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Abstract

Fecal-oral contamination promotes the persistence of early-life malnutrition. Systemic
consequences of malnutrition include stunting, poor immune function, metabolic shifts, and
neurocognitive impairment, but the underlying pathology and precise role of fecal microbes
remain largely unknown. To address these knowledge gaps, I have utilized an established murine
model (MAL-BG) that combines malnutrition and iterative exposure to fecal commensals. MAL-
BG mice exhibit altered behavioural and cognitive deficits—poor spatial memory and learning
plasticity—putatively linked to aberrant microglia phagocytosis. Microglial alterations occurred
independently from neuroinflammation and blood-brain barrier (BBB) disruption, but were
linked to systemic lipoxidative stress. Fecal-oral contamination exacerbated systemic,
malnutrition-induced oxidative stress within the gut, brain, and liver. Beyond oxidative damage,
malnourished livers exhibit fatty liver features. Largely studied in the context of obesity,
undernutrition can also trigger NAFLD (non-alcoholic fatty liver disease). A combination of
histology, liver metabolomics, and microbiome analyses were performed to assess the impact of
diet and gut microbes in the pathology and reversal of undernutrition-induced fatty liver.
Intriguingly, fatty liver histology was only observed in the early-life, but not adult, MAL-BG
model despite similar liver metabolomic profiles. These findings indicate a crucial window in
early-life development that, when disrupted by nutritional deficits, likely shapes liver health
trajectories. Importantly, dietary intervention largely mitigated aberrant metabolomic and
microbiome features in MBG mice. Collectively, my doctoral work explores (1) gut-brain and
(2) gut-liver interactions in the context of undernutrition and intervention. I anticipate my
findings will not only provide valued insight into gut microbiota-systemic interactions, but also

identify putative therapeutic targets to halt or reverse consequences of childhood malnutrition.
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Lay Summary

Early-life undernutrition impairs growth, metabolic, and neurocognitive potential. Chronic
microbial exposure, due to poor sanitation and fecal-oral contamination, contributes to the
persistence of undernutrition. This work examines the impact of fecal commensals on gut-
systemic pathology of undernutrition utilizing MAL-BG mice, a malnourished model combining
protein/fat deficiencies and repeated exposure to fecal commensals. Here, I report that fecal-oral
contamination exacerbates neurocognitive deficits of undernutrition and alters microglia,
neuroimmune cells informing brain plasticity. In addition, fecal-oral contamination disrupts the
gut-liver axis promoting NAFLD (non-alcoholic fatty liver disease). Dietary intervention restores
microbiome shifts, altered liver metabolism, and fatty liver features in the MAL-BG model.
Collectively, this work identifies putative pathways and therapeutic targets to address impaired

gut microbiota-systemic interactions within the context of undernutrition.
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Chapter 1: Introduction of Gut Microbiota-Systemic Interactions

1.1 Of Matisse, Microbes, and the Metaorganism

On October 18, 1961 the MoMA (Museum of Modern Art) displayed the final artworks of Henri
Matisse (1861-1954). The vibrant exhibition featured a series of economic paper cut-outs. One
visitor felt a sense of unease by Matisse’s impression of a floating sailboat—Le Bateau. The
boat’s reflection along the bottom, rather than the boat itself, featured the more complex cut-out

form.

The MoMA had hung a Matisse masterpiece upside-down and almost no one had noticed.

The story of how Ms. Genevieve Habert, a New York stockbroker, discovered the MoMA’s error
remains one of the most infamous cases of artwork hung incorrectly. Over 100,000 people,
including the artist’s son, visited the exhibition without noticing the error. After MoMA staff
dismissed her persistent complaints, Ms. Habert turned to The New York Times, which reported

the story.

This may appear an odd start for a thesis on the gut-systemic axis of early-life malnutrition. But
the case of Le Bateau broadly parallels the history of gut-systemic interactions. The study of gut-
system connections, particularly gut-brain interactions, stems from antiquity. When Galen of
Pergamum observed the delicate neuronal meshwork linking the brain and upper digestive tract,
he concluded, “Each [organ within the gut] has its nerve for sensation, with vein and artery for

sustenance and life, all demonstrably distributed through them, like irrigation channels through a



garden”. Pioneering physiologists and psychologists from the 19" century, notably Ivan Pavlov,
William Beaumont, and Carl Lange, later proposed bi-directional interactions between the gut
and brain??. These researchers largely understood systemic processes as top-down interactions
(e.g. the nervous system influencing gastrointestinal (GI) and digestive processes)*. But it was
the discovery of the gut microbiota, and its vast regulatory scope, that launched a 21 century

renaissance of interdisciplinary research examining bidirectional gut-system interactions’.

Commensal gut microbes exert systemic effects, shaping nervous and metabolic function within
vital organs that regulate mammalian homeostasis>. Gut bacteria even influence complex
behaviours ranging from satiation’ to mating selection®. And, in 2009, researchers first reported
the concept of a gut microbiota-brain axis highlighting complex interactions between commensal
microorganisms and the nervous system’. In addition to gut-brain processes, commensal
microbes inform gut-liver functions via modulation of bile acid metabolism and gut barrier
integrity™>!°. Indeed, the dysbiotic gut microbiota has been linked to the aetiology and

progression of systemic conditions from neurodegenerative disease to NAFLD>!!,

Collectively, these findings challenge a top-down model of gut-systemic relations, in which the
gut and microbial community within passively react to host systems. Despite profound advances,
the full complement of conserved mechanisms driving gut microbiota-host interactions, even the
complete scope of gut-systemic modulations, particularly in the context of undernutrition,

remains unknown. Consequently, we, like the MoMA, may discover our perspective reversed.



1.2 The Microbiome and the Metaorganism

Humans engage with the exterior world through a microbial-colored lens.

Trillions of microorganisms colonize the mammalian host at birth!?. Predominantly composed of
non-pathogenic bacteria!>!4, these host-associated microbes (microbiota) and their genomic
potential (microbiome) have been conventionally examined within anatomical locations, notably
the GI tract—the largest human-microbial interface!>!®. Here, commensal gut microbes exert
gut-systemic properties, extending host digestive, metabolic, immune, and nervous function®!>!7,
In contrast, the altered (dysbiotic) gut microbiota has been linked with various metabolic and

neurological pathologies!’!°.

An explosion in culturing methods, sequencing capacity, and bioinformatic pipelines has enabled
researchers to interrogate both the compositional and functional capacity of the gut
microbiota!"!°, In 2012, the Human Microbiome Project Consortium reported striking inter-
individual variation of the human microbiota, but relatively stable functional profiles across
individuals for a given body site (e.g. the gut)?°. Phylogenetically distinct microbes may
contribute to a metabolic pathway. Conversely, strains within the same bacterial member may

perform highly diverse roles?*-2!

. Collectively, these findings highlight the importance of
assessing both microbiota composition and functional capacity. As the gut microbiota exerts
systemic effects, recent multiomics approaches—combining microbiome analyses (e.g.

metagenomics) with host profiling methods (e.g. metabolomics)—have facilitated further

exploration of host-microbe interactions.



Throughout early childhood the healthy gut microbiota rapidly develops and diversifies in

response to the host experience!??2. Birth mode and breastmilk®*?4, solid diets*>%>, social

26-28 29,30 12,31,32

interactions*°=°, antibiotic usage="-", and even sanitation practices influence gut

microbiota composition, and, by extension, gut-systemic function.

Consequently, gut microbiota systemic-interactions represent a continued, bidirectional dialogue
between what was traditionally considered solely the (human) “self” and (microbial) “non-self”.

This recognition has sparked a multidisciplinary movement conceptualizing the host-microbiota

as an indistinguishable metaorganism. The metaorganism—a dynamic unit consisting of the host
and commensal organisms—reflects a radical blurring between man and microbe®*334, This

expanded model highlights the ongoing interplay across gut microbiota-systemic pathways.

Are we human or are we metaorganism?

My doctoral study explored how gut microbes influence two, major gut-systemic pathways
during early-life malnutrition. I first provide a brief overview of the gut-brain and gut-liver axis

in Chapter 1.3.

1.3 Gut-Systemic Interactions

1.3.1 The Gut-Brain Axis
While anatomists catalogued gross brain structure since antiquity?>, the groundbreaking research
of the 18" and 19" centuries systematically described the brain as the organ which makes us

human3®*7. In the following centuries, further discoveries revealed the cell-specific functionality,



signaling mechanisms, and genomic networks codifying the nervous system?¥, Brain-gut
interactions were recognized as early as the late 19" century, however, researchers considered
these processes as top-down interactions (e.g. the nervous system influencing GI and digestive
processes)*. Evidence that commensal gut microbes affect brain function was recognized through
early neuroendocrine studies. Researchers observed exaggerated hypothalamic-pituitary-adrenal
(HPA) stress in germ-free (GF) mice, while early-life exposure to microbial commensals
partially mitigated aberrant HPA activity®®. The subsequent surge of studies established the vast
regulatory capacity of enteric microbes and led to the conceptualization of a gut microbiota-brain
axis>. While barely a decade old, this model reflects a growing trend to examine the central

nervous system (CNS) from a systemic perspective.

CNS profiling within antibiotic and GF models implicates the gut microbiome as a key

4041 4243

regulatory driver informing neurogenesis™*', neuronal gene expression*~*>, neurotrophic (e.g.
BDNF) expression***> neurotransmitter profiles**#%47 axonal myelination*}, and glial biology*®.
Many of these aberrant features were resolved by colonization of gut microbial communities or
microbial metabolites, demonstrating that the gut microbiome influences CNS structures. The
brain, in turn, shapes gut physiology and microbial composition, e.g. via HPA-dependent

activation, psychosocial stress, and inflammatory responses?6-49-31,

Beyond shaping CNS architecture and functionality, gut microbiota-brain interactions modulate
complex behavioural and cognitive processes'®**. In 2011, Bercik et al. first reported
behavioural shifts in mouse strains following fecal microbiota transplant (FMT). BALB/c and

NIH Swiss mice exhibit less exploratory and more exploratory behaviours, respectively. GF



BALB/c were exposed to the fecal microbiota community from a conventionalized NIH Swiss
cohort and vice versa. Following microbial transplant, ex-GF mice transiently adopted the
disposition and behavioural patterns of the donor microbiota**. More recently, gut microbiota-
targeted therapies have emerged as a promising approach to address neurological disorders?,
with dietary shifts and probiotic consumption improving depressive-like features in murine and
human cohorts!®>3, Further study is warranted to examine whether microbiota-targeted

intervention benefits malnourished gut-brain pathology.

The full extent and exact mechanisms facilitating gut-brain interactions remain largely unknown,
but involve systemic immune and nervous dialogue (Fig. 1.1). Next, I briefly highlight key gut-
brain pathways and components associated with the gut microbiota. For an extended review of

the gut microbiota-brain axis, see Fung et al. 2017'7 and Bauer ez al. 2019'%,

Commensal microbes produce short-chain fatty acids (SCFAs) during fiber fermentation. Within
the gut, SCFAs promote barrier integrity>*. Abundant SCFAs—acetate, propionate, and

butyrate —elicit broad metabolic and nervous functions, notably systemic anti-inflammatory
responses®> 7. Able to cross the blood-brain barrier (BBB), SCFAs regulate dietary glucose
metabolism, BDNF expression, and neurodevelopment*®33-83 Specific gut microbes also
regulate enteric neurotransmitter synthesis, modifying host-dependent neurotransmitter
production (e.g. serotonin) or directly producing neurotransmitters (e.g. tryptamine)®%®!, GI
production alters peripheral availability of neurotransmitter precursors, which may influence
CNS production®?. While less probable that enteric neurotransmitters enter the brain, these

neuroactive compounds may influence the CNS via activation of the vagus nerve.



The vagus nerve (cranial nerve X) links the CNS with the abdominal viscera. Primarily
composed of afferent fibers and responsive to the gut microbiota, the vagus nerve relays sensory
information (e.g. enteric inflammation) towards the CNS%*%4, Beyond vagal nerve activation,
gut-induced immuno-inflammatory responses trigger well-studied neurocognitive effects.
Peripheral enteric infection can induce sickness behaviour—a collection of depression-like
symptoms and impaired cognitive function—mediated by pro-inflammatory cytokines. Specific
bacterial components (e.g. lipopolysaccharide) and/or microbial translocation from a ‘leaky’ gut
barrier and/or general gut microbiota dysbiosis can also trigger inflammation and increased

oxidative stress both peripherally and within the brain®-68

. If unchecked, these aberrant shifts not
only promote neurological pathology®®, but also influence BBB integrity, a pathology reported

across neurological disorders®®7,

As the gatekeeper of the brain, the BBB provides an obvious substrate for microbial modulation.
The BBB maintains neural homeostasis, regulating the passage of oxygen and nutrients from the
circulatory system and guarding the CNS from toxins and pathogens’!-’2. While the exact
aetiology of BBB deterioration is likely multifactorial, gut-systemic research highlights a causal
role for the gut microbiota. Braniste ef al. reported increased BBB permeability within young,
GF mice. Microbial colonization or exposure to microbial-produced SCFAs, increased

expression of endothelial tight junction proteins, significantly improving BBB integrity’>.



Fig. 1.1 Gut Microbiota-Brain Axis
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Numerous signaling molecules and pathways comprise the gut microbiota—brain axis. Gut
microbiota dysbiosis, enteric pathogens, and/or GI epithelial breach influence behaviour and
neuroimmune responses via signaling pathways that include vagal nerve activation, systemic
pro-inflammatory cytokine expression, and oxidative stress production. Gut microbes synthesize

SCFAs that are absorbed into the circulatory system and pass through the BBB, affecting brain



and behaviour. Enteric and CNS levels of various neuromodulators compounds are altered in
GF mice. Exposure to commensal gut microbes largely improves aberrant profiles, further
demonstrating a causal role for the gut microbiota'®. Recently, a microbe—host mechanism of
serotonin production was described. Specific bacterial metabolites, including SCFAs, stimulate
enterochromaffin cells (pink coloured) within the colon, promoting serotonin synthesis®.

Adapted figure from Bauer et al. 2016°.

Chronic malnutrition increases the risk of behavioural disorders and impaired cognitive
performance’®. How the gut microbiota contributes to poor neurocognitive outcomes remains
largely unknown. In Chapter 4 I utilize a malnourished murine model to examine gut-brain
interactions in the context of gut microbiota dysbiosis. Malnutrition not only significantly
influences neural functions, but also informs systemic metabolism. In the subsequent section, I
introduce a systemic network orchestrating nutritional/metabolic processes of the

metaorganism—the gut-liver axis.

1.3.2 The Gut-Liver Axis

An essential hub for systemic homeostasis, the liver orchestrates nutrient metabolism, storage,
and transport’#”>, The liver surpasses the brain as the largest internal organ of the human body’*.
Like the brain, the liver actively participates in gut-systemic dialogue. The gut-liver axis

describes the collective bidirectional interactions between the liver and the GI tract with its

microbial communities>’°.



Gut-liver interactions facilitate metaorganism digestive and metabolic functions. The gut
microbiota expands mammalian digestion, metabolizing non-digestible complex carbohydrates
and synthesizing essential vitamins’”-’®. Upon enteric absorption, the hepatic portal vein
transports dietary and microbial products directly to the liver for downstream processing. The

liver, in turn, shapes GI functionality and nutrient uptake via bile acids>".

The liver synthesizes primary bile acids from cholesterol. Prior to excretion within the small
intestine (duodenum), bile acids may be conjugated to amino acids (e.g. glycine, taurine)®°.
These primary bile acids (conjugated, unconjugated) not only facilitate absorption of dietary fats
and fat-soluble vitamins, but also exert antimicrobial properties curbing expansion of the small
intestinal microbiota™3!. If not reabsorbed within the small intestine, colonic gut microbes
transform primary bile acids (e.g. via deconjugation reactions)®*33. These secondary bile acids
exert broad metabolic effects, and liver pathologies linked to overnutrition or undernutrition
display aberrant secondary bile acid profiles’-34#>, Intriguingly, a meta-analysis of fatty liver
cohorts highlighted a significant association between fatty liver disease and SIBO (small

intestinal bowel overgrowth), suggesting potential disruption of hepatic bile acid metabolism®.

Gut microbiota dysbiosis has been reported across liver pathologies from hepatic steatosis (fatty

87.88 with increased relative abundance of Enterobacteriaceae

liver) to hepatocellular carcinoma
members often reported™®’. Indeed, the critical regulatory role of the gut-liver axis is strikingly
revealed by the study of liver pathology (see also Chapter 4.4.1). Aberrant gut-liver interactions

involve many structural components (e.g. GI epithelium) and pathways (e.g. systemic

inflammation), which also comprise the gut-brain axis (Fig. 1.2)>!%7,
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The complex GI barrier prevents systemic gut microbiome dissemination. Pathogenic insult
and/or chronic gut microbiota dysbiosis promotes GI barrier permeability, facilitating escape of
microorganisms/microbial components. Inappropriate microbial translocation triggers systemic
immunoinflammatory responses and liver pathologies®>!%°. In addition to cytokine-mediated
inflammation, oxidative stress and subsequent metabolic alteration contribute to liver
pathology®®”!. As enteric infection, the dysbiotic gut microbiota, and bacterial translocation all
promote aberrant oxidation®*%%3, it is likely that microbial-mediated oxidative stress alters gut-
liver interactions. Beyond bile acid modulation, microbial metabolism generates
hepatomodulatory compounds from beneficial SCFAs (activates fatty acid oxidation)’* to

phenylacetic acid (exacerbates fatty liver)®.
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Fig. 1.2 Hepatic Pathology and the Gut-Liver Axis
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The gut-liver axis describes bidirectional signaling between the gut/gut microbiota and the liver.

Synthesized within the liver, primary bile acids modulate the gut microbiota and nutrient

processing. Within the large intestine, microbe-dependent reactions transform primary bile acids

into secondary bile acids, important metabolic modifiers. Gut microbiota alterations may
contribute to gut-liver pathologies via impaired bile acid metabolism and/or systemic
inflammation/oxidative stress and/or GI epithelial permeability. The hepatic portal vein links

circulating GI products with the liver. Poor GI barrier function facilitates aberrant escape of
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enteric microorganisms and/or microbial components. Microbial translocation triggers robust
immunoinflammatory responses. Chronic gut-liver dysbiosis drives hepatic pathologies,
including cirrhosis (upper right), whether recent microbiota-targeted approaches will
significantly improve advanced hepatic conditions remains unknown. For further review,
Sharpton et al. 20197° and Albillos et al. 2020° expertly detail the gut-liver axis during

homeostasis and pathology. Image created with Biorender.

The altered gut microbiota contributes to fatty liver pathologies and early microbial-targeted
treatments report promising, and novel, intervention strategies®’®. Probiotic treatment reduced
fatty liver severity in a pediatric cohort as assessed by a double-blinded randomized clinical
trial®®, while microbiota-directed complementary food (MDCF) intervention in undernourished
mice modified liver metabolism, promoting metabolic pathways linked to lean mass
development and protein synthesis’’. In Chapter 4 and Chapter 5 I investigate how early-life
malnutrition and dietary intervention shape the gut-liver axis and associated hepatic pathologies.

To fully understand these gut-systemic interactions, we must first review a key driver of

observed gut dysbiosis—the malnourished gut microbiome.

1.4 Malnutrition and the Gut-Microbiota: Cause, Consequence, Therapy?

1.4.1 The Systemic Burden of Malnutrition and Fecal-Oral Contamination
Undernutrition affects one-tenth of the global population®®. Nearly 150 million children under
the age of five present with stunting (reduced height-for-age) and over 49 million children

exhibit wasting (low weight-for-age)®®. Malnutrition accounts for nearly half the deaths in this
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highly vulnerable population’. Long-term consequences of early-life malnutrition include gut
dysbiosis, metabolic alterations, impaired immunity, and neurocognitive deficits involving
neurodevelopmental delays, behavioural alterations, and poor cognitive functioning’?719,
These features have been repeatedly described across protein-energy malnutrition pathologies,

including marasmus (severe wasting), kwashiorkor (growth deficits accompanied by edema, fatty

liver, and skin lesions), and marasmic kwashiorkor (combined symptoms)!'?1-104,

Beyond nutritional deficits, a critical environmental insult—fecal-oral contamination—drives the
persistence and pathology of early-life undernutrition, notably stunting and neurocognitive
impairment (see also Chapter 2.1)°1-73:195.19 Hijghly prevalent in regions with poor sanitation,
chronic exposure to fecal microorganisms promotes GI insult and pathologies, notably tropical
sprue (diarrheal condition) and environmental enteric dysfunction (subclinical gut atrophy). The
enteric pathophysiologies of fecal-oral contamination include inflammation, epithelial

permeability, and villous atrophy?!1%,

As discussed in Chapter 1.2, diet rapidly shapes the gut microbiota®>?>-*!, The gut microbiota
informs metabolic, immune, and nervous properties of the metaorganism and it is not improbable
that the malnourished gut microbiota actively contributes to systemic consequences of
malnutrition®!>. Fecal-oral contamination exacerbates malnutrition-induced GI disruption®! and
these shifts influence the composition and functionality of the gut microbiota. How, and to what
extent, fecal-oral contamination shapes aberrant gut-systemic interactions remains largely

unexplored.
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1.4.2 The Malnourished Gut Microbiome
Malnourished communities exhibit gut microbiota alterations'?, with early-life undernutrition
impairing gut microbiota assembly??, site-specific GI microbial colonization'?’, microbe-host

)108:109 "and bacterial metabolism®. While malnourished

recognition (e.g. IgA targeting
communities exhibit distinct gut microbiota profiles, increased relative abundance of specific
Acidaminococcus, Bacteroidales, Escherichia coli, and Desulfovibrio members have been linked
with stunting!?*!1198, Fecal-oral contamination also influences the gut microbiota, promoting

colonization by facultative anaerobes and increasing the risk of enteropathogens®!-107-119,

Though a consequence of diet and GI disruption, the dysbiotic gut microbiota itself exerts a
causal role in malnutrition pathology. Researchers first demonstrated a causal influence of the
malnourished gut microbiota through gnotobiotic studies. GF models maintained on a nutrient
deficient diet were colonized with the fecal microbiota community from discordant pediatric
twins (kwashiorkor, healthy). Malnourished mice exposed to the kwashiorkor microbiota
displayed significant growth deficits compared to those colonized from age-matched, healthy

donor samples!®.

