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DEDICATION

I am a second-generation Filipino American. My mother is from the Pangasinan Province in the
Philippines, and my father is from a remote area of Indiana. From Alaska, we eventually grew roots
in a predominantly white part of southern Indiana. We lived by very modest means but made the
best of what we had. We were often the only Asian Americans in the neighborhood and in our
schools. In more ways than one, we tried hard to fit into the community around us. Notably, my
siblings and I were never taught Tagalog in the hopes that we would be seen as true Americans.
Walk the walk. Talk the talk. Yet, we stuck out. My siblings and I have similar stories of being
asked about our racial background or receiving flippant comments about our race from our
classmates.

“So what are you? Oriental?”
“I heard your mom was a mail order bride.”

In high school, I put tremendous effort into becoming the perfect student — quiet and studious,
good grades, varsity letters, and academic bowl captain. After all, how could you say anything bad
about someone who was putting in all of this effort? In college, I continued to work just as hard and
tried to find a place to fit in. In graduate school, I reflected deeply on my cultural identity and my
place in the upper echelons of academia. I realize I have been afforded many privileges as a second-
generation Filipino American that many Filipinos and Filipino Americans do not have. However,
in my current space, the lack of Filipino and Filipino American graduate students and faculty is a
glaring fact that [ think about every day. I did not have family before me who attended college or
graduate school who could give me advice nor even other Filipino Americans around me to seek
for their wisdom. But surely, if you work twice as hard, no one will question your place. I now see
that cultural assimilation has robbed me of countless things and has left deep insecurities and marks
on my way of thinking and perceiving the world. After many years, [ can start to put aside that
desperate need to fit in. I embrace my own skin and my culture as some of my greatest strengths. /
am worthy.

This dissertation is for all current and future Filipino Americans pursuing their graduate education.
You may not have peers and faculty that look like you, but remember that you are worthy and you
belong.

To Keith — thank you for loving me and pushing me to become a better version of myself. This
work frequently pulled me away on many weekends, but you never once batted an eye and always
made sure | had breakfast and coffee before heading to the lab. I cannot think of a more meaningful
expression of love. Thank you for pulling me out of my dark workaholic spells and encouraging
rest and recreation in this beautiful part of the world.

To Shannen — you inspire me to forge new paths in academia so others who look like us and who
grew up like us may follow with courage and strength.

To my mom — moving and adapting to a new life in America— Where you changed the spelling of
your first name so others could pronounce it, Where people routinely saw you and your family as

other — must have been incredibly difficult.

I can be here today because of you and the sacrifices you have made.
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ABSTRACT

Obesity is a key component of a cluster of metabolic risk factors for chronic disease
which include dyslipidemia, hyperglycemia, and hypertension. Stark changes in diet and
lifestyle contribute to growing metabolic disorder prevalence. Many Americans regularly
consume foods low in fiber and rich in fat and sugar, which can negatively influence
glucose and lipid metabolism over time. A nutritionally poor dietexerts deleterious effects
on the gastrointestinal microbial community which has larger host health implications. As
a modifiable risk factor, diet can be part of the solution to counter the rise of chronic
disease. However, dietary responses as it pertains to glucose and lipid metabolism display
high interindividual variability. This interindividual variability with diet can also be
observed at the microbial level in our gastrointestinal system. In metabolically at-risk
adults, we examined postprandial responses and the efficacy of a long-term lentil dietary
intervention in improving postprandial glycemic responses. We further assessed the effect
of an antioxidant-rich juice from the Aronia melanocarpa berry and its anti-inflammatory
potential against a high fat diet in a gnotobiotic mouse model to evaluate how specific gut
microbial communities transferred from metabolically at-risk adults with different
inflammatory profiles may impact dietary responses. Postprandial triglyceride responses
in adults with overweight and obesity can be partially explained by central adiposity,
insulin resistance, and the ability to switch between glucose and fat metabolism to a
metabolic stress. A long-term dietary intervention with lentils, a fiber-rich pulse crop,
worked in a dose-dependent manner to reduce insulin resistance in adults with increased
central adiposity without an increase in gastrointestinal symptoms, a common deterrent to
incorporating fiber-foods in the diet. Our gnotobiotic mouse experiments revealed donor-
dependent changes in dietary responses. We observed protective effects of Aronia juice
in mice, particularly in mice from the low inflammation stool donor. Metabolomic changes
in phospholipids such as phosphatidylcholine and sphingomyelin were further detected,
with changes respectively unique to Aronia juice and high-fat diet. Taken together, this
dissertation provides an improved understanding of our metabolic responses and microbial
alterations to the foods we consume, and how these responses influence the progression of
metabolic diseases.



