoids, steroid, hormones,
and neurotransmitters) and nucleotide metabolites.

3.4.8 I3A attenuates effects of TNFα and fatty acids in hepatocytes

Figure 3-13: Micrographs of AML12 hepatocytes obtained using Coherent
anti-Stokes Raman Scattering (CARS) microscopy. Micrographs were
recorded after the cells had been treated with either (A) vehicle or (B) FAs (500
µM palmitate + 500 µM oleate) for 48 h. The microscope was tuned to detected
aliphatic C-H vibrations. Lipid inclusion bodies show as green circles.

Based on the above observations that I3A significantly attenuated the production
of FFAs in TNFα-treated hepatocytes, we examined whether I3A also modulated
the metabolic response of hepatocytes to lipid loading. We used an analogous ‘twohit’ model in which hepatocytes are first exposed to fatty acids followed by
exposure to TNFα. Culturing AML12 cells in growth medium supplemented with
an equimolar mixture of palmitic and oleic acid at a sub-toxic (Malhi et al., 2006)
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dose (500 µM) led to accumulation of visible lipid droplets within 24 to 48 h, which
was confirmed by CARS microscopy (Figures 3-13, A-C). A similar trend was
observed in HepG2 cells, a human liver cell line (Figure 3-15, A-C), which
accumulated noticeably larger lipid droplets.

Figure 3-14: I3A attenuates the effects of TNF⍺ on FA and BA metabolism
in cultured AML12 cells preconditioned with FAs. Palmitate (A), oleate (B),
and stearate (C) were quantified using targeted LC-MS experiments. CA and
CDCA were quantified and represented as % contribution to primary bile acid
pool (D). Data shown are averages of 4 independent experiments with 6
biological replicates. Error bars represent one standard deviation. *: p<0.05, **:
p<0.01, ***: p<0.001 compared to cells in the negative control (NC) group
exposed to vehicle (DMSO) only; : p<0.05 compared to the FA group
preconditioned with FAs but not treated with TNF⍺; : p<0.05 compared to the
TNF group that was not preconditioned with FAs; #: p<0.05 compared to the
FA+TNF group that was preconditioned with FAs and treated with TNF⍺. All
tests of significance were performed using two-tailed Student’s t-test.
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Figure 3-15: I3A attenuates TNF⍺-induced alterations in FA and BA
metabolism in an in vitro HepG2 two-hit model of steatohepatitis.
Micrographs of HepG2 hepatocytes obtained using Coherent anti-Stokes Raman
Scattering (CARS) microscopy (A-C).The cells were treated with either (a)
vehicle or (b) a combination of 500 uM palmitic acid and 500 uM oleic acid for
48 hours. The microscope was tuned to detected aliphatic C-H vibrations. Lipid
inclusion bodies show as green circles. Metabolites were extracted from cell
cultures using a solvent-based method and analyzed using LC/MS product ion
scans for FA and BA. The three most abundant fatty acids, palmitate (D), oleate
(E), and stearate (F) were quantified in nanomoles per gram DNA. Primary bile
acid composition showing contribution from cholic acid (CA) and
chenodeoxycholic acid (CDCA) (G). Data shown are averages of 4 independent
experiments with 6 biological replicates. *:p<0.05 compared to NC, ✝:p<0.05
compared to FA group, ✜:p<0.05 compared to TNF group, #:p<0.05 compared
to FA+TNF group with a two-tailed Student t-test.
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Targeted LC-MS analysis of major fatty acid species showed that the
AML12 cells cultured in fatty acid supplemented medium contained 5-fold greater
levels of intracellular palmitic and oleic acid (Figures 3-14, A-C), suggesting that
not all of the fatty acid taken up by the cells were esterified and stored into droplets.
A similar trend was observed for the HepG2 cells (Figure 3-15D and 3-15E). In
both AML12 and HepG2 cells, exposure to TNFα also increased the intracellular
levels of both palmitic and oleic acids, even without fatty acid preconditioning.
Combining the treatments did not lead to an additive effect on the levels of palmitic
and oleic acid. In both cell types, pretreating the cells with I3A prior to TNFα
exposure significantly decreased the levels of palmitic and oleic acids. Similarly,
I3A treatment attenuated the effects of fatty acid preconditioning, even when it was
combined with TNFα.
Since a hallmark of liver inflammation in fatty liver disease is dysregulation
of bile acid metabolism (Arab et al., 2017), we examined the effect of I3A on bile
acid production in the ‘two-hit’ hepatocyte model. Targeted LC-MS analysis
showed that fatty acid preconditioning and TNFα exposure independently and
together increased the fraction of CDCA by more than 30% in AML12 cells (Figure
3-14D). A similar trend was observed for the HepG2 cells (Figure 3-15G). By itself,
I3A also increased the CDCA fraction, but when combined with the other
treatments. Treatment with I3A reduced the CDCA fraction by 20% compared to
the conditions where the cells were exposed to either fatty acid or TNFα. However,
I3A treatment had no significant impact on cultures exposed to a combined
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treatment of TNFα with FFA. Similar trends were observed in HepG2 cell cultures
(Figure 3-15G), however HepG2 cells exhibited higher contributions from cholic
acid and had a 40% increase in CDCA contribution upon TNFα exposure. In
addition, in HepG2 cells, I3A treatment had a significant impact on CA levels even
when both FFA and TNFα were present.
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Figure 3-16: Multivariate analysis of untargeted metabolomics data from
FFA and TNF⍺-treated AML12 cultures. LC-MS data features were paretoscaled and hierarchically clustered (A) for qualitative comparisons between the
effects of TA and I3A on global metabolite profile. The similarity of the
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metabolite profiles was assessed based on group centroid distances using PLSDA (B-C). Ellipses show 95% confidence intervals for each group. Numbers in
parentheses show % of variance in the data explained by the latent variable
(LV).

Based on the observation that I3A attenuates the effects of both palmitate and LPS
in our ‘two-hit’ model, we more broadly compared the effects of I3A on fatty acid
preconditioning and TNFα exposure in hepatocytes using untargeted LC-MS
analysis. Hierarchical clustering (Figure 3-16A) suggested that I3A pretreatment
was more effective in reversing the TNFα-induced alterations compared to the fatty
acid preconditioning-induced alterations. This trend was also observed when the
metabolite profiles were compared using partial least squares discriminant analysis
(PLS-DA) (Figure 3-16B and 3-16C). The profiles of cells cultured in fatty acid
supplemented medium formed a distinct cluster, regardless of whether the cells
were treated with I3A or not, whereas the cells exposed to TNFα following I3A
pretreatment clustered closely with vehicle control.
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3.5 Discussion
In this study, we investigated the impact of microbiota-dependent metabolites on
inflammatory responses in human and murine hepatocytes. Using untargeted
metabolomics, we identified gut microbiota-dependent metabolites that are
impacted by HFD. These metabolites also modulate indicators of inflammation and
fatty acid metabolism in murine and human hepatocytes. These findings, taken
together, provide a potential molecular link between diet-driven alterations in the
gut microbiota and fatty liver disease-associated inflammation.
A number of studies have shown that the gut microbiota composition is
altered in a HFD regimen, suggesting that this dysbiosis could drive various
phenotypic changes and progression of HFD-associated diseases such as fatty liver
disease (Murphy, Velazquez and Herbert, 2015). By co-analyzing the differences
in the metabolite profiles between HFD- and LFD-fed mice alongside the
differences between CONV-R and GF mice, we identified metabolites that depend
on the gut microbiota and are significantly depleted under HFD.
The untargeted LC-MS experiments detected a large number of features
differentially present in GF and CONV-R mice (Figure 3-2, A-C). These
differentially present features could be products of either direct microbial
metabolism or microbe-activated host cytochrome activity (Carmody and
Turnbaugh, 2014). A subset of these features (26 %) are consistently depleted in
both cecal and fecal extracts from GF mice, suggesting that this subset represents
de novo metabolic products of the intestinal microbiota. We were able to putitavely
identify 156 of these features. In the absence of a comprehensive in-house standards

108

library, annotation of untargeted LC-MS data relies on matching the MS/MS
spectra of the detected features to spectral libraries of reference databases. A major
limitation of this approach is that the coverage of bacterial metabolites in these
databases, while growing, remains low. Moreover, different databases often return
conflicting results. To address these limitations, we searched multiple databases
and supplemented these searches with in silico fragmentation analyses. The
identification rate achieved in the present study is comparable to other global
profiling studies, with the identified LC-MS features broadly representing known
categories of microbiota metabolites (Figure 3-2, D-E).
Approximately 6% of microbial compounds were found to be products of
amino acid metabolism, specifically tryptophan, phenylalanine, and tyrosine
products. Previous studies, including Sridharan et. al (Sridharan et al., 2014) have
also shown that these amino acid-derived products are dependent on microbial
enzymatic activity or host-bacterial co-metabolism. Our pathway analysis of GF
depleted metabolites revealed changes consistent with those found previously
including alterations in organic acid and carbohydrate metabolism, vitamin and
cofactor synthesis, lipids and fatty acids, and phytochemicals and plant derivatives
(primarily products of dietary compounds) (Lee and Hase, 2014; Krishnan, Alden
and Lee, 2015). Consistent with the notion that gut microbiota members are
primarily responsible for catabolism of dietary-derived compounds, 36% of
features were enriched in the GF fecal extracts indicating that most dietary-derived
compounds that the host is incapable of catabolizing pass directly into the feces.
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In order to determine which of the microbiota-dependent intestinal
metabolites could be altered in fatty liver disease, we compared the metabolite
profiles of liver, cecum, and serum from HFD-fed mice against corresponding
profiles from LFD-mice. The HFD model has been used extensively to establish
phenotypes associated with fatty liver disease in mice (Murphy, Velazquez and
Herbert, 2015). It is generally accepted that HFD typically leads to simple steatosis,
and that steatohepatitis and fibrosis require additional challenges such as fructose
supplementation (Asgharpour et al., 2016). A methionine-choline deficient diet has
also been shown to establish a NASH-like state in the liver, but leads to weight loss,
unlike the typical obese background of NASH in humans (Anstee and Goldin, 2006;
Rizki et al., 2006; Caballero et al., 2010). We limited the HFD to 8 weeks based on
previous reports (Kim et al., 2012) showing that this duration is sufficient to
significantly modify the gut microbiome, while also elevating circulating levels of
inflammatory cytokines, without producing overt liver dysfunction. Quantitation of
FFAs confirmed the immediate impact of the HFD on lipid metabolism, in good
agreement with previous reports on similar HFD models (Kim et al., 2012; Pang et
al., 2016).
Of the 156 GF-depleted metabolites, 69 were found to be altered in at least
one of the three compartments (cecum, liver, and serum). The pathways primarily
affected by the HFD were phytochemicals, lipids and fatty acids, and amino acid
derivatives. These pathway alterations can be attributed to the 60% contribution
from fat in the HFD versus only 10% contribution from fat in the standard LFD
chow. The chow alterations may lead to lower intake of plant components and
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proteins, which would result in alterations in both phytochemicals and amino acid
metabolism. Mullin et. al (Mullin, 2010) confirmed through murine in vivo studies
and sequencing data that a high fat diet does perturb the microbial communities and
in turn, alters metabolism. Zhang et. al (Zhang et al., 2012), however, found that a
high-fat diet alters phylotypes rather than directly bacterial phyla and these
perturbations are alleviated upon return to a normal chow. On a metabolite level
Kim et. al (Kim et al., 2010) found similar alterations in metabolic pathways after
high fat feeding including changes in lipids (phospholipids, long chain fatty acids,
sphingolipids), amino acid derivatives, carbohydrates, and sugars. Targeted
analysis confirmed with higher confidence that the high fat diet elevates, with
greatest significance, circulating free fatty acids.
Of the differentially present, putatively identified metabolites, 19 were
depleted by the HFD in at least two of the three tissue compartments. Querying this
panel of metabolites against the literature for previously reported bioactivity,
specifically ligand activation of the AhR, further narrowed the panel to 3
metabolites (Figure 3-4C): xanthurenic acid (XA), TA, and I3A. There was a
motivation to choose activators of AhR due to its active role along the gut-liver
axis. Several studies (Nguyen et al., 2010; Vikström Bergander et al., 2012; Jin et
al., 2014; Sridharan et al., 2014; Cheng et al., 2015) have confirmed the AhR
activity of these tryptophan derivatives in several different tissues and hosts.
Hubbard et. al (Hubbard et al., 2015) demonstrated the wide range of microbiotaderived indoles capable of activating the AhR.