Antibiotic treatment preceding dietary intervention reduces mortality and improves weight gain
in malnourished children, further supporting a causal role for malnutrition-induced gut
microbiota dysbiosis'!!. The 2018 MORDOR (Macrolides Oraux pour Réduire les Décés avec un
Oeil sur la Résistance) trials assessed antibiotic treatment in >190,000 malnourished children and

reported that antibiotic treatment reduced mortality by 13.5% in the antibiotic vs. placebo arm!!2,
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While antibiotic approaches significantly improved malnutrition outcomes, these intervention

protocols risk threats of antibiotic resistance!!!:!12,

Despite promising benefits associated with antibiotic usage, proper nutritional intake is essential
throughout malnutrition treatment. Acute dietary intervention with ready-to-use therapeutic food
(RUTF) improved growth and transiently mitigated features of gut microbiota dysbiosis in a
Bangladeshi pediatric cohort??. These findings showcase microbial responsivity to diet-based
intervention, highlighting the malnourished gut microbiota as an attractive therapeutic target. In
follow-up studies, researchers identified growth-discriminatory bacteria within a Malawian
pediatric cohort. Exposing young, malnourished mice to this growth-discriminatory consortium

modified the undernourished microbiome and rescued growth deficits!'!3

. These findings
launched the formulation and assessment of MDCFs!!#!15_ Ag dietary interventions targeting the
malnourished microbiome improved growth and aberrant metabolic features in gnotobiotic mice,
MDCEF efficacy was assessed against an established supplementary food intervention in a
randomized, double-blind controlled feeding pilot in Bangladesh. The microbiome-targeted
approach not only significantly improved pediatric growth, but also elevated systemic

neurodevelopmental markers!!#

. In contrast, complementary therapies specifically addressing
reduction of fecal-oral contamination, namely largescale WASH (water, sanitation, and hygiene)
interventions, report mixed outcomes'?!'®, Synbiotic (probiotic + prebiotic) interventions,
however, may benefit fecal-oral contamination-associated pathologies as a randomized, double-

blind, placebo-controlled trial conducted in rural India with >4,500 newborns recently reported

improved weight gain and reduced sepsis incidence amongst infants treated with Lactobacillus
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plantarum + fructooligosaccharide'>!!”7. Collectively, these results highlight diet and the gut

microbiota as a therapeutic target and therapy addressing malnutrition-associated pathologies.

Research utilizing malnutrition models launched innovative clinical approaches to reverse
malnutrition pathology. Development and characterization of novel models that combine
undernutrition and fecal-oral contamination is required to advance study of gut microbiota-

systemic interactions/therapeutic potential in the context of poverty-associated pathologies.

1.5 A Model Conclusion

Conventional models of malnutrition include protein-energy malnutrition®!, maternal
malnutrition'!8, and micronutrient deficiencies''”. Certain models even feature designer diets
matching both the dietary sources and nutritional content of particular malnourished
communities®’, while gnotobiotic rodents have facilitated much needed microbiome-focused

study®7114,

These models serve as a valuable resource for experimentally assessing malnutrition and the gut
microbiota. The pediatric “impoverished gut”!%, however, is shaped by a vast range of societal
(e.g. socioeconomic status), environmental (e.g. poor sanitation), and biological (e.g. infection)
factors'>73!19 And, as introduced in Chapter 1.4 and further reported in Chapter 2, a key driver
contributing to early-life undernutrition is fecal-oral contamination—an umbrella term covering
aberrant exposures to fecal microorganisms. This pathogenic driver spans societal,

environmental, and biological components of malnutrition as poor infrastructure and waste
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systems contribute to inappropriate fecal exposures and gut dysbiosis, increasing the risk of

enteric infection and impaired health outcomes’3-196:120,

Despite the significant consequences and prevalence of fecal-oral contamination in regions
associated with malnutrition, these interconnected features remain largely unexamined due to the
lack of appropriate experimental models!?3!. At the start of my doctoral research, the Finlay Lab
published a novel murine model combining malnutrition and fecal-oral contamination via
repeated bacterial gavage: MAL-BG (or MBG)?3!. This model provided an incredible tool to
experimentally address prevalent biological and environmental conditions informing
undernutrition. My research utilizes the MAL-BG model to (1) characterize the malnourished
metaorganism (2) examine how malnutrition and specific disruption of the enteric microbiome
alter brain and liver function, and (3) explore gut-systemic responses to dietary intervention. This
work not only furthers understanding into gut microbiota-systemic interactions, but also
highlights putative dietary and microbial targets addressing lasting pathologies of early-life

undernutrition.
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Chapter 2: The MAL-BG Model Exhibits Features of Early-Life Malnutrition

2.1 Introduction

Beyond diet, interdependent societal and environmental factors influence the pathology and
consequences of childhood malnutrition°7:120, A critical, environmental burden driving the
persistence of malnutrition is fecal-oral contamination. Poor sanitation, water quality, and access
to hygiene result in chronic exposure to fecal microbes. Fecal-oral contamination and subsequent
GI insult or infection promote gut dysbiosis and impair nutrient absorption, exacerbating
malnutrition while increasing susceptibility to enteric infections. For malnourished communities,
chronic GI dysbiosis and nutrient deficiency form a deadly cycle of deteriorating nutritional
status and health (Fig. 2.1)3!731%_ Gut-systemic consequences linked to these conditions include
impaired neurocognitive development, poor immune responses, and altered systemic
metabolism’31%%12! Indeed, recent evidence suggests that the malnourished gut microbiome
contributes to long-term physical and systemic sequelae of malnutrition?>3":193, Understanding
how and to what extent diet and fecal commensals shape systemic pathology is critical to

develop interventions and treatment for long-term consequences of undernutrition.
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Fig. 2.1 Cycle and Consequences of Malnutrition and Fecal-Oral Contamination
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Fig. 2.1 Legend

Model adapted from Guerrant et al. 2013'%. Economic, political, and biological features drive
the consequences of malnutrition, for a detailed review, see also Black et al. 201373, Specific
environmental drivers of malnutrition may be collectively described as fecal-oral contamination.
The precise roles of fecal-oral contamination promoting the lasting consequences of
undernutrition (e.g. stunting) remain unknown. The Finlay lab examines the role of the
microbiome in gut-systemic interactions of fecal-oral contamination within the context of early-

life malnutrition.
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Despite advances in nutritional supplements, dietary interventions deliver inconsistent results,
particularly reversal of growth deficits?>!22, Recently, large-scale research clinical trials, notably
SHINE (Sanitation, Hygiene, Infant Nutrition Efficacy) examined the efficacy of supplementing
dietary intervention with WASH to reduce fecal contamination and improve health in
malnourished communities. These trials resulted in largely disappointing results for growth
benefits and enteric disease, but may be linked to improved cognitive functions'?*12°, As
researchers contemplate more radical approaches tackling gut dysbiosis and malnutrition, the
need for robust and tractable models of fecal-oral contamination has emerged. To experimentally
examine malnutrition pathology and intervention in the context of fecal-oral contamination, the
Finlay Lab developed a mouse model integrating diet and chronic exposure to fecal

contamination.

In 2015, Brown et al. described the MAL-BG mouse, a novel murine model that combined poor
diet with repeated exposure to specific, gut commensals. During the initial study, malnourished
mice were exposed to distinct ‘bacterial cocktails’ consisting of human bacterial isolates. Of
these ‘bacterial cocktails’, only repeated Escherichia coli/Bacteroidales exposure in the context
of malnutrition triggered enteric features present in regions of poor sanitation, notably epithelial
permeability and reduced gut mucosa lining. Nevertheless, E. coli and Bacteroidales bacteria
have been linked to murine stunting within independent research facilities®!!®°, and increased
relative abundance of E. coli/Bacteroidales members were observed in pediatric malnutrition
cohorts!?719  Ag such, this model provides an attractive tool to assess the influence of early-life

malnutrition and fecal-oral contamination.
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This model has several limitations. While enteric infection is prevalent amongst communities in
regions with poor sanitation and fecal-oral contamination’®!'°, the specific bacterial isolates
utilized in the MAL-BG model have no reported pathogenicity. Indeed, MAL-BG mice lack

106 Our lab also

diarrhea and systemic inflammation, key features of enteric infection
characterized the enteric influence of E. coli/Bacteroidales exposure in healthy mice. Published
work demonstrated that repeated E. coli/Bacteroidales exposure does not trigger growth faltering
and/or gut dysbiosis and/or impaired immune responses in healthy mice®!. As the E.
coli/Bacteroidales bacterial gavage fails to robustly colonize healthy mice?!, subsequent research
reported here was not able to appropriately assess the impact of fecal exposures in the absence of
malnutrition. In contrast, fecal-oral contamination robustly colonized the malnourished gut and
triggered striking enteric features—GI barrier deficits and gut microbial dysbiosis—pathology
observed in environmental enteric dysfunction, a subclinical syndrome reported in regions of

malnutrition and fecal-oral contamination?!-1%, For detailed examination of MAL-BG model

development, as well as assessment of enteric features, see Brown et. al 2015%!.

Whether or not the MAL-BG model exhibits altered gut-systemic consequences of early-life

malnutrition in the absence of immune insult remained unknown.

2.2 Modelling Malnutrition and Fecal Oral Contamination
The following work utilizes the MAL-BG model, developed and previously characterized by
members of the Finlay 1lab*!!%, to examine the impact of diet and the commensal gut microbiota

in gut-systemic interactions of malnutrition (model setup reported in Fig. 2.2A).
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Briefly, newly-weaned C57BL/6J mice were placed on a malnourished diet (MAL mice), a
protein/fat deficient- and carbohydrate rich- chow reflecting nutritional shifts previously reported
in undernourished communities®!'26:127 (Table S.1). To model iterative fecal-oral contamination,
a subset of MAL mice was exposed to E. coli/Bacteroidales via bacterial gavage (MAL-BG
mice). CON mice, placed on a standard chow diet of equivalent caloric value, provided a healthy
control (Fig. 2.2B). Both the standard and malnourished chow differ in macronutrient, but not

micronutrient (e.g. vitamin, mineral), content.
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Fig. 2.2 MAL-BG Model and Diet
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Fig. 2.2 Legend

For MAL-BG characterization and compositional breakdown of the standard and malnourished
diets see Brown et al. 20153! and Table S.1. (A) At weaning (3 weeks), C57BL/6J mice were
placed on a standard (CON mice) or malnourished (MAL) diet. To model exposure to fecal

microbes, a subset of malnourished mice (MAL-BG) were exposed to a mixture of E.
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coli/Bacteroidales commensals via bacterial gavage. (B) Standard mouse chow contains 15% fat
and 20% protein, whereas the isocaloric malnourished diet is comprised of 5% fat and 7%
protein. Mouse chow was produced by Research Diets (New Brunswick, NJ, USA), ingredient list

included in Table S.1.

2.3 MAL-BG Exhibits Growth Faltering

In my hands, MAL and MAL-BG (MBG) mice exhibit both growth faltering and reduced tail
length, a proxy for stunting®!, after 4 weeks on the malnourished diet (Fig. 2.3A, B). Growth
deficits were further characterized via x-ray micro-computed tomography (micro-CT). Following
micro-CT scanning, I reconstructed three-dimensional images segmenting bone, lean, and
adipose tissues with MicroView software (Fig. 2.3C, D). MAL and MBG mice exhibited a
modest, albeit not significant, decrease of total volume (Fig. 2.3C). Fecal-oral contamination
exacerbated growth alterations, notably loss of bone and lean body percentage. In contrast, both
total volume and percent of adipose tissues increased within MAL and MBG mice (Fig. 2.3D),
indicative of impaired nutrient storage and metabolism, a process requiring healthy liver

function!?3,
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Fig. 2.3 MAL and MBG Mice Display Altered Growth Profiles
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Fig. 2.3 Legend

(A) Microbial exposure promoted weight faltering in malnourished mice, while (B) tail length, a
proxy for stunting, is reduced in malnourished mice (n = 19). (C) Representative images from
reconstructed micro-CT scans. Mid-coronal plane with lean and adipose tissue highlighted in
blue and green, respectively, overlaid on surface-rendered bone tissue (white), n = 5. Total body
volume (voxels) of the murine body (shoulder blade through tail) with (D) % lean, bone, and
adipose tissues. Bar graphs indicate mean and s.e.m. with statistical significance determined by
one-way ANOVA with post hoc Dunnett’s test (growth measures) or Kruskal-Wallis with post

hoc Dunn’s test (micro-CT assessment).

2.4 MAL-BG—An Informative and Experimentally Tractable Model

Globally, malnutrition accounts for a significant portion of early-life mortality”. Fecal-oral
contamination contributes to the persistence of malnutrition in regions of poor sanitation!%%:12%,
likely through gut microbiome-mediated pathways. While the gut microbiome has been shown to
have a causal role in malnutrition features within murine models—notably growth faltering and
poor immune responses®>3!:114 the precise role of fecal microbes in mediating gut-systemic

impacts remains less studied!%.

Beyond the gut, the altered gut microbiota has been linked to impaired nervous and metabolic
function®!”%>. The MAL-BG model, combining iterative exposure to fecal microorganisms and
fat/protein deficits®!, provides a valuable tool to examine how and to what extent gut microbes

and diet inform gut-systemic dialogue.
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In this work, I utilize the MAL-BG model to explore how this prevalent form of early-life
undernutrition impacts brain and behaviour, independent of external factors (e.g. socioeconomic
status, education access)’>!2°. This approach utilized classical, murine neurocognitive tests and a
neurobiology (glial) perspective, studies that depended upon ex vivo gut and brain sampling not
possible in the absence of murine models (Chapter 3). Finally, the MAL-BG model also
provided a tool to (1) examine how diet and gut microbes contribute to fatty liver (Chapter 4)
and (2) explore the role of dietary intervention during critical developmental periods for health

trajectories (Chapter 5).

2.4 Chapter 2 Methodology

MOUSE STUDIES

Newly-weaned, female C57BL/6J mice were purchased from Jackson Laboratory and housed at
the UBC Modified Barrier Facility (12-h light—dark cycle, ad libitum chow and water access).
Mice were randomized into experimental groups with comparable starting weights and housed in
ventilated cages filled with wood chip bedding (3-5 per group). All mouse studies were
approved by the Animal Care Committee at UBC and the Canadian Council on Animal Care

guidelines.

MBG MODEL
Mice received either standard mouse chow “control diet” (D09051102) or an isocaloric
“malnourished diet” (D14071001) developed by Research Diets, New Brunswick, NJ. A subset

of mice on the malnourished diet were exposed to a cocktail of seven bacterial commensals,
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(B. vulgatus 3/1/40A, B. fragilis 3/1/12, B. ovatus 3/8/47, B. dorei 5/1/36 (D4), P. distasonis
2/1/33B, E. coli 3/2/53, and E. coli 4/1/47) given in a 1:1 ratio. Bacteria were plated in
anaerobic conditions on fastidious anaerobe agar prior to oral gavage (100 puL). Following two
weeks on the control or malnourished diet, all mice received a series of three gavages
administered every other day: MAL-BG/MBG (10° bacterial cells/mL sterile, reduced PBS),
non-MBG groups (sterile, reduced PBS). Full methodology and further dietary reports

provided in published reports3!-1%,

MICRO-CT

Micro-CT scans were completed on seven-week-old anesthetized (isoflurane) mice within the
Centre for High-Throughput Phenogenomics at the UBC using the eXplore CT 120 (TriFoil
Imaging, Chatsworth, CA, USA). Micro-CT scanning was conducted with in-house protocols
(rotation mode: continuous, single scan time: 4 min, entrance dose 175 mGy). Image datasets
were reconstructed into three-dimensional volumes (isotropic voxel size: 100 pm). Based on
published methodology'?°, we classified tissues into adipose, lean, and bone tissue with
MicroView software (GE Healthcare Biosciences) with the following signal-intensity

thresholds -200 to -275, -30 to -40, and 190 to 250 HU, respectively.

STATISTICAL ANALYSIS

Statistical analyses were performed using GraphPad Prism Software Version 7.00/8.1.1.
Statistical significance throughout the thesis given as ****P <0.0001, ***P <0.001 **P <0.01,
*P <0.05, and Padj = FDR correction. Analyses are expressed as the mean with s.e.m. unless

otherwise stated. The same statistical parameters were applied in Chapters 3-5.
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2.5 Chapter 2 Summary

The MAL and MAL-BG models display growth faltering and stunting—expected deficits
observed in pediatric, undernourished communities’3. Fecal-oral contamination exacerbated
specific growth alterations, notably altering adipose accumulation in malnourished mice. As this
aberrant growth profile is linked to impaired fat metabolism and storage!?®, the MAL-BG model
provides a useful tool to not only assess the role of diet and the gut microbiota during
malnutrition, but also gut-systemic alterations in fatty tissues. To start exploring how the gut
microbiota influences systemic consequences of malnutrition, I now turn to the fattiest organ in

the mammalian body—the brain.
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Chapter 3: Gut Microbes Shape Microglia and Neurocognitive Function During

Malnutrition

3.1 Introduction

3.1.1 Malnutrition and the Gut-Brain Axis

Childhood malnutrition affects neurodevelopment, impairing neurocognitive function and
increasing the risk of depression and anxiety!3!:!32, Early-life undernutrition triggers long-term
cognitive deficits with multiple studies reporting that previously malnourished youths and adults
display worse 1Q and academic performance compared to control cohorts that never experienced
food insecurity’*133-13¢ These deficits largely remained even after correcting for external factors.
Nevertheless, neurocognitive development, is certainly shaped by external forces, including
parental IQ, socioeconomic status, maternal health, and educational access’™!132:134.136,
Consequently, researchers recommend combining nutrient-based interventions with behavioural
practices (e.g. increasing early-life cognitive stimulation) to address poor developmental
trajectory within undernourished communities’!2°. In the future, intervention strategies may
target specific CNS components and gut-brain interactions abused from dietary deficiency. But

what are the underlying biological drivers contributing to neurocognitive deficits?

Early-life dietary deficiency influences head circumference and brain volume, a feature observed
in both human populations and malnutrition models'3”-138, Rodent models provided additional
insights into the specific neurological consequences of malnutrition. Beyond total growth
deficits, malnutrition impairs formation of cerebral cortex and hippocampus, critical regions of

cognition and memory formation. While total numbers of cortical neurons remained comparable
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between healthy and malnourished rodent models, early-life malnutrition triggered subtle, yet
damaging, shifts in neuronal connectivity'**!3°, Glia, non-neuronal cells, inform synaptic
pruning'*® and malnutrition likely disrupts neuron-glia interactions. Moreover, malnutrition
affects non-CNS components that undoubtedly contribute to altered brain health trajectories.
Indeed, these components may not even be mammalian, but rather microbial. The GI tract, the
site of nutritional absorption, is coated with trillions of commensal microbes, which respond to

dietary cues, informing host health and function'®,

Diet rapidly alters the composition and functional capacity of the gut microbiota?>*!. Commensal
microbes, in turn, modulate brain and behaviour'®*, and the malnourished microbiota likely
contributes to the neurological consequences linked to undernutrition. The altered gut microbiota
has been linked to poor CNS function through key gut-brain pathways including:
neuroinflammation'”'#!, BBB deficits’?, and disrupted neurometabolism*®*!42, Despite the
prevalence of early-life malnutrition, how and to what extent malnutrition and gut microbes

shape gut-brain interactions have been largely unexplored.

The MAL-BG model provides a valuable tool to assess the effects of fecal-oral contamination on
neurocognitive outcomes of early-life malnutrition. In this chapter, my work specifically
examines how diet and microbes influence a key regulatory cell that continuously surveys and

responds to the CNS environment—the microglia.
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3.1.2 Microglia
While rodent models assessing malnutrition and the CNS have largely focused on neuronal
assessments and total brain volume'?’, far less is known regarding undernutrition and glial cells,

non-neuronal cells whose functionality and maturation are shaped by commensal microbes*®

(Fig. 3.1A).

In contrast with other brain cells, microglia originate from erythromyeloid progenitors from the
yolk sac before colonizing the prenatal CNS!'43, These immune cells eventually account for
~12% of cells in the mature brain'**. Highly motile, microglia processes continuously survey
surrounding synapses in physiological conditions'** and rapidly respond to CNS injury and/or
immune stimuli'®. Intriguingly, the gut microbiota has been shown to influence microglia
maturation and neuroimmune function*®!#!, GF mice exhibit an immature microglia phenotype
characterized by increased process length and process complexity (number of branch points) and
poor neuroimmune responses compared to specific-pathogen-free (SPF) counterparts. Microbial
recolonization with commensal gut microbes or supplementation with microbial metabolites,

specifically SCFAs, partially rescued microglia features*®.

Functional microglia regulate neuroimmune responses within the CNS. Microglia can recognize
pathogenic agents via toll-like receptors (TLRs), scavenge neuronal debris, mediate
inflammatory responses, and phagocytose noxious elements'#+!46, Overactivation of microglia
elicits neurotoxic effects through aberrant pro-inflammatory cytokines release and reactive
oxygen species (ROS) production via NADPH oxidase activity'**-!4’. This microglial

dysregulation is thought to drive progression of neurodegenerative and psychiatric
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disorders!**!#°_ In addition to neuroimmune functions, microglial phagocytic activity modulates
brain plasticity through programmed elimination of neuronal synapses (synaptic pruning) during
development. Specific chemokines and members of the classical complement cascade (e.g. C1q)
have been identified as CNS markers triggering microglial phagocytic responses. Throughout
development and beyond, microglia continuously regulate synaptic plasticity and strength via

these elimination pathways!4%:130,

Finally, microglia morphology provides a valuable indicator for microglia activation and broad
functionality!>!. The spectrum of dynamic microglial phenotypes ranges from quiescent “resting”

(ramified morphology with extended processes) to “activated” (amoeboid morphology with

retracted processes), see Fig. 3.1B.
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Fig. 3.1 Diverse Microglial Functionality and Form
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Fig. 3.1 Legend

(A) Microglia provide an attractive CNS feature to assess during malnutrition as these
macrophage-like cells exhibit broad immune and homeostatic function. Moreover, microglia are
shaped by and respond to the commensal microbiome. Erny et al. 2015* reported that compared
to colonized (SPF) mice, GF microglia exhibit altered morphology and impaired immune
function. (B) Microglia exhibit a range of phenotypes. Even in a “resting” state, highly dynamic
microglial processes survey the CNS environment and secrete signaling factors, including
cytokines. Microglial phagocytic functions may modulate brain plasticity during synaptic
pruning or in response to activating signals from a strained CNS environment (e.g. elevated
oxidative stress within the brain). During microglial activation, processes retract and the cells
assume an amoeboid form. Activated microglia release elevated levels of proinflammatory
cytokines as well as ROS via NADPH oxidase. Images partially created with Biorender. For a

detailed review of microglial form and function, see Block et al. 2007'* and York et al. 2018'2.

3.2 MAL-BG Mice Display Altered Behaviour And Cognitive Function

I first assessed whether the MAL-BG model displays behavioural and cognitive deficits
associated with childhood undernutrition and fecal-oral contamination’®!33, As we have
previously demonstrated that repeated E. coli/Bacteroidales exposure does not trigger growth
faltering, gut dysbiosis, or robust colonization of these fecal commensals in healthy mice®!, we
focused on assessing how fecal-oral contamination shapes behavioural differences during
malnutrition using the MAL and MAL-BG models. CON mice provided a healthy control for

behavioural and cognitive testing.
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The Open Field Test (OFT) measures locomotion and exploration'*!33, Increased aversion of
the central open field zone (OFZ) suggests anxiety-like behaviour in rodents (Fig. 3.2A)"4. 1
initially hypothesized that malnutrition would increase anxiety-like behaviour in MAL and
MAL-BG mice. Both distance and total immobility during the OF T were measured to assess
potential locomotion deficits. All groups exhibited comparable locomotion activity, indicating
that altered exploration would not result from gross physical differences (Fig. 3.2B).
Unexpectedly, MAL-BG mice spent more time within the OFZ (Fig. 3.2C, D), displaying
increased exploration (F2, 57 = 6. 878, P =0.0021). Immobility (resting) within the OFZ increased

amongst MAL-BG mice, supporting an absence of OFZ-induced anxiety (Fig. 3.2D).