1

CHAPTER ONE

GENERAL INTRODUCTION

The Start of a Metabolic Cascade

Obesity is a condition defined by having excess adipose deposition and is
unfortunately commonplace worldwide.! Obesity, and specifically abdominal obesity, is
one of the key criteria of metabolic syndrome. Metabolic syndrome is a condition with a
cluster of metabolic risk factors, which in addition to abdominal obesity, include
dyslipidemia, hypertension, and hyperglycemia.? It is believed that abdominal obesity can
presentwithoutthe other metabolic syndrome risk factors atfirst, butovertime, abdominal
obesity in conjunction with insulin resistance contributes to the progression of the other
risk factors.? The presence of metabolic syndrome can ultimately manifest downstream
severe complications, which emphasize the importance of strategies to combat the
progression of metabolic syndrome in its earliest stages.

Drastic changes in diet and lifestyle over the past century have contributed to the
onset and prevalence of metabolic dysfunction and deleterious changes in the gut
microbiome. With the aid of industrialization, a growingnumber of diets include processed
foods, displacing raw or minimally processed foods. The collective qualities of processed
foods negatively impact glucose and lipid metabolism and promote unhealthy adipose
deposition which can exacerbate insulin resistance and drive metabolic syndrome forward.
Changes in the diet can also induce gut microbiome composition and functional alterations

as they are also recipients of dietary food choices by the host. Microbial changes
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subsequently influence host physiology. Specifically, dietary-induced changes in host
metabolism may be gut-mediated, introducing a vital but previously overlooked player in

the pathogenesis of metabolic disease.

The Rise of Food Industrialization and Obesity

From the raw and minimally processed foods of hunter and gatherer society,
humans have overwhelmingly moved to industrial forms of food processing since the
1800s.4In the early part of the last century, food shortages, malnutrition, and foodbome
illnesses were common during the great economic and political changes.®> These world
pressures encouraged food developments such as nutrient fortification, food preservation,
and improved shelf life which in turn, influenced food consumption patterns. One example
is refrigeration, a food preservation method, which allowed for households to safely store
perishable foods including out of season vegetables and animal-based products like meat
and dairy. After the 1890s, it is estimated that refrigeration helped increase dairy and
protein consumption respectively by 1.7% and 1.25% annually.®

Economic growth after World War II helped to shift the focus from food
fortification and preservation to convenience and palatability.> Economic and social
systems promoted the availability, affordability, and marketing of convenience foods to
consumers.” As the name suggests, convenience foods are convenient in that they reduce
food preparation and cleanup time often at reduced cost. These foods represent a growing
global market fueled by consumer demand.” Recent estimates suggest that ultra-processed

foods make up a large majority of the American diet, representing up to 60% of calories



from 2007-2012.8 Ultra-processed foods include but are not limited to candies, many
cereals, cookies, mass-produced bread, frozen ready-to-eat meals, ice cream, poultry
“nuggets” and “fingers” and sugar-sweetened beverages. However, the convenience comes
at a nutritional cost. Ultra-processed foods have a poor nutritional profile and can displace
raw and minimally processed foods.%!> Recent findings indicate suboptimal diet as a
leading cause of death globally, with high intake of sodium and low intake of whole grains
and fruits as prominent dietary risk factors for mortality and morbidity.!3