Enzymes for producing TA

(Williams et al., 2014) and I3A (Sridharan et al., 2014) from tryptophan have been
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characterized in the gut microbiota, whereas such enzymes have not yet been
identified for XA. Therefore, we initially focused the in vitro characterization
experiments on TA and I3A as bona fide microbiota metabolites. The doses of TA
and I3A were based on absolute concentrations of these metabolites in the liver,
estimated to be between 0.03 and 2 mM.
Although, the current understanding NAFLD pathogenesis is based on a
multi-hit hypothesis (Takaki, Kawai and Yamamoto, 2013; Buzzetti, Pinzani and
Tsochatzis, 2016) we implemented a simplified two-hit model beginning with FFA
incubation and ending with cytokine exposure. While the model poses limitations
on our ability to understand detailed mechanistic properties, the FFA pretreatment
has been extensively applied to mimic diet-derived lipid accumulation in
hepatocytes. Several previous studies including those published by Malhi et. al. and
Garcia-Ruiz et. al (Malhi et al., 2006; Garcia-Ruiz et al., 2015) have successfully
exhibited the usefulness of a FFA pretreatment model to study the mechanistic and
metabolic impact of steatosis in hepatocytes. While fatty acid supplementation has
been extensively used to mimic diet-derived lipid accumulation in hepatocytes,
previous studies did not report direct observation of visible lipid accumulation that
characterizes steatosis. Here, we used an imaging technique to confirm the presence
of microscopic lipid droplets in both murine (AML12) and human (HepG2) liver
cell lines. The HepG2 cell line was used to confirm that the fatty acid
supplementation and other treatments performed in the study elicited a similar
response in murine and human cells, which are in some cases not appropriately
modeled by murine cells. Targeted LC-MS experiments confirmed significant
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uptake of both palmitic and oleic acids in both cell types, although at least a fraction
these pools remained non-esterified as FFAs.
The second hit in the “two-hit” hypothesis of NAFLD occurs upon
activation of resident macrophages in the liver, which produce several cytokines
and chemokines including TNFα, IL6, IL1β, and MCP-1 in response to bacterial
endotoxins such as LPS (Stojsavljevic et al., 2014). Our choice of tumor necrosis
factor-alpha as a representative cytokine to mimic the effects of macrophage
activation on hepatocytes is justified by its extensive role in all aspects of NAFLD
pathogenesis including metabolism, cell cycle and proliferation, inflammation, and
necrosis. It is naturally expressed at higher levels in both hepatocytes and
macrophages and thus, is a potent effector along all stages of fatty liver disease.
Several clinical and experimental studies including Lang et. al (Lang, Dobrescu and
Bagby, 1992) and Uysal et. al (Uysal et al., 1997) found that obese models
consistently show higher expression of TNFα. Lipid accumulation also induces
higher gene expression and secretion of TNFα (Basaranoglu et al., 2013), which in
turn modulates genes responsible for lipid metabolism and homeostasis including
SREBP-1c and fas. While in vivo models are better suited for holistic understanding
of disease pathogensis, the simplicity of our two-hit in vitro model provides a
platform to understand the more specific interactions between bioactive microbiota
metabolic products and specific aspects of disease pathology.
While elevation of serum FFAs is an indicator of the metabolic syndrome
(Zhang et al., 2014), hepatic lipid accumulation more specifically indicates
progression of NAFLD. Targeted analysis for major FFAs confirmed that
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palmitate, stearate, and myristate were significantly elevated in livers of mice fed
the HFD. Wang et al. reported that these three fatty acids are the most abundant
saturated fatty acids in the liver (Digestive Diseases and Sciences., 2012). The most
abundant unsaturated fatty acid measured in our analysis is oleate, although its level
in the liver was not significantly altered by the HFD. Of palmitate and oleate, it is
more likely that the former acts an inflammatory signaling molecule, whereas the
latter is a quantitatively important substrate for esterification and promotes lipid
accumulation through modulation of SREBP-1c expression and activity (Ricchi et
al., 2009). We supplemented the culture medium of hepatocytes with both fatty
acids to induce lipid loading and present an inflammatory stimulus.
In both AML12 and HepG2 cells, TNFα treatment significantly increased
the levels of intracellular FFAs. Similar observations were reported in vivo by Endo
et. al. (Endo et al., 2007) who found that induction of TNFα expression through
LPS injection in mice significantly enhances the expression of SREBP-1c and Fas,
and elevated steatosis in the liver. In the present study, we show that the effects of
TNFα are nearly abolished by treating the cells with I3A. Treatment with I3A also
attenuated the effects of TNFα on bile acid metabolism.
Bile acid dysregulation occurs across a spectrum of metabolic disorders due
to the role of BAs in caloric intake, nutrient absorption, feedback signaling,
cholesterol and fatty acid metabolism. One of the hallmarks of NAFLD is altered
bile acid metabolism (Arab et al., 2017), which has been correlated with gut
microbiota dysbiosis. Clinical studies (Aranha et al., 2008; Chow, Lee and Guo,
2017) have suggested that an alteration in both serum and liver bile acid
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compositions could be a biomarker for NAFLD; in particular, CDCA was found to
be higher in NASH patients compared to healthy subjects. Along the gut-liver axis,
BAs act as signaling molecules: the BA pool is determined by both metabolic stress
from environmental factors such as diet as well as alterations in the gut microbe
populations. Previous reports found that in both human and murine livers, bile acids
increased the expression of inflammatory response genes (Allen, Jaeschke and
Copple, 2011). However, here we show that TNFα increases primary bile acid
production and secretion altering the composition of BA pools in vitro. At the gene
expression level, several studies show marked decrease in bile acid transporter
genes and Cyp7a1 expression. Cyp7a1 is the rate-limiting step in the “classical”
conversion of cholesterol to primary bile acids CA and CDCA. The reduction in
Cyp7a1 expression by inflammation (Li, Jahan and Chiang, 2006; Liu et al., 2016)
and the understanding that BAs activate the farnesoid X receptor (FXR) to
negatively regulate de novo BA synthesis are well-known. However, the role of the
“acidic” BA pathway remains unclear. Our findings that TNFα induces the
production of CA and increases the contribution of CDCA may indicate increased
activity along the “acidic” BA pathway. This hypothesis requires further evaluation
through a combination gene expression and proteomics analyses to determine the
expression and total protein levels of BA enzymes along the “acidic” synthesis
pathway. In our two-hit in vitro model, FFA and cytokine treatments independently
and together increased the ratio of CDCA to CA, which was partially reversed by
I3A treatment, again suggesting a normalization of lipid metabolism.
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The protective role of the AhR in fatty liver disease likely depends on the
degree of activation and the cellular context. For example, Rats administered the
AhR agonist TCDD exhibited decreased fatty acid synthesis in the liver (Lakshman
et al., 1988) while Gorski et. al (Gorski, Weber and Rozman, 1988) reported that
TCDD increased fatty acid synthesis in rat liver when administered at a very high
dose (ten-fold higher than Lakshman et al.). We observed a similar dose
dependence in both murine and human hepatocytes. At the highest dose examined
in our study (500 µM), we found that I3A by itself increased the levels of both
palmitic and oleic acids compared to vehicle control, an effect we did not observe
at lower doses. On the other hand, I3A had a consistently FFA lowering effect when
presented together with FFAs, TNFα, or both. One possible explanation for these
different findings is that negative regulation of lipogenesis by the AhR depends on
whether the nuclear receptor is activated in a naïve setting or under conditions of
lipid loading or heightened state of inflammation, when expression of AhR is
suppressed.
Of the two “hits” applied in the present study, I3A more strongly attenuated
the impact of TNFα exposure on the metabolic profile of hepatocytes. Hierarchical
clustering (Figure 3-16A) and PLS-DA analysis of untargeted LC-MS data indicate
that the global metabolite profiles of I3A and TNFα treated cells (Figure 3-16B)
more closely resemble the vehicle control compared to I3A and FFA treated cells
(Figure 3-16C). Interestingly, treatment with I3A alone led to a metabolite profile
that is distinct from the vehicle control, suggesting that this metabolite has broad
effects on cellular metabolism. While our results indicate that I3A is capable of
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regulating inflammation, further work is required to confirm AhR involvement and
elucidate the mechanism of action.
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3.6 Conclusions

In conclusion, we have shown that the gut microbiota-dependent metabolite I3A
can directly modulate inflammatory responses of hepatocytes, a principal site of
action in the pathogenesis of fatty liver disease. Our results in cultured human and
murine hepatocytes suggest that I3A could modulate liver responses from
inflammatory stress as a result of innate immune activation. Acting on the
hepatocytes, I3A could attenuate the cytokine-mediated upregulation in
lipogenesis. The AhR is likely but one of several host cellular receptors mediating
host-microbiota crosstalk. In this regard, the approach presented in this work could
serve as a useful template to characterize other microbiota-dependent ligands and
their effects on specific host cell types and pathways. Finally, further studies are
warranted to confirm the involvement of the AhR and elucidate the mechanism of
action. In addition, the use of animal models and human subjects is required, to
determine whether I3A or other microbiota metabolites can effectively intervene in
the pathogenesis of fatty liver disease.
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Chapter 4: Gut microbiota metabolites modulate inflammation in hepatocytes
through the AhR

4.1 Abstract
Background
In chapter 3, I3A and TA were identified as microbiota-derived metabolites, which
were altered in mice fed a high-fat diet. Our results have shown that I3A is capable
of modulating FFAs and BAs in both murine and human hepatocytes cultured with
pro-inflammatory and steatotic stimuli. I3A has been shown in other cell types to
activate the aryl hydrocarbon receptor (AhR), which through Cyp activation may
modulation response to inflammation in various disease states. The AhR mediates
a broad spectrum of toxic and biological effects resulting from exposure to diverse
compounds. AhR activation has been shown to be important in immunological
response and inflammation across a spectrum of metabolic disorders.

Objectives
The objective of the analyses presented in this chapter is to identify potential
mechanisms by which AhR modulates inflammation in our “two-hit” in vitro
hepatocyte model of inflammation and steatosis.

Methods
By combining gene expression analysis and proteomics along with multivariate
statistical analysis, we identify differential proteins in our in vitro system and
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quantify proteins of interest. We utilized STRING (Szklarczyk et al., 2017) to
construct an AhR protein network.

Results
Microbiota metabolite, I3A, modulates several important regulators of fatty acids,
bile acids, and inflammation, which may play a protective role in high-fat dietinduced nonalcoholic fatty liver disease (NAFLD).
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4.2 Introduction
Section 4.2.1 Overview
The AhR is cytosolic receptor highly expressed in the liver, skin, lungs, and GI
system. The AhR is known to accept low mass planar ligands, of which the most
commonly studied is 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD). Inactive AhR is
bound to several chaperone proteins, including heat shock proteins such as HSP90.
Activation of AhR results in dissociation of the chaperons and translocation of the
receptor-ligand complex to the nucleus, where the complex binds to the aryl
hydrocarbon receptor nuclear transporter (ARNT) to form the AHR-ARNT
heterodimer complex. This complex, through interactions with several other
proteins, activates transcription of genes regulated by xenobiotic response element
(XRE)-containing enhancers. This activation also acts as a negative feedback loop
to agonize the AhR repressor and prevent further AhR signaling. Upon transcription
of XRE genes, AhR is released back into the cytosol where it is degraded; this acts
as a second step to regulate the AhR.

AhR has a wide range of ligands including synthetic chemicals and
endogenous metabolites. Phytochemical derivatives, indoles such as indoxyl sulfate
and indole-3-acetate (I3A), and other tryptophan-derived microbiota metabolites
have been identified as agonists of the AhR (Zelante et al., 2013; Jin et al., 2014;
Sridharan et al., 2014; Zhang and Davies, 2016; Etienne-Mesmin, Chassaing and
Gewirtz, 2017). Interestingly, several flavonoids are capable of acting as both
agonists and antagonists.

Many of these compounds have been detected in

circulation (Wikoff et al., 2009), thus connecting the gut to other parts of the body
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and potentially implicating the gut microbiota as a source of metabolites that can
activate the AhR (Zhang, Qin and Safe, 2003; Zhou et al., 2003). The growing list
of gut microbiota-derived AhR activators warrants further studies to determine the
way in which these compounds agonize or antagonize the AhR to modulate various
host pathways.

Section 4.2.2 AhR and the liver
The role of AhR in NAFLD has become of interest due to the growing evidence
that the AhR is capable of modulating inflammation and fibrosis in other tissues.
The liver, through its immediate connection to the gut via the portal vein, receives
a significant concentration of microbiota metabolites. Additionally, hepatocytes
and Kupffer cells both express AhR at high levels. Several AhR agonists are present
in high concentrations in the liver including bilirubin, biliverdin, prostaglandin G
and modified low-density lipoprotein (Tian et al., 2015). Activation of the AhR
results in the activation of several cytochrome P450 enzymes responsible for
metabolizing endogenous and synthetic (xenobiotic) compounds. Because these
pathways are generally attributed to liver function, it has been hypothesized that the
AhR plays roles in the development and pathogenesis of various liver disease.
Several studies have reported liver injury, inflammation, and immune activation
with exposure to dioxins such as TCDD (Pelclova et al., 2002; Pierre et al., 2014;
Moreno-Marín et al., 2017). Moreno-Marin et. al found that in AhR-null mice,
dioxin exposure did not interfere with liver regeneration after injury. AhR
activation by TCDD in wild-type mice resulted in increased inflammatory response
and fibrosis compared to AhR-null mice. (Pierre et al., 2014).