Fig. 3.2 MAL-BG Mice Exhibit Altered Exploratory Behaviour
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Fig. 3.2 Legend

(A) OFT setup with OFZ highlighted in blue, pooled data from three independent experiments.
(B) Total distance travelled (top) from a representative OF T experiment and total immobility
“resting” (bottom) were comparable across the groups, indicative of similar physicality.

(C) Representative heatmap and tracking plots displaying OFT exploration patterns. (D) MAL-
BG mice exhibit altered exploratory behaviour, spending significantly more time within the OFZ
(top), including increased OFZ immobility (bottom). OF T assessments were conducted with
blinded Anymaze software tracking. Graphs indicate mean and s.e.m. with statistical

significance determined by one-way ANOVA with post hoc Tukey’s test.

Further behavioural testing supported increased exploratory behaviour in the absence of anxiety-
life features within the MAL-BG model. All mice displayed comparable anxiety-like behaviour
during the light-dark box test (Fig. S.1A, B)!>®, while the novel object recognition test (NORT)
examined both novelty exploration and memory performance (Fig. S.1C, D)!%. During a brief
familiarization period, individual mice freely explored an arena with two identical objects. After
familiarization, one object was replaced with a similarly-sized but distinctly “novel” object (Fig.
S.1C). Individual mice were returned to the disinfected arena after several hours for the recall
period. As rodents typically exhibit novelty preference, decreased exploration of the novel item
connotes impaired novel object recognition. All groups exhibited novelty preference (novel:old
exploration ratio >1) and comparable total exploration time, a measure of interaction (Fig. S.1C,
D). MAL-BG mice, however, exhibited a non-significant increase of interactions with the novel

object (Fig. S.1C), further supporting altered exploratory behaviour.
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To specifically assess cognitive function, I utilized the Morris water maze test (MWMT), a

157 Mice underwent two

measure of spatial learning, reference memory, and cognitive flexibility
training periods (acquisition, reversal) to learn the location of a hidden platform. Recorded
learning periods consisted of eight, 60 s trials across two days with randomized entry locations
(Fig. 3.3A and Fig. S.2A-C). Average swim speeds were recorded during a 30 s free swim (no
platform) 24 h after both learning periods (Fig. S.2B). As MAL and MAL-BG mice displayed

similar swimming capability to healthy controls, the MWMT results were not influenced by

altered physicality.

We observed comparable reference memory and spatial learning during acquisition training (Fig.
3.3A). We next probed learning within the context of cognitive flexibility, placing the hidden
platform within the opposite pool quadrant (reversal learning). Upon reversal, MAL and MAL-

BG escape latencies (time to platform) increased, indicative of impaired learning'>’

. Learning
deficits persisted, even broadened, across the reversal period (Fig. 3.3A-C). Accidental platform
discovery did not drive these findings, as reversal escape latencies during the initial trial were
comparable across groups (Fig. S3.2C). CON mice rapidly learned the new location of the
hidden platform, while malnourished mice persistently honed to the prior platform location,
indicative of impaired memory extinction. By the final training day (Day 2r), CON mice had
largely eliminated prior platform entries, rapidly locating the hidden platform. In contrast, MAL-
BG mice were ~3X more likely to return to the prior platform zone (Fig. 3.3B, C), exhibiting
marked cognitive inflexibility!*®. Collectively, these results indicate that exposure to fecal

microbes possibly exacerbates behavioural shifts and poor cognitive flexibility during early-life

malnutrition.
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Fig. 3.3 MAL and MAL-BG Mice Exhibit Altered Cognition
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Fig. 3.3 Legend

(A) MWM setup, pooled results from two independent experiments. Detailed MWM procedures
provided in Methods and Fig. S.2. During the initial learning phase (acquisition = 4) all mice
learned to locate a hidden platform (four trials/d; gray arrows denote approximate mouse entry
locations). All groups displayed comparable escape latencies (time to platform). We report
averaged escape latencies of individual mice. Malnourished mice exhibit increased escape
latency when platform location changed (reversal = r). (B) Representative swim paths from the
final Acquisition and Reversal trial: solid circle = platform location, dotted circle = prior
platform location, blue dot = start position, and red dot = final position. (C) Entries to the prior
platform location of each mouse averaged across four trials, for the 1I°' day of reversal learning

(top) and 2" day of reversal learning (bottom). MWMT assessments were conducted with
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blinded Anymaze software tracking. Graphs indicate mean and s.e.m. with statistical

significance determined by one-way ANOVA with post hoc Dunnett’s test.

As cognitive processes and learning flexibility require hippocampal synaptic plasticity and

140,157-159

appropriate glia function , we characterized form and function of microglia, key

regulators of brain homeostasis which are responsive to microbiome shifts*.

3.3 Malnutrition and Gut Microbes Alter Microglia Morphology

As microglial phenotypes are linked to functionality and neural environment, we first examined
CON, MAL, and MAL-BG microglial morphology. Using two-photon microscopy, we assessed
microglia within the hippocampus (CA1 region) of CX3CR1"ES*P mice on a C57BL/6J
background!®®. 3DMorph provided semi-automatic, multidimensional morphological
measurements from four independent experiments'®!. Microglia from CON hippocampi display
expected ramified morphology. In contrast, MAL and MAL-BG microglia exhibit divergent
phenotypes compared to healthy controls with larger and smaller cell volumes, respectively (Fig.
3.4A). We observed comparable numbers of hippocampal microglia across mice regardless of
diet and microbial exposure (Fig. 3.4B). Compared to MAL morphology, MAL-BG microglia
exhibit an activated-like phenotype with decreased microglial cell and territory (total
surveillance area) volume (F235 = 3.942, P = 0.0286 for cell volume; F235 = 10.06, P = 0.0004
for territorial volume). However, these alterations did not significantly influence process number

(endpoints) or process complexity (branch points), see Fig. 3.4C.
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Fig. 3.4 Gut Microbes and Malnutrition Modulate Microglia Morphology
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Fig. 3.4 Legend

(A) Microglia cells within the CAl hippocampal region of CX3CRI1ECFP CAI hippocampal
images with representative CON, MAL, and MAL-BG microglia (inset). (B) Data pooled from
three experiments with counts normalized to the CON group of each experiment. (C) Microglia
morphology was quantified from four separate experiments using 3DMorph software and
normalized to the CON group of each experiment. MAL microglia exhibit increased cell and
territorial volume, while MAL-BG microglia exhibit smaller volumes. Graphs indicate mean and

s.e.m. with statistical significance determined by one-way ANOVA with post hoc Tukey’s test

(morphology).
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3.4 Fecal-Oral Contamination Influences Function of Malnourished Microglia

We next investigated microglial surveillance capacity. CON, MAL, and MAL-BG mice exhibit
comparable motility as measured by process additions and retractions across time (Fig. S.3A).
We then assessed microglia surveillance in the context of acute hippocampal insult. Microglial
processes rapidly respond to damaged and apoptotic cells, cordoning off injured tissue'®2.
Focused two-photon laser scanning induced precise lesions in ex vivo hippocampal slices from
CON, MAL, and MAL-BG mice. Microglial response strength (fluorescent intensity surrounding
lesion) was comparable across CON, MAL, and MAL-BG (Fig. S.3B, C). After characterizing
microglial morphology and motility, we assessed transcriptional profiles to explore whether

fecal-oral contamination alters putative microglial function during malnutrition.

To examine transcriptional alterations, we conducted RNA-Seq following microglial enrichment
(CD11b+ population) from CON, MAL, and MAL-BG whole brains (~90% microglia), Fig.
S.4A). Count transformation and identification of differentially expressed genes (DEGs) from
RNA-Seq data were determined by DESeq2!'%3. PCA of transformed mRNA gene counts
revealed a striking shift in the transcriptional profile of MAL-BG microglia (Fig. 3.5A). After
filtering low gene counts, 4,685 genes were differentially expressed between MAL-BG and CON
samples, while 4,454 genes were differentially expressed between MAL-BG and MAL samples
(Padj <0.05, FC > |1.5]). Remarkably, no DEGs were observed between CON and MAL

samples (Fig. 3.5B).

Nearly 1,800 DEGs were overexpressed in MAL-BG samples (Padj < 0.05, FC >1.5), compared

to CON and MAL mice (Fig. 3.5B). ReactomePA (hypergeometric model'®*) identified
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biological pathways enriched in control and malnourished microglia. Enrichment profiles were
comparable between MAL-BG vs. CON and MAL-BG vs. MAL conditions, with more pathways
identified in the MAL-BG vs. CON pathway analysis. Enriched CON vs. MAL-BG pathways
identified multiple homeostatic processes, notably neurotransmitter signaling and axon/synapse
regulation, while MAL-BG microglia display altered lipid and carbohydrate metabolism.
Notably, major histocompatibility (MHC) Class I and antigen-processing pathways were highly
enriched in MAL-BG samples, functional processes linked to phagocytosis and increased

degradation events (Fig. 3.5C)!6>16¢,
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Fig. 3.5 MAL-BG Microglia Exhibit Altered Gene Profile
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Fig. 3.5 Legend
(A) PCA of transformed gene counts from RNA-Seq data of microglial-enriched samples

(CD11b+). (B) Venn diagram reporting overexpressed MAL-BG DEGs compared to CON (dark

gray) and MAL (blue) samples. (C) Pathway enrichment analyses conducted with

ReactomePA'%* (DEGs. Padj <0.05, FC >1.5); MAL-BG vs. CON (left) or MAL-BG vs. MAL

(right). Far right panel: CON vs. MAL-BG pathway enrichment analysis (top 30 pathways).
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To further probe alterations in principal microglial functions, we identified the most abundant
genes present across samples. MAL-BG mice, once again, exhibit a distinct microglial
transcriptional profile (Euclidean clustering). NIH (National Center for Biotechnology
Information, NCBI) and Weizmann Institute (GeneCards®) gene databases provided broad gene
function (Fig. 3.6A) and selected DEG expression was validated by flow cytometry and RT-
qPCR (Fig. S.4B, C). As anticipated, highly expressed non-DEGs serve essential cellular
activities, including key transcriptional regulators (Malatl and Btg2). The function of many
highly expressed DEGs were broadly categorized into (1) lipid metabolism (e.g. Enpp?2) and
degradation pathways, including (2) lysosomal processing, notably cathepsin proteases (Ctsd and
Ctss) and (3) phagocytosis regulation and/or synaptic pruning (Clqa, Clgc, Clgb, and Sirpa).
Interestingly, genes linked to immune function were not differentially expressed, such as Jun and

Junb, genes involved in TLR and interleukin (IL) signaling.

To validate a phagocytic MAL-BG profile, we counted the number of large phagocytic cups—
actin rich, lasso-like structures formed during microglial envelopment/engulfment!®’. Increased
phagocytic structures were present in malnourished brains with MAL-BG mice exhibiting nearly

3x more phagocytic cups compared to healthy controls (Fig. 3.6B).
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Fig. 3.6 MAL-BG Microglia Display Increased Phagocytic Structures

Fig. 3.6 Legend
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(A) Heatmap of transformed gene counts with DEG (Padj <0.05, FC >|1.5|) and gene function

data provided. DESeq? identified the top 50 most abundant microglial genes; MAL-BG samples

exhibit low intrasample variability (Euclidean distance). DEGs in blue and non-DEGs in yellow

(t = true, f = false). Genes were searched against the NCBI and GeneCards® databases to

determine function. (B) Representative microglial phagocytic cup (pink arrow, top). Data from

four independent experiments, each symbol represents average microglial cup number per

hippocampal region. Bar graph indicates mean and s.e.m. with statistical significance

determined by one-way ANOVA with post hoc Tukey’s test.
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Microglia exhibit diverse phagocytic functions, from modulation of brain plasticity via synaptic
pruning throughout neurodevelopment, to engulfment of noxious stimuli during neuroimmune

responses! 40152

. To identify the scope of MAL-BG microglia function and examine how fecal-
oral contamination contributes to the aetiology of aberrant microglial phagocytosis, we assessed

key gut microbiota-brain pathways, namely inflammation, barrier integrity, and

neurometabolism®!8,

3.5 MAL-BG Microglial Alterations Occur Independently from Neuroinflammation and
BBB Deficits

Chronic microbial exposures can trigger systemic inflammation, inducing sickness behaviour—
a neuroinflammatory condition often characterized by depression-like features and
neurocognitive impairment'®®, Indeed, sickness behaviour, as well as neurodegenerative and
encephalitis conditions, trigger microglial activation associated with neuroinflammation and

robust cytokine production*®-141-168,

Malnutrition often presents with systemic comorbidities including immune dysregulation?®!-190:16%,
With an activated-like morphology, we initially hypothesized that MAL-BG microglia likely
survey and respond to neuroinflammation. Somewhat unexpectedly, MAL and MAL-BG brain
tissues exhibited low proinflammatory cytokines levels (Fig. 3.7A). We next examined whether
peripheral inflammation contributed to microglia alterations. Cytokines measurements from
serum revealed low pro-inflammatory cytokine levels in MAL-BG, comparable or lower than

CON sera (Fig. S.5A). To specifically address microglial-mediated inflammatory responses, we
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measured expression of key immune receptors by flow cytometry (CD11bPigh/ F480high/CD45low
population), Fig. S.5B. The frequency and geometric mean fluorescent intensity (gMFI) of
CD86, MHC 11, and TLR 4 were comparable across dietary conditions (Fig. 3.7B), Collectively,
these findings suggest that the morphological and transcriptional profile observed in MAL-BG

microglia is distinct from classical, inflammatory microglial activation.

Our lab previously reported that fecal-oral contamination influences small intestinal permeability
in malnourished mice®!. In addition to regulating the enteric barrier, gut microbes have been
linked in the development and maintenance of the CNS analogue—the BBB’2. CON, MAL, and
MAL-BG BBB permeability was measured by IgG immunostaining and tetramethylrhodamine
biocytin (biocytin-TMR) permeability across the neural vasculature. All groups exhibited low
levels of interstitial IgG, indicative of BBB integrity!’® (Fig. S.5C). To confirm results, we
measured biocytin intensity within the brain following biocytin-TMR tail vein injection. CNS
endothelial cells lack vitamin transporter Slc5a6 required for expected biocytin transport, though
BBB deficits enable biocytin-TMR CNS distribution!”!. We observed no difference in biocytin-
TMR intensity throughout cortical tissue in CON, MAL, and MAL-BG mice (Fig. 3.7C, D and
Fig. S.5D). BBB integrity was measured at the standard endpoint—14 d following bacterial
gavage. These findings do not exclude the possibility of transitory BBB deficits at earlier
timepoints. However, as we observed comparable macrophage populations (CD11bhigh/CD45Mieh)
via flow cytometry in CON, MAL, and MAL-BG brains (see Fig. S.4A), infiltration by
peripheral immune cells due to transient neuroinflammation and/or BBB disruption is likely not

driving MAL-BG microglial shifts.
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Fig. 3.7 Microglial Alterations Occur in The Absence of Neuroinflammation and BBB
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Fig. 3.7 Legend

(A) Proinflammatory cytokines (TNF-a, IL-6) from cortical brain tissues, cytokine levels
normalized to tissue weight (n = 19 CON, 21 MAL, 16-17 MAL-BG), data from three
independent experiments. (B) Percent microglia within the cell population of CON, MAL, and
MAL-BG brains. Microglia identified as CD11b"¢"/F480"¢" within a CD45"" cell population
with flow gating in Fig. S.5B. TLR4, CD86, and MHC Class Il gMFI and frequency (%
microglia) presented. (C) Averaged biocytin fluorescent intensity following biocytin-TMR tail-

vein injection (D) Representative CON, MAL, and MAL-BG cortical slices (bottom) with

matched rostral =2 caudal CNS images, biocytin-TMR appears white. Graphs indicate mean and
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s.e.m. with statistical significance determined by Kruskal-Wallis with post hoc Dunn’s test (flow

cytometry) or one-way ANOVA with post hoc Dunnett’s test (biocytin and cytokines).

3.6 MAL-BG display altered neurometabolism

3.6.1 MAL-BG hippocampal metabolome linked to oxidative stress
We then assessed neurometabolism, specifically targeting the hippocampus, a critical region for

cognitive function and spatial memory!>®

. Untargeted metabolomic analyses were conducted on
single hippocampi from CON, MAL, and MAL-BG mice by reversed-phase ultra-high-
performance liquid chromatography—Fourier transform mass spectrometry (RP-UPLC-FTMS).
This method identified and relatively quantified >6,300 unique metabolite features with 25
differentially abundant hits (one-way ANOVA Fischer’s LSD, Padj < 0.05), far fewer compared
to the previously reported small intestine metabolome?!, likely highlighting CNS resilience

against malnutrition. Indeed, both the BBB and high nutritional requirement contribute to a

distinct, and energetically resilient, metabolomic profile within the brain!%!73,

Partial least squares discriminant analysis (PLSDA) and unsupervised PCA revealed moderate
shifts in the hippocampal metabolome (Fig. 3.8A and Fig. S.6A). Differentially abundant m/z
features were putatively annotated with the METLIN database!’*. Ton mode, m/z, and putative
annotations are reported in Fig. S.6B. Many differentially abundant metabolites participated in
lipid metabolism, recalling the microglial transcriptome (Fig. 3.5C and Fig. 3.6A) and previously

published metabolic alterations within the malnourished small intestine®!. Notably, MAL-BG
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mice exhibited altered polyunsaturated fatty acid (PUFA) metabolism (Fig. S.6B), validated by

PUFA profiling via GC.

Compared to standard chow, the malnourished diet contains ~1/3™ of essential PUFAs: linoleic
acid (LA, 18:2 ®6) and a-linolenic acid (aLA, 18:3 3)*!. Despite a modest increase in chow
consumption (Fig. S.6C), malnourished mice fail to match CON PUFA availability. While
dietary LA and aLLA are reduced in malnourished cortical tissue, CON, MAL, and MAL-BG
mice exhibit comparable levels of total PUFA species (Fig. 3.8B, C). Levels of ®6 PUFAs
derived from LA were unaltered (e.g. arachidonic acid, AA) or even elevated (e.g. dihomo-y-
linolenic acid, DGLA) in MAL and MAL-BG brains (Fig. 3.8C), supporting putative metabolite
hits (Fig. S.6B), indicating efficient shunting of LA into w6 PUFAs. Elevated 6/w3 PUFA
ratios, indicative of metabolic-induced inflammatory stress!”>, were not observed in MAL and

MAL-BG cortical tissue despite altered PUFA metabolism (Fig. S.6D).

Comprised of multiple unsaturated double bonds, PUFAs are highly susceptible to oxidation!”s.
As oxidative stress has been linked with microglial dysfunction and neurocognitive

conditions!76-178

, we measured markers of lipoxidative stress as well as markers of direct amino
acid (protein) oxidation and glycoxidation (Fig. 3.8C). Malnutrition alone was sufficient to
increase oxidative stress within the brain, as demonstrated by increased HAVA [(2H5) 5-
hydroxy-2-aminovaleric acid] and CEL [Ng -(carboxyethyl)-lysine] levels, biomarkers of protein
oxidation and glycoxidative stress, respectively (F224=9.494, P = 0.0009; F224=9.576, P =

0.0009). Fecal bacterial exposure, however, significantly exacerbated lipoxidative stress during

malnutrition. MAL-BG brains displayed elevated CML [Ne -(carboxymethyl)-lysine] (general
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lipoxidation/glycoxidation maker) and MDAL [Ne-(malondialdehyde)-lysine] (PUFA-dependent
lipid peroxidation) levels (F2,24 = 6.954, P = 0.0042 for CML; F223 =5.618, P =0.0103 for
MDAL)!7¢, Moreover, select microglial genes involved in PUFA-dependent activation of
NADPH oxidase (e.g. S100a8, S100a9), a major source of microglial-produced ROS!32179:180,
were elevated in MAL-BG microglia (Table S.2). These findings indicate that MAL-BG

microglia may both respond or contribute to CNS oxidative stress.

Fig. 3.8 Malnutrition Promotes Altered PUFA Metabolism
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Fig. 3.8 Legend

(A) PLSDA of untargeted hippocampal metabolomics, data from the negative ion channel (see
also Fig. S.64). (B) Relative abundance PUFA levels within cortical tissue, collective levels

normalized to controls. (C) The relative abundance of PUFAs from cortical brain tissue reveal
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altered w6 and w3 metabolism, major PUFAs labelled, including LA, DGLA, AA, alLA, and DHA
= docosahexaenoic acid (n = 8-9 CON, 7 MAL, 10 MAL-BG). (D) HAVA, CEL, CML, and
MDAL levels from murine cortical tissue. Data normalized to tissue mol lysine. Bar graphs
indicate mean and s.e.m. with statistical significance determined by one-way ANOVA with post

hoc Tukey'’s test.

3.6.2 Fecal-oral contamination triggers systemic oxidative stress
Aberrant oxidative stress has long been considered both a driver and feature of early-life
malnutrition®181182 " Ag ogut microbiota dysbiosis, including altered E. coli abundance, have been

linked to systemic oxidative stress®>183-184

, we hypothesized that aberrant oxidation may originate
at the interface of the gut microbiota and host with increased ROS levels. Volatile ROS triggers
production of reactive aldehydes, such as MDAL, which initiates a positive feedback of
continued lipid peroxidation!7®!3>-136 To assess oxidative strain in the gut, we measured ROS in
ex vivo epithelial cells harvested from the CON, MAL, and MAL-BG small intestine. Following
E. coli/Bacteroidales exposure, the average ROS levels roughly doubled within the malnourished
intestine (Fig. 3.9A). As fecal-oral contamination promotes gut dysbiosis, we also assessed
compositional and functional changes to the fecal microbiota. Principal component analysis
(PCA) of unweighted UniFrac distances generated from 16S rRNA sequencing revealed marked

shifts in the MAL and MAL-BG fecal microbiota, with samples clustering by bacterial exposure,

then diet (Fig. 3.9B).

Finally, to test whether MAL-BG gut and brain oxidative stress reflects a systemic profile, we

measured we measured oxidative stress markers within another fatty organ informing metabolic
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homeostasis—the liver. As anticipated, chronic microbial exposure largely exacerbated oxidative
stress within the liver. Fecal-oral contamination promoted levels of hepatic MDAL, but not
CML, during malnutrition, demonstrating a systemic PUFA lipoxidation profile in the MAL-BG

model (Fig. 3.9C).

Fig. 3.9 MAL-BG Model Exhibits Systemic Oxidative Stress
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Fig. 3.9 Legend

(A) Cellular ROS levels within ex vivo intestinal epithelial cells from the CON, MAL, and MAL-
BG small intestine, fluorescent intensity was measured via plate reader following 30 min
treatment with CellROX® (15 uM final concentration). (B) The average relative abundance of
the fecal microbiota (n = 4) by family classification determined by the 16S rRNA gene (left).
Unweighted UniFrac PCA and o-diversity (Shannon index) of the CON, MAL, and MAL-BG

microbiota (right). Microbiome analyses conducted using QIIME?2 (v. 2018.2). (C) Oxidative
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profiling within liver tissue; fecal-oral contamination exacerbates specific systemic oxidative
stress markers in malnourished mice. Data normalized to mol lysine. Systemic fatty acid
oxidative profiling from the same mice. Bar graphs indicate mean and s.e.m. with statistical
significance determined by one-way ANOVA with post hoc Dunnett’s test (ROS measurement)

one-way ANOVA with post hoc Tukey’s test (fatty acid profiling).