The rise of convenience food mirrors the rise in obesity prevalence in youth and
adults.!#15 Since the first National Health Examination Survey conducted in 1959-1962,
the number of adults with obesity has risen each year.!6 In 2017-2018, the prevalence of
obesity was 42.4% and the prevalence of severe obesity was 9.2%.!7 The presence of
obesity increases the risk of developing comorbidities such as diabetes, cardiovascular
disease (CVD), chronic kidney disease, hypertension, high cholesterol, asthma, sleep
apnea, and arthritism!3-2! and negatively affects life quality and expectancy.??-23 The global
rise of obesity and comorbidities present an increasing personal, healthcare, and financial
burden and warrants substantial scrutinization of the role of diet as a risk factor in obesity

and chronic diseases.?*

The Development of Obesity

Weight gain occurs when caloric intake exceeds energy expenditure, creating a
state of positive energy balance over time. Increased energy intake and lower physical

activity levels concomitant with increased sedentary activity contribute to positive energy
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balance and promote adipose deposition.?> However, the pathogenesis of obesity is
complex. Obesity development is influenced by a multitude of genetic and environmental
factors which interact to collectively influence and regulate energy balance.2

It is well-established that increased ultra-processed food intake is associated with
weight gain and obesity.2”-?8 In addition to their poor nutritional profile,”!2 ultra-processed
foods initiate lower feelings of fullness and raise glycemic responses.?’ High glycemic
foods undergo rapid breakdown and are absorbed into the blood, elevating blood glucose
and insulin responses. Insulin is released from the B-cells of the pancreas in an effort to
maintain glucose homeostasis, but it also a regulator of fat oxidation with high insulin
promoting lipogenesis and low insulin promoting lipolysis. Consumption of high glycemic
foods and the subsequent rise in nonfasting insulin reduce fat oxidation and promote fatty
acid storage but over time, regular consumption works to promote weight gain and glucose
intolerance.3? A causative relationship between diet and weight gain was established in a
recent randomized controlled trial which found that a provided ultra-processed food diet
matched to an unprocessed diet matched for calories, sugar, fat, and fiber increased daily
ad libitum energy intake and led to weight gain.3! This novel study makes the case that
food processing and its digestibility are drivers of weight gain.

Overnutrition plays a key role in obesity development through promotion of
immunometabolic stress leading to ectopic lipid accumulation3? and adipose tissue
dysfunction.3? Inside the cell, the endoplasmic reticulum constitutes a large network of
interconnected sacs and is a major site of lipid synthesis and packaging which can become

stressed in periods of excess nutrients and lipid exposure.3433 Unresolved endoplasmic



reticulum stress can result in detrimental changes in membrane composition in response to
high fatty acid and cholesterol exposure which interferes with the ability of the
endoplasmic reticulum to negate lipid accumulation in the cell.3¢ Chronic endoplasmic
reticulum stress can reduce insulin receptor signaling and progress peripheral insulin
resistance.3* Excess nutrients also promote lipogenesis and deposition oflipids in a healthy
or unhealthy expansion pattern.3” Unhealthy adipose expansion contributes to macrophage
infiltration, low-grade inflammation, insulin resistance, and further deposition of lipids
from subcutaneous adiposeto ectopic.3” The overproduction of proinflammatory cytokines
by expanded unhealthy adipose and further activation of inflammatory pathways by excess
fatty acids and glucose helps mediate and perpetuate insulin resistance which can lead to

metabolic dysfunction.38-41

The Gut Microbiota at the Intersection of Diet and Health

Technological advancements have not only allowed for a radical change in food
systems but have also allowed for deep exploration into the vast microbial communities of
the human body. The microbiome is a collection of genomes from a microbiota that
"indicates the total genetic capacity of the community."4? Recent estimates have the
number of bacterial cells in the human body on the same order of human cells,*? with the
diversity of microbes dependent on body habitat* and showing high inter-individual
variation.®