122

He et al.

overexpressed the AhR in mice, and found that this resulted in increased levels of
several proteins related to fibrosis, including Col1α1 (collagen, type I, alpha 1), αSMA (alpha smooth muscle actin) and IL1β (He et al., 2013).
TCDD activation of AhR in MCD-diet mice increased their sensitivity to
the diet resulting in a heightened NASH phenotype (He et al., 2013). Another study
showed that mice fed an MCD-diet present indicators of severe steatohepatitis
along with increased expression of several downstream targets of the AhR
(Machado et al., 2015). Kim et al found corroborating results in obese mice; AhR
expression was increased along with steatosis and fibrosis. Adenoviral-mediated
expression of AhR in obese mice exacerbates steatosis, whereas co-expressing the
small heterodimer partner (SHP), a protein required for repression of AhR, reduces
liver steatosis and fibrosis in these mice (Kim et al., 2018).
A protective role for the AhR has also been suggested, however. Liverspecific knockout of AhR in HFD mice resulted in severe steatosis and
inflammation. In addition, lipogenesis markers were elevated in these knockout
mice (Wada et al., 2016). Lu et al. examined the role of fibroblast growth factor 21
(FGF21) transactivation by AhR in regulating insulin sensitivity, and found that
while AhR activation contributed to liver steatosis, its also protected obese mice
against insulin resistance (Lu et al., 2015). Lee et al. utilized a double knockout,
AhR-null and CD36-null mouse model to find that AhR-dependent lipid
accumulation occurs through activation of CD36, a fatty acid translocase involved
in uptake of long-chain fatty acids.
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Despite evidence that AhR activation could exacerbate steatosis, its role in
the progression of fatty liver disease is far from clear, as there is conflicting
evidence that the AhR could also play a protective role. Specifically, the role of
AhR in regulating liver inflammation remains to be elucidated. For example,
several studies have shown that AhR-deficiency results in exacerbated
inflammation in several host systems including the central nervous system (Juricek
et al., 2017), the gut ((Brandstätter et al., 2016), and the epidermis (DiMeglio et
al., 2014). Our own study described in chapter 3 suggests that the AhR may play
an antagonizing role in cytokine-mediated liver inflammation through modulation
of fatty acid and bile acid metabolic pathways. In this chapter, we utilize proteomics
and gene expression assays to confirm AhR activation by a microbiota-derived
ligand and investigate the pathways implicated in AhR regulation of hepatocyte
inflammatory response to cytokine exposure.
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4.3 Methods
Based on our previous work, we hypothesize that I3A modulates inflammation
through the AhR. In this chapter, we seek to confirm AhR activation by I3A and
understand the mechanism by which AhR activation regulates inflammation in our
“two-hit” hepatocyte model (section 2.4.1.3). By using proteomics and quantitative
PCR, we measure the proteins and genes with known connections to the AhR. We
also apply untargeted (IDA) proteomics to identify proteins that are differentially
expressed in the in vitro models under lipid loading, inflammatory, or I3A treated
conditions described in chapters 2 and 3. We construct an AhR network using
STRING (Szklarczyk et al., 2017), a database of curated protein-protein
interactions and connections from peer-reviewed data. The AhR network of interest
combines our differential protein data with proteins that have well-established
involvement in inflammation and steatosis.

4.3.1 AhR reporter assay
Our previous work has shown AhR activation by gut microbiota metabolites
(Sridharan et al., 2014) in a human breast cancer cell line (MCF-7), In this chapter,
we utilize a previously developed (Nagy et al., 2002) AhR reporter cell line
(H1G1.c3) to confirm that I3A and TA activate the AhR in murine hepatocytes.
The culture conditions for this reporter and the AhR activation assay methods are
described in Section 2.4.2.
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4.3.2 Gene expression analysis
We measured expression of AhR to observe any changes upon inflammatory
cytokine exposure, lipid loading, and/or I3A treatment. RNA was isolated from
AML12 cultures according to the protocol described in section 2.1.5. Total RNA
was quantified using a NanoDrop fluorospectrometer (Thermo Fisher Scientific,
Waltham, MA). RNA was reverse transcribed using SuperScript III First Strand
Synthesis System (Life Technologies) according to the manufacturer’s protocol.
qRT-PCR was performed using Brilliant II SYBR Green qPCR Master Mix
(Agilent Technologies) on a Stratagene Mx3000P qPCR system. Based on our
observations in Chapter 3 that intracellular levels of FFAs and BAs are altered in
our “two-hit” model and that I3A is able to attenuate several of these changes, we
measured the expression levels of relevant FA and BA genes. The primer sequences
are listed in Table 2.7.

4.3.3 AhR inhibitor study
As another test of AhR activation by I3A and subsequent modulation of FFA levels,
we utilized an AhR inhibitor, CH-223191, generously supplied by Dr. David Sherr
(Boston University). The inhibitor was applied to our “two-hit” murine hepatocyte
model according to section 2.4.1.4. Metabolite were extracted according to section
2.1.1.1 and intracellular FFAs were analyzed using LC-MS (section 2.2.4) and
quantified (section 2.2.3).
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4.3.4 IDA proteomics, quantitation, and multivariate analysis
Proteins were extracted from metabolite pellets (step 6, section 2.1.1.1) using the
protocol outlined in section 2.1.3. LC-MS proteomics analysis (IDA) was
performed on extracted, digested samples according to the protocol described in
section 2.3.1. Protein data was processed using Protein Pilot (AbSciex, v5.0) to
create a list of proteins present in the sample based on searches against the UniProt
database. LC-MS data was processed using MarkerView (AbSciex, v. 1.2) to obtain
a list of peptide ions. PLS-DA revealed differentially present ions across the various
treatment groups. The top 25 differentially present ions were matched to the
corresponding peptide and subsequently to the parent protein within the protein list
curated in Protein Pilot. Each peptide was entered into a BLAST search to ensure
that the peptide represented a unique protein. From this analysis, a list of
differentially present proteins was put together for each treatment condition relative
to their respective control condition.

4.3.5 Network construction using STRING
We used the STRING database and visualization tools to construct a network model
of protein-protein interactions centered on the AhR. We searched the list of
differentially expressed proteins against the STRING database to check for known
connections between the AhR and these proteins. We also considered effectors and
modulators known be downstream targets of the AhR. To this end, we used the
following steps:
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1. AhR was chosen as the first central node. We then searched the STRING
database for proteins that have known direct associations with the AhR and
are present in our untargeted data set. This first shell of the network was
initially restricted to only include 10 proteins.
2. This process was then repeated with a cap of 20 and 50 proteins for the first
shell. In this way, we built a list of protein targets for quantification from
our untargeted data set based on known AhR connections.
3. Steps 1 and 2 were repeated except the central node was modified to include
the following AhR-related proteins:
a. Cyp1a1
b. Cyp1b1
c. HSP90
d. Fas
e. NFκB
f. SREBP-1c
4. Based on the intersection of the networks generated using steps 1-3, we
assembled a protein network of interest centered on AhR.

4.3.4 Protein Quantitation

For each protein of interest, the following process was used to quantify and
normalize the protein expression:
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1. In ProteinPilot (v. 5.0, AbSciex), we generated a protein library from
our IDA LC-MS data.
2. For each of the proteins in our network, we identified a high-confidence
peptide (>99%). The probability of peptide sequence error must be less
than 0.05.
3. For each peptide, which can be detected at multiple charge states, we
selected peptide ions with high intensity and low m/z error.
4. If available, we repeated this process for other peptides of the same
protein with confidence >99%.
5. The quantitation method was built manually in MultiQuant (v. 1.2,
AbSciex) with a mass window of m/z (theoretical) ±0.05.
6. The AUC values were calculated and summed for all high intensity ions
for a peptide. If more than one peptide was available for a protein, AUC
values were averaged.
7. Final AUC value was normalized to β-actin for that sample.
8. Statistical significance of protein expression fold-changes was
determined according to section 2.8.

4.3.5 Network model construction
Finally, protein-protein interaction networks linking differentially expressed
proteins to the AhR and its target proteins were drawn as graphs using Cytoscape
(v. 3.4.0). Three separate networks were constructed to identify protein expression
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fold-changes due to inflammation, steatosis (fatty acid treatment), and I3A
treatment:
1. TNFα
2. FFA
3. TNFα + I3A
4. FFA + I3A

Protein connections (edges in the were based on STRING outputs using the logic
outlined in section 4.3.5. Proteins with any significant changes were removed from
the network unless it acted as a central node between two or more proteins of
interest.
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4.4 Results
4.4.1 I3A modulates FFAs via activation of the Ahr

Figure 4-1: I3A modulates intracellular FFA levels in an AhR-dependent
manner. AhR activation by different doses of I3A, TA, and IS was tested using
an EGFP reporter cell line (D). FICZ and DMSO were used as positive and
negative controls (NC), respectively. * :p<0.05 compared to NC. All tests of
significance were performed using two-tailed Student’s t-test. Expression of Ahr
(E) was measured using qRT-PCR. QRT-PCR and proteomics data shown are
averages of 4 independent experiments with 6 biological replicates. Error bars
represent one standard deviation. *: p<0.05 compared to NC; : p<0.05
compared to FA group, ‡: p<0.05 compared to TNF group, #: p<0.05 compared
to FA+TNF group. Palmitate (F) and oleate (G) from cultures treated with Ahr
antagonist CH-223191were measured using targeted LC-MS experiments.
*p<0.05 compared to cultures without CH-223191.

To confirm the involvement of AhR, we tested the effects of I3A on AhR
gene expression and activation. Fatty acid supplementation and TNFα exposure,
either individually or in combination, significantly reduced AhR gene expression
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compared to vehicle control. Treatment with I3A attenuated the TNFα-induced
reduction in AhR expression, regardless of fatty acid supplementation (Figure 41B). Treatment with I3A by itself had no significant impact on AhR gene
expression, suggesting that the effects of I3A on AhR target genes are mediated
through ligand activation of the nuclear receptor. This was confirmed in the H4IIE
murine liver cell line expressing a stable enhanced green fluorescent protein
(EGFP) reporter regulated by a minimal promoter containing xenobiotic response
elements. Even at the lowest dose (10 µM) tested in this study, I3A increased EGFP
expression by over five-fold compared to vehicle control (DMSO) (Figure 4-1A).
To further support the role of AhR, AML12 cell cultures were treated with CH223191, a potent antagonist of AhR, prior to I3A exposure. FFA analysis of these
cultures revealed that in the presence of the inhibitor, the increases in palmitate
(Figure 4-1C) and oleate (Figure 4-1D) due to TNFα and FFA pretreatment are no
longer attenuated upon addition of I3A. Specifically, the decrease in oleate levels
observed with I3A is reversed in cultures treated with CH-223191. Palmitate levels,
while still significantly different, are reduced by 30% even in the presence of the
antagonist.
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4.4.2 I3A modulates the expression of BA synthesis enzymes

Figure 4-2: I3A attenuates effects of TNFα on expression of BA enzymes.
Hepatocytes were preconditioned with FFA and treated with I3A and TNFα.
Expression of BA enzymes Cyp7a1 (A) and Cyp27a1 (B) were measured using
qRT-PCR. All tests of significance were performed using two-tailed Student’s ttest. QRT-PCR data shown are averages of 2 independent experiments with 3
biological replicates. Error bars represent one standard deviation. *: p<0.05
compared to NC; : p<0.05 compared to FA group, ‡: p<0.05 compared to TNF
group, #: p<0.05 compared to FA+TNF group.

In our metabolite analysis, we observed changes in intracellular primary BAs when
hepatocytes were exposed to an inflammatory stimulus and/or lipid loading
conditions. Using PCR, we quantified expression of two BA enzymes, Cyp7a1
(Figure 4-2A) and Cyp27a1 (4-2B). Cyp7a1 is the rate-limiting step in the
conversion of cholesterol to primary BA cholic acid (CA) through the classical
synthesis pathway. When TNFα was present, we observed a four-fold reduction in
Cyp7a1 expression. I3A significantly attenuated these effects by restoring Cyp7a1
expression back to levels observed in vehicle control cultures. With both FFA and
TNFα, the reduction in Cyp7a1 expression was again four-fold; in these cultures,
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however, I3A administration increased Cyp7a1 expression 6-fold, resulting in
mRNA levels higher than control cultures. Cyp27a1 is involved in both classical
and acidic BA synthesis pathways as well as formation of cholestanoic acids. TNFα
and FFA, both independently and together, significantly reduced Cyp27a1
expression. I3A attenuated expression of Cyp27a1 against all three treatment
combinations (FFA, TNFα, and FFA+TNFα).

4.4.3 I3A modulates the expression of Fas and SREBP-1c via activation of the
Ahr

Figure 4-3: I3A attenuates the effects of TNF⍺ on AhR and its target genes
in cultured AML12 cells preconditioned with FAs. Expression of Fas and
SREBP-1c (B) was measured using qRT-PCR. Relative abundances of Fas (C),
Fabp1 (D), Ptges2 (E), and Ptges (F) proteins were quantified using shotgun
proteomics. All proteomics data was normalized to β-actin. All tests of
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significance were performed using two-tailed Student’s t-test. QRT-PCR and
proteomics data shown are averages of 2 independent experiments with 3
biological replicates. Error bars represent one standard deviation. *: p<0.05
compared to NC; : p<0.05 compared to FA group, ‡: p<0.05 compared to TNF
group, #: p<0.05 compared to FA+TNF group.