3.7 A Model of Malnutrition, Microbes and the Gut-Brain Axis

Chronic exposure to fecal microbes altered the composition and function of the MAL-BG gut
microbiota, driving GI dysbiosis and ROS during malnutrition. We propose that fecal-oral
contamination triggers systemic oxidation, notably fatty acid lipoxidation, during malnutrition.
Within this strained CNS environment, neurometabolic alteration and accompanying oxidative

stress contribute to altered microglial function, ultimately impairing behaviour and cognition

or

(Fig. 3.10). These findings do not exclude alternative pathologies in malnourished communities,

including blood-brain barrier disruption or neuroinflammation; but rather highlight the complex

gut-brain pathways affected by diet and gut microbes.
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Fig. 3.10 Model of Microbe-Microglia Axis in Health and Malnutrition
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Fig. 3.10 Legend
Summary model: Fecal-oral contamination contributes to the persistence of early-life

malnutrition and alters the composition/function of the gut microbiota. Long-term consequences
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of malnutrition include brain and behavioural deficits, linked to impaired gut-brain interactions.
We propose that poor diet and combined chronic exposure to specific gut microbes trigger
systemic oxidation, promoting aberrant microglial function and contributing to neurocognitive

features of undernutrition. Image partially created with Biorender.

3.8 Chapter 3 Methodology

MOUSE WORK

To visualize microglia, we utilized weaned male and female mice (CX3CR17ESFP on C57BL/6
background!®, bred and housed under controlled conditions at the Animal Research Unit

facility at UBC. Housing conditions and model setup previously described in Chapter 2.4.

MOUSE BEHAVIOURAL TESTS
Order of testing (CON, MAL, and MAL-BG) were randomized prior to behavioural tests. Mouse
movements were recorded via Go-PRO (HERO 4, HERO Black 6). Tracking and scoring were

analyzed during blinded analyses with AnyMaze software or a blinded observer (NORT videos).

OFT: The OFT measures rodent locomotion and anxiety-like behaviour. Mice were placed in an
OFT box (49 Liter Tote, Home Depot: 39.4 cm x 56.4 x 31.8 cm). The base of the box was
divided into a grid with a defined open field (25.4 cm x 25.4 cm). Individual mice were placed in
the OFT box for 5 min and allowed to explore freely. The OFT box was cleaned with 70%

ethanol between use.
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NORT: To assess exploratory behaviours, two identical objects were placed in the OFT box at
opposing sides. Individual mice were allowed to freely explore objects for a 3 min habituation
phase. Following a delay period of several hours, one object was replaced by a distinct, yet
similarly-sized object (novel object). Individual mice were returned to the OFT for a 3 min test
phase. A blinded observer recorded interaction times. For this test we defined mouse interaction

as sniffing and/or placing the snout on the object.

Light-Dark Test: Mice were placed in a 10.5 cm x 34.5 cm light-dark box (1/3™ light zone, 2/3
dark zone). Animals were allowed to freely explore for 3 min, the light-dark box was cleaned

with 70% ethanol between use.

MWMT: The MWM was utilized to assess learning and spatial memory in mice. Testing
occurred at the UBC Modified Barrier Facility. Mice were tested in a pool ~116 cm diameter
(water temperature, 21-23 °C). The testing arena was supplied with indirect lighting with the
MWM pool surrounded by distal visual cues. A circular platform (11 cm diameter) was used as
the goal platform (Fig. S.2A). Any fecal droppings were removed from the platform between
trials. After testing, mice were gently dried and placed in a warming cage prior to returning to
their home cage. Platform and animal start positions were randomly determined for each of the
training and testing days.

Visible platform training (1 d, 4 trials): Fixed mouse start position/variable platform location—In
this habituation day, individual mice were given 60 sec to locate the visible goal platform
(opaque top, 1-1.5 cm above water). Mice that failed to climb the platform within 60 sec were

gently guided onto the goal platform. To promote spatial memory, mice were given a 30 sec rest
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period on the platform between successive trials. All mice were able to recognize the platform by
the end of training.

Acquisition training (2 d, 12 trials): Variable mouse start position/fixed platform location—The
goal platform was not visible (clear top, 0.5 cm submerged) during acquisition periods.
Individual mice were given 60 sec to locate the goal platform. Mice that failed to locate the
platform were gently guided onto the platform following the trial period. Mice were allowed to
rest on the platform for 30 sec for the first four consecutive trials of each day. In remaining trials,
mice were immediately removed after locating the platform. Only the first four trials each day
were analyzed.

Free swim 1 (1 d): Variable mouse start position/platform removed—mice were allowed to
freely explore the pool during a 30 sec probe run.

Acquisition training reversal (2 d, 12 trials): Variable mouse start position/fixed platform
location—before training, the goal platform was moved to a different quadrant. Mice repeated
acquisition training protocol.

Free swim 2 (1 d, 1 probe): Same protocol as initial free swim. Free swims occurred 24 h

following the final acquisition trial.

EX VIVO CYTOKINE PROFILING

Whole brain tissues were collected following euthanasia within individual Eppendorf tubes
containing 1 mL dPBS and cOmplete™ EDTA-free Protease Inhibitor, prior to storage at -70/80
C or immediate homogenization using a Retsch MM 301 Mixer Mill or FastPrep®-24 (MP
Biomedicals) at top speed 2x for 1 min using tungsten beads. Collected blood was spun at 6,000

g for 8 min to obtain sera. Cytokine measurements from tissue supernatant and sera were
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obtained with the BD Biosciences Cytometric Bead Array Mouse Inflammation Kit. Cytokine

measurements from whole brain samples were normalized to tissue weight.

ACUTE HIPPOCAMPAL SLICE PREPARATION

CX3CR1*ESFP C57BL/6 mice were decapitated and brains were dissected and sliced horizontally
with a vibratome (Leica VT1200S) to 300 um thick in ice-cold N-methyl-D-glucamine slicing
solution containing (in mM): 120 N-methyl-p-glucamine, 2.5 KCI, 25 NaHCO3, 1 CaCl,, 7
MgCl,, 1.2 NaH;POs, 20 p-glucose, 2.4 sodium pyruvate, and 1.3 sodium L-ascorbate, which
was constantly oxygenated with 95% O; and 5% CO». Hippocampal slices were immediately
transferred to artificial cerebral spinal fluid (aCSF), which was continuously oxygenated with
95% O, and 5% CO,. aCSF contained (in mM): 126 NacCl, 2.5 KCI, 26 NaHCOs, 2 CaCl,, 2
MgCly, 1.25 NaH;POys, and 10 p-glucose, pH 7.3—7.4, osmolarity 300 mOsm. Slices were
recovered in aCSF at 32 °C for a minimum of 30 minutes before imaging for time-lapse and
lesion experiments, or before fixation by the SNAPSHOT protocol'®’. Briefly, this involved a 2-
minute fixation in 4% PFA at 80 °C, followed by a PBS wash, and storage in clearing solution

(20% DMSO and 2% Triton X-100 in PBS) at 4 °C.

TWO-PHOTON MICROSCOPY, TIME-LAPSE IMAGING, AND LESION ANALYSIS

Acute slices from CX3CR1"ESFP C57BL/6 mice were imaged immediately after recovery using a
Coherent Chameleon Ultra II laser (mode-locked pulse train at 80 MHz at 920 nm) with a Zeiss
LSM 7 MP microscope and Zeiss 20x-W/1.0 NA objective. Green fluorescence was detected by
a 520/60 nm filter (Chroma tech) and GaAsP photo-multiplier tube (PMT; Zeiss LSM BiG).

Images were acquired as a z-stack (zoom factor 2.8; 151.82 x 151.82 um xy scale, 8-line
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averaging) 18 pm thick, centered approximately 150 pm below the slice surface (2 pm slice
interval) in the stratum radiatum region of CA1 hippocampus. Following a 10-minute baseline
imaging period, a lesion was created by focusing the laser to the region of interest and scanning
at 800 nm at 100% power for approximately 30 s. Microglial response to this lesion was then

imaged for an additional 15 min using the same imaging parameters as baseline.

For motility analysis, baseline movies were maximum projected and loaded into a custom
MATLAB program. This program quantifies the number of new pixels (additions) and number
of removed pixels (retractions) across time as the Motility Index. To quantify the microglial
response to lesion, a circular region of interest with a diameter of 30 um was centered on the

lesion (lesion response region), and the mean intensity was measured at each frame.

3D-MORPH and PHAGOCYTIC CUP QUANTIFICATION

EGFP is well preserved by the SNAPSHOT protocol'®’, and these slices were ready to image
immediately after a one-week incubation in clearing solution at 4 °C. By two-photon
microscopy, a z-stack at 1024 x 1024 (zoom factor 1.5; 283.12 x 283.12 um xy scale, 16-line
averaging) from 125 — 175 um deep (2 pm slice interval) was acquired. Using these images, 3D-
Morph MATLAB analysis was completed as previously reported'®! to quantify microglial
morphologies. Before analysis, all images were processed by background subtraction in Fiji, and
all treatment rounds were batch processed using the same analysis parameters. From these

morphological images, the number of phagocytic cups were manually counted.
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BLOOD-BRAIN BARRIER INTEGRITY: IgG and BIOCYTIN

To investigate BBB permeability, 100 pL TMR Biocytin (AnaSpec AS-60658; reconstituted
with sterile PBS; MW= 869 Da) was delivered by tail-vein injection to mice 20 min prior to
cardiac perfusion. Following brain dissection and coronal slicing (300 pum thick by vibratome),
tissue was imaged using a Zeiss Axio Zoom microscope with TMR emission filter settings.
Fluorescence intensity was measured from slices spanning the entire rostral-caudal area of the

brain. Mean intensity was compared between treatments.

As an additional permeability measure, slices were stained for anti-mouse IgG, which should not
be present in the brain parenchyma. For staining, thick slices were cleared (20% DMSO and 2%
Triton X-100 in PBS) for one week, blocked in 4% normal goat serum overnight at room
temperature, and incubated with Alexa Fluor 488 goat anti-mouse IgG for 6 days at 4 °C. After
four one-hour washes in PBS at room temperature, the tissue was imaged by two-photon
microscopy using a 20x-W/1.0 NA objective and 5x zoom factor. The mean fluorescence
intensity was averaged across three separate images per slice, and compared between mice.

Photothromobotic tissue was generously donated by Dr. Louis-Philippe Bernier.

RNA-SEQ ANALYSIS

Whole mouse cerebra were stored on ice in RPMI growth media prior to tissue dissociation.
Tissues were dissociated via the Adult Brain Dissociation kit with the gentleMACS™ Octo
Dissociator with Heaters (program: 37C_ABDK 01) from Miltenyi Biotec. Following
dissociation, microglia were enriched through magnetic separation with CD11b MicroBeads and

MidiMACS™, according to Miltenyi Biotec protocols. Microglia made up ~90% of CD11b+
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samples as determined by flow cytometry (Fig. S.4A). Enriched microglia samples were stored

in RNAlater prior to RNA isolation with RNEasy Micro Kit (QIAGEN).

Samples were sent to the Biomedical Research Centre Sequencing Core at UBC. Prior to RNA-
Seq, sample quality control was performed via the Agilent 2100 Bioanalyzer. Qualifying samples
were prepared according to established protocols for the NEBnext Ultra II Stranded mRNA
(New England Biolabs). Sequencing was performed on the Illumina NextSeq 500 with Paired
End 42bp x 42bp reads and demultiplexed with [llumina's bel2fastq2. De-multiplexed read
sequences were aligned to the Mus musculus reference sequence (GRCm38.p6'%%) using STAR v.
2.6.1d, followed by read-count generation using HTSeq v. 0.11.2!8%, Differential gene expression
was estimated with DeSEQ?2 v. 3.9 with further pathway analyses conducted using the
ReactomePA pipeline, as described'®*!%4. Analyses were conducted with R (v. 3.5.1). Raw and

processed data files were deposited to the NCBI GEO, private until manuscript publication.

qPCR

RT-qPCR analysis was performed using QuantiTect SYBR Green PCR Master Mix (Qiagen)
from ileum or whole brain (cortical) tissue using the following primers, Ctsd (F:
GACATCTCTTCTGGTGGGGC, R: GGCTGGACACCTTCTCACAA), Gapdh (F:
ATTGTCAGCAATGCATCCTG, R: ATGGACTGTGGTCATGAGCC), Hprt (F:
GATTAGCGATGATGAACCAGGTT, R: CCTCCCATCTCCTTCATGACA), and Sirpa (F:
TCCGCGTCCTGTTTCTGTAC, R: TTCAGAACGGTCGAATCCCC) based on established
PCR protocols?!. Hprt provided an endogenous control for microglial genes of interest and was

used for normalization. ddCT calculations provided relative expression to control samples.
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FLOW CYTOMETRY

Microglia cells were isolated through Percoll gradient, as described above, or Miltenyi Adult
Brain Dissociation kit using either manual disruption or gentleMACS™ Octo Dissociator with
Heaters (program: 37C_ABDK 01) from Miltenyi Biotec. Microglia staining occurred in 1X
dPBS”*(Thermo Fischer) supplemented with 0.5% FBS, 0.4% 0.5M EDTA, and 1%
hydroxyethyl piperazineethanesulfonic acid at 4 °C for 20 min. Cells were stained with the
following antibodies: anti-CD11b (clone:M1/70, eBioscience), anti-CD45 (clone:30-F11,
eBioscience), anti-F480 (clone:BMS, eBiosience), anti-CX3CRI1 (clone:SA011F11, Biolegend),
anti-CD31 (clone:MEC13.3, Biolegend), anti-CCR3 (clone:JO73ES, Biolegend), anti- I-A/I-E
(clone:M5/114.15.2, Biolegend), anti-CD80 (clone:16-10A1, eBioscience), anti-CD86
(clone:GL1, eBioscience), and anti-TLR4 (clone:SA15-21, Biolegend). Following staining, cells
were washed twice and fixed in a 1:1 solution of supplemented dPBS”": 4% paraformaldehyde
overnight at 4 °C. After fixation, cells were re-suspended in supplemented dPBS”-and
enumerated via flow cytometry (BD LSR II with 561 laser). Microglia populations were
identified as CD11b"eh/CD45"°¥ (Fig. S.5B). Subsequent data was analyzed using FlowJo

software (v. 10.5.3).

METABOLOMICS
Mouse hippocampal tissues were collected for untargeted RP-UPLC-FTMS metabolomics

analysis. Tissue samples were kept in dry ice prior to storage at -70/80 °C. Metabolomics were

completed by TMIC.
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Metabolite Extraction: Each mouse hippocampal sample in an Eppendorf tube was mixed with
water, 5 pL per mg of the tissue, and two 4-mm metal balls were added. The tissue was
homogenized on a MM 400 mill mixer at a vibrating frequency of 30 Hz for 1 min twice. After
5-s spin-down, a mixture of methanol-chloroform (4:1) was added, at 25 pL per mg tissue, to
each tube. The sample was homogenized again for metabolite extraction using the same setup
for 1 min twice, followed by sonication in an ice-water bath for 5 min. The tube was centrifuged
at 15,000 rpm and at 10 °C for 20 min. The clear supernatant was transferred to a 1.5-mL
Eppendorf tube. A 60-uL aliquot from each sample was dried down inside the same nitrogen
evaporator and the residue was reconstituted in 40 pL. of 80% methanol. 10 pL was injected for
RP-UPLC-FTMS. Two rounds of sample injections were made, with positive- and negative-ion

detection, respectively.

RP-UPLC-FTMS Analysis: A Dionex Ultimate 3000 UHPLC system coupled to a Thermo LTQ-
Orbitrap Velos Pro mass spectrometer, equipped with an electrospray ionization (ESI) source,
was used. RP-UPLC-FTMS runs was carried out with a Waters BEH C8 (2.1 x 50 mm, 1.7 pum)
column for chromatographic separations. The mobile phase was (A) 0.01% formic acid in water
and (B) 0.01% formic acid in acetonitrile-isopropanol (1:1). The elution gradient was 5% to 50%
B in 5 min, 50% to 100% B in 15 min, and 100% B for 2 min before column equilibration for 4
min between injections. The column flow was 400 puL/min and the column temperature was 60
OC. For relative quantitation, the MS instrument was run in the survey scan mode with FTMS
detection at a mass resolution of 60,000 full width at half maximum (m/z 400). The mass scan
range was m/z 80 to 1800, with a reference lock-mass for real-time calibration. Two UPLC-

FTMS datasets were acquired for each sample, one with positive-ion detection and the other with
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negative-ion detection. LC-MS/MS data was also acquired from each sample set with collision

induced dissociation at different levels of normalized collision energy.

Data Processing: Each LC-FTMS dataset was respectively processed with XCMS
(https://xcmsonline.scripps.edu/) in R for peak detection and two rounds of retention time shift
correction, peak grouping and peak alignment. Mass de-isotoping and removal of chemical and
electronic background peaks were performed with manual interventions based on several rules in
chemistry and ESI/MS. The output of data processing includes m/z pairs, retention time (RT,
min), and LC-MS peak areas of the detected metabolites or metabolite features across the

samples for each set.

Metabolomics Analyses: To assign the metabolite candidates of any potential biomarkers, the
measured m/z’s were searched against metabolome databases, namely: METLIN
(https://metlin.scripps.edu/metabo_batch.php)!74. During database searches, the allowable mass
errors were < 5 ppm. For the (+) ion detection data, ion forms of (M+H)+ , (M+Na)+, (M-
H20+H)+, and (M-NH3+H)+ were considered for the database searches. For the (-) ion
detection, ion forms of (M-H)-, (M+Na-2H)-, (M-H20-H)-, and (M-NH3-H)- were considered.
PCA/PLSDA and pathway analyses were carried out using Metaboanalyst v. 3.0/4.0 software!®:
mass tolerance 0.0003, retention time tolerance 30, log-transformation, and auto data scaling.
Analyses were conducted based on previously analyses!. A one-way ANOVA was used to

determine significant changes between groups (P<0.05; fold change >2).
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BRAIN INFLAMMATORY and FATTY ACID PROFILE

Whole brains were collected and immediately placed in dry ice prior to storage at -70 °C prior to
processing. Tissues were homogenized with Ultra-Turrax (3420000 IKA, Alemanya) in
homogenization buffer (180 mM KCI, 5 mM MOPS, 2 mM EDTA, 1 mM DTPA, and 1 uM 2,6-
di-tert-butil-4-metilfenol; pH 7,4). Homogenates were normalized by protein content as

determined by Bradford assay.

Fatty acid preparation: Total lipids from homogenates (50-150 mg) tissue were extracted with
chloroform/methanol (2:1 v/v; 3 times) in the presence of 0.01% butylated hydroxytoluene. The
chloroform phase was evaporated under nitrogen and the fatty acids. After lipid extraction, fatty
acyl groups were analyzed as methyl esters derivatives by GC. Briefly, fatty acids were
transesterified by incubation in 2 mL of 5% methanolic hydrochloric acid at 75 °C for 90 min.
The resulting fatty acid methyl esters were extracted by adding 2 mL of n-pentane and 1 mL of
saturated NaCl solution. The n-pentane phase was separated, evaporated under N, gas, and

dissolved in 80 pL of carbon disulfide. Two puL were used for GC analysis.

GC method: Analyses was performed on a GC System 7890A with a Series Injector 7683B
(Agilent, Barcelona, Spain) and a flame ionization detector equipped with a DBWAX capillary
column (length 30 m x inner diameter 0.25 mm X film thickness 0.20 pm). The injections were
performed with the splitless mode at 220 °C. The flow rate of carrier gas (helium 99.99%) was
maintained at a constant rate of 1.8 mL/min. The column temperature was held at 145 °C for 5
min, increased by 2 °C/min to 245 °C for 50 min, and held at 245 °C for 10 min with a post-run

of 250 °C for 10 min.
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Data Analysis: Identification of the twenty-five fatty acid methyl esters was made by comparison
with authentic standards (Larodan Fine Chemicals, Malmo, Sweden). Results were expressed as
%mol and then normalized to CON. The fatty acid profile detected, identified, and quantified
represents more than 95% of the total chromatogram. The following fatty acid indexes were
calculated: polyunsaturated fatty acids (PUFA) from o3 and w6 series (PUFA ®»3 and PUFA

®6); a pro-inflammatory index (w6/w3): (PUFA w6/PUFA ®3).

GC/MS Measurement of Oxidative Stress Markers: GSA, CEL, CML, CMC, and MDAL
concentrations in total proteins from whole brain and liver homogenates were measured by
GC/MS as described!’%!°!, Samples containing 0.5 mg of protein were delipidated as described
above and proteins were precipitated by adding 10% trichloroacetic acid (final concentration)
and subsequently centrifuged at 4400 rpm, 4° C, 15 min. Protein samples were reduced overnight
with 500 mM NaBH4 (final concentration) in 0.2M borate buffer, pH 9.2, containing 1 drop of
hexanol as an anti-foam reagent. To eliminate crystals, proteins were then reprecipitated by
adding 1 mL of 10% trichloroacetic acid and subsequent centrifugation. The following
isotopically labelled internal standards were then added: [2H8] lysine (12 nmols), [2H5 HAVA
(72 pmols) (for GSA quantization), [2H4]CEL (144,1 pmols), [2H8]MDA-Lisina (20,6 pmols),

[2H2]CML (162,2 pmols), and [13H2]CMC (112,4 pmols).

The samples were hydrolyzed at 155 °C for 30 min in 1 mL of 6N HCI, and then concentrated by

speed-vac. The N,O-trifluoroacetyl methyl ester derivatives of the protein hydrolysate were

prepared as previously described!®?. Briefly, hydrolyzed samples were incubated in 1 mL of 5%
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acetyl chloride-methanol solution. Methyl esters from hydrolyzed samples were incubated with 1
mL of trifluoroacetic anhydride acid for 1 h and then evaporated with nitrogen gas (Nevap
Model 113 Organomation Association, Berlin, MA, EUA) to obtain N,O-trifluoracetyl esters
methyl derivates from amino acids in the hydrolyzed solution. Finally, the samples were re-
dissolved with 80 pL of dichloromethane as a vehicle to posterior analysis by GC/MS. GC/MS
analyses were carried out on a Hewlett-Packardmodel 6890 GC equipped with a 30m HP-5MS
capillary column (30m x 0.25mm x 0.25pum) coupled to a Hewlett-Packard model 5973 A mass
selective detector (Agilent, Barcelona, Catalonia). The injection port was maintained at 275 °C.
Two pL of sample were injected for each run. The column temperature was held at 110 °C for 5
min, then 2 °C/min to 150 °C, then 5 °C/min to 240 °C, then 25 °C/min to 300 °C, and finally

held at 300 °C for 5 min.

Quantification was performed by external standardization using standard curves constructed
from mixtures of deuterated and non-deuterated standards:

lysine; [2H8]lysine; HAVA; [2H5]HAVA; CEL; [2H4]|CEL; MDA-lysine; [2H8]MDA-lysine;
CML; [2H2]CML; CMC; [13C2]CMC (PolyPeptide Group, Strasbourg, France; Sigma-Aldrich,
Madrid, Spain or donated by Dr. Requena). Analytes were detected by selected ion-monitoring
GC/MS. The following ions were utilized: lysine and d8-lysine, m/z 180 and 187, respectively;
5-hydroxy-2-aminovaleric acid and d5-5-hydroxy-2-aminovaleric acid (stable derivatives of
GSA), m/z 280 and 285, respectively; CML and d4-CML , m/z 392 and 396, respectively; CEL
and d4-CEL, m/z 379 and 383, respectively; CMC and d13-2C-CMC, m/z 271 and 273 and
MDAL and d8-MDAL, m/z 474 and 482, respectively. The amounts of products were expressed

as the ratio umol CML, CEL, CMC or MDAL per mol lysine.