The human gastrointestinal (GI) tract is approximately 9 meters long and contains

within it a diverse microorganism community - including bacteria, archaea, viruses, fungi,
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and protozoa. Over 1000 bacterial species were found in fecal samples of a European
cohort, with individuals harboring at least 160 bacterial species.*® The adult gut microbial
community is thought to be stable over time, though some taxa experience temporal
stability while others fluctuate suggesting GI tract has resident and transient taxa.43-4748
The host GI tract provides a relatively stable environment and constant influx of dietary
components for commensal bacteria metabolism. In a mutualistic exchange, bacteria
produce metabolites, supply vitamins, protect the host from the colonization of pathogenic
bacteria, and can also influence the development and physiology of the intestinal epithelial
layer and related lymphoid tissues.4°-52 The gut microbiota can be influenced by a variety
of intrinsic and extrinsic host factors including delivery method at birth, geography, host
genetics, diet, medication includingantibiotics, probiotics, age, and stress’3-34 with roughly
20% of the inter-individual microbial taxonomic variability of unrelated individuals
explained by environmental variables.>>

Diet is a major environmental variable which influences the gut microbiota and
through its metabolite production, influences the host as well.3¢3° Distinct patterns of
microbial communities, or enterotypes, have been identified in healthy individuals and
considered to be influenced by long-term dietary habits.’2¢ Modern dietary changes, such
as the Western Diet, have been widely examined for their impacts on gut health and
relationship to host health. Diets low in microbiota-accessible carbohydrates contribute to
the loss of microbial diversity in the GI tract and may lead to microbial extinctions that can
compound over generations.®! Additionally, low-fiber diets contribute to gut barrier

dysfunction by alteration in activity of mucus-degrading bacteria and reduced production
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of butyrate.®2.63 Elevated animal-based protein consumption may also increase intestinal
permeability® and elevate production of potentially harmful metabolites such as
trimethylamine-N-oxide.%5¢ Similarly, high-fat diets alter gut microbial structure,”
promote gut barrier dysfunction through increased inflammation and permeability,8-7 and
increase absorption andtranslocation of microbially-produced endotoxins which are potent
activators of proinflammatory pathways and are associated with insulin resistance.’!-72
These findings suggest that Western Diet food patterns collectively have detrimental
effects on the gut microbiota and may exacerbate insulin resistance through increased
proinflammatory activation by gut-derived metabolites.

Much like diet, the gut microbial community has been exposed to new
environmental pressures and has been examined for its potential role in obesity and chronic
disease development. Obesity and related co-morbidities are linked to alterations in the
composition and functional capacity of the gut microbial community.”3-77 Obesity-linked
alterations include an Firmicutes to Bacteroidetes ratio,”>76-78 low bacterial dviersity,” and
an increased ability to harvest energy from dietary milleau.” In contrast, a healthy gut
microbiota is generally considered to have high a-diversity, which promotes community
resistance to stressors and its ability to return to equilibrium after the stress has ended.”
Strategies to improve aspects of host metabolism have begun to assess the contributions of
the gut microbiota. The seminal study by Zeevi and colleagues demonstrates that the gut
microbiome data can accurately predict postprandial glycemic responses, with specific

bacterial taxa changing in response to personally tailored diets and associating with



glycemic measures.3? These findings suggest that the functional pathways of gut bacteria

are linked to host metabolism.

Dissertation Aims

Technological, nutritional, and medical advancements have allowed us to eat better
and live longer lives. However, these advancements also helped to promote the
development and accrual of chronic health conditions over time. Key problems of
undernutrition have shifted over the last century to problems of overnutrition enforced by
societal and economic systems. Overnutrition has affected our metabolic systems and
altered our gut microbial community in a manner placing society at greater risk for
development of metabolic diseases (Figure 1).