To investigate the impact of I3A on lipid and fatty acid metabolism, we measured
the gene expression of a key lipogenesis enzyme, Fas, and a transcription factor
regulating cholesterol and bile acid synthesis, namely SREBP-1c. Both are
regulated by the AhR. By itself, I3A treatment significantly reduced the expression
of Fas in AML12 cells. This effect was also observed when I3A treatment was
combined with fatty acid preconditioning and/or TNFα exposure (Figure 4-3A). To
confirm the impact of I3A on Fas at the protein level, we used IDA proteomics to
detect and quantify Fas (Figure 4-3C). Quantitation revealed that at the protein
level, the effects of the treatments are very similar to the previous gene expression
results. Treatment with TNFα independently or in conjunction with FFA increased
Fas protein levels, while treatment with FFA alone did not significantly alter Fas.
I3A treatment significantly attenuated the effect of TNFα on Fas. While both fatty
acid preconditioning and TNFα exposure increased SREBP-1c expression, the
cytokine exerted a weaker effect (Figure 4-3B). Interestingly, combining both
treatments did not have a significant effect compared to vehicle control. Treatment
with I3A again attenuated the effect of TNFα exposure or fatty acid
supplementation.
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Prostaglandin E synthase 2 (Ptges2) is known to be regulated by AhR
through IL-22 (Duffin et al., 2016). Ptges2 and prostaglandin E synthase 3
(PTGES3) are also known to be involved in fatty acid metabolism (Michaud et al.,
2014). Thus, we quantified both proteins using our IDA proteomics data. Both
Ptges2 (Figure 4-3E) and Ptges3 (Figure 4-3F) exhibited significant increases in the
presence of TNFα and/or FFA treatments. I3A reduced protein levels of both
prostanglandin synthase enzymes in cultures exposed to TNFα. I3A did not have
an effect on Ptges2 and 3 in cultures pre-conditioned with oleate and palmitate.
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4.4.4 Multivariate analysis revealed broad changes in AhR-related proteins

Figure 4-4: Multivariate analysis of shotgun proteomics data. Intracellular
proteins from AML12 cultures were purified, digested, analyzed using IDA
proteomics. Features from untargeted data were compiled, pareto-scaled and
similarity of the metabolite profiles was assessed based on group centroid
distances using PLS-DA . Comparisons of untargeted data were made between
TNFα and I3A treated cultures (A), FFA and I3A treated cultures (B), and
FFA+TNFα and I3A treated cultures (C). All plots display latent variable 2
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(LV2) against latent variable 1 (LV1). (B-C). Ellipses show 95% confidence
intervals for each group. Numbers in parentheses show % of variance in the data
explained by the latent variable (LV).

To further characterize the relative importance of inflammation and lipid
loading in our “two-hit” model and identify proteins specifically modulated by
inflammation, steatosis, and I3A activation of AhR, we applied a multivariate
discriminant analysis to the untargeted proteomics data. PLS-DA of proteomics
revealed trends similar to untargeted metabolite data. Similarity analysis of features
from TNFα, I3A, and I3A+TNFα cultures revealed that I3A, I3A+TNFα, and
vehicle replicates separated along LV1 from TNFα-treated cultures, with more than
70% of the variance described by the first to latent variables (Figure 4-4A).
Cultures treated with I3A formed a distinct cluster separating from vehicle,
FFA, and FFA+I3A cultures (Figure 4-4B). Cultures subjected to combined
treatment with both TNFα and FFA formed a distinct cluster compared to vehicle,
separating along LV1. I3A and FFA+I3A+TNFα cultures grouped together
separating from control and FFA+TNFα cultures along LV2 (Figure 4-4C).
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4.4.5 AhR network construction

Figure 4-5: Protein ontologies and significant changes in hepatocyte cultures
treated with combinations of FFAs, TNFα, and I3A. Based on the PLS-DA
results from section 4.3.4 (Figure 4-4), top 25 differentially present peptide ions
were selected and matched to proteins within the library. Shifts in protein
abundances with various treatment combinations were tabulated; red:
downregulated protein, green: upregulated protein; All tests of significance were
performed using two-tailed Student’s t-test. *: p<0.05 compared to NC; :
p<0.05 compared to FA group, ‡: p<0.05 compared to TNF group, #: p<0.05
compared to FA+TNF group. Protein were also classified according to
functions/ontologies.

As a first step in constructing an AhR network for the two-hit model
investigated in this study, we utilized the STRING database and associated tools
(Szklarczyk et al., 2017). Beginning with AhR as a central node, we applied the
workflow outlined in section 4.3.5. To broadly assess how various treatment
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combinations affected expression of proteins by functional category, we compiled
a list of proteins that have high confidence associations with AhR and are
differentially expressed in treatment versus control conditions. To achieve a
reasonable scope for this analysis, we focused on proteins represented by peptide
ions that were found to be the most discriminatory in the PLS-DA analysis. The top
25 discriminatory peptide ions were matched to peptides in our ProteinPilot library.
This protein list was resubmitted as a query list in STRING to create a network
based on AhR connectivity. All proteins were then quantified to determine changes
in expression across the different treatment groups. Qualitative changes across
treatment groups are shown in Figure 4-5 along with protein ontologies
categorizing the proteins based on their cellular processes.
A majority of the proteins of interest were associated with metabolic
processes. Stress response proteins were also found to be highly abundant among
the list of differentially expressed proteins. Almost all of the metabolic and stress
response proteins were altered with TNFα and FFA treatments independently or in
combination. Almost all of the proteins of interest were upregulated under
inflammatory or metabolic stress conditions, with the exception of albumin (Alb),
cytochrome

p450-1b1

(Cyp1b1),

calmodulin-1

(CALM1)

and

phosphatidylethanolamine binding protein 1 (Pebp1). These four proteins were
downregulated with both cytokine and FFAs treatments. Treatment with I3A more
strongly impacted the TNFα-induced changes in protein expression compared to
changes induced by FFA treatment or combined FFA and TNFα treatment.
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Figure 4-6: AhR protein networks of FFA and I3A treated AML12 cultures.
Protein-protein interactions were collected using STRING for differentially
present proteins in IDA data and immediate AhR effectors. Networks were
constructed in Cytoscape (v. 3.4.0). Proteins were highlighted based on
significant changes in each treatment group. All tests of significance were
performed using two-tailed Student’s t-test. Colors correspond to direction of
change: green: upregulated, red: downregulated, white: no significant change,
blue: AhR activated by I3A.
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Using Cytoscape and STRING-exported protein-protein interaction lists, we
constructed AhR networks to visualize the protein expression fold-changes under
inflammatory and steatotic (lipid loading) stresses with and without I3A treatment
(Figures 4-6, 4-7, and 4-8). FFA treatment impacted three proteins with immediate
connectivity to AhR, namely heatshock protein-90ab1 (Hsp90ab1), fatty acid
binding protein 1 (Fabp1), and glyceraldehyde 3-phosphate dehydrogenase
(Gapdh), all of which were upregulated. However, I3A had no impact on any of the
altered proteins in cultures pretreated with FFAs. When added to FFA-treated
cultures, I3A only upregulated aldehyde dehydrogenase (Aldh3a1), which was
unchanged by FFA treatment.
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Figure 4-7: AhR protein networks of TNFα and I3A treated AML12
cultures. Protein-protein interactions were collected using STRING for
differentially present proteins in IDA data and immediate AhR effectors.
Networks were constructed in Cytoscape (v. 3.4.0). Proteins were highlighted
based on significant changes in each treatment group. All tests of significance
were performed using two-tailed Student’s t-test. Colors correspond to direction
of change: green: upregulated, red: downregulated, white: no significant change,
blue: AhR activated by I3A.
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Cytoscape networks were created for TNFα-treated cultures, which were then
exposed to 500 uM I3A. All immediate effectors of AhR were altered with
inflammation including Cyp1b1 (downregulated), Gapdh (upregulated), Alb
(downregulated), and Hsp90ab1 (upregulated). A large fraction of proteins in the
network were upregulated revealing broad changes due to inflammatory stress.
Unlike the FFA+I3A networks (Figure 4-6), I3A treatment reversed several protein
changes when added to TNFα cultures. Gapdh, Aldh1a1, Ptges2, Ptges3, and Fas
were all reduced when I3A was present compared to TNFα positive control
cultures. Alb and Cyp1b1 levels increased in cultures with I3A. All other proteins
were unchanged upon addition of I3A to TNFα-treated hepatocytes.
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Figure 4-8: AhR protein networks of FFA+TNFα and I3A treated AML12
cultures. Protein-protein interactions were collected using STRING for
differentially present proteins in IDA data and immediate AhR effectors.
Networks were constructed in Cytoscape (v. 3.4.0). Proteins were highlighted
based on significant changes in each treatment group. All tests of significance
were performed using two-tailed Student’s t-test. Colors correspond to direction
of change: green: upregulated, red: downregulated, white: no significant change,
blue: AhR activated by I3A.
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Networks were constructed for cultures treated with both FFA and TNFα and
subsequent I3A treatment (Figure 4-8). TNFα and FFA together altered many of
the same proteins that TNFα or FFA treatment altered independently. For example,
Gapdh and Hsp90ab1 were both upregulated, whereas Alb was reduced. Cyp2c38,
Cyp2c39, which are immediately downstream of Cyp1b1, were increased only
when the cultures were treated with both TNFα and FFA. Stress response proteins
Hspa1a and Stip1 (also co-chaperones of AhR along with Hsp90) were upregulated
along with several metabolic proteins, including Pkm, Ptges2, Ptges3, and Aldh1a1.
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4.4.6 I3A alters levels of Aldh proteins downstream of AhR

Figure 4-9: I3A modulates Aldh proteins downstream of the AhR. Relative
abundances of Aldh1a1 (A), Aldh1a7 (B), Aldh3a1 (C), and Aldh2 (D) proteins
were quantified using shotgun proteomics. All proteomics data was normalized
to β-actin. All tests of significance were performed using two-tailed Student’s ttest. QRT-PCR and proteomics data shown are averages of 4 independent
experiments with 6 biological replicates. Error bars represent one standard
deviation. *: p<0.05 compared to NC; : p<0.05 compared to FA group, ‡:
p<0.05 compared to TNF group, #: p<0.05 compared to FA+TNF group.

The STRING-derived protein-protein interaction networks consistently included
several Aldh proteins, which we quantified using our proteomics data. Aldh1a1 was
significantly elevated 8-fold in hepatocytes exposed to TNFα (Figure 4-9A). No
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changes were observed when the cultures were pretreated with FFA without
subsequent TNFα treatment. I3A attenuated Aldh1a1 levels two-fold in both “onehit” (inflammation) and “two-hit” (inflammation and steatosis) models. Aldh1a7
(Figure 4-9B), Aldh2 (Figure 4-9C), and Aldh3a1(Figure 4-9D) were unaffected by
neither TNFα nor FFA. However, I3A increased Aldh1a7 and Aldh3a1 expression
approximately three-fold when the cells were exposed to TNFα. Aldh1a7 was
unaltered upon FFA treatment, whereas Aldh3a1 expression only increased when
FFA pretreatment was combined with TNFα treatment. Aldh2 expression showed
no significant changes across any of the treatment conditions.
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4.4.7 I3A attenuates TNFα-induced changes in AhR immediate effectors

Figure 4-10: I3A attenuates the effects of TNFα on stress response proteins.
Relative abundances of Alb (A), Cyp1b1 (B), and Gapdh (C) proteins were
quantified using shotgun proteomics. All proteomics data was normalized to βactin. All tests of significance were performed using two-tailed Student’s t-test.
QRT-PCR and proteomics data shown are averages of 4 independent experiments
with 6 biological replicates. Error bars represent one standard deviation. *:
p<0.05 compared to NC; : p<0.05 compared to FA group, ‡: p<0.05 compared
to TNF group, #: p<0.05 compared to FA+TNF group.

Using the quantitation method detailed in section 4.3.3., we focused on quantifying
proteins that were altered in cultures treated with I3A. According to the interaction
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data in STRING, Alb (Figure 4-10A), Cyp1b1 (Figure 4-10B), and Gapdh (Figure
4-10C) interact directly with AhR as downstream targets of the nuclear receptor.
Alb and Cyp1b1 are stress response proteins. Gapdh, is generally considered a
housekeeping protein; however, our result show that its expression was
significantly affected by TNFα and FFA treatment. Quantitation of Alb revealed
nearly five-fold decreases with TNFα and TNFα+FFA treatment. I3A treatment
restored Alb levels in both TNFα and TNFα+FFA cultures. Preconditioning with
FFAs alone did not appear to significantly affect Alb at the protein level.
Expression of Cyp1b1, the canonical CYP activated by AhR (along with Cyp1a1),
was also significantly reduced when TNFα was added to hepatocyte cultures. I3A
increased Cyp1b1expression 7-fold to above control levels. Gapdh was found to be
differentially present across all treatment groups with protein levels increasing twofold with both inflammatory and steatotic stimuli. I3A treatment significantly
impacted Gapdh expression only in the case of TNFα treatment, decreasig the
protein expression back to control levels.
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4.5 Discussion
The work in this chapter investigated the potential mechanism by which AhR may
regulate inflammatory response in steatohepatitis. Previously, through our
metabolomics data in Chapter 3, we demonstrated that AhR activation by I3A is
capable of modulating FFA and BA levels to attenuate effects of the proinflammatory cytokine TNFα. Utilizing a combination of proteomics and gene
expression assays, we identified several AhR targets that were modulated by I3A
treatment.
To confirm AhR activation by I3A, we cultured an AhR murine hepatocyte
reporter cell line (H1G1.c3) developed by Nagy et. al (Nagy et al., 2002). H1G1.c3
showed significant increases in fluorescence upon exposure to I3A, TA, and
indoxyl sulfate (IS) confirm that these metabolites activate the AhR in murine
hepatocytes (Figure 4-1A). The activation of AhR by IS and TA may provide
valuable starting points for future studies to evaluate the way in which various AhR
ligands may have differential effects on inflammation.
While I3A may be capable of activating the AhR, it was important to confirm the
involvement of AhR in our system of interest. Similar to results found by
Umannova et. al (Umannová et al., 2007), our PCR data confirmed that in the
presence of I3A, there was a slight, but significant, increase in AhR gene expression
compared to TNFα and TNFα+FFA controls, indicative of AhR involvement in
modulating inflammatory response (Figure 4-1B).
Although a more potent activator of AhR with a significantly higher binding
affinity, TCDD has also been shown to greatly increase AhR mRNA levels in
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various tissues of both mice and humans (Abbott, Held, et al., 1999; Abbott,
Schmid, et al., 1999; Pitt et al., 2001). I3A, however, independently had no impact
of AhR when the inflammatory stimulus (TNFα) was not present, which suggests
that AhR expression is only modulated by its ligands under certain stress
conditions.
With or without FFA treatment, TNFα exposure reduced AhR expression.
While the effects of proinflammatory cytokines on AhR have not been extensively
studied, there have been several reports that AhR is involved in attenuating
inflammation by modulating the secretion of pro-inflammatory markers (Qiu et al.,
2013; DiMeglio et al., 2014; Brandstätter et al., 2016; Juricek et al., 2017). I3A by
itself had no impact on AhR expression. However, Drozdzik A et al. found that proinflammatory cytokines TNFα and IL-1 induced AhR expression (Drozdzik,
Dziedziejko and Kurzawski, 2014). In contrast, Gharavi et al. found that cytokine
treatment reduced the ability of AhR to activate its canonical target gene, Cyp1a1,
in murine hepatoma cells (Gharavi and El-Kadi, 2005). One of the few studies
involving both TNFα and an AhR ligand found that when combined with TCDD,
TNFα reduced the expression of AhR target genes in lymphocytes (Ghatrehsamani
et al., 2015). Given the differences found across various tissues and cell types,
further studies on the effects of TNFα on AhR expression is warranted. However,
there is clear evidence that AhR plays a regulatory role in inflammatory pathways.