70



GUT ISOLATION and CellROX® ASSAY

Intestinal epithelial cells (IECs) were harvested from CON, MAL, and MAL-BG small intestinal
tissue (ileum: 5 cm). After removal of luminal content, tissues were washed multiple times in
PBS +/+ with 0.1% BSA. Individual tissues were then added to IEC buffer (PBS -/- with 5%
FBS, ImM EDTA, and 1 mM dithiothreitol). After 10 min at 37 °C with shaking, individual
samples were strained through a 70 um strainer and then centrifuged at 1500 rpm. Cell pellets
were resuspended in RPMI 1640 and IEC digestion was repeated again. Following the second
digestion step isolated IECs were plated at 37 °C (~15,000 cells/well) and stained using
CellROX® Deep Red Reagent (final concentration 15 pM) for 30 min in the dark with shaking.
Upon oxidation from ROS, the CellROX® reagent becomes fluorescent (emission maxima ~665

nm), fluorescent intensity was measured via plate reader with RPMI blanks serving as a control.

MICROBIOME ANALYSES

Fecal samples were collected from mice and kept in -70 °C prior to isolation. Fecal DNA was
released by boiling sample suspensions for 15 min at 100 °C. Library preparation for 16S rRNA
sequencing was then performed by Microbiome Insights according to a standardized pipeline
(https://microbiomeinsights.com/itag-microbiome-analysis/). Briefly, PCR amplification of the
16S rRNA gene was performed using barcoded primers against the V4 region (Kozich, Schloss
et al, 2013), with 2 pL of lysate as template. PCR amplicons were cleaned using a SequalPrep
96-well plate kit (ThermoFisher A1051001) and were sequenced on a Miseq platform to obtain
2x250 bp reads. Microbiota analyses were conducted using the QIIME?2 pipeline (v. 2018.2) with

Deblur feature table construction. Visualization was created with RStudio (Version 1.1.463).
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Raw sequencing data was deposited to the NCBI sequence read archive (SRA), private until

manuscript publication.

3.9 Chapter 3 Summary

These findings demonstrate that fecal-oral contamination shapes learning plasticity and
microglial function during early-life malnutrition. We show that gut microbes modulate the
morphology, transcriptional profile, and phagocytic activity of microglia during malnutrition.
Unexpectedly, these microglial alterations occur independently of neuroinflammation or BBB
deficits. Increased lipoxidation markers, however, were observed in the MAL-BG CNS
following neurometabolic profiling. Finally, we demonstrate that fecal-oral contamination not

only alters composition and function of the gut microbiota, but also triggers systemic

lipoxidative strain, likely initiated within the malnourished gut. Collectively, this work highlights

dynamic microglial responses to commensal microbes and diet, identifying systemic oxidative
stress as a key gut-brain pathway informing neurocognitive consequences of childhood

malnutrition.

Systemic oxidative stress profiling revealed elevated lipoxidative markers within the MAL-BG
liver. Early-life undernutrition markedly shapes the mammalian liver, a critical modulator of
systemic metabolism. To further explore gut-systemic interactions we assessed hepatic

repercussion of dietary deficiency—fatty liver!?21%3,
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Chapter 4: Characterizing Undernutrition-Induced Fatty Liver

4.1 The Global Burden of NAFLD

4.1.1 NAFLD: Pathology and Drivers

Non-alcoholic fatty liver disease (NAFLD), with an estimated global prevalence over 25%,
remains a critical health epidemic, but is largely studied in the context of obesity and aging!'**.
While NAFLD incidence increases with age, recent studies estimate that NAFLD also affects 3-

12% of the pediatric population®!-1%4,

NAFLD is defined as >5% hepatic steatosis (fat retention) in the absence of excessive alcohol
intake!**. NAFLD histopathology ranges from microvesicular (lipid accumulation) to
macrovesicular (significant lipid accumulation, hepatic nucleus displaced) steatosis'®>. Largely
asymptomatic, up to 30% of NAFLD cases may progress to NASH (non-alcoholic
steatohepatitis), a condition additionally characterized by hepatocellular ballooning, lobular
inflammation, and fibrosis'®>!%%. As NASH advances, irreversible damage including liver
cirrhosis or hepatocellular carcinogenesis may occur, potentially resulting in liver transplant or

even mortality®1°+19 (Fig. 4.1).
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Fig. 4.1 Fatty Liver Progression
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Fig. 4.1 Legend

Progression of fatty liver disease from healthy liver (red coloured) though NAFLD, NASH, and
cirrhosis (pale coloured). Beyond gross pathological changes, tissue biopsies reveal marked
alterations in NAFLD hepatic histology from hepatic steatosis in NAFLD to inflammation,
hepatocellular degeneration, and fibrotic scarring evident in NASH or cirrhotic tissue'®®. Unlike
irreversible liver cirrhosis, obese-associated NAFLD may be reversed by a healthy lifestyle'’.

Image created with Biorender.

NAFLD has long been associated with various metabolic comorbidities, including type 2
diabetes and cardiovascular disease, and is considered both a driver and manifestation of
metabolic syndrome—a cluster of aberrant metabolic features that include obesity, elevated
fasting plasma glucose, hypertriglyceridemia, hypertension, and decreased high-density

lipoprotein (HDL) cholesterol levels!*+1%8,
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Less prevalent contributors of NAFLD progression include genetic (e.g. familial
hypobetalipoproteinemia), autoimmune (e.g. celiac disease), and infectious (e.g. viral hepatitis)
etiologies impairing hepatic function'*!%?, Gut microbes have also been implicated in NAFLD
pathology as recent work reports changes in microbial composition and function, including
alterations of bacterial-mediated bile acid metabolism, which have been reported in NAFLD
cohorts”-34, Whether gut microbial dysbiosis promotes NAFLD and/or results as a consequence
of hepatic steatosis remains less clear. Notwithstanding, the primary cause of NALFD is due to
aberrant nutritional intake. While the vast majority of NAFLD research studies the impact of

overnutrition!**1%, dietary deficiencies also promote fatty liver!®>.

4.1.2 Undernutrition—An Unexpected and Silent Driver of Fatty Liver Disease

Severe undernutrition drives the development of fatty liver through impaired lipid
metabolism!0%193290 Altered fat metabolism and transport have been reported in undernourished
populations!?3290-201 Recently, rodent studies have offered key insights into the mechanisms
driving undernutrition-induced fatty liver disease. Impaired fatty acid oxidation, hepatic
peroxisome loss, and poor lipid transport contribute to fatty liver in rodent models of protein-
deficient fatty liver'?>2%2, However, the role of commensal microbes in the progression of

undernutrition-induced fatty liver has remained largely unexamined.

To explore whether the malnourished microbiota contributes to fatty liver pathology, I utilized
the previously characterized MBG (MAL-BG) murine model*!"!%°. We have previously reported
an association between malnutrition/fecal-oral contamination and fatty liver pathology. Prior

studies demonstrated that enteric S. Typhimurium infection increases hepatic lipidosis and
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inflammatory markers within MBG and MAL livers. In addition, these malnourished mice
exhibited a striking increase of hepatic Salmonella burden. Enteric infection, however, failed to
trigger immune and hepatic alterations in CON mice repeatedly exposed to E.
coli/Bacteroidales®!. Our reported findings indicate that the deleterious effects of E.
coli/Bacteroidales fecal exposures require malnutrition. Whether fecal-oral contamination

promotes fatty liver features in the absence of enteric insult remained undetermined.

4.2 MAL and MAL-BG Models Exhibit Fatty Liver Features

After four weeks on the malnourished diet, MAL and MBG livers exhibit a paler appearance,
suggestive of fatty liver (Fig. 4.2A). Despite visual discrepancies, liver weights and body-
normalized liver weights were comparable across conditions (Fig. S.7A). Hematoxylin and eosin
(H&E) staining revealed diffuse hepatic steatosis throughout malnourished livers (Fig. 4.2A).
While MAL and MBG mice exhibit comparable fat-associated space within the liver histology
(fasted mice), fecal-oral contamination exacerbated hepatic fat/glycogen-associated steatosis
(non-fasted mice) and triglyceride levels during malnutrition (Fig. 4.2B, C). Despite fatty liver
features, both MAL and MBG mice lacked histological evidence of significant steatohepatitis
associated with NASH and inflammatory profiling revealed similar cytokine levels (IFN-y, IL-6,
IL-12, MCP-1, and TNF-a) across CON, MAL, and MBG livers (Fig. 4.2A and Fig. S.7B). As
overnutrition-associated NAFLD and metabolic syndrome are highly connected!*®, we also
assessed clinical features of metabolic disruption. Insulin levels were comparable across groups
under non-fasting and fasting conditions. While non-fasting mice exhibited comparable glucose
concentrations, fasting glucose levels were elevated within MAL and MBG sera, possibly

indicative of early insulin resistance and altered glucose metabolism (Fig. 4.2D and Fig. S.7C).
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Collectively, these results indicate that MAL/MBG mice model fatty liver features, with fecal-

oral contamination promoting fat/glycogen-associated steatosis and impaired triglyceride

metabolism.

Fig. 4.2 Malnutrition and Fecal-Oral Contamination Promote Fatty Liver Features
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(A) Representative whole liver (left) and H&E stained liver histology (right). (B) Percent of

fat/glycogen associated space (open spaces, top) and fat-associated space (bottom) in liver

histology from non-fasted and fasted (overnight) mice, respectively. For (top) figure, data was

pooled from four mouse experiments. Images assessed with ImageJ software, each point

represents a biological sample. (C) Triglyceride level normalized to liver weights, data pooled
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from three experiments with triglyceride levels normalized to the CON group of each experiment.
(D) Serum insulin and glucose levels from fasted mice. Mice from A (histology), B (bottom), and
D are from the same mouse experiment; B (top) and C contain mice from the same experiment.
Bar graphs indicate mean and s.e.m. with statistical significance determined by Kruskal-Wallis
with post hoc Dunn'’s test (histology) or one-way ANOVA with post hoc Dunnett’s test

(triglycerides, insulin, glucose).

4.3 Metabolomic Profiling of Undernutrition-Induced Fatty Liver

To further characterize metabolic shifts, we conducted untargeted metabolomics for less polar
and polar metabolites via RP-UPLC-FTMS and hydrophilic interaction chromatography-FTMS
(HILIC-FTMS), respectively. Over 1,000 differentially abundant hits were detected following
FTMS (one-way ANOVA Fisher’s LSD, Padj < 0.05). Of these, ~350 differentially abundant
metabolic features were annotated using the METLIN database. Diet predominantly shifted the
liver metabolome as reported by unsupervised PCA (Fig. 4.3 and Fig. S.8A), and pathway
analyses found no significantly enriched MAL vs. MBG metabolomic pathways following FDR
correction (data not shown). Subsequent metabolite set enrichment analyses (MSEA) using

Metaboanalyst 4.0 focused on dietary-driven metabolomic shifts!®°.

MSEA identified phosphatidylethanolamine (PE) biosynthesis, sphingolipid metabolism, and
phospholipid biosynthesis as the top enriched metabolomic pathways identified in malnourished
(MAL and MBGQG) livers (Fig. S.8B), metabolic shifts observed in both undernutrition and hepatic
steatosis models®!2%. PE, a highly abundant mammalian glycerophospholipid, contributes to

lipid signaling and serves as a precursor to phosphatidylcholine (PC)?°42%, Both elevated PE
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metabolism and altered PC:PE glycerolipid ratios are associated with fatty liver
progression?329, Compared to malnourished counterparts, CON livers exhibit enriched
pathways linked to bile and PUFA metabolism, specifically aLA and LA metabolism (Fig.

S.8C), broadly reflecting shifts previously reported within the healthy small intestine?!.

Fig. 4.3 Malnutrition and Fecal-Oral Contamination Affect Hepatic Fatty Acid Liver Profiles
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Fig. 4.3 Legend

PCA plots of untargeted metabolomics via RP-UPLC-FTMS (left) and HILIC-FTMS (right),

data from the positive ion channel presented, see also Fig. S.8A.

To confirm untargeted metabolomic data, we conducted fatty acid profiling of liver tissue via gas
chromatography (GC). Malnourished mice displayed a reduction in saturated fatty acid (SFA) %
content (Fig. 4.4A). In contrast, malnutrition elevated relative unsaturated fatty acid (UFA) %

content (Fig. S.9A). This increase was largely driven by monounsaturated fatty acid (MUFA)
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content, as MAL and MBG livers display nearly half the PUFA mol% of CON livers (Fig. 4.4B,

O).

As discussed in Chapter 3.6.1, dietary LA and alLA serve as precursors of downstream 6 and
®3 PUFAs, respectively. In contrast to brain PUFA profiles, MAL and MBG mice exhibit a
persistent loss of 6 and ®3 metabolism beyond LA and aLA deficits, supporting MSEA
findings (Fig. S.8C and Fig. 4.4A, B). Elevated ®6/®3 ratios—an inflammatory marker often
associated with Western diets, have been associated with NALFD and NASH?%?%. In our model,
healthy and malnourished mice exhibit comparable w6/w3 ratios (Fig. S.9B), further suggesting
that moderate undernutrition may trigger hepatic steatosis uncoupled from significant

inflammation.
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Fig. 4.4 Malnourished Mice Display Robust PUFA Deficits
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Fig. 4.4 Legend

(A) Fatty acid profiles in CON, MAL, and MBG livers determined by GC: total SFA, MUFA, and
PUFA mol%. (B) The relative abundance of w6 and w3 PUFAs, normalized to CON values. In
addition to LA and alA, major PUFAs include DGLA, AA, and DHA*"*%. All fatty acid
profiling from the same experiment. Bar graphs indicate mean and s.e.m. with statistical

significance determined by ANOVA with post hoc Dunnett’s test.
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4.4 Fecal-Oral Contamination Influences an Undernutrition-Induced Fatty Liver Model
MAL and MBG mice provide a useful model of early-life, undernutrition-induced fatty liver. We
report that fecal-oral contamination exacerbates clinical markers of fatty liver during
malnutrition, notably hepatic triglyceride and fat/glycogen content. Interestingly, systems-based
approaches have recently highlighted causal roles for the gut microbiome in NAFLD pathology.
Aberrant metabolic function of gut bacteria, notably impaired bile acid metabolism and aromatic
amino acid catabolism, were linked to NAFLD severity within the context of obesity®**>. Further
study of the malnourished microbiome was required to assess whether the MBG model exhibits

similar metabolic patterns.

While fecal-oral contamination influenced specific fatty liver features, the liver metabolome was
largely informed by diet. Malnutrition triggered significant deficits in hepatic PUFA metabolism.
The metabolism of LA and aLLA, essential fatty acids, forms ©w6 and ®3 PUFAs, respectively.
Integral components of the cellular membrane, PUFAs regulate diverse immune, metabolic, and
signaling pathways??72%. Aberrant PUFA profiles, notably elevated @6/®3 PUFA ratios have
been linked to fatty liver?!?. As the ®3 family contributes to anti-inflammatory processes and
promotes fatty acid oxidation?°’210, these PUFAs have been assessed for potential therapeutic
benefits. Clinical interventions addressing obese-associated NAFLD report a beneficial impact of
®3 PUFASs on hepatic steatosis and markers of metabolic syndrome?°%-21%211 "While we reported
comparable w6/w3 PUFA ratios in our malnourished model (Fig. S.9B), MAL and MBG livers
display ®3 PUFA deficiencies observed in obese-associated NAFLD. Whether healthy dietary
intervention would mitigate deficient PUFA content and fatty liver features in this early-life

malnutrition model remained unknown.
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In Chapter 5, I report the first MBG dietary reversal study, in which I examine how and to what

extent the gut microbiome and diet contribute to the progression and reversal of fatty liver.

4.5 Chapter 4 Methodology

HISTOLOGY MEASUREMENTS

Individual liver lobes were stored in 10% formalin for 12-24 hrs at room temperature.
Following formalin storage, tissues were transferred into 70% ethanol. Parrafin-embedded
tissues were sliced and stained with H&E using established practices by the Biomedical
Research Centre (Ingrid Barta) or Wax-it Histology Services at the University of British
Columbia. H&E tissues were imaged under a light microscope at 40X and the percent of fat-
or fat/glycogen-associated space per image was determined by Fiji (Image J) on 8-bit images.
The threshold of “open” space was set by CON histology and the same threshold settings were

applied to all samples.

EX VIVO CYTOKINE QUANTIFICATION

Liver tissues were collected for cytokine analysis. Tissue samples were stored in 1 mL of PBS
with cOmplete™ EDTA-free Protease Inhibitor prior to homogenization and frozen at -70/80 °C.
Tissue homogenates were centrifuged at top speed (> 16,000 g) for 15 minutes at 4 °C and the
resulting supernatants were stored at —80 °C. Cytokine levels from liver supernatants were
measured with the BD Biosciences Cytometric Bead Array Mouse Inflammation Kit. All

cytokine concentrations were normalized to starting tissue weight.
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TRIGLYCERIDE, GLUCOSE, and INSULIN

Triglyceride measurements were determined from liver supernatants using the Abcam
Triglyceride Assay Kit (ab65336). Triglyceride levels were first normalized to starting tissue
weight and then compared against CON samples. Following euthanasia, blood was collected
from non-fasted and fasted (overnight) mice. Immediately upon collection, blood glucose was
measured via glucometer, while insulin levels were measured from mouse sera by ALPCO
Mouse Insulin ELISA kit (80-INSMS-E10). ELISA assays were completed according to

manufacturer recommendations.

UNTARGETED METABOLOMICS and METABOANALYST ANALYSES
Untargeted metabolomics (RP-UPLC-FTMS, HILIC-FTMS) were conducted at TMIC. Murine

liver lobes were collected and weighted postmortem. Prior to analyses, tissues were kept in

storage at -70/80 °C.

RP-UPLC-FTMS Analysis: Methodology was based on previously published methodology?! and
described in Chapter 3.8. Full methodology reports are listed at the NIH Common Fund’s Data
Repository and Coordinating Center website: studies ST001367 and ST001368, which also

contains raw data of the untargeted metabolomic experiments, including HILIC-FTMS analyses,

conducted in Chapters 3-5. Unpublished raw data to be released at the time of publication.

HILIC-FTMS Analysis: Individual sample supernatants were mixed with 120 pL of water, 180
uL of methanol and 195 pL of chloroform. The mixture was vortex mixed at 3000 rpm for 30 s

before centrifugal clarification. Three hundred pL of the upper, aqueous phase was precisely
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taken out and transferred to a “V”-shaped LC injection microvial and was dried down under a
gentle nitrogen gas flow in the nitrogen evaporator. The residue was reconstituted in 50 puL of

80% acetonitrile. 10 pL was injected for HILIC-FTMS.

HILIC-FTMS was performed on a Waters HILIC column (2.1 x 100 mm, 1.8 pm) for
chromatographic separation of very polar metabolites. The mobile phase was (A) 0.01% formic
acid in water and (B) 0.01% formic acid in acetonitrile for binary gradient elution: 85% B for 1
min; 85% to 25% B in 8 min; followed by column equilibration at 85% B for 6 min between
injections. The flow rate was 0.3 mL/min and the column temperature was 30 °C. The MS
instrument was run in the survey scan mode with FTMS detection at a mass resolution of 60,000
full width at half maximum at m/z 400. Two HILIC-FTMS datasets were acquired per sample: a

positive-ion detection and negative-ion detection. The mass scan range was m/z 80 to 800.

Data Processing and Metabolomic Analyses: was conducted with XCMS
(https://xcmsonline.scripps.edu/) in R to procure m/z, retention time (RT, min), and LC-MS peak
areas. The m/z pairs were searched against metabolome databases to identify putative biological
targets, specifically METLIN (Scripps Research Institute) with acceptable mass errors set at < 3
ppm'74, For + ion detection data, (M+H)+ , (M+Na)+, (M-H20+H)+, and (M-NH3+H)+ were
allowed. For - ion detection, (M-H)-, (M+Na-2H)-, (M-H20-H)-, and (M-NH3-H)- were
allowed. PCA plots and MSEA (pathway analyses) were carried out using on Metaboanalyst v.
4.0 software using the following settings: mass tolerance = 0.0003, retention time tolerance = 30,
data filtering = non-parametric relative standard deviation (MAD/median), normalization =

pooled CON samples, transformation = log-transformation, and scaling = auto data scaling. A
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one-way ANOVA identified significant m/z alterations between groups (P < 0.05; fold change
>2). These analyses followed protocols described in Chapter 3.8 and were based on published
methodology?!. MSEA was conducted using the small molecule pathway database (SMPDB)?!2,

unless otherwise stated.

LIVER FATTY ACID PROFILE
Liver tissues were collected and immediately placed in dry ice prior to storage at -70/80 °C
before processing at IRB-Lleida, Spain. Methodology, previously detailed in Chapter 3.8, was

based on earlier studies?!3.

4.6 Chapter 4 Summary

Obesity-associated NAFLD remains a leading cause of liver disease around the world!**.
Nutritional deficits, however, also trigger hepatic steatosis and influence health trajectories in
undernourished pediatric populations'®*2!4, Exposure to specific gut microbes exacerbated fatty
liver features in the malnourished liver, notably increased fat/glycogen buildup and hepatic
triglyceride levels. Diet, however, largely shaped liver metabolomic profiles and metabolomic
pathway analysis revealed an enrichment of PUFA metabolism within the CON liver. As
anticipated from untargeted metabolomic results and previous profiling of brain PUFAs, MAL

and MBG livers displayed significant 6 and ®3 fatty acid deficits.

Were these metabolic alterations lasting features of early-life undernutrition? To further explore

both the (1) reversibility of undernutrition-induced NAFLD and (2) more precise roles of gut
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microbes in the progression and intervention of fatty liver conditions, I conducted a dietary

reversal study with a multiomic perspective.
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Chapter 5: Dietary Intervention Reverses Microbiota Shifts and Fatty Liver Features

During Early-Life Undernutrition

5.1 Dietary Intervention: Efficacy and Limitation

5.1.1 Reversing NAFLD

Obese-associated NAFLD is typically considered a reversible condition through dietary
modification and weight loss!*®215, Specifically, adherence to a Mediterranean diet—reduced
carbohydrate intake, increased ®3 PUFA content—improved hepatic steatosis and metabolic
syndrome features in multiple trials and has been adopted as the recommended dietary practice
for NAFLD management strategy by various clinical guidelines?!®. The metabolites of ®3
PUFAs exert largely anti-inflammatory/oxidative stress properties and ongoing trials link PUFA
supplementation with beneficial outcomes for inflammatory and/or metabolic pathologies?!72!8,
Largely comprised of nuts, legumes, vegetables, fish, fruits, and olive oil, the Mediterranean diet
provides higher PUFA intake in contrast with the low-fat/high carbohydrate diet recommended
by the American Heart Association diet (developed for cardiovascular disease management). In a

randomized, 6-week cross-diet NAFLD intervention, placement on the Mediterranean diet

significantly reduced hepatic steatosis when compared with a low-fat/high carbohydrate diet?!°.