In this unprecedented metabolic world, the treatment of obesity and related chronic
disease calls for action on multiple levels. Research on chronic disease prevention
strategies which inform and aid behavior change are one necessary action, and research
specifically on the early risk factors of metabolic dysregulation are an essential part of the
prevention process. Diet has played a role in accelerating the obesity epidemic, but it can
also be part of the solution as a modifiable risk factor. Diet, exercise, and behavior
modifications can be effective treatments and prevention methods to combat the rise of
metabolic syndrome and obesity-related health conditions.?!-83 Dietary approaches which
reduce lipid, glycemic, insulin, and inflammatory postprandial responses are methods to
target and address early steps in metabolic dysregulation. Food-based challenges such as

the oral glucose tolerance test and oral fat tolerance test allow researchers insights into



9

postprandial responses and thus, the degree of metabolic flexibility. However, high
interindividual variability in response to dietary intake and a lack of research in
metabolically at-risk individuals can make it difficult to generate recommendations. The
reasons behind this variability to foods are poorly understood but may relate in partto host-
microbiota interactions. To assess these hypotheses, we soughtto 1) better understand the
key determinants of the postprandial lipid response to an oral fat tolerance test in
metabolically at-risk adults, 2) evaluate whether long-term incorporation of plant-based
low-glycemic foods improves glycemic and insulin responses in adults with in adults with
increased central adiposity, and 3) evaluate how an antioxidant-rich juice may protect host
health from a high-fat diet and its dependency on the gut microbiome by controlling for
interindividual variability using a gnotobiotic mouse model.

Chapter 2 is an investigation into the determinants of postprandial lipid
metabolism. Dyslipidemia is a characteristic of impaired metabolic health and occurs early
in a impaired metabolic cascade. We recruited healthy but metabolically at-risk adults and
examined their postprandial lipid response to an oral fat load and sought to understand
factors associated with elevated postprandial response. In Chapter 3, we assessed the
impact of a long-term dietary intervention with fiber-rich foods on glycemic control
Hyperglycemia is another characteristic of impaired metabolic health and often occurs in
conjunction with dyslipidemia. Fiber-rich foods have the potential to improve glycemic
control but are often not consumed due to perception of increased GI symptoms. We
recruited 30 adults with an increased waist circumference, tested glycemic measures before

and after a dietary intervention with whole green lentils, and throughout the intervention,
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tracked participant perception of GI symptom severity. In Chapter 4, we transferred the
stool from two human subjects included in the experiment discussed in Chapter 2, who had
varying levels of systemic inflammation, into germ-free mice for the creation of a
gnotobiotic mouse model. We used the gnotobiotic mouse experiment to control for inter-
individual variability and test the impact of an antioxidant-rich juice from the Aronia
melanocarpaberry duringa high-fatdietakin to the modern-day Western Diet. In Chapter
5, observations and implications from these collective experiments for clinical and research

settings will be reviewed.
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Figure 1 | Schematic displaying the contribution of diet toward the development of
metabolic syndrome.
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Introduction

Obesity is a well-established risk factor for chronic dis-
case [1] with increased adiposity, especially central obes-
ity, present early in the impaired metabolic cascade.
Increased fat deposition promotes insulin resistance,
dyslipidemia [2—4], and the development of chronic con-
ditions such as diabetes, non-alcoholic fatty liver disease,
and coronary artery disease [5]. Lipids and lipoproteins
play an essential role in the body, but elevated postpran-
dial lipids are atherogenic [6]. The contribution of post-
prandial hyperlipidemia to atherosclerosis development
is likely through a co-occurrence of endothelial dysfunc-
tion, oxidative stress, and inflammation promoted from
a single feeding [7]. Epidemiological studies used fasting
clinical lipid profiles to predict chronic disease prior to
2009 [8]. As individuals spend the majority of waking
hours in a postprandial state, fasting lipid profiles are
not reflective of the dynamic nature of lipid metabolism.
Evidence now suggests that the postprandial concentra-
tion is more predictive of cardiovascular events and dis-
ease risk than fasting levels [9-12]. Postprandial
triglyceride (TG) in particular has been shown to predict
cardiovascular disease, myocardial infarction, ischemic
heart disease, and death [13, 14].