To confirm AhR’s involvement in modulating inflammatory response in our
“one-hit” and “two-hit” in vitro models, an AhR inhibitor, CH-223191, was added
to the cultures prior to I3A and TNFα treatments. The increases observed in
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palmitate and oleate upon antagonism of AhR provided further evidence to support
our hypothesis that AhR modulates FFAs in response to inflammation (Figures 41C and 4-1D). While we observed complete restoration of oleate production,
palmitate production increased only by 70% suggesting that either CH-223191 does
not provide complete inhibition or the palmitate increase depends on other
pathways.
AhR plays a crucial role in modulating cytochrome P450 pathways.
Classically, AhR activates Cyp1a1 and Cyp1b1 cascades to metabolize xenobiotics
(Tian et al., 2015). Limited work has been done to elucidate the connections
between AhR and CYPs responsible for bile acid homeostasis. Csanaky et al.
observed reduced BA production upon TCDD activation of AhR corroborating our
metabolite results in Chapter 3 (Csanaky, Lickteig and Klaassen, 2018). Tanos et
al. studied cholesterol biosynthesis in transgenic mice to show that AhR activation
represses genes controlling cholesterol metabolism (Tanos, Patel, et al., 2012). As
an attempt to connect AhR with BAs at the gene expression level, we measured
mRNA levels of both Cyp7a1 and Cyp27a1. Along the classical BA synthesis
pathway, Cyp7a1 is the rate-limiting step. Cyp27a1 is involved in both canonical
and non-canonical (acidic) primary BA synthesis. The mRNA levels of these two
genes do not correlate with the increases we observed in primary BA synthesis with
TNFα treatment. While Cyp7a1 and Cyp27a1 are key enzymes, BA metabolism is
affected by several other enzymes. It is likely necessary to consider the changes in
the expression and/or activities of these other enzymes to better understand the role
of the AhR. For example, expression of Cyp7B1 could provide further evidence of
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involvement of the acidic synthesis pathway under inflammatory stress
contributing to the increases observed in CA and CDCA.
Recently, AhR has been suggested to act as a modulator of lipid and fatty
acid homeostasis (Lee, Wada, Febbraio, He, Matsubara, Lee, Frank J. Gonzalez, et
al., 2010); however, there is no consensus regarding its role. Upon confirming AhR
involvement, we measured key regulators of fatty acid and lipid metabolism for
mRNA that have been associated with the AhR, specifically, SREBP-1c and Fas.
Quantitative PCR of AhR, SREBP-1c, and Fas indicated that I3A could modulate
the pathways involved in lipid and fatty acid metabolism through the AhR. Gene
expression of AhR was attenuated five-fold upon treatment with TNFα. Wada et
al. found that AhR plays a protective role in diet-induced steatosis (Wada et al.,
2016). In an apparent contradiction, Kawano et al. reported that AhR activation
induces hepatic steatosis by upregulating the genes that modulate FA transport.
These conflicting results may reflect the different model systems examined in these
two studies. For example, high fat feeding may result in a different AhR response
as compared to independent activation of AhR under a normal diet. Our findings
indicate that FFA treatment and exposure to an inflammatory stimulus in vitro
suppress the basal expression of AhR, while enhancing expression of genes
controlling lipid synthesis. Endo et. al found that TNFα significantly enhances the
expression of SREBP-1c in mice resulting in elevated steatosis in the liver (Endo
et al., 2007). Similarly, our in vitro cytokine treatment of hepatocytes showed that
both FFA treatment (mimicking high fat feeding) and cytokine exposure elevated
the expression of SREBP-1c. I3A activation of AhR attenuated the expression of
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SREBP-1c, which correlated with the reduction in intracellular FFAs upon I3A
treatment. As discussed above, several studies have tested the in vivo and in vitro
impacts of TCDD, which is a synthetic ligand. Our results point to a role for
endogenous, microbiota-derived AhR ligands in modulating inflammation and lipid
homeostasis.
To further validate the role of I3A in attenuating steatosis and inflammation
through AhR activation, we also quantified the expression of Fas. Endo et. al
studied Fas in mice and measured increased expression upon TNFα exposure (Endo
et al., 2007). This correlated with the data showing increased de novo fatty acid
synthesis upon exposure to proinflammatory cytokines. Whereas our study found
that TNFα treatment significantly increases Fas expression, Dorn et. al reported no
changes in the expresson of this gene in primary hepatocyte cultures (Dorn et al.,
2010). In addition to differences between cell line and primary cells, the dose of
TNFα utilized in these two studies may play a role in the different results obtained
from the studies. Dorn et al. used a dose of 10 ng/mL, whereas our studies used a
significantly higher dose of 25 ng/mL.
The study by Dorn et al. also applied a FFA pretreatment step using a similar
concentration of palmitate as in our study. These authors found that incubation with
palmitate significantly increased both Fas and SREBP-1c (Dorn et al., 2010),
corroborating the gene expression data from our in vitro experiments. Our
experiments also applied a combined treatment involving both FFAs and TNFα.
While this combination significantly increased the expression of both SREBP-1c
and Fas compared to the negative control, the increase was not significant compared
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to either TNFα or FFA treatment. I3A treatment attenuated SREBP-1c expression
compared to separate as well as combined FFA and TNFα treatments. However, in
the case of Fas, I3A was only able to attenuate the effects of each treatment when
applied without the other. Similar observations were reported by Endo et. al. (Endo
et al., 2007) who found that induction of TNFα expression through LPS injection
in mice significantly enhances the expression of both SREBP-1c and Fas, and
elevates steatosis in the liver. Again, it is important to consider the context in which
fatty acid and cholesterol metabolism is studied. For example, in vivo, liver-specific
knockout (KO) of AhR exacerbated the effects of HFD feeding on liver steatosis,
inflammation, and lipotoxicity (Wada et al., 2016). The same study also found
increased de novo lipogenesis in AhR KO mice. Conversely, TNFα appears to
interfere with transcriptional regulation by the AhR (Gharavi and El-Kadi, 2005).
These findings suggest that the role of AhR in attenuating inflammation is more
substantial than its role in modulating steatosis.
To better understanding the global effects of our treatment combinations,
we applied multivariate analysis methods to our shotgun proteomics data.
Supervised clustering analysis revealed that as in the case of our untargeted
metabolite data, I3A addition to TNFα-treated cultures resulted in protein
expression profiles that are similar to the expression profiles for control cultures.
Cultures with I3A and FFA pre-conditioning clustered distinctly and separated
from the other groups along at least one latent variable axis. This analysis provided
further evidence to support our hypothesis that I3A activation of AhR is likely
involved in attenuating inflammation, rather than lipid accumulation. Differentially
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present peptide ions were matched to corresponding proteins within our IDA
library. These proteins were then categorized based on function. A large portion of
our detected proteins were metabolic enzymes. Differentially expressed proteins
also include several stress response proteins and transport regulators. While most
proteins were differentially present in both TNFα and FFA treated cultures, I3A
had a greater impact on modulating changes induced by the cytokine (Figure 4-5).
Based on our PLS-DA results and known AhR protein-protein interactions,
we constructed an AhR network using STRING (Szklarczyk et al., 2017). To obtain
a comprehensive picture, we considered several different interaction types reported
in literature, including co-expression and co-occurrence. To control for potential
false positives, we use a relatively high minimal confidence score of 0.7. While we
included protein-protein interactions that were observed in other species, we
limited these to human and rat. The resulting network graphs (Figures 4-6, 4-7, and
4-8) show that I3A alters expression of proteins immediately downstream of the
AhR, including Cyp1b1, Alb, Hsp90ab1, and Gapdh. We also observed that TNFα
and FFAs (independently and together) broadly affect the expression of a wide
range of proteins within the AhR network. I3A also played a significant role in
altering several AhR target proteins, many of which have previously been observed
to be changed upon TCDD exposure in various animal models (Boutros et al., 2008;
Yao et al., 2012; Lee et al., 2015; Prokopec et al., 2017) Based on our PLS-DA
analysis and protein networks, we selected proteins affected by I3A administration
for quantitation.
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Aldh proteins were selected for quantitation due to their close connections
to AhR based on our STRING networks. Aldh proteins are involved in a wide range
of biological functions and pathways. They have also been associated with both
xenobiotic and endobiotic metabolic pathways and have been shown to play crucial
parts in cellular response to stress (Singh et al., 2013). In our experiments, Aldh1a1
expression was significantly increased by TNFα exposure. Previous studies have
reported on changes in Aldh1a1 mRNA expression in the context of inflammation
and AhR activation, although a clear consensus is lacking. A study by Ito et. al in
rat macrophages observed reduced expression of Aldh1a1 with inflammation (Ito
et al., 2014). In the context of cancer inflammation, Aldh1a1 expression has been
shown to increase in several cell types under inflammatory stress (Li et al., 2010;
X. Li et al., 2014; Wang et al., 2016). When I3A was added to TNFα or
TNFα+FFA cultures, we observed a decrease in protein levels of Aldh1a1. In
melanoma cells, an inverse relationship was observed between AhR and Aldh1a1
expression; AhR knockdown resulted in increased Aldh1a1 expression.
Surprisingly, the same study found that AhR overexpression increased Aldh1a1
expression (Contador-Troca et al., 2015). In breast cancer stem cells (Stanford et
al., 2016) and dendritic cells (Quintana et al., 2010), AhR expression was directly
associated with Aldh1a1 expression. In HepG2 cells, TCDD treatment increased
Aldh1a1 expression (Jennen et al., 2011). However, in vivo treatment of mice with
TCDD reduced Aldh1a1 expression in the liver (Aleksunes and Klaassen, 2012).
These apparently conflicting results could reflect the context-dependent roles of
AhR. Protein quantitation of Aldh1a7 and Aldh3a1 showed that these two AhR
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targets were not altered by inflammatory stress, but responded to I3A activation of
the AhR with increased protein levels. Aldh1a7 and Aldh3a1 have been previously
shown to be altered with AhR activation by TCDD. Aldh1a7 expression in the
livers of TCDD-exposed mice was found to be elevated compared to negative
controls (Aleksunes and Klaassen, 2012). Similarly, Aldh3a1 is up-regulated in
murine livers treated with high doses of TCDD (Lee et al., 2015; Prokopec et al.,
2017). Our results are consistent with these previously published findings, and
point towards Aldh regulation by AhR in response to inflammation.
Most stress response protein in our network were differentially present in
cultures treated with combinations of TNFα and FFAs. I3A, as previously
discussed, was more effective in attenuating changes due to TNFα. Thus, we
focused on quantitation of proteins modulated by inflammation and I3A. Cyp1b1,
a direct target of AhR along with Cyp1a1, was down-regulated with TNFα
exposure. The mechanism remain elusive, but Cyp1b1 is hypothesized to have
significant involvement in fatty acid metabolism (Bushkofsky et al., 2016;
Hankinson, 2016). In our studies, we sought to determine if Cyp1b1 regulation of
fatty acid homeostasis may occur in response to inflammation. In a rat liver
precursor cell line (WB-F344), exposure to TNFα up-regulated gene expression
and protein levels of Cyp1b1 (Umannová et al., 2007). Similar findings have been
reported by other studies involving other cell types and pro-inflammatory
cytokines. For example, Patel et. al observed significant induction of Cyp1b1
expression in HCT116 colorectal cancer cells (Patel et al., 2014). Gharavi et. al,