While lifestyle changes offer a safe remedy for NAFLD, compliance to dietary modification is
poor in pediatric populations. More focused therapies, notably supplementation of w3 PUFAs,
have proved beneficial’®. As the dysbiotic gut microbiota has been implicated in NAFLD7%-4,

microbiota-targeted approaches including probiotics have been assessed’®. Indeed,
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supplementation with VSL#3, a cocktail of eight probiotic members, improved fatty liver
features in both obese rodent models and a randomized, pediatric intervention study®. In the
most severe cases, pharmacological therapies (e.g. Orlistat) or surgery (e.g. gastric bypass) may

be considered for older children’®.

While no universal treatment plan exists for obese-associated NAFLD, nutritional modification
remains the key therapeutic strategy and first-line course for intervention. While dietary
intervention has largely been studied in clinical studies of pediatric malnutrition, whether, or to
what extent, nutritional intervention improves undernutrition-induced fatty liver has been largely

unexamined.

5.1.2 Reversing Malnutrition

The current guidelines for treating pediatric undernutrition largely address nutritional
supplementation, i.e. promoting breastfeeding, RUTF, and micronutrient supplementation (e.g.
vitamin A tablets)!?2. While these strategies significantly reduce childhood mortality, acute
dietary intervention fails to fully restore pediatric health, notably stunting and microbial

12,22,103 As

dysbiosis, in malnourished populations the malnourished gut microbiota has been

22,103

implicated in poor health trajectories , more recent interventions have assessed gut

microbiota manipulation via antibiotics!!?, probiotics!!’, and reduction of fecal-oral

contamination, with mixed success!!®

. While the effects of dietary intervention on pediatric,
undernutrition-induced fatty is poorly studied, a recent study reported that sustained placement

on standard chow mitigated hepatic steatosis in mice previously fed a low-protein diet,

demonstrating that dietary intervention also benefits undernutrition-induced fatty liver?®!. But
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how the liver metabolome, gut microbiome, and gut-liver axis were altered by and/or contributed

to fatty liver reversal was not explored in the study.

To address these research gaps, our team designed a dietary reversal study presented here. I
assessed whether malnutrition and fecal-oral contamination intensify fatty liver features,
specifically within early critical windows (childhood), or whether these perturbations trigger
comparable fatty liver features observed in adult mice. Furthermore, this work explored whether

dietary intervention halts or reverses fatty liver features of early malnutrition.

5.2 Dietary Intervention Largely Improves Growth and Altered Fecal Microbiota

As MAL and MBG mice exhibited similar liver metabolomic profiles, I chose to utilize the MBG
model during subsequent intervention studies. CON and MBG mice served as healthy and
undernutrition-induced fatty liver controls, respectively. Following an initial four-week phase, a
subset of control mice was switched to the MBG model—C-MBG (adult-onset malnutrition)—
while a subset of MBG mice received the control diet—MBG-R (reversal arm)—in order to

assess the impact of dietary intervention on MBG fatty liver (Fig. 5.1A).

After early malnutrition (7-week timepoint), MBG mice displayed significant weight faltering (t
=3.73, P =0.0008). During the subsequent reversal phase, C-MBG mice exhibited modest, but
not significant, weight loss. MBG-R final weights, however, were comparable with CON and C-
MBG mice by week 11 (F323 = 6.786, P =0.0014; Fig. 5.1B). We observed no significant

difference in tail size at week 11, suggesting that tail length differences, previously reported in
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young malnourished mice (Chapter 2.3 and Brown et al. 20153!), are largely resolved by

adulthood and not influenced by adult-onset malnutrition (Fig. S.10).

Fig. 5.1 Dietary Reversal Improves Growth Deficits

A B Growth

Malnutrition Phase  Reversal Phase
e

O"«GQYICIALNUTRITION PHASE 1% REVERSAL PHASE W 260 M " Gavace

&' 24
221
M e -

20
=)
w 181
eSS )
) =
ﬁ - = = 016'
S

144
C“@’ —_——=_ 121
[ ]

. . 104
. . . @ __ Bacterial Gavage:
Control Diet Malnourished Diet - Bacteroidales/Escherichia coli
8 T T
D @ @ @ @ @ @ @ @
06}. 06". 00‘. er Qaé‘. 00‘. 06‘- 06‘. 00‘.
R LRI
SN 6 0 ATY 9,0 W

Fig. 5.1 Legend

(A) Reversal experimental setup: following four weeks on a healthy or malnourished diet, a
subset of healthy (CON) and malnourished (MBG model) mice were “reversed” on the opposite
diet to assess impacts of adult-onset malnutrition (C-MBG) and dietary intervention (MBG-R).
Initial diet started at weaning (~3 weeks) and mice were euthanized at 11 weeks. (B) Weekly
mouse weights across time, at 11 weeks MBG-R mice exhibit significant weight improvement (n

= 8). Statistical significance determined by unpaired t-test (Malnutrition Phase) and one-way
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ANOVA with post hoc Tukey’s test (Reversal Phase), asterisk colour reports significant multiple

comparisons (i.e. black asterisk = significant difference in MBG vs. CON).

We have previously reported striking shifts in microbial composition across CON, MAL, and
MBG models, demonstrating that fecal-oral contamination and diet significantly alter the gut
microbiota (Chapter 3.6.2 see also Brown ef al. 20153! and Huus et al. 2020'%°). As we
introduce E. coli/Bacteroidales species in the initial malnutrition phase (MBG, MBG-R mice)
and reversal phase (C-MBG mice), we also assessed fecal microbiota composition by 16S rRNA
sequencing across time with fecal pellets taken upon weaning (arrival), after the initial
malnutrition phase (week 7), and following reversal (week 11). We report relative abundance of
bacterial members by family classification (Fig. S.11A and Fig. 5.2A, B). The relative
abundance of specific bacterial gavage members was increased in C-MBG and/or MBG and/or

MBG-R mice, but not CON animals, supporting 16S rRNA analyses (Fig. S.11B).

PCA of unweighted UniFrac distances revealed distinct clustering by dietary group (CON,
MBG) at week 7 (Fig. 5.2C). This MBG cohort exhibited increased a-diversity (Faith’s
Phylogenetic Diversity, Kruskal-Wallis: H=7.71, P = 0.05; Table S.3). Upon reversal, the fecal
microbiota composition of C-MBG and MBG-R mice significantly shifted towards MBG and
CON, respectively, as observed in Unweighted UniFrac PCA and UniFrac distance metrics (Fig.
5.2C, Fig. S.11C, and Table S.3). Moreover, dietary intervention reduced MBG-R a-diversity, a
pattern observed in CON counterparts, while C-MBG mice exhibited increased a-diversity

(Faith’s Phylogenetic Diversity, Kruskal-Wallis: H =9.04, P = 0.03), see Table S.3.
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Diet significantly influenced the relative abundance of select bacterial members (Fig. 5.2A, B).
Bacteria from Coriobacteriaceae and Streptococcaceae families exhibit divergent shifts in
response to malnourished diet. The relative abundance of Coriobacteriaceae species increases
upon malnutrition, while dietary intervention partially mitigates Coriobacteriaceae bloom in
MBG-R mice. Interestingly, increased relative abundance of Coriobacteriaceae has been reported

in rodent models following chronic stress?2%-22!

, suggesting that this bacterial family may be a
marker of systemic strain. In contrast, the relative abundance of Streptococcaceae bacteria was
decreased in malnourished mice (C-MBG, MBG), while MBG-R mice displayed increased
relative abundance approaching CON abundance. Like Streptococcaceae, Erysipelotrichaceae
bacteria have been linked with higher fat intake?*2?23, However, the relative abundance of
Erysipelotrichaceae remained elevated in C-MBG mice and reduced in MBG-R mice, matching
the original, early-life diet. This finding may indicate that early malnutrition sets a long-term
trajectory for Erysipelotrichaceae abundance, which is resilient against sustained dietary shifts
during murine adulthood. Relative abundance of the Peptostreptococcaceae was also increased in
CON mice, but showed a striking reduction in the C-MBG, MBG, and MBG-R gut microbiota,

suggesting that bacteria within this family are highly sensitive to the malnourished diet and may

not recover even after prolonged dietary intervention.

As these alterations may reflect model-specific bacterial shifts, we also predicted microbiome
metabolic signatures of health and malnutrition using predictive PICRUSt analyses??*. Like
compositional alterations, putative metabolic pathways of the C-MBG and MBG-R microbiota
largely shifted towards MBG and CON counterparts, respectively, highlighting a robust

microbial response to diet. Top differentially abundant PICRUSt hits following FDR correction
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included amino acid biosynthesis and degradation pathways, broadly matching metabolomic
patterns between CON and MAL intestinal content®'. Malnourished mice (MBG, C-MBG)
exhibited elevated pathways contributing to the tricarboxylic acid cycle (TCA or citric acid

cycle), potentially reflecting increased carbohydrate load in the MAL diet (Fig. S.12).
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Fig. 5.2 Dietary Intervention Partially Mitigates MBG Altered Gut Microbiota
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(A) Relative abundance of bacteria by family classification (16S rRNA gene) at final timepoint.

Select bacterial families indicated by 1 and shown in (B), line indicates median with statistical
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significance determined by Kruskal-Wallis and post hoc Dunn’s test. (C) Unweighted UniFrac
PCA with a-diversity (Faith’s Phylogenetic Diversity) of the CON and MBG microbiota (left)
and the CON, C-MBG, MBG, and MBG-R microbiota (right). Individual symbols represent
independent mice and symbol shape reveals reversal diet. Microbiome analyses conducted using

OIIME? (v. 2018.2).

5.3 Dietary Intervention Largely Improves Fatty Liver Histology in MBG Mice

Dietary reversal also mitigated fatty liver features. As anticipated, CON hepatocytes exhibited
low-fat/glycogen content as observed by H&E staining, while 11-week-old MBG mice displayed
diffuse hepatic macrovesicular lipidosis. Undernutrition-induced fatty liver histology, however,
was not observed in either C-MBG or MBG-R livers (Fig. 5.3A, B). In contrast, triglyceride
content was significantly elevated in both C-MBG and MBG mice, while triglyceride levels

within MBG-R livers were comparable with CON mice (Fig. 5.3C).
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Fig. 5.3 Dietary Intervention Affects Fatty Liver Pathology
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Fig. 5.3 Legend

(A) Representative H&E staining of the liver following dietary reversal. (B) The percent of
fat/glycogen-associated space in non-fasted liver histology determined with ImageJ analysis,
each point represents a biological sample. (C) Total triglyceride content in liver normalized to
tissue weight, data normalized to CON levels. Analyses conducted from murine tissue of the
same experiment. Bar graphs indicate mean and s.e.m with statistical significance determined by

one-way ANOVA with post hoc Tukey’s test.
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5.4 Diet and Gut Microbiome Shape the Undernutrition-Induced Fatty Liver Metabolome
PCA of untargeted metabolomics for both less polar and polar metabolites confirmed a
significant change in liver metabolomes, with the C-MBG and MBG-R metabolomic profile

shifting towards MBG and CON, respectively (Fig. 5.4 and Fig. S.13A).

Fig. 5.4 Dietary Reversal Informs the Liver Metabolome
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Fig. 5.4 Legend
Reversal phase PCA plots of untargeted liver metabolomics via RP-UPLC-FTMS (left) and

HILIC-FTMS (right), data from the positive ion channel presented, see also Fig. S.13A.

Over 2,000 differentially abundant hits were detected following RP-UPLC-FTMS and HILIC-
FTMS analyses (one-way ANOVA Fisher’s LSD, Padj < 0.05). Nearly 800 differentially

abundant hits were putatively annotated by m/z values against the METLIN database. We first
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explored metabolomic distinctions between chronic, early-onset malnutrition (MBG) and adult-
onset malnutrition (C-MBG). While MBG and C-MBG livers exhibit largely similar
metabolomic profiles (Fig. 5.4), we identified metabolites elevated in persistent early
malnutrition vs. adult-onset malnutrition (45 metabolites: MBG enriched over C-MBG + MBG

enriched over CON) for MSEA.

The top enriched pathway for the MBG profile was phenylacetate metabolism (Fig. S.13B).
Phenylacetic acid, a bacterial product from aromatic amino acid metabolism (AAAM), has
previously been shown to promote hepatic steatosis within the context of obesity®>. To determine
whether the malnourished microbiome contributes to enriched phenylacetic acid metabolism, we
returned to microbiome PICRUSt analyses. The MBG microbiome exhibits significantly
elevated AAAM pathways compared to healthy controls (ARO-PWY, Padj = 0.001;
COMPLETE-ARO-PWY, Padj = 0.002). While these pathways did not reach statistical
significance in post-reversal CON, C-MBG, MBG, and MBG-R samples (ARO-PWY, Padj =
0.105; COMPLETE-ARO-PWY, Padj = 0.078), the relative frequency of AAAM pathways was
higher in the MBG microbiome compared to the C-MBG microbiome as well as the microbiome
of mice fed a healthy diet (CON, MBG-R), indicating a putative causal role for the MBG

microbiota in undernutrition-induced fatty liver (Fig. S.13C).

We then categorized MBG-R metabolomic features as “reversible” or “resilient” to dietary
intervention. We considered reversible metabolites as those significantly different between
MBG-R and MBG but not MBG-R and CON, while resilient metabolites were significantly

altered between MBG-R and CON but not MBG-R and MBG. Of the differentially abundant
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metabolite hits, 505 were categorized as reversible, while only 106 metabolite features were
considered resilient, supporting the robust reversal of the fatty liver metabolome upon dietary
intervention observed in PCA analyses (Fig. 5.4). Metabolites were then classified and grouped
into metabolomic pathways using the SMPDB. Adaptive immune pathways—BCR Signaling
Pathway and T-Cell Receptor Signaling Pathway—were observed in both reversible and resilient
metabolomic profiles. The resilient profile featured many pathways associated with amino acid
metabolism within the liver. In contrast, the reversible profile included metabolites contributing
to retinol (vitamin A;) metabolism. Moreover, nearly 60% of reversible metabolites were
involved in lipid and fatty acid metabolism, notably AA Metabolism and various phospholipid

biosynthesis pathways (Fig. 5.5A).

To confirm untargeted metabolomic profiling, we profiled both vitamin A metabolites and long-
chain fatty acids in post-reversal mice. While the healthy and malnourished diets have distinct
macronutrient profiles (e.g. reduced fat, elevated carbohydrates), both diets contain identical
micronutrient content, including vitamin availability (Brown et al. 20153! and Table S.1).
Following absorption within the small intestine, dietary retinol can be esterified into retinyl ester
(storage form) or oxidized to retinal and retinoic acid. Both storage and metabolism of this fat-

soluble vitamin largely occurs within liver hepatocytes and hepatic stellate cells?2°.

We quantified retinoid levels within murine liver tissue using targeted LC-MS. While retinol
levels were comparable across groups, malnourished mice (MBG, C-MBG) displayed reduced
retinal and retinoic acid levels. As expected from metabolomic pathway analyses, dietary

intervention mitigated retinoid shifts in MBG-R mice (Fig. 5.5B), supporting a reversible
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metabolic pattern. Intriguingly, retinoids are important regulators of hepatic adiposity and fatty
acid oxidation with retinaldehyde administration inhibiting diet-induced weight gain in
Mice226:227.
As fatty acid metabolism was enriched in the reversible metabolomic pathways, we also assessed
long-chain fatty acid profiles in CON, C-MBG, MBG, and MBG-R livers. Fatty acid profiles of
11-week-old CON and MBG mice exhibit similar patterns as their 7-week counterparts (Fig.
5.5C, D and Fig. S.14A, B). As expected, SFA and PUFA % content remained elevated within
healthy livers and reduced in malnourished mice, while the MBG liver displayed increased
MUFA mol% (Fig. 5.5C). The reversal (end) diet, rather than early-life diet, shaped fatty acid
content, as C-MBG and MBG livers exhibited similar fatty acid profiles with MBG and CON
mice, respectively (Fig. 5.5C, D and Fig. S.14A). We specifically assessed whether dietary
intervention increased the relative abundance of w6 and w3 PUFAs within the liver. Decreased
LA mol% observed in malnourished mice (C-MBG, MBG mice) was reversed upon dietary
intervention (MBG-R mice). While aLLA relative abundance was elevated in CON livers, dietary
intervention largely failed to shift aLA % content in MBG-R mice. Dietary intervention,
however, reversed shifts in downstream PUFA ®»3 members, including 20:5 ®3 and 22:6 3
(DHA). Despite PUFA alterations, w6/®w3 PUFA ratios remained comparable across all groups

following dietary reversal (Fig. 5.5D and Fig. S.14B).
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Fig. 5.5 Dietary Reversal Significantly Shapes the Liver Metabolome Largely Mitigating Fatty
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Fig. 5.5 Legend

(A) Metabolomic pathway profiles of reversible (top) and resilient (bottom) metabolites. One-
way ANOVA of metabolites with post hoc Fisher’s LSD identified metabolites significantly
altered between MBG-R and MBG but not MBG-R and CON (reversible), as well as metabolites
altered between MBG-R and CON but not MBG-R and MBG (resilient). Metabolites were
searched in the SMPDB to identify biopathway/s. Gray circles indicate number of metabolites
belonging to reversible or resilient pathways, while the adjacent numeric value refers to the total
number of pathways within each circle graph. (B) Retinol, retinal, and retinoic acid levels within
hepatic livers conducted by targeted LC-MS and normalized to tissue weights. (C) The mol% of
SFA, MUFA, and PUFA liver content assessed by GC. (D) The relative abundance w6 and »3

PUFAs, normalized to CON values. Analyses conducted from murine tissue of the same reversal
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experiment. Bar graphs indicate mean and s.e.m with statistical significance determined by one-

way ANOVA with post hoc Tukey’s test.

Untargeted metabolomics revealed diet-induced alterations of phenylacetate, retinol, and fatty
acid metabolism; but the critical metabolites specifically linked to hepatic steatosis remained
uncertain. Furthermore, we wanted to examine where these metabolic shifts were associated

with, or uncoupled from, microbiome features.

To address these unknowns, I conducted undirected, weighted gene co-expression network
analysis (WGCNA) with untargeted metabolomic data. Using the WGCNA R package??®, highly
correlated metabolites were clustered into 52 modules across samples. Module relationship to
clinical traits—including hepatic histology and triglyceride content—the definitive diagnostic
features of NAFLD!%*1°¢ was determined by Spearmen rank correlation (Padj < 0.05). Two
modules significantly correlated with fatty liver traits: “yellow” module (positive correlation)
and “turquoise” module (negative correlation). These modules also correlated with the end diet
(reversal diet), but not starting diet, indicating that metabolites within these modules were
responsive to dietary intervention (Fig. S.14C). Metabolites within these modules and the “red”
module, which was not correlated to any group or clinical trait, were also selected for further

study.

Significantly correlated modules were predominantly comprised of glycerophospholipids,

hereafter referred to as GP1 (yellow = Glycerophospholipid 1: 105 annotated, 183 non-annotated

metabolites) and GP2 (turquoise = Glycerophospholipid 2: 243 annotated, 418 non-annotated).
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In contrast, the red module (28 annotated, 56 non-annotated metabolites) was largely comprised
of cholanoic and taurocholic bile acid metabolites and was designated BA. While GP1 and GP2
contain PE and PC members, modules also exhibit distinct phospholipid patterns. Total number
and relative abundance of glycerophosphoglycerols (PGs) were more prevalent in GP1, while
GP2 was enriched with glycerophosphoserines (PSs) and glycerophosphoinositols (PIs), see Fig.
S.14C, D. In addition, GP2, but not GP1, contains SFAs. We then examined the relationship
between these modules and predicted microbiome functionality. GP1 and GP2, but not BA,
display divergent and significant correlations with key PICRUSt pathways (Fig. S.14E). This
multiomic perspective not only identifies glycerophospholipid and fatty acid metabolism as key
pathways linked to hepatic steatosis, but also supports a causal role for the gut microbiota in

driving undernutrition-induced fatty liver.

5.5 A Model of Undernutrition, Microbiome, and NAFLD

Collectively, these findings demonstrate that diet and the gut microbes alter multiple pathways
that contribute to fatty liver features in a mouse model of early-life malnutrition. The MBG
model exhibits NAFLD-like features, accompanied by alteration of the (1) liver metabolome and

(2) the gut microbiome composition and predicted function.

More specifically, untargeted metabolomics and targeted validation methods reported aberrant
PUFA and retinol metabolism within the fatty liver. In addition, both MSEA and WGCNA
independently identified altered lipid metabolism, notably glycerophospholipid shifts, correlated
with both hepatic steatosis and the altered gut microbiome. Additional MSEA findings further

supported a causal role of the undernourished microbiome in fatty liver progression, as the MBG
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liver metabolome displayed altered metabolism of phenylacetate, a bacterial metabolite linked to
NAFLD severity®>. Predictive profiling of the gut microbiome revealed an increase in the relative
frequency of metabolic pathways producing phenylacetic acid (AAAM), in the MBG
microbiome. Sustained dietary intervention largely mitigated these aberrant features, while
improving growth markers and reducing fatty liver histology (Fig. 5.6). Unexpectedly, despite
marked shifts in microbiome and metabolomic profiles, adult mice failed to exhibit fatty liver
histology following malnutrition and fecal-oral contamination, possibly indicative of a critical

developmental window for programming a fatty liver trajectory within this model.

Childhood malnutrition and NAFLD remain global health concerns. The prevalence of fatty liver
disease, specifically amongst pediatric populations, is expected to rise during the oncoming
decades®!. Much research has examined NAFLD arising from one arm of the malnutrition
spectrum—overnutrition and obesity. Our gut-liver study provides a multifaceted, multiomic
assessment of undernutrition-induced fatty liver within an early-life model that addresses global
health burdens, dietary deficiency, and gut microbiota dysbiosis®!7*:16°, We anticipate that these
findings will provide critical launching points to identify putative dietary, microbial, and/or

metabolomic targets that address fatty liver pathology within undernourished communities.
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Fig. 5.6 Multi-Hit Model of Undernutrition-Induced Fatty Liver and Dietary Intervention
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Fig. 5.6 Legend

Chronic exposure to specific, fecal microbes exacerbates hepatic steatosis in malnourished mice.
The early-life MBG model exhibits an impaired liver metabolome characterized by shifts in
phenylacetate, retinol (vitamin A), long-chain fatty acid, and glycerophospholipid metabolism.
These changes are accompanied by striking alterations in gut microbiota community and
function. Enriched metabolism of phenylacetic acid, a bacterial product of AAAM metabolism,
corresponds with the relative frequency of AAAM microbiome pathways, while altered
glycerophospholipid metabolism correlates with both microbiome functional profiles and hepatic
steatosis. Adult-onset malnutrition elicits metabolomic shifts largely uncoupled from hepatic
steatosis (not shown), highlighting the importance of an early-life developmental period for liver

function. In contrast, sustained dietary intervention largely mitigates microbial and host
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metabolic shifts during malnutrition (see above), reducing hepatic steatosis and improving
growth. Collectively, these findings demonstrate a putative role for commensal gut microbes in
NAFLD and highlight putative host/microbial targets to reduce fatty liver burden in

undernourished communities. Figure made with Biorender: PA = phenylacetate, A/a = retinoids.