Postprandial TG responses to a meal enriched in diet-
ary fat show considerable interindividual variability [15]
with high fat meals shown to increase circulating TG at
least 50 % from fasting concentrations [4]. Postprandial
hypertriglyceridemia is considered present if individuals
have TG concentrations greater than 175 mg/dL or 1.98
mmol/L [16]. Prominent epidemiological studies after
2009 measured blood lipids at a single postprandial
timepoint which, while more feasible for large cohorts,
oversimplifies the postprandial response [11, 14] and
lacks the enhanced disease prediction capacity [8]. Sum-
mary measures such as total area under the curve and
incremental area under the curve (IAUC) are effective
summary tools for sampling in the postprandial period.
Specific to the TG response after a meal, IAUC better
represents TG responses while total AUC more strongly
associates with fasting TG concentrations [17]. Purther-
more, iAUC serves to normalize baseline interindividual
variability which allows for improved assessment of the
postprandial TG-rich lipoproteins [17, 18].

Postprandial TG responses are dependent on the
amount of dietary fat absorbed and packaged as chylo-
microns by the intestine, hepatic clearance
triacylglycerol-rich lipoproteins (TRLs), and hepatic pro-
duction of very low-density lipoprotein (VLDL) [19].
These three aspects of postprandial lipid metabolism are
influenced by physiologic and lifestyle factors such as
age, central obesity, smoking, alcohol consumption,
blood pressure, diet, gender, insulin resistance, and
physical activity [3, 19-21]. Central obesity, insulin
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resistance, and age have been observed to increase the
risk of postprandial lipemia while physical activity is one
of the few factors observed to attenuate postprandial TG
responses [20, 22]. Bouts of physical activity acutely in-
crease lipoprotein lipase (LPL) activity allowing for the
peripheral uptake of fatty acids for fat oxidation [23].
These factors and postprandial lipemia are strongly cor-
related, with regular physical activity leading to a higher
oxidation of dietary fat in the postprandial period than
with sedentary behavior [22, 24]. The collective impact
of multiple physiologic and lifestyle factors in relation to
postprandial TG responses can be difficult to ascertain
across study methodologies and populations and war-
rants further investigation.

A better understanding of postprandial TG determi-
nants may increase disease prediction capabilities and
allow for more targeted clinical strategies to improve
lipid profiles and lower downstream disease risk. In this
study, we investigated the postprandial lipemic response
to a single high-fat meal in healthy, nondiabetic over-
weight and obese adults and assessed several factors
known to influence the postprandial TG response [20].
We hypothesized that examination of these factors in
such a metabolically at-risk cohort would identify early
processes of metabolic dysregulation involved in post-
prandial lipemia.

Methods

Ethics Statement

The protocol was approved by the Institutional Review
Board at Montana State University and followed the
guidelines of the Declaration of Helsinki. Written in-
formed consent was obtained from all participants prior
to their participation. The original study was retrospect-
ively registered October 2019 at ClinicalTrials.gov
(NCT04128839).