159

however, observed reduced Cyp1b1 levels in hepatoma cells corroborating our
findings in AML12 cells (Gharavi and El-Kadi, 2005).
In our experiments, I3A significantly affected Cyp1b1 expression at the
protein level. These results are consistent with published reports that AhR induction
increases Cyp1b1 expression (both at the mRNA and protein levels) (Bofinger et
al., 2001; Pitt et al., 2001; Jacob et al., 2011). This correlation has been confirmed
in several tissues, including the liver (Flaveny et al., 2009). While our results point
to the involvement of Cyp1b1 both in inflammatory response and I3A activation of
the AhR, further studies are warranted to elucidate the mechanistic role of Cyp1b1.
Interestingly, Gapdh was also significantly altered in I3A and TNFα treated
cultures relative to respective controls. Generally considered a robust housekeeping
enzyme, recent evidence has shown that Gapdh may not always be an ideal choice
for protein and mRNA normalization when examining inflammatory systems due
to its potential involvement in cellular stress response (Barber et al., 2005;
Montero-Melendez and Perretti, 2014; Cummings et al., 2014). At the protein level,
Gapdh increased nearly two-fold with both TNFα and FFA treatments. I3A, again,
was only able to attenuate Gapdh in TNFα cultures. While Gapdh has been shown
to be altered in inflammatory diseases, there is currently little evidence of changes
in the enzyme’s expression in the liver due the presence of pro-inflammatory
cytokines. Thus, further studies are warranted. Gapdh has been linked to AhR in
several different studies of various model systems; additionally, AhR activation has
been shown to upregulate Gapdh expression (Reyes-Hernández et al., 2009). The
change in Gapdh expression observed in this study is a potentially novel finding,
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but requires further validation and additional mechanistic studies in order to
understand its role in hepatocyte inflammation.
Albumin is another key protein with significant changes across treatment
groups. This protein plays a significant role in overall liver function and is
commonly used as a marker. Reduced Alb has long been considered a marker for
liver diseases (Spinella, Sawhney and Jalan, 2016). Alb reduction in response to
inflammation has been well-established in both liver (Moshage et al., 1987) and
kidneys (Hanratty et al., 2010) of several mammalian species including rats, mice,
and humans. Consistent with literature reports, we found a drastic decrease in Alb
expression with pro-inflammatory cytokine exposure. The relationship between
Alb and AhR is currently unknown, with only one study reporting an increase in
Alb with AhR induction (Ma and Whitlock, 1996). In our proteomics data, we
observed greater than five-fold increases in Alb protein levels in I3A-treated
cultures compared to their respective positive controls. The role of Alb in
inflammation upon I3A induction of AhR may be attributed to the role of Alb as a
lipid and fatty acid transporter (Spector, 1975; van der Vusse, 2009). Alb can
effectively bind to fatty acids with 4 to 18 carbons, but can bind only with low
affinity to fatty acids longer than 18 carbons (Spector, 1975). Taken together with
our results, these previous studies point to a potential inhibition of Alb-mediated
fatty acid export under inflammatory stress. Increasing Alb expression through
AhR activation may restore an important route for export of accumulating FFAs.
Further studies involving quantitative analysis of FFA transport may provide
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additional insights into the role of Alb in AhR-dependent attenuation of
inflammation.
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4.6 Conclusions
While the mechanism whereby I3A counters the effects of TNFα on lipid
metabolism remains to be fully elucidated, our results, together with previously
reported findings, confirm activation of the AhR. We, and others (Jin et al., 2014;
Sridharan et al., 2014; Hubbard et al., 2015), have shown that I3A is an agonist for
the AhR in several cell types, including hepatocytes (Figure 4-1A). The present
study shows that I3A also modulates several key factors regulating fatty acid,
cholesterol, and bile acid metabolism including, SREBP-1c, Fas, Cyp7a1, and
Cyp27a1, in a manner consistent with ligand activation of AhR. However, the
mechanism requires further elucidation, and conflicting findings have been
reported in other cell types (e.g., MCF7 cells) (Drozdzik et al., 2014)). Our
mechanistic findings indicate that while AhR may not play a protective role in FFA
and lipid-induced steatosis, it may play such a role in the inflammatory component
of NASH.
At the protein level, we identified several key markers altered under
inflammatory stress; several of these changes were attenuated with I3A activation
of the AhR, which provides further evidence linking AhR to key regulators of stress
response and fatty acid metabolism. Additionally, we found that I3A did not
attenuate protein changes that occurred from FFA exposure providing support to
our hypothesis that AhR may not be protective against steatosis. This notion has
been supported by several studies showing that AhR induction exacerbates steatosis
and fibrosis in models of NASH (He et al., 2013; Kim et al., 2018). While many
experiments have been performed to extensively study the impact of AhR ligands
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on Cyp1a1 activation, our gene expression and proteomics studies present novel
findings by exhibiting the ability of I3A to modulate key players involved in
modulating inflammation and fatty acid metabolism. Though we present several
novel findings in this study, further evaluation is required to elucidate the role of
AhR in fatty liver-related inflammation. Experiments involving the treatment of
I3A in in vivo fatty liver models may also provide additional information.
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Chapter 5: In vivo effects of I3A in mice fed a Western diet
5.1 Abstract
Background
Prolonged exposure to a Western diet (WD) results in a perturbation of the resident
intestinal microbes in the body, i.e., dysbiosis, in addition to increased liver fat
deposits and inflammation. Dysbiosis alters the levels of biologically active
microbiota metabolic products in the intestine and beyond. These metabolites could
play important roles in various WD-associated diseases by activating important
regulators of metabolic homeostasis. In chapter 3, we identified microbiota
metabolites that are capable of attenuating inflammation in vitro. Proteomics and
gene expression analysis (chapter 4) showed that activation of AhR by I3A
modulates several important mediators of metabolism and inflammation.

Objectives
This objective of this study is to investigate the hypothesis that IDA, a bioactive
metabolic product of the gut microbiota, is capable of modulating inflammation in
a WD murine model.

Methods
Mice raised on a WD (high fat, high sucrose) are gavage-fed I3A at a
physiologically relevant concentration. Through a combination of metabolomics,
proteomics, gene expression, histology, and other chemical assays, we evaluate the
modulation of fatty acids, bile acids, inflammation, and steatosis through I3A
activation of the AhR.
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Results
While our preliminary results do not show any significant effects of I3A on steatosis
in vivo in our WD model, we suggest several studies and methods that could provide
a better understanding how metabolites produced by the gut microbiota could
modulate inflammation in vivo.
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5.2 Introduction
Murine models are widely used in the study of NAFLD. There are several dietinduced models that would suit NASH studies, including high-fat, high-fructose,
Western, methione-choline deficient (MCD), and choline deficient diets. A list of
these models is shown in Table 5-1. These models have been widely used, but still
present a number of limitations. However, there is currently no in vitro model that
can capture the interactions between the liver, intestine, and intestinal microbiome
in the context of NASH. Thus, to study gut-liver interactions, animal models are
required.
Like gut microbiota models, there are severe limitations in the currently
available mouse models of NAFLD, particularly for studying NASH onset and
progression due to insults or conditions relevant to humans.
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Table 4: Murine Models of NAFLD
Model

Design

Advantages

Disadvantages

HighImpact
Study

Key
Findings

Diet models

MCD diet; Choline
deficient diet;
HFD combined
with high-sucrose
or high- fructose
diet (WD);
Arginine deficient
diet

Simulates steatosis and
some aspects of
NASH-like phenotype
(in the case of MCD
diet)

MCD does not
accurately
represent the
etiology
relevant to
humans

Dumas et.
al (PNAS,
2006)

Mice fed
high fat diet
exhibited
NAFLD-like
disruptions
of choline
metabolism
and glucose
homeostasis.
The results
indicate a
potentially
active role of
the
microbiota in
insulin
resistance.
Ob/ob
microbiota
harvests
more energy,
increasing
SCFA pool,
which
contributes
to adiposity.
Ratio of
Bacteroidetes
to Firmicutes
is altered,
which
contributes
to increased
carbohydrate
fermentation.

Genetic Models

Mutants:
Ob/ob;
Db/db;
yellow-obese
agouti (Ay);
KK-Ay;
Juvenile
visceral
steatosis
Knockouts:
CD36-/-;
PPARα-/-;
Acetyl CoA
Oxidase -/-;
MTP -/-;

Diet is a factor in
human NAFLD

Each model
specifically alters
metabolic functions to
induce obesity and/or
NASH
Study can focus on a
particular genetic factor
Allows for
reproducible studies.

Over/heterologous
expression:
PEPCKSREBP-1a;
aP2-SREBP1c; aP2Diptheria toxin;

Almost all diet
models miss
one or more
characteristic
phenotypes of
NASH.

The order in
which
phenotypic
changes take
place is
inconsistent
with disease
progression in
humans.

Turnbaugh
et. al
(Nature,
2006)

Combination models have also been developed by utilizing a genetic model
on a specific diet. However, in this case, the issue of confounding factors can skew
the findings and challenge interpretation. In particular, when gut microbiota-liver
interactions are of interest, these confounding factors may reduce the researcher’s
ability to draw meaningful conclusions regarding cause and effect. Despite these
limitations, there has been significant progress in understanding the relationship
between the gut microbiota and development of NASH. This section focuses on the
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use of various models, which often employs models developed to study gut
microbes (Section 1.1) combined with NASH diet and/or genetic models to
understand the connections between gut microbiota shifts and the progression of
NAFLD.
As discussed in Chapter 1, GF models are extremely valuable in
understanding the physiological role of the gut microbiota. In combination with
diets capable of inducing obesity and NASH, GF models may provide a useful
system for understanding microbiota contributions to NAFLD. Rabot et al. found
that C57BL/6J GF-mice raised on a HFD (GF-HFD) did not develop significant
steatosis in the liver, compared to CONV-R mice on the same diet (CONV-RHFD). In addition, GF-HFD mice did not present with dysregulated lipid
metabolism, had significantly higher glucose tolerance, and were more sensitive to
insulin compared to CONV-R-HFD mice (Rabot et al., 2010). Another study by Le
Roy et al. used GF mice colonized with microbiota from CONV-R-HFD mice that
developed the NASH phenotype (“responders”). GF-HFD mice colonized with
microbiota from “responders” began to develop the NASH phenotype after
transplantation (Le Roy et al., 2013). In addition, shotgun sequencing of
“responder” microbiota revealed a significant shift in microbiota populations
compared to “non-responders”.
Bile acid dysregulation is a hallmark of fatty liver disease. Several studies
have employed GF mice to better understand the role of bile acid shifts in NASH.
Sayin et. al found that tauro-beta-muricholic acid, a secondary bile acid, was
depleted in GF mice. Biochemical assays confirmed that this bile acid is an
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activator of intestinal FXR in mice (Sayin et al., 2013). Activation of FXR in turn
activates a negative feedback loop to downregulate de novo BA synthesis through
fibroblast growth factor 15 (FGF15)-mediated signaling. Without gut microbial
activity, this feedback loop cannot be activated, contributing to dysregulation of
BA metabolism. Inagaki et al. used FGF15 -/- mice to provide further evidence that
intestinal FXR activation is a key component of the BA regulatory system (Inagaki
et al., 2005). This study also utilized FGFR4 -/- mice to confirm that activation of
intestinal FXR by microbiota-derived secondary BAs is a key regulator for de novo
hepatic primary BA synthesis; FGFR4 is the liver receptor for FGF15 (FGF19 in
humans). The connection between microbiota metabolism, the metabolic
syndrome, and bile acid regulation has been shown quite extensively using several
other models including antibiotic-treated (Miyata et al., 2009), FXR-null (Li et al.,
2013) and obese mouse models (Hwang et al., 2015; Parséus et al., 2017).
Physiological changes in the gut that correlate with NAFLD pathogenesis
have also been extensively studied. Evaluation of leptin-deficient (ob/ob) and
hyperleptinemic (db/db) mice revealed that both mutant strains of mice show
phenotypic signs of NASH such as increased levels of pro-inflammatory markers
in the liver and in circulation, elevated fibrosis markers, increased intestinal
permeability, and high levels of circulating LPS (Brun et al., 2007). Bacterial
translocation from the gut lumen is a key component of NASH. Enhanced bacterial
translocation results in LPS-induced macrophage activation and increased
inflammation in the liver. Fouts et al. studied bacterial translocation in a mouse
model of cholestatic liver injury (bile-duct ligation, BDL) and carbon tetrachloride
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treatment (CCl4). Analysis of tight-junction proteins in these injury models
revealed reduced intestinal barrier integrity. Further, 16S rRNA sequencing showed
population changes in the microbiota and intestinal bacterial overgrowth (Fouts et
al., 2012).
While in vitro studies (Schroeder et al., 2010; Cheng et al., 2015), including
our own, have characterized metabolic and signaling effects of bioactive microbiota
metabolites (Zhang and Davies, 2016), additional in vivo studies are required to
understand the physiological roles of these metabolite. Gao et al. considered the
impacts of gut microbiota-derived SCFAs, particularly the protective effects of
butyrate, on host physiology (Gao et al., 2009). The effect of administering indole3-carbinol, a microbiota product that has been shown to activate the AhR, was
studied in rats (Bjeldanes et al., 1991), and results were compared to rats treated
with TCDD. Currently, there is limited understanding of how bioactive microbiota
metabolites such as I3A contribute to or protect against various host diseases.
Combining NASH models with animal models used to study gut bacteria should
afford studies on potentially therapeutic activity of microbiota metabolites in vivo.
Insights from such studies could provide a starting point for pro- or post-biotic
therapies targeting dysbiosis related metabolic diseases, such as NAFLD. In this
chapter, we utilize a murine WD model of early-stage NAFLD to test the in vivo
effects of a microbiota-derived compound I3A. The effects are analyzing using a
multi–omic approach.
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5.3 Methods
In Chapters 3 and 4, we focus on the impact of microbiota-derived molecules on
several in vitro systems. The preliminary work described in this chapter begins to
explore the potential for I3A and other related metabolites to modulate
inflammation in vivo. This methods section will describe the methods used for our
preliminary studies and will suggest additional methods for future studies that may
provide avenues to better understand the role of gut microbiota-derived bioactive
compounds.