5.6 Chapter 5 Methodology
HISTOLOGY MEASUREMENTS

Analyses conducted as presented in Chapter 4.4.

TRIGLYCERIDE ELISA

Analyses conducted as presented in Chapter 4.4.

UNTARGETED METABOLOMICS and METABOANALYST ANALYSES
RP-UPLC-FTMS and HILIC-FTMS were conducted by TMIC. Untargeted metabolomics and

downstream analyses as reported in Chapter 3.8 and Chapter 4.4.

VITAMIN A METABOLOMICS

Vitamin A metabolites were assessed at TMIC. Mouse liver tissue was homogenized in 50%
aqueous methanol (25 pL/mg tissue) in Eppendorf tubes with 2, 4-mm metal balls/tube using the
MM 400 mixer mill (shaking frequency: 30 Hz for 1 min x 2), followed by sonication in a water
bath for 2 min. Hexane (50 pL/mg tissue) containing 20 pg/mL BHT (antioxidant) was added to
the tube and the mixture was vortex-mixed at 3000 rpm for 30s before 6 min centrifugation at

15000 rpm and at 10 °C to split the whole phase into an upper organic phase and a lower aqueous
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phase. The organic phase was removed with a gel-loading tip and the aqueous phase was
extracted with hexane again at 50 pL/mg tissue. After centrifugation, the organic-phase extracts
from two rounds of liquid-liquid extraction were combined and then dried in a nitrogen
evaporator. The residue was dissolved in methanol (5 pL per mg tissue), containing 0.5 pg/mL
of beta-tocopherol-D3 as internal standard. 10 uL of sample was injected to a C8 UPLC column
(2.1 x 50 mm, 1.7 um) to run UPLC-high-resolution MS on a Thermo Scientific LTQ-Orbitrap
mass spectrometer, which was operated with positive-ion FTMS detection at 60,000 full width at
half maximum (m/z 400) in a mass scan range of m/z 100 to 1800. Serially diluted, mixed
standard solutions of fat-soluble vitamin A (retinol, retinal and retinoid acid) in a concentration
range of 0.01 to 100 nmol/mL per compound were prepared in the same internal standard
solution and 10-pL aliquots were injected to acquire the data to construct the linear calibration
curves for the quantitation. The mobile phase was 5-uM silver-ion solution (A) and acetonitrile-
isopropanol (1:1) (B) for binary-solvent gradient elution, with a gradient of 30% to 100% B in 10
min at a flow rate of 250 uL/min. Vitamin A concentrations were calculated from the linear-

regression calibration curves of their standard compounds.

LIVER FATTY ACID PROFILE
Following euthanasia, CON, MBG, C-MBG, and MBG-R liver lobes were stored at -70/80 °C

prior to analyses. For further methodology, refer to protocols in Chapter 3.8 and Chapter 4.4.

MICROBIOME and MULTIOMIC ANALYSES

168 Sequencing and Analyses: Collected fecal pellets were stored in -70 °C prior to DNA

isolation with the QIAamp PowerFecal DNA kit (QIAGEN 12830). Library preparation for 16S

109



rRNA sequencing was performed with barcoded primers (V4 region) as described in Kozich et
al. 20132?°, Upon ensuring successful amplification via gel electrophoresis, PCR amplicons were
cleaned and normalized with the Sequal-Prep kit (ThermoFisher A1051001), pooled, and
sequenced on an I[llumina MiSeq (v2 kit, 2x250 bp reads). Raw 16S rRNA data was been

deposited to an SRA folder (PRINA629327), public following manuscript publication.

Demultiplexed reads were analyzed and annotated in QIIME2 (v 2018.2) using the DADA2
pipeline (sampling depth of 22051 bp) and Greengenes 97% OUT?3-232, Additional filtering
excluded contaminants (mitochondria, chloroplast). QIIME provided Padj for bacterial families.

Downstream microbiome analyses and visualization were performed in R.

PICRUSE: To assess functional changes in the fecal microbiota we conducted PICRUSt

(v2.1.3b), here we report Padj < 0.0002. Metabolic pathways were annotated using MetaCyc

224,233

WGCNA: WGCNA R package®?® identified metabolomic modules (modular eigengene) that
correlated with clinical features, traits, and PICRUSt output (Spearman rank correlation test,
Padj < 0.05). WGCNA was completed on the less polar metabolomic data (positive run)
following normalization (as described earlier in Untargeted Metabolomics and Metaboanalyst
Analyses). Based on a scale-free topology we chose a soft threshold = 13. Modules containing
> 5 metabolites were identified; additional clustering criteria include, power = 12,
mergeCutHeight = 0.3, and corType = "bicor". Metabolites within modules of interest were auto-

annotated using MassTRIX: Mass TRanslator into Pathways v. 3234,
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5.7 Chapter S Summary

Non-alcoholic fatty liver disease (NAFLD) remains a global epidemic, but is largely studied in
the context of obesity and aging. Early-life undernutrition promotes fatty liver pathology in
malnourished mice, accompanied by physical stunting and gut microbiota dysbiosis. In contrast,
the adult-onset malnutrition model (C-MBG) lacks fatty liver histology, yet exhibits striking
alterations of the liver metabolome. While these metabolic shifts may presage development of
hepatic steatosis, our findings raise an intriguingly possibility that undernutrition-induced fatty
liver is established within an early-life developmental window. Importantly, we demonstrate that
dietary intervention largely mitigated fatty liver features and gut microbiome alterations in the
MBG model. Dietary intervention reversed aberrant metabolic features of the malnourished liver
(e.g. phenylacetic acid and glycerophospholipid pathways) linked to the altered gut microbiome
and hepatic steatosis, highlighting putative diet/microbiota therapeutic targets for the treatment

of undernutrition-induced fatty liver.
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Chapter 6: Conclusion—Malnutrition, Microbes, and the Metaorganism

6.1 Diet and Fecal-Oral Contamination Influence Gut-Systemic Interactions

6.1.1 Gut Microbiota-Systemic Model

In the early 21 century, recognition of the gut microbiome and its functional capacity marked a
critical paradigm shift in gut-systems research, revealing that commensal microbes actively
maintain host homeostasis, while the dysbiotic gut microbiota exerts pathophysiological effects.
The continued surge in gut microbiota research has revealed extensive bidirectional interactions
between gut microbes and the host, although the precise signaling pathways remain
underexplored!8. Here, I review how malnutrition and fecal-oral contamination shapes the gut-
brain and gut-liver axes utilizing the MAL-BG/MBG model. To conclude, I place these findings

within a framework first introduced in Chapter 1—the metaorganism.

6.1.2 MAL-BG Gut Microbiota-Brain Axis

A significant portion of my doctoral studies examined the gut-brain interactions in the context of
malnutrition and fecal-oral contamination. This work utilized the MAL-BG murine model first
reported in Brown ef al. 20153! and further characterized in Huus ez al. 2020'® and Chapter 2.
MAL-BG mice not only exhibit significant growth deficits and gut dysbiosis, but also provide a

valuable model to explore gut-systemic consequences of early-life undernutrition.

Nearly a quarter of the world lacks access to adequate sanitation and these regions largely

overlap with areas at a higher prevalence of poverty and malnutrition’3*>, Indeed, fecal-oral
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contamination has been linked with poor neurocognitive function in malnourished
populations’!!%, Despite the prevalence of these external insults, the pathways and pathologies
informing altered gut-brain interactions, particularly non-neuronal components of the CNS,
remain greatly understudied. Early malnutrition models have largely examined the impact of diet
on brain growth and neural function'?”. In Chapter 3 I explore the gut microbiota-brain axis of

malnutrition with an emphasis on microbe-microglia interactions.

Microglia contribute to CNS homeostasis through dynamic phagocytic processes. During
development, microglia actively prune neuronal synapses, promoting appropriate communication
along neural networks!'#’. Microglial phagocytic processes continuously inform cognitive
capacity, modulating synaptic strength and neural plasticity throughout adulthood!4%-152.15,
Microglia also utilize phagocytosis when orchestrating neuroimmune responses, scavenging
debris and pathogenic agents'#*!78, Altered cognitive features accompanied increased phagocytic
structures on MAL-BG microglia, suggesting that specific fecal commensals shape CNS features

via microglia.

In 2015, Erny et al. first reported that commensal gut microbes influence microglia maturation
and function. GF mice exhibit an immature microglial phenotype characterized by increased
volume, process length, and process complexity (branching). GF morphology was largely
mitigated in mice exposed to a complex microbial community. Further studies specifically
identified bacterial-derived SCFAs as a key regulator of microglial modulation. SCFA exposure
improved GF microglial immune deficits, while GF-associated microglial features were observed

in SPF mice lacking the SCFA receptor FFAR2%, Diet has also been reported as a major driver
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of gut-microglial interactions. Valdearcos ef al. 2017 demonstrated that overnutrition triggers
inflammation-dependent microglial activation. Mice fed a high-fat diet displayed decreased
microglial volume and gliosis (microglial proliferation) within the mediobasal hypothalamus,

altering host metabolism?*°,

How does gut dysbiosis in the MAL-BG model impact microglial function? While GF mice lack
SCFAs, we previously reported comparable SCFA levels within the GI tract of our control and
malnourished models®!. We focused on key pathways of the gut-brain axis linked to diet and the
microbiota: neuroinflammation, epithelial permeability, and metabolic alteration®+8.72-236,
Unexpectedly, neither cytokine-induced microglial activation nor BBB disruption were observed
in this fecal-oral contamination model. We had previously reported marked alteration of amino
acid and lipid metabolism within the MAL small intestine®!, broadly matching reported shifts in
the serum metabolome of children treated for malnutrition!®, To address the influence of gut
microbes and malnutrition on neurometabolism, we profiled the hippocampal metabolome.

Similar to the intestinal metabolomic profile, the MAL and MAL-BG hippocampal metabolome

exhibits perturbed lipid metabolism, particularly PUFA pathways.

Within the brain, PUFAs serve as essential phospholipid components, participating in lipid
signaling, inflammatory regulation, neurodevelopment, and synaptic plasticity?*®. While
malnutrition affected PUFA metabolism, overall PUFA levels were comparable across CON,
MAL, and MAL-BG mice. These findings highlight persistent PUFA maintenance within the
brain, a metabolic resilience not observed in another fatty organ, the liver, which displayed

consistent, dietary-induced reduction of PUFA members (Chapter 4.3). Despite similar PUFA
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content, we observed a significant increase in PUFA-specific lipoxidation and oxidative stress
markers within the MAL-BG brain. Fecal-oral contamination also exacerbated oxidative stress
within the liver and gut, suggesting that specific, gut microbes trigger malnutrition features
linked to systemic oxidative strain. To our knowledge, this is the first study exploring the

combined impact of undernutrition-microbial interactions on microglia function.

This work supports research linking enteropathogenic burden and microbial dysbiosis with
poorer cognitive development’®!11%133, Furthermore, as our model captures post-weaning
development, these findings highlight an early critical window of neurodevelopment, during
which impaired microglial function likely shapes cognitive trajectories and long-term brain
plasticity, particularly as MAL/MAL-BG mice exhibited impaired brain plasticity as reported by
the MWMT. While neurocognitive consequences of childhood malnutrition are unquestionably
shaped by societal, economical, and political factors!?®23’; MAL-BG findings demonstrate that
poor diet and specific gut microbes may trigger neuropathologies independent of these “external”

influences.

The altered gut microbiota-brain axis has emerged as a critical regulator of CNS function and, by
extension, a potent therapeutic target!8. Largescale WASH and SHINE interventions have
yielded modest reductions of fecal-oral contaminants in malnourished communities without
linear growth (stunting) benefits'?>. Combining diet- and microbial-targeted interventions,
however, modestly improved early cognitive measures in a Bangladeshi WASH trial'?>, while
diets designed to benefit microbiome development increased plasma biomarkers of

neurodevelopment in children with persistent moderate acute malnutrition''*. Whether
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interventions targeting fecal-oral microbial exposures will robustly improve learning deficits

associated with childhood malnutrition remains to be determined®3?.

In summary, chronic exposure to fecal commensals impairs behaviour and learning plasticity in
malnourished mice—deficits linked to aberrant microglial function. We propose that gut-induced
oxidative stress contributes to the aetiology of neurocognitive pathology of malnutrition, altering
microglia phagocytic features. Aberrant microglia contribute to diverse psychiatric and
neurodegenerative conditions, impairing neuroimmune and cognitive function!#-132178  As such,
we anticipate that the findings highlighted in Chapter 3 will provide valued insight into dynamic
gut microbiota-brain interactions and inform therapies targeting microglial pathologies, including

microbiome-targeted interventions mitigating lasting consequences of childhood malnutrition.

6.1.2 MBG and the Gut Microbiota-Liver Axis

The MAL and MAL-BG/MBG model exhibited altered adipose accumulation (Chapter 2)
indicative of impaired host metabolism and liver function!?®. Indeed, the malnourished liver
exhibited elevated markers of glycoxidation and PUFA-dependent lipoxidation (Chapter 3.6.2).
Initial characterization of the MBG model by Brown et al. 2015 reported hepatic lipidosis and
inflammation in malnourished livers following systemic infection from S. Typhimurium?!. As
undernutrition and oxidative stress can promote NAFLD?!1%3, we utilized the MBG model to
examine how diet and fecal-oral contamination influence fatty liver in the absence of pathogenic-

induced inflammation.
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While undernutrition triggers fatty liver!®?, NAFLD has largely been studied as a condition
associated with overnutrition!®*!°8, Published studies have previously assessed how
undernutrition triggers fatty liver. For example, hepatic steatosis accompanied impaired
mitochondrial fatty acid oxidation and hepatic peroxisomes loss in a protein-deficient rodent
model. Fenofibrate treatment, a PPARa (peroxisome proliferator-activated receptor o) stimulant,
not only restored peroxisome deficits and improved mitochondrial function, but also reduced
hepatic steatosis, demonstrating a critical peroxisome-mitochondrial role in undernutrition-

induced fatty liver!'??

. In addition to poor fatty acid oxidation, proinflammatory mediators,
epigenetic modification, impaired lipid transport, and ROS disruption have all been implicated in
the progression of pediatric NAFLD?!-209-202_ Finally, intrauterine growth restriction and maternal

undernutrition facilitate fatty liver development, suggesting a critical developmental window

shaping liver health trajectories®®.

Beyond diet, the gut microbiome has also been implicated in the pathology of obese-associated
NAFLD via modulation of bile acids’®*. Synthesized within the liver, bile acids are secreted in
the small intestine. Gut microbes modify these primary bile acids forming secondary bile acids®?.
We have previously reported shifts in bile acid metabolism in our malnourished model, notably
reduction of both primary and secondary tauro-conjugated bile acids, indicative of impaired host
function and gut dysbiosis®!. In contrast, obese NAFLD/NASH cohorts exhibit increased plasma

taurocholate levels+23?

, perhaps suggestive of an overnourished NAFLD biomarker or systemic
plasma profile. Surprisingly, undirected WGCNA (Chapter 5.4) found no significant correlation

between a taurocholic bile acid-rich metabolic module (BA) and fatty liver features or key

microbiome pathways. These findings suggest that alterations in taurocholic metabolism are
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potentially a consequence of, rather than contributor to, hepatic steatosis within the MBG and
dietary reversal models. Alternatively, altered taurocholic metabolism may be a driver of

classical NAFLD, but not undernutrition-induced fatty liver.

The malnourished diets utilized in our work reflects dietary aberrations observed during food
insecurity—a poor diet comprised of refined carbohydrates and reduced intake of unsaturated
fats and lean proteins!26-24%-241 This form of malnutrition exists across both developed and
developing countries?*?242243, MBG also models a “secondary hit” contributing to persistent
undernutrition—chronic exposure to fecal commensals due to poor sanitation/hygiene access and
fecal-oral contamination®!'%°. As MBG fecal contamination consists of commensal bacteria (E.
coli and Bacteroidales species) associated with fatty liver and undernutrition®>-197-198 this model
provides a valuable tool to examine fatty liver in the context of dietary deficiency and gut
microbial dysbiosis. We demonstrate that repeated exposure to specific, fecal commensals
exacerbates hepatic fat/glycogen-accumulation and triglyceride content; although diet, not fecal-

oral contamination, shaped the MAL and MBG liver metabolome (Chapter 4).

In Chapter 5, we examined how dietary reversal affects the liver metabolome and malnourished
gut microbiota in CON (healthy “positive” control), C-MBG (adult-onset malnutrition), MBG

(malnutrition “negative” control), and MBG-R (malnutrition reversed to control diet) mice.

Here, I reported two hepatic metabolomic pathways linked to the MBG microbiome—

phenylacetate and glycerophospholipid metabolism. While adult-onset malnutrition significantly

altered the liver metabolome, hepatic steatosis was not observed in C-MBG mice. MSEA
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identified metabolomic distinctions between the MBG and C-MBG liver, highlighting
phenylacetic acid metabolism enriched in the MBG vs. the C-MBG metabolome. Phenylacetic
acid was recently identified as a driver of hepatic steatosis in a cohort of obese, non-diabetic
women (FLORINASH study). Researchers combined hepatic transcriptome, plasma/urine
metabolomics, and fecal metagenomics to identify signatures and metabolic contributors of fatty
liver. These multiomic analyses revealed disruption of AAAM, a microbial pathway producing
phenylacetic acid. Chronic phenylacetic acid exposure elevated hepatic triglyceride content
triggering NAFLD-like features in mice®®. PICRUSt predictions from our study also revealed
elevated aromatic biosynthesis pathways in the MBG microbiome prior to and following reversal
treatment, supporting a microbiome-dependent role in undernutrition-induced NAFLD

progression.

Both MSEA and WGCNA independently identified aberrant lipid metabolism during
undernutrition, notably altered glycerophospholipid and fatty acid metabolism. Altered
glycerophospholipid profiles have been reported in murine and human cohorts of fatty liver
disease and are implicated in hepatic steatosis pathology?°*2%>-244 To experimentally modify
hepatic glycerophospholipid metabolism in mice, Leornardi ef al. 2009 disrupted PE
biosynthesis via elimination of the CDP-ethanolamine pathway, which resulted in a 10-fold

203 While our methodology lacks the

increase of triacylglycerol content within murine livers
capacity to identify specific glycerophospholipids species driving hepatic steatosis, further study

to explore glycerophospholipids as a mechanism driving hepatic steatosis and steatohepatitis are

warranted.
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MSEA, however, identified specific shifts in fatty acid profiles—PUFA metabolism. Key cell
membrane components, PUFAs modulate inflammatory processes, lipid signaling, and

triglyceride accumulation?%6-208

, with dietary 3 PUFA supplementation shown to be a
promising NAFLD treatment?°%2!!, While MAL/MBG mice displayed a striking reduction of

hepatic PUFA content, dietary intervention largely restored w6 and w3 PUFA profiles.

PUFAs are metabolized via fatty acid oxidation, a catabolic process influenced by vitamin A
metabolites or retinoids*?®. Beyond fatty acid regulation, retinol, retinal, and retinoic acid
contribute to diverse biological functions including vision, adaptive T-cell immunity, and gene
transcription?*>24, Prevalent in malnourished communities, vitamin A deficiencies drive vision
impairments, growth deficits, and even mortality rates?*’2%. Largely stored in the liver, hepatic
steatosis is linked to vitamin A deficiencies”. As both CON and MBG mice consume diets with
equivalent vitamin A availability and exhibit comparable dietary retinol levels within the liver,
retinal/retinoic acid deficits in malnourished mice likely reflect liver dysfunction. Similar to
improved PUFA profiles, dietary intervention mitigated impaired vitamin A metabolism in
MBG-R mice, likely due to reduced hepatic steatosis. Clinical trials assessing vitamin A
supplementation and anthropometric measurements in pediatric populations have reported
promising, albeit inconsistent results?>>?3!, These findings might occur as a consequence of

undernutrition-induced fatty liver and subsequent impairment of retinol metabolism.

To summarize, we demonstrate that diet and the gut microbes alter multiple pathways that

contribute to fatty liver features in a mouse model of early-life malnutrition. Malnutrition

triggered diffuse macrovesicular lipidosis accompanied by (1) microbiome alterations and (2)
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metabolomic shifts in phenylacetate, glycerophospholipid, PUFA, and vitamin A metabolism
within the MBG liver. Beyond characterizing malnutrition-induced hepatic steatosis, this work
highlights microbial-dependent shifts in composition and function which may contribute to fatty
liver pathology and persistence. Sustained dietary intervention largely mitigated these aberrant
features, while improving growth markers and reducing fatty liver histology. Despite marked
shifts in microbiome and metabolomic profiles, adult mice failed to exhibit fatty liver histology
following malnutrition and fecal-oral contamination. These metabolic shifts may precede future
development of macrovesicular lipidosis in C-MBG mice maintained on the malnourished diet.
Alternatively, our findings raise an intriguingly possibility that the characteristic diffuse
macrovesicular lipidosis observed in diet-induced fatty liver is largely established during a
critical developmental window in early life and/or may involve additional disruptions not

captured by metabolomic studies.

6.2 Malnutrition and the Microbiota: A Case Study of the Expanded Gut-Systemic Model
In conclusion, both diet and fecal-oral contamination trigger broad gut-systemic interactions
(Fig. 6.1). The addition of fecal-oral contamination largely exacerbates injurious effects of
malnutrition from poor neurocognitive function to NAFLD. While presented discussions have
largely examined the gut-brain and gut-liver as independent signaling axes, collective findings
suggest that MAL-BG pathology emerges from systems cross-talk. MAL-BG mice exhibit
cognitive deficits linked to aberrant microglia, neurometabolism, and lipoxidation. Fecal-oral
contamination elicits gut dysbiosis triggering systemic oxidative stress likely stemming from the
GI tract. Indeed, elevated markers of lipoxidation and PUFA-dependent oxidative stress were

present in the MAL-BG liver and this strained environment likely contributes to fatty liver
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observed in the malnourished liver. Malnutrition affects the liver metabolome altering PUFA and
vitamin A processing, as well as phenylacetic acid and glycerophospholipid metabolism—
pathways linked to the malnourished gut microbiota. As the gut-liver axis modulates nutrient

252 it is not unlikely that aberrant metabolic function within the MAL-BG liver

processing
informs the metabolic milieu of the CNS. Moreover, as lipoxidative intermediates (e.g. MDAL)
trigger cascading oxidation events, unchecked oxidative stress within the gut/liver possibly

contributes to systemic oxidative stress!’62%3,
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Fig. 6.1 Malnutrition and Fecal-Oral Contamination Alter Gut-Systemic Interactions
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Fig. 6.1 Legend
Long-term consequences of malnutrition include growth faltering, gut dysbiosis, metabolic
disruption, and impaired neurocognitive functions, consequences stemming from impaired gut-

systemic interactions. We propose that poor diet and combined exposure to specific gut microbes
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(Bacteroidales/E. coli) trigger impaired metabolism (e.g. PUFA alterations) and oxidative
stress, promoting NAFLD features and aberrant microglial function. The MAL-BG model
provides a unique tool to not only assess malnourished gut-systemic pathways, but also identify
putative microbial/dietary targets that halt or reverse early-life malnutrition. Pictured
nutritional items not modeling a particular diet, but reflective of general fat/protein deficiencies.