Study Population

Potential participants were recruited via advertisement
between March 2016 to June 2018 for a study which
assessed the inflammation-lowering impact of Aronia
berries in a humanized mouse model. Our specific ana-
lysis focuses on the human cohort recruited for this
study and thus, a secondary endpoint of the original
study. Inclusion criteria included being between 18 and
55 years old and having a BMI between 27 and 36 kg/
m?, Criteria for exclusion included antibiotics within 90
days of study enrollment, regular use of anti-
inflammatory medications, use of estrogen-only contra-
ceptives, wheat and/or dairy allergies or intolerances,
were pregnant, or had any musculoskeletal, cardiovascu-
lar, gastrointestinal, or immunological condition that
could interfere with the study. All potentially eligible
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participants were screened over the phone for inclusion
and exclusion criteria.

Research Design

The study followed a cross-sectional design. Participants
were asked to attend two visits in the Nutrition Research
Laboratory at Montana State University. The initial visit
involved questionnaires and analysis of body compos-
ition and cardiorespiratory fitness. The second visit oc-
curred within two weeks after the first visit and involved
blood collection before and after a high-fat meal chal-
lenge. Fasting and postprandial lipids, glucose, and insu-
lin were measured for four hours postprandially. Blood
pressure, visceral adipose tissue, physical activity fre-
quency, and substrate utilization crossover during a sub-
maximal exercise test were measured.

Physical Activity Frequency

Participants were asked to complete a written 3-question
questionnaire on their physical activity in the past week.
Questions were taken from the FITNESSGRAM Test
Administration Manual and in brief, asked “On how
many of the past 7 days did you -” perform 30-60 min
of aerobic exercise, strengthening activities, and stretch-
ing exercise with written examples of each provided for
reference [25].

Anthropometrics

Measurements were collected from participants using
the validated segmental multifrequency bioelectrical
impedance analysis (SECA mBCA 515, Hamburg,
Germany) [26]. Participants were instructed to refrain
from eating, drinking, or exercising in the three hours
prior to testing. Fat mass percentage and estimated vis-
ceral adipose in liters were used for analysis.

Blood Pressure

Systolic and diastolic blood pressure measurements were
performed on seated participants after 5-10 min of rest.
Two automated measurements were taken with the aver-
age of the measurements used for analysis.

Cardiorespiratory Fitness

Participants were asked to complete a modified Bruce
protocol on a treadmill for determination of calculated
absolute oxygen consumption (VO,) max at their age-
predicted heart rate max. Speed and grade of the tread-
mill (Woodway GmbH D-79,576, Weil am Rhein,
Denmark) were manually changed by the researcher
with each progressive three-minute stage until the par-
ticipant reached 85% of their age-predicted maximal
heart rate. Expired gases were collected and averaged
every 15 s for analysis through a metabolic cart system
(ParvoMedics, TrueMax 2400 Metabolic System, Sandy,
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Utah, USA). Heart rate (bpm) and VO, (ml/kg/min) data
from each participant were input into a simple linear
regression model to predict the absolute VO, at the age-
predicted maximal heart rate based on the equation pre-
sented by Tanaka, Monahan, and Seals [27].

Exercise requires metabolically flexibility, the ability to
switch between glucose and fat use in response to meta-
bolic demand [28]. Through standard stoichiometric
equations and indirect calorimetry methods like the
metabolic cart system, utilization of fats and lipids are
able to be quantified as kcal during the exercise proto-
col. The switch or “crossover” point of substrate
utilization during exercise reflects the point at which ki-
localories per minute of carbohydrate expended
exceeded that from fat. The crossover point was deter-
mined as the point at which carbohydrate and fat
expenditure most rapidly and proportionately differenti-
ated from the other [29]. More information about how
the crossover percentage was calculated is available in
Additional File 1. Using the VO, at the crossover point,
we derived the crossover percentage of the calculated
absolute VO, max.

High-Fat Meal Challenge

The high-fat meal challenge was performed after an
overnight fast (10-12 h) during the morning hours. The
meal consisted of three pieces of toasted whole wheat
bread (Wheat Montana) and approximately 58.3 g of
salted butter (Tillamook). Total energy content of the
high-fat meal challenge was 714 kcal with a macronutri-
ent breakdown of 50 g fat, 54