5.3.1 Experimental design and statistics
The pilot study described in this chapter (preliminary results) used 3 animals for
each treatment group. The number required for statistical significance is at least 7
animals for each treatment group; this number was calculated based on a power
analysis. The target statistical significance, calculated using the Mann-Whitney U
test, was set at α < 0.05. This power analysis was based on between-group
metabolite variances observed in our previous studies. Female mice were chosen
for this study because they are in general more susceptible to the effects of a WD.
The complete study would require 96 mice: ten female mice for each treatment
group, two replicates experiments for the study, and 25% extra mice to account for
losses due to complications of oral gavage or other stresses. The following table
summarizes the calculations used to estimate the total number of animals:
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Experimental groups

I3A and control in
female
C57BL/6J
mice

Time
points

Doses

1 and 2
2
weeks
after
initiation
of
I3A
dosing
Project Total

Mice
per
group
7

Repeats

Total
mice

2

2x2x2
x7x2=
84
+ 25%
more =
96
96

5.3.2 Animal handling and reagents
5.3.2.1 Animal handling
C57BL/6 mice were purchased from The Jackson Laboratory (Bar Harbor, ME).
The mice were handled in accordance with National Research Council guidelines
and the experimental protocol approved by IACUC on Research Animal Care. The
animals were housed and maintained on a 12-h light-dark cycle (lights on at 07:00)
in a ventilated facility with a steady ambient temperature ranging from 19 to 22 °C
and humidity ranging from 40 to 60%. Diet and water intake were provided ad
libitum while I3A and vehicle treatments were administered using oral gavage
(OG).

5.3.2.2 Reagents and materials
I3A, formalin, and 70% ethanol was purchased from Sigma-Aldrich (St. Louis,
MO). Reusable stainless steel 18G OG needles, 1 cc syringes, 22G 1-inch sterile
needles, plasma tubes, and homogenizer tubes (1.5 mm glass beads) were
purchased from Thermo-fisher Scientific (Waltham, MA).
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I3A doses were prepared fresh daily in corn oil based on animal body weight. The
total OG volume was 0.2 cc (200 uL) for all gavage doses. Corn oil was
administered at 0.2 cc to each animal in the control group. OG was performed daily
at the same time of day.

5.3.3 I3A OG protocol
1. Six-week-old female C57BL/6J mice were fed a WD for 8 weeks. The WD
contains 45% calories from fat, 35% from carbohydrates, and 20% from
protein.
2. At 14 weeks, the animals were randomly divided into two groups: vehicle
control (corn oil) and 100 mg I3A per kg-BW. The full study would add one
more groups: 50 mg I3A per kg-BW.
3. The I3A group was gavaged with 100 mg/kg-BW/day of I3A. In the full study,
a second I3A group would be gavaged with the lower dose (50 mg/kg-BW/day)
of I3A.
4. Mice were gavaged with I3A every other day, and monitored for 2 weeks after
the start of I3A administration. I3A was dissolved and delivered in corn oil. The
control group received only the corn oil vehicle. During these two weeks,
animals are fed a WD.
5. Samples were collected after 1 and 2 weeks of I3A gavage.
6. Body weight and food intake were recorded daily for the duration of the
experiment.
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7. At the end of the experiment, mice were sacrificed by euthanasia and tissue
samples (liver tissue, colonic luminal contents, intestinal tissue, serum)
collected for biochemical analyses.
8. In the full study, colonic luminal contents will be analyzed using 16S rRNA
sequencing and metabolomics. The latter will include targeted analysis of I3A,
FFAs and BAs. The other tissue samples will be processed for TG
measurements, metabolomics, proteomics, gene expression analysis. In this
chapter’s pilot study, liver and serum samples were collected for FFA, BA, and
TG analysis in addition to untargeted metabolomics.

5.3.4 Analysis of tissue samples
Once the mice were euthanized, liver tissue and serum samples were harvested and
flash frozen (section 2.1.2). Livers were quickly excised, rinsed, and weighed. A
portion of each liver was cut for metabolite analysis and weighed. Metabolites were
extracted from tissue samples according to the protocol described I section 2.1.2.1.
Serum was collected using cardiac puncture. Metabolite extraction was performed
on 50 uL of serum per mice according to the protocol described in section 2.1.2.2.
FFA and BA measurements and untargeted metabolomics experiments were
performed using protocols outlined in section 2.2. TG contents were measured in
liver tissue and serum samples using a commercial assay kit (TR0100, Sigma)
according to the manufacturer’s instructions.
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5.3.5 Methods for complete I3A OG study
The pilot study utilized targeted and untargeted metabolomics, body weights, serum
TG, and liver TG for analysis of tissue samples. However, the full study will require
several other methods to more thoroughly characterize the effects of gut
microbiota-derived AhR activators in the context of diet-induced NAFLD.

5.3.4.1 Variations on diet, duration, and dosing
In designing a more complete study, modifications to the diet protocol should be
considered. For example, the WD has been shown to induce a NASH phenotype;
however, this generally requires several additional weeks of feeding. Combining a
longer WD duration with prolonged exposure to I3A may reveal stronger
phenotypic and metabolic changes. For example, beginning I3A gavage at 10 weeks
of age (WD begins at 6 weeks) and continuing up to 24 weeks may lead to more
pronounced metabolic changes in response to the diet as well as metabolite
treatment.
I3A has been shown to have toxic effects on kidney function (Mutsaers et
al., 2013), and while increasing the dose may more dramatically impact
inflammation in the liver, future studies should assess phenotypic (blood in urine
or fecal matter) and metabolic changes associated with potential kidney dysfunction
to ensure that there are no toxic side effects from I3A treatments.
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Section 5.3.4.2 Liver histology
In addition to the dietary modifications suggested in the previous section,
phenotypic and morphological changes in the liver should be considered using
histological analysis. Histological analyses have been used to evaluate phenotypic
changes in the liver due to diet or chemically induced stresses. Histological analysis
along with CARS imaging (described in section 2.5) of liver tissue sections may
provide confirmation of steatosis, and thus validate the diet model. Additionally,
these analyses could provide evidence of phenotypic changes due to gut microbiota
metabolite administration. AhR has been previously linked to steatosis in NASH
mouse models (Lee, Wada, Febbraio, He, Matsubara, Lee, Frank J Gonzalez, et al.,
2010; He et al., 2013), and thus macroscopic assessment of liver fatty deposits
under I3A administration would be useful in evaluating this metabolite as a
potential therapeutic in diet induced NAFLD.
AhR has also been shown to be involved in fibrosis (Andreola et al., 2004;
Pierre et al., 2014), a common phenotypic change in NASH progression. While
there is no definitive connection between reversal of steatosis and fibrosis,
prolonged exposure to I3A followed by histological analysis of steatosis and
fibrosis may elucidate the connection between AhR activation and these phenotypic
changes during NASH progression.

Section 5.3.4.3 Gene expression
Gene expression analysis may provide insights into the pathways that are
modulated in vivo by I3A activation of the AhR. We showed previously that the
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expression of Fas, SREBP-1c, and several bile acid enzymes are modified in vitro
upon I3A exposure. Determining the impact of I3A on target genes downstream of
the AhR in vivo should more directly reveal whether modulation of these pathways
is physiologically relevcant.

Section 5.3.4.4. Proteomics
Applying IDA proteomics along with gene expression analysis, as in the previous
chapter, could identify the global effects of both the WD as well as AhR activation
by I3A. Multivariate analysis of untargeted proteomics data, as described in section
4.3.4, along with a network model (constructed from experimental data and
reported associations between proteins using tools such as STRING) could reveal
how different metabolic and inflammatory pathways interact under the diet and I3A
treatment.

Section 5.3.4.5. 16S Sequencing
The central premise of the work presented in this thesis is that gut microbiota
metabolic activity is linked to inflammation in the liver. In this regard, 16S
sequencing analysis of gut microbiota composition under the WD and I3A
administration could identify correlations between changes in bacterial populations
and metabolite profile, which in turn could reveal which specific bacterial groups
play a key role in dysbiosis-associated NAFLD.
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Section 5.3.4.6 Testing other gut microbiota metabolites in vitro and in vivo
In chapter 2, we identified several tryptophan-derived AhR activators as well as
other classes of gut-microbiota derived metabolites altered by HFD. This thesis
focused on I3A. However, TA exhibited similar activity in vitro. Additionally, the
metabolite screens described in chapter 2 identified another potential AhR
activator, xanthurenic acid. The AhR plays an active role in regulating liver
metabolism and has been shown to play a significant role in the communication
between the gut and liver. Other classes of gut microbiota metabolites, e.g.,
secondary bile acids, have also been shown to engage other signaling and metabolic
pathways. However, the biological roles of these metabolites remain to be fully
characterized. In the specific context of NAFLD, testing the effects of these
metabolites both in vitro and in vivo using the approaches described in this thesis
could not only identify additional options for therapeutic intervention but also
provide new insights into the connections between the gut microbiota and
dysbiosis-related metabolic diseases.

Section 5.3.4.7 Other murine models
As discussed in the introduction of this chapter, there are several commonly used
animal models of NASH. There are also a wide range of models used to study the
gut microbiota. Combining these models could enable further studies on the gutliver axis in the context of NASH. For example, combining a gnotobiotic
humanized mouse model colonized with particular species, e.g., Lactobacillus
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reuteri and Allobaculum stercoricanis (Etienne-Mesmin, Chassaing and Gewirtz,
2017), that are known to metabolize tryptophan into indole metabolites with a WDinduced NASH model may provide an experimental platform to link individual
bacterial species with in vivo production of microbial AhR activators in the context
of liver steatosis and inflammation.

Section 5.3.4.8 Developing a systems biology model
Finally, combining different –omics approaches in the context of a model should
be considered. This would provide for a more holistic view of a complex disease
such as NAFLD by connecting dysbiosis resulting from diet (16S sequencing),
alterations in microbiota metabolites (untargeted and targeted metabolomics), liver
inflammation and steatosis (genomics, e.g., RNA-sequencing, and proteomics), and
AhR activation to modulate specific metabolic pathways (targeted metabolomics
and proteomics). A systems biology model, e.g., metabolite-protein-gene
interaction network, would also provide a means of integrating different types of
experimental data reported in the literature to determine areas of consensus and of
controversy warranting additional studies.
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5.4 Results
5.4.1 I3A treatment had no impact on weight or TG contents

Figure 5-1: Comparisons of weights and TG contents of vehicle- and I3Atreated mice. Mice body weights (A) of C57BL/6J mice fed a Western diet were
recording daily between arrival and sacrifice. Liver weights were measured upon
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harvest (B). Serum (C) and liver (D) triglyceride (TG) contents were measured
using an enzymatic kit (Sigma-Adrich, TR100). Data shown are averages of n =
3 mice. Error bars represent one standard deviation. Statistical significance was
calculated using the Wilcoxon rank-sum test.

C57BL/6 mice were raised from 6 weeks on a WD (45% calories from fat, 35%
from carbohydrates, 20% from protein). The animals arrived at Tufts University
SEC DLAM facility at 13 weeks and were acclimated to their new surroundings for
one week. At 14 weeks, animals were gavaged (OG) daily with either 0.2 cc vehicle
(corn oil) or 100 mg/kg body weight (BW) I3A. Animals were weighed daily from
time of arrival (Figure 5-1A). Groups showed no significant difference in weight at
the beginning of the study, although the average weight of the vehicle group was
higher than the I3A group at the end of the study. At 9 days (day 2 of OG), animals
showed slight weight loss (not significant). The animals in the vehicle group
gradually continued to gain weight, although at a slower rate compared to days 18. The I3A group recovered the lost weight, but did not continue to gain weight.
On day 22 (after arrival), animals were sacrificed by CO2 asphyxiation and
cervical dislocation. Serum was collection via cardiac puncture; liver and cecum
were both harvested. Liver (Figure 5-1B) and cecum weights were recorded. Liver
weights were not significantly different between groups. Visual inspection of liver
and intestine did not show significant adiposity, and the two groups did not present
with any noticeable differences. The vehicle group showed greater variability in
both body and liver weights.
A portion of the liver was cut, weighed, and processed according to the
protocol outlined in section 5.3.3 for triglyceride (TG) analysis. Liver and serum
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TG contents were measured using an enzymatic assay kit (Sigma-Aldrich,
TR0100). Serum TG contents did not vary between the two groups. Liver TG
contents, while slightly higher in the I3A group, were also not significantly
different.