Image partially created with Biorender.

These findings demonstrate that fecal-oral contamination significantly contributes to the
persistence and pathologies of early-life undernutrition. While gut-systemic disruptions have
long been reported in malnutrition, only recently has the gut microbiome been acknowledged as
a key contributor of malnourished health trajectories?>731%¢:113 MAL-BG research provides an
attractive approach to experimentally assess (1) specific disruption of the malnourished gut

microbiota and (2) gut microbiota-systemic pathologies of early-life undernutrition.

Host diet and environment shape the gut microbiota and gut microbes, in turn, modulate host
health!®. Consequently, we propose continued study of pediatric malnutrition from a
metaorganism framework (Fig. 6.2). The concept of the human metaorganism—human +
commensal microorganisms—teflects the profound interdependency between hosts and
microbial communities. In the expanded framework of the metaorganism, research no longer
maintains a complete division between microorganisms (“non-selves”) and the human (“self”),

but rather explores gut microbiota-systems interactions as an indistinguishable, dynamic unit.
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The dynamic interactions between malnutrition and fecal-oral contamination observed in the
MAL-BG model provides a powerful case study for integrating gut microbiota-systemic research
within a metaorganism framework. This is a novel frontier.

Recognition of the gut microbiota as a critical, “forgotten organ”!#

emerged in 21 century with
the first conceptualization of a “brain-gut-enteric microbiota axis™ appearing in the past decade.
Concurrent growth of new technologies, improved analytical pipelines, and increased
collaborative efforts will likely reveal undiscovered microbial mechanisms that drive gut-
systemic interactions. Extensive reviews and perspectives showcase the promise of the gut
microbiome, cataloguing a growing list of microbes and/or microbial metabolites associated with
human pathologies and early-life undernutrition®!”-%°, Further study is warranted to determine
whether microbial-targeted therapies benefit impaired gut-systemic interactions within
malnourished populations. While largely uncharted, we predict that gut-systemic research will

continue sailing towards mechanism-focused, multidisciplinary, and medically germane

territories.
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Fig. 6.2 The Metaorganism and Gut-Systemic Study

Exploring Gut-System Interactions

Fig. 6.2 Legend

I propose continued study of early-life malnutrition from a metaorganism perspective—an
expanded framework that comprises both host and microbiome. This approach fosters
transdisciplinary dialogue and research, acknowledging the influence of environment and social
interactions on the microbiome, and, by extension, the gut microbiota-liver-brain interactions
contributing to metaorganism development and function. Continued studies from a
metaorganism perspective will not only offer valued insight into human health, but may also

identify novel therapeutics (e.g. microbial-based interventions, FMT development) addressing
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early-life undernutrition. Figure partially created with Biorender and adapted from Bauer et al.

20198,

In 1961, a Matisse appreciator realized that Le Bateau hung upside-down. The error was
evidenced by the more intricate detailing on the work’s lower half. The metaorganism nervous
system boasts a far more elaborate pattern. Throughout history, nervous and metabolic function
has largely centered around vital mammalian organs (e.g. the brain and liver), while critically
significant, this “narrow” perspective overlooks the vast complexity and functional capacity of

the commensal microorganisms thriving below. Perhaps the MoMA had it right after all.

6.3 The Metaorganism Framework: A Postscript

Edwin Hubble first observed evidence that we live within an expanding universe. The resulting
inflation theory challenged our conceptualization of an inert cosmos. The metaorganism with its
dynamic microbiome also impels us to profoundly reassess our understanding of human

autonomy, anatomy, and activity.

We are more than human. Perhaps even more than the individual metaorganism.

The developing microbiome acquires diversity and functional complexity through connections
with new environments and communities, interactions contributing to healthy metaorganism
development!23*142 Injurious (e.g. malnutrition) or even inappropriate (e.g. chronic exposure to
fecal microbes) environments trigger gut microbiota dysbiosis likely shaping health trajectories

of metaorganism communities®’'42, As such, study of metaorganism gut-systemic interactions
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not only presents an opportunity for multidisciplinary research and reexamination of academic
curricula and clinical practice, but also highlights new signaling pathways and players
contributing to disease prevention and treatment within affected communities. I anticipate that
interdisciplinary exploration from a gut-systemic perspective will continue to provide valuable,
as well as thought-provoking, insights into our understanding of human health and the elegant

interplay of gut-systemic interactions.
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Appendix

(Supplemental Tables and Figures)

Table S.1 Dietary Composition

Mouse Groups CON MAL,

Standard Diet Malnourished Diet
Diet Name D09051102 D14071001
Ingredient List gm kcal gm kcal
Casein 200 800 71 284
L-Cystine 3 12 1.07 4
Corn Starch 346 1384 557 2228
Maltodextrin 10 45 180 70 280
Dextrose 250 1000 250 1000
Sucrose 0 0 2.41 10
Cellulose, BW200 75 0 75 0
Inulin 25 25 25 25
Soybean QOil 70 630 23.3 210
Mineral Mix S10026 10 0 10 0
Dicalcium Phosphate 13 0 13 0
Calcium Carbonate 5.5 0 55 0
Potassium Citrate, 1 H20 16.5 0 16.5 0
Vitamin Mix V10001 10 40 10 40
Choline Bitartrate 2 0 2 0

Table S.1 Legend

Ingredient list from the standard and malnourished diets provided by Research Diets (New

Brunswick, NJ, USA).
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Fig. S.1 Light-Dark and NORT Testing Support Altered MAL-BG Exploration Uncoupled from

Anxiety-Like Behaviour
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(A) Light-dark test setup: a measure of anxiety-like behaviour (dark region preference), the light-

dark box is comprised of an open light region and enclosed dark region. (B) CON, MAL, and

MAL-BG exhibit comparable behaviour within the light-dark box. (C) NORT schematic

showing the familiarization and recall setup. During familiarization mice exhibit impartial object

exploration (interaction ratio ~1). All groups distinguished the novel object during recall (novel:

old interaction ratio > 1), with MAL-BG mice exhibiting moderately increased novelty

exploration. (D) Total mouse-object interaction time (novel and old object interaction) for the
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NORT. Light-dark test assessments were conducted with blinded Anymaze software tracking,
NORT interactions were scored by a blinded observer. Light-dark testing and NORT were
conducted on the same mice, data pooled from two independent experiments. Graphs indicate
mean and s.e.m. with statistical significance determined by one-way ANOV A with post hoc

Dunnett’s test.
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Fig. S.2 MWM Methodology and Supplemental Data
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Fig. S.2 Legend

(A) Complete MWMT setup: during habituation, mice were released from the same position and
learned to locate a visible platform, platform location moved after each trial. During learning
phases (acquisition, reversal) individual mice attempted to locate a hidden platform based on
spatial memory and external cues. Mice entered the pool at variable locations (north, south, east,
and west quadrants); trial order and location entries were randomized prior to testing.
Habituation and learning trials lasted 60 s each with a rest period. Individual mice were placed in
an empty pool (30 s swim) 24 hr following the final acquisition and reversal trial. (B) Average
swim speed for the initial (left) and final (right) free swims, demonstrating comparable swim
capacity across groups. (C) The escape latency for the initial reversal learning trial. Mice that
failed to locate the new platform location within 60 s were gently guided to the platform,
following trial (failed trials represented at the dotted line). Graphs indicate mean and s.e.m. with

statistical significance determined by one-way ANOVA with post hoc Dunnett’s test.
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Fig. S.3 Healthy and Malnourished Mice Exhibit Comparable Microglia Motility
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Fig. S.3 Legend

(A) To assess whether morphological alterations affect motility, we examined microglial process
additions and retractions over 10 min. Representative images from motility assays: yellow =
static, red = process addition, green = process retraction. Motility indices determined by custom
MATLAB program that identified pixel additions/removal in eGFP+ cells. We observed no
striking difference in CON, MAL, and MAL-BG microglia motility, as quantified by process
addition (bottom) or retraction motility indices (data not shown), n = 9. (B) Representative
images from two-photon microscopy of the hippocampal CA1 region prior, at, and following

lesion induction via intensive two-photon laser scanning. (C) Microglial process response to
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lesion region: mean fluorescent intensity/microscopy frames. Lesion experiments conducted on a
subset of mice utilized for reported microglial morphology analyses (Fig. 3.4). Graphs indicate

mean and s.e.m. with statistical significance determined by one-way ANOVA.
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Fig. S.4 Altered Functional Profile in MAL-BG Microglia
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Fig. S.4 Legend

(A) RNA-Seq was conducted on CD11b+ population from CON, MAL, and MAL-BG whole
brain tissue. Representative flow cytometry gating verifying microglial enrichment
(CD11bhigh/CD45'Y population) following dissociation (Miltenyi Biotec Adult Brain
Dissociation kit) and CD11b separation. (B) Representative flow cytometry gating (left) of
CX3CR1 gMFI and frequency (% microglia) from an independent cohort (right), supporting
RNA-Seq findings. (C) Whole brain qPCR results from an independent mouse cohort, while
assessed DEGs did not reach statistical significance by RT-qPCR, overall patterns support
microglial Sirpa (phagocytic marker) and Ctsd (lysosomal marker) RNA-Seq results. Fold

change and ddct values plotted, Hprt provided the endogenous control. Flow cytometry graphs
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show mean and s.e.m. with statistical significance determined by Kruskal-Wallis with post hoc

Dunn’s test.
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Fig. S.5 MAL-BG Brain Lacks Neuroinflammation and BBB Disruption
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(A) TNF-a and IL-6 levels in CON, MAL, and MAL-BG sera, data from two independent

experiments. (B) Representative flow cytometry gating for inflammatory microglia panel.

Microglia reported as CD11bhe"/F480Meh within a CD45'Y cell population. (C) Quantification of

IgG immunostaining revealed low levels of IgG antibodies within the brain parenchyma of all

groups. High IgG presence in control photothrombotic brain tissue (PTB+, ischemic stroke

model). (D) Biocytin-TMR intensity across murine CNS slices, each line represents a mouse,

symbols denote slice. Bar graphs indicate mean and s.e.m. with statistical significance

determined by one-way ANOVA with post hoc Dunnett’s test; CBLM = cerebellum, PFC =

prefrontal cortex.




Fig. S.6 Altered Hippocampal Metabolomics and PUFA Metabolism in Malnourished Mice
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(A) PCA (+/- ion channels) and PLSDA (+ ion channel) of untargeted metabolomics from

murine hippocampi. (B) Putative m/z identification for differentially abundant metabolites

determined by Metaboanalyst v. 3.0/4.0 (one-way ANOVA, Padj < 0.05, post-hoc Fischer’s

LSD), features annotated against METLIN databases. (C) Chow weights/day normalized to

number of mice per cage. Chow consumption data from three cages (n = 9), averaged across

three 24 hr timepoints, each symbol represents a cage. (D) w6/w3 ratio from cortical CON, MAL,

and MAL-BG tissue, normalized to controls. Bar graphs indicate mean and s.e.m. with statistical

significance determined by Kruskal-Wallis post hoc Dunn’s test (chow consumption) or one-way

ANOVA with post hoc Tukey’s test (fatty acid metabolism).
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Table S.2 Oxidative Pathways (RNA-Seq)

Genes linked to Microglial Oxidation Pathways
GeneCards® (Weizmann Institute; hitps://www.genecards.org)
AmiGO 2 (http://amigo.geneontology.org/amigo)

Arachidonic Acid -> NADPH Oxidase Pathway

RNA-Seq (CD11b+) DEG analyses

MAL-BG v CON

Gene Gene Function baseMean log2FoldChange IfcSE stat pvalue padj
S100a8* | Calcium binding protein | 3592.105801 | 2.64172224| 0.97523693| 2.708800445| 0.00675269| 0.0208964
S100a9 | calcium binding protein | 5529.04365|  2.831110905] 1.0112796| 2.799533299] 0.00511765| 0.01677229
MAL-BG v MAL

Gene Gene Function baseMean log2FoldChange IfcSE stat pvalue padj

S100a8 | calcium binding protein | 3592.105801|  2.340699151| 0.93229516| 2.510684646| 0.01204973| 0.03349451
S100a9 | calcium binding protein | 5529.04365|  2.430597404] 0.96682999| 2.513986367] 0.0119375| 0.03324615
G0:0016175 superoxide-generating NADPH oxidase activity

GO0:0043020 NADPH oxidase complex

MAL-BG v CON

Gene Gene Function baseMean log2FoldChange IfcSE stat pvalue padj

Cyba Cytochrome b-245 5062.35957614 1.26081471] 0.24423084| 5.16238946| 0.00000024| 0.00000567
Cybb Cytochrome b-245 1919.39593717 0.04744807| 0.33950588| 0.13975625] 0.88885258| 0.92295130
Ncft neutrophil cytosolic factor 7297.94269368 -0.12797968| 0.22020090] -0.58119508| 0.56110899| 0.66788792
Ncf2 neutrophil cytosolic factor 3025.27657556 0.15687929] 0.17658153] 0.88842408] 0.37431268] 0.49631771
Ncf4 neutrophil cytosolic factor 1087.35465236 0.17556710] 0.26260265] 0.66856562| 0.50377261| 0.61802429
Noxo1 NADPH oxidase organizer 1 209.71311044 -0.07841787| 0.29789151| -0.26324306| 0.79236325| 0.85317253
Pdgfb platelet derived growth factor B 7416.847941 0.519363668| 0.254404554| 2.04148731| 0.04120241]| 0.08842124
Sh3pxd2a SH3 and PX domains 2A 1320.48437209 -0.68151553| 0.19663674 | -3.46586057 | 0.00052854| 0.00270885
Sh3pxd2b SH3 and PX domains 2B 211.38421577 -0.55726303] 0.21713396] -2.56644800| 0.01027460] 0.02925967
MAL-BG v MAL

Gene Gene Function baseMean log2FoldChange IfcSE stat pvalue padj

Cyba Cytochrome b-245 5062.35957614 1.19125478| 0.23348647| 5.10202915| 0.00000034| 0.00000717
Cybb Cytochrome b-245 1919.39593717 -0.44862267] 0.32449496] -1.38252585| 0.16681030] 0.26602894
Ncft neutrophil cytosolic factor 7297.94269368 -0.03117306| 0.21056054] -0.14804799| 0.88230489| 0.91910712
Ncf2 neutrophil cytosolic factor 3025.27657556 0.07598941| 0.16879851| 0.45017817| 0.65258197| 0.74610863
Ncf4 neutrophil cytosolic factor 1087.35465236 0.01009513] 0.25095508] 0.04022684] 0.96791228| 0.97902609
Noxo'1 NADPH oxidase organizer 1 209.71311044 -0.25943413|  0.28429997| -0.91253661| 0.36148631| 0.48451359
Pdgfb platelet derived growth factor B 7416.84794134 0.65100048| 0.24326216] 2.67612723| 0.00744784] 0.02282486
Sh3pxd2a SH3 and PX domains 2A 1320.48437209 -0.43358583| 0.18819225| -2.30395154| 0.02122536] 0.05260199
Sh3pxd2b SH3 and PX domains 2B 211.38421577 049546195 0.20794134] -2.38270055] 0.01718617] 0.04451986

*Italics indicate DEG

Table S.2 Legend

Gene expression of microglial oxidation pathways from RNA-Seq data.
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Fig. S.7 Fatty Liver and Inflammatory Profiling in MAL And MBG Mice
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Fig. S.7 Legend
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(A) Liver weights (top) and body normalized-liver weights (bottom). (B) Proinflammatory

cytokine levels were comparable within CON, MAL, and MBG livers, samples normalized to

tissue weight. (C) Non-fasting sera insulin and glucose levels. Bar graphs indicate mean and

s.e.m. with statistical significance determined by Kruskal-Wallis with post hoc Dunn’s test (liver

weight and inflammatory panels) or one-way ANOV A with post hoc Dunnett’s test (insulin,

glucose).
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Fig. S.8 Diet Alters Liver Metabolome
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(A) PCA plots of untargeted metabolomics via RP-UPLC-FTMS (top) and HILIC-FTMS

(bottom), data from the negative ion channel, see also Fig. 4.3a. (B, C) MSEA conducted with

Metaboanalyst v 4.0 reported alterations in metabolomic pathways in the malnourished (MAL +

MBG, B) and healthy (CON, C) liver. Metabolomic pathways beyond the dotted red bar exhibit

>1.5-fold enrichment compared to background metabolomic database. Fold enrichment

determined as number of observed pathways hits divided by expected hits. Untargeted

metabolomics from the same experiment. Full metabolomic pathway names: *Alpha Linolenic

Acid and Linoleic Acid Metabolism, **Mitochondrial Beta-Oxidation of Long-Chain Fatty

Acids.
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Fig. S.9 Malnutrition Impairs Hepatic Fatty Acid Metabolism
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(A) The mol% of UFA identified by GC. (B) Ratios of w6/®3 hepatic PUFAs were comparable

across groups. Fatty acid analyses conducted from mice within the same experiment. Bar graphs

indicate mean and s.e.m. with statistical significance determined by one-way ANOV A with post-

hoc Dunnett’s test.
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Fig. S.10 Comparable Tail Lengths Following Dietary Reversal
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Fig. S.10 Legend
Mouse tail lengths at experimental endpoint (11 weeks). Graphs indicates mean and s.e.m. with

statistical significance determined by one-way ANOVA with post-hoc Tukey’s test.
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Fig. S.11 Diet and Fecal-Oral Contamination Influence Gut Microbiota
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Fig. S.11 Legend

(A) Relative abundance of bacterial families determined at arrival (upon weaning), at week 7
(CON, MBG mice), and at week 11 (CON, C-MBG, MBG, and MBG-R mice). Columns
represent microbiota composition from the fecal sample of individual mice. (B) Relative
abundance for select bacterial gavage members following the reversal phase, genus level
reported. (C) Box plot graph reporting unweighted UniFrac distances to CON mice at week 11.
Post-reversal UniFrac distance provides a measure of fecal microbiota similarity, C-MBG and
MBG-R distances are between CON and MBG mice (PERMANOVA, P = 0.001%*), pairwise
analyses reported in Table S.3. Fecal microbiota composition determined by 16S rRNA

sequencing and analyzed with QIIME (v. 2018.2). Bar graphs in B indicate mean and s.e.m. with
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statistical significance determined by or Kruskal-Wallis with post hoc Dunn’s test *lowest P-

value possible = 0.001 for 999 permutations (see Table S.3).
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Table S.3 Microbiome Diversity Analyses

Week_7_Faith's_PD
Kruskal-Wallis (all groups)

Result
H 7.712125576
p-value 0.052351375
Kruskal-Wallis (pairwise)
Group 1 Group 2 H p-value g-value
CON (n=8) C-MBG (n=8) 0.540441 0.46225 0.46225
MBG (n=7) 2.263393 0.132464 0.198695
MBG-R* (n=8) 4.411765 0.035692 0.107076
C-MBG (n=8) MBG (n=7) 2.625 0.105193  0.198695
MBG-R (n=8) 4.411765 0.035692 0.107076
MBG (n=7) MBG-R (n=8) 1.084821 0.297621 0.357146
Week_11_Unweighted_UniFrac_Distances
PERMANOVA results
method name PERMANOVA
test statistic name pseudo-F
sample size 32
number of groups 4
test statistic 2.12131
p-value 0.001
number of permutations 999
Pairwise permanova results
Group 1 Group 2 Sample size Permutations pseudo-F p-value g-value
CON C-MBG 16 999 2.2426 0.001 0.0015
MBG 16 999 2.885136 0.001 0.0015
MBG-R 16 999 1.688551 0.006 0.006
C-MBG MBG 16 999 1.60447 0.002 0.0024
MBG-R 16 999 2.025079 0.001 0.0015
MBG MBG-R 16 999 2.238985 0.001 0.0015
Week_11_Faith's_PD
Kruskal-Wallis (all groups)
Result
H 9.042613636
p-value 0.028729648
Kruskal-Wallis (pairwise)
Group 1 Group 2 H p-value g-value
CON (n=8) C-MBG (n=8) 1.863971 0.172167 0.258251
MBG (n=8) 6.352941 0.011719 0.054846
MBG-R (n=8) 0.099265 0.752714 0.903257
C-MBG (n=8) MBG (n=7) 4.863971 0.027423 0.054846
MBG-R (n=8) 0.011029 0.916359 0.916359
MBG (n=8) MBG-R (n=8) 4.863971 0.027423 0.054846

Table S.3 Legend
Faith’s Phylogenetic Diversity and Unweighted UniFrac distances from QIIME (v. 2018.2)
analyses. Week 7 = prior to reversal diet and Week 11 = post dietary reversal. At the 7-week-

timepoint, CMBG = CON, MBGR = MBG, a fecal sample not collected from one MBG mouse.
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Fig. S.12 Dietary Reversal Alters Predicted Microbiome Functionality
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Differentially abundant microbiome pathways connote microbiome functionality. Fecal

microbiome pathway analyses determined by PICRUSt??* (left) and annotated with the MetaCyc

(right); reporting Padj < 0.0002.
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Fig. S.13 Dietary Reversal Affects the C-MBG and MBG-R Liver Metabolome
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Fig. S.13 Legend

(A) PCA plots of untargeted metabolomics via RP-UPLC-FTMS (top) and HILIC-FTMS
(bottom), data from the negative ion channel, see also Fig. 5.4. (B) MSEA conducted with
Metaboanalyst v 4.0 (SMPDB database) reported enriched metabolomic pathways in the MBG
vs. C-MBG liver metabolome. Metabolomic pathways beyond the dotted red bar exhibit >1.5-
fold enrichment. Fold enrichment determined as number of observed pathways hits divided by
expected hits. (C) Relative frequency (%) of AAAM microbiome pathways prior to and
following reversal studies, Padj reported. Functional microbiome analyses conducted via

PICRUSt??.
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Fig. S.14 Altered Fatty Acid and Glycerophospholipid Metabolism Linked to Undernourished

Liver Metabolome and Microbiome
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Fig. S.14 Legend

GC assessment of hepatic (A) UFA mol% and (B) w6/w3 ratios. (C-E) WGCNA?28 results: (C)
the left panel reports associations between metabolomic clusters and clinical traits (left) and
group/diet (right). Start Mal Diet and End Mal Diet describe malnourished vs. healthy diet, i.e.
MBG/MBG-R vs. CON/C-MBG and MBG/C-MBG vs. CON/MBG-R, respectively. WGCNA
randomly assigned modules a colour name. (D) Three modules were annotated for further
analyses (1) yellow “GP1” (positive correlation to hepatic steatosis: glycerophopholipid
enriched), (2) turquoise “GP2” (negative correlation to hepatic steatosis: glycerophospholipid

and SFA enriched), and red “BA” (no correlation: bile acid enriched). Metabolite rundown of
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GP1 (top) and GP2 (bottom) modules presenting annotated glycerophospholipid profiles. (E)
Spearman correlation coefficient between metabolomic module and differentially abundant fecal
microbiome pathways (PICRUSt??* reporting Padj < 0.0002), T indicates annotated modules and
ME-colour refers to assigned colour for each modular eigengene. See Chapter 5.6 for detailed
WGCNA methodology. A and B bar graphs indicate mean and s.e.m. with statistical significance
determined by ANOVA with post hoc Tukey’s test. For C and E, circle size and colouring

represent Spearman correlation coefficient (significance = Padj < 0.05).
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