5.4.2 Treatment with I3A increases serum arachidonic acid

Figure 5-2: Comparison of free fatty acid (FFA) profiles in vehicle- and I3Atreated mice. Major FAs were quantified in liver (A) and serum (B) samples
from mice gavaged with either corn oil (vehicle) or I3A. Data shown are averages
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of n = 3 mice. Error bars represent one standard deviation. *: p<0.05, using
Wilcoxon rank-sum test.
Serum and liver metabolites were extracted from harvested samples according to
section 2.1.2. FFAs were quantified using the product ion method detailed in
section 2.2.4. Serum FFAs were analyzed using 50 µL samples and liver FFAs were
normalized to tissue weight.
The most abundant FFAs in both serum and liver were palmitate, oleate,
and stearate. Analysis of liver FFAs also had high concentrations of arachidonic
acid (average of 300 umoles/g tissue) and linoleic acid (200 umoles/g tissue)
(Figure 5-2A). No significant changes in liver FFAs were observed upon I3A
administration. In serum (Figure 5-2B), linoleic was again detected at relatively
high levels (between 10 and 25 uM). While all other FFAs were unchanged with
I3A treatment, arachidonic acid increased five-fold (p<0.05). No other significant
trends were observed.
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5.4.3 I3A reduces serum taurocholic acid

Figure 5-3: Comparison of bile acid (BA) profiles in vehicle- and I3A-treated
mice. Primary BAs, cholic acid (CA) and cheneodeoxycholic acid (CDCA) and
conjugated primary BAs, glycocholic acid (GCA) and taurocholic acid (TCA)
were quantified in liver and serum of samples from mice gavaged with either
corn oil (vehicle) or I3A. Liver CA and CDCA (A), liver GCA and TCA (B),
serum CA and CDCA (C), and serum GCA and TCA (D) were quantified using
product ion scans. Data shown are averages of n = 3 mice. Error bars represent
one standard deviation. *: p<0.05, using Wilcoxon rank-sum test.

Primary and conjugated primary BAs were quantified using LC-MS methods
described in section 2.2.4. Product ion scans revealed no significant differences in
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liver primary bile acids between vehicle- and I3A-treated mice (Figure 5-3A).
Serum primary BA analysis suggested shifts in the CA to CDCA ratios, but changes
were not significant (Figure 3-5C). TCA levels were 80-fold and 50-fold higher
than GCA levels in the liver (Figure 5-3B) and serum (Figure 5-3D) samples,
respectively. No significant differences in BA pool compositions were detected.
TCA was significantly decreased by two-fold in the serum of I3A-treated mice
(Figure 5-3D).
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5.4.4 Untargeted data analysis reveals broad effects of I3A

Figure 5-4: Results from untargeted analysis of metabolites in samples from
vehicle- and I3A-treated mice. Heat maps of hierarchically clustered LC-MS
features (i.e., metabolites) detected in fecal material and cecal contents (A).
Features from liver and serum contents were separately scaled prior to clustering
using the Pareto method. Untargeted features from serum (B) and liver (C) were
then quantitatively analyzed using PCA.
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Untargeted LC-MS analysis was performed on metabolites extracted from liver and
serum samples. Features were Pareto-scaled and hierarchically clustered. The
clustering revealed significant differences between I3A and vehicle-treated groups
(Figure 5-4A). Scatter plots of PCA scores for serum and liver profiles of I3Atreated mice formed distinct clusters with significant separation from the vehicle
group profiles along both PC1 and PC2. Serum and liver samples of mice treated
with vehicle control (corn oil) showed greater variability.
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5.5 Discussion
The pilot study described in this chapter was an initial attempt to understand the
effect of a microbiota-derived AhR activator, namely I3A, in vivo. We utilized
C57BL/6J fed a WD from 6 weeks for a duration of 10 weeks with I3A treatment
beginning after 8 weeks. While we did not observe significant adiposity upon
necropsy in this study, previous studies have reported significant increases in body
weight (Neustadt, 2006), steatosis (Machado et al., 2015), fibrosis (Machado et al.,
2015; Leung et al., 2016), inflammation (Neustadt, 2006; Machado et al., 2015;
Agus et al., 2016) even after short term feeding (8 weeks). At 14 weeks, mice were
gavaged with either I3A (100 mg/kg BW) or corn oil (vehicle control). We did not
observe significant weight differences between the two groups until the end of the
study period. Little is known about the effects of endogenous AhR activators such
as I3A and TA, but studies with TCDD-treated mice consistently report significant
weight loss and reduced adiposity (Gorski, Weber and Rozman, 1988; Lakshman
et al., 1988; Tuomisto et al., 1999). Interestingly, while TCDD treatments
consistently reduce BW, studies have also reported increased liver weights upon
administration of dioxin (Angrish et al., 2012) indicating that AhR activation may
have different effects on liver steatosis and whole body fat content.
Serum and liver TG contents were also measured after two weeks of I3A
administration. We found no significant impact on TG levels. Lee et al. found that
TCDD had no significant impact on liver and serum TG content indicating that
agonism of AhR may not regulate TG synthesis or storage (Lee et al., 2010).
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Although we did not observe overt phenotypic changes in I3A-administered
mice compared to vehicle-administered mice, several differences were observed at
the levels of specific metabolites. In vitro we found that hepatocyte cultures
exposure to I3A showed marked reduction in the most abundant FFAs, palmitate
and oleate. Serum and liver FFA analysis of WD-fed mice showed that the largest
contributors to the FFA pools in these tissue are palmitate, oleate, stearate, and
linoleate. The WD, while having a lower fat content, (35%) compared to the highfat diet (60%), is rich in sucrose. Compared to our previous analysis of serum and
liver FFAs of HFD mice, we found significantly higher levels of FFAs suggesting
that the increased carbohydrate content may contribute to overall FFA
concentrations in the liver and circulation. While I3A had no significant impact on
most FFAs, arachidonic acid (AA) levels dramatically increased (two-fold) in
serum of I3A mice compared to control mice (Figure 5-2B).
AhR activation is known to regulate cytochrome P450 enzymes, including
CYPs that modulate arachidonic acid (AA) metabolism and signaling pathways
(Ivanov, Groza and Myagkova, 1999; Hankinson, 2016). A study by Labitzke et al.
found that TCDD activation of AhR modulated mitochondrial CYPs responsible
for AA and AA-dependent pathways in several animal species including mice
(Labitzke, Diani-Moore and Rifkind, 2007). Additionally, exposure to TCDD, has
been shown to increase AA levels by two-fold (Lawrence and Kerkvliet, 1998).
While we did not quantify AA in vitro, our results suggest that I3A may modulate
CYP-mediated AA metabolism in a manner similar to that of TCDD. AA has been
known to play both a protective role inflammation and, depending on context,
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exacerbate inflammation (Egan and Kuehl, 1980; Samuelsson, 1991).

One

hypothesis to explain the regulation of inflammation by the AhR involves the
induction of AA-dependent pathways through CYP-actvation. Production of AA
and its metabolic derivatives through AhR-dependent CYP activation by I3A could
potentially protect against TNFα-induced inflammatory responses.
Based on our findings in vitro that I3A affects BA pool composition, we
utilized targeted mass spectrometry to detect and quantify BAs in serum and livers
of I3A or vehicle-gavaged mice. Altered BA metabolism can be a marker for
dysbiosis in metabolic disorders (Li and Chiang, 2015). The ratio of primary BAs,
CA and CDCA, is often used to assess dysregulation of BA metabolism. In healthy
mice, CDCA content is approximately 25% of the primary BA pool. In I3A-treated
mice, we observed that CDCA accounts for 25% of the primary BA pool. In vehicle
control mice, CDCA contribution was nearly 50%. While these differences are not
significant due to the high variability across mice, the trend is suggestive of I3A
modulation of BA metabolism that is consistent with our in vitro findings. In serum,
I3A treatment resulted in an upward shift in the contribution of CDCA to the
primary BA pool, from 50% in control mice to 80% in I3A-treated mice. Again,
these shifts were not significant, indicating that a larger number of mice is required
to determine significant trends (n=7). To date, only a few studies have examined
the role of AhR in BA metabolism. Tanos et al. characterized cholesterol
metabolism upon TCDD exposure finding that AhR activation significantly
decreased in vivo murine cholesterol biosynthesis (Tanos et al., 2012). This finding
supports the notion that AhR may modulate BA metabolism in vivo. Consistent
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with current understanding of BA composition in mice, more than 90% of the
conjugated primary BA pool was TCA in both liver and serum. No difference in
TCA concentration was observed in the liver; however, TCA exhibited a two-fold
decreased in the serum of I3A mice. This was consistent with our in vitro findings
that Ahr activation reduced excretion of conjugated primary BAs into serum. It is
important to note here that the LC methods developed for targeted detected of BAs
does not effectively separate isomers. Thus, the TCA pool detected in our studies
includes both α- and β-tauromuricholic acids. These bile acids activate different
signaling pathways and perform distinct metabolic functions. Thus, the difference
in total TCA levels in the serum of I3A and vehicle mice should be interpreted with
some caution. Current understanding of AhR’s role in BA regulation is limited, and
requires further studies, e.g., using selective inhibitors of various BA pathway
enzymes, to characterize the impact of AhR activation on specific BA isomers in
vivo.
Untargeted analysis of metabolite samples revealed significant differences
between I3A and vehicle groups both in serum and liver extracts. Hierarchical
clustering provided a qualitative global profile, which through annotation should
reveal metabolic pathways that are altered through AhR activation. Larger
variability was observed in serum features of vehicle treated mice, which may
reflect litter variability. Unsupervised analysis (PCA) was applied to determine if
the metabolite profiles of the two experimental groups show natural separation. I3A
mice clustered closely together on the PCA score plot (PC1 vs PC2), while control
mice showed significantly higher variability and increased spread along both PC1
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and PC2. Again, the differences observed could be due to differences between
litters. Mice were shipped in two sets: one containing 4 mice and the other
containing 2. Each set was from a different litter. To equalize the groups, one mice
from the set of 4 was moved to the other group. This second set, comprised of mice
from two different litters, was administered the vehicle, which could be one
explanation for the larger variability.
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5.7 Conclusions
Our pilot study only recorded observations during two-week exposure to I3A.
While few overt phenotypic effects were observed in this study, we were able to
show that even short-term exposure to I3A may impact both FFA and BA metabolic
pathways. Increased AA and decreased TCA concentrations in serum are potential
indicators of I3A activation of AhR and subsequent CYP-activity. Prolonged
exposure to I3A may be required to evaluate other potential shifts in FA and BA
regulation. This initial experiment only utilized 3 mice in each treatment group;
however, based on power analysis, at least 7 mice should be used per treatment
group to obtain significance. Finally, increased I3A doses could lead to stronger
effects in vivo, providing more information to better elucidate the effects of gut
microbiota metabolites on liver metabolism and inflammation in the context of
NAFLD.
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On-going work and future recommendations

Current work includes annotation of untargeted metabolite data obtained
from our initial I3A experiments. Annotation may provide a starting point for
understanding broadly how AhR activation by I3A may modulate host metabolism.
Currently, we have proposed a noncanonical pathway through AhR modulates host
FFA and BA metabolism (Figure 5-5). This hypothesis combines existing literature
data with our recent observations. There is a significant amount of further work
required to better elucidate and understand these pathways.

Figure 5-5: Schematic of "noncanonical AhR pathway hypothesis”.
Schematic of AhR activation of I3A and subsequent modulation of FFA and BA
pathways. Orange solid arrow: activation; green solid arrow: activation based on
literature; green dotted arrow: activation based on data from the studies described
in this thesis; red solid arrow: inhibition based on literature; red dotted arrow:
inhibition based on data from studies described in this thesis; brown solid arrow:
binding; purple solid arrow: transport; black solid arrow: enzymatic conversion;
black rectangular outline: detected protein; orange rectangular outline: gene
expression; blue rectangular outline: not detected; blue text: quantified
metabolite; black oval outline: cellular process.
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16S sequencing has also been performed from our HFD/LFD experiments outlined
in chapter 3. We hope to utilize our metabolite profiles in conjunction with gut
microbiota population changes upon HFD feeding to develop a systems biology
understanding of the connect between dysbiosis and metabolite changes. This
analysis may provide an extension for more robust analysis of data generated from
in vivo administration of I3A in a NASH model.
In section 5.2, we recommend several in vivo methods that would be of
value in future studies. A middle-step between our “two-hit” in vitro model and the
in vivo models proposed would be a “two-hit” co-culture model consisting of both
macrophages and hepatocytes. The added value with this system would stem from
the increased biological relevance due to the cross-talk that naturally occurs
between hepatocytes and the innate immune system. Our “two-hit” model only
focused on a single proinflammatory cytokine; however, in the liver, macrophages
produce a variety of cytokines and chemokines that each have differential effects.
The proposed co-culture model would more accurately represent the insults that
impact hepatocyte metabolism due to the presence of macrophages. Additionally,
the system would present fewer confounding factors than our proposed in vivo
models. Other options to consider from the perspective of biologically-accurate in
vitro models is primary cell cultures primarily because better represent in vivo
metabolism and signaling. Future outlooks also include developing a complete
systems biology model with layered data including sequencing, proteomics, and
metabolomics. Both bottom-up and top-down approaches would be valuable in
elucidating the connections between diet-induced dysbiosis, microbiota metabolite
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shifts, changes in host metabolism from environmental factors (diet), and the
impact of microbiota metabolism in regulating host metabolism. While previous
studies, including our own, have shown that dysbiosis of the gut microbiota could
predispose the liver to inflammation in diet-induced steatosis through an altered
microbiota metabolite profile, we seek to demonstrate that biologically active
microbiota metabolites are capable of attenuating inflammation and steatosis
arising from diet-induced dysbiosis. The results from both in vitro and in vivo
exploration of biological activity of microbiota metabolites can provide insights
into the mechanisms underlying the link between microbiota dysbiosis and
NAFLD. This mechanistic understanding could provide novel strategies to treat or
prevent the progression of fatty liver diseases through the use of probiotics or
postbiotics (byproducts of probiotic metabolism).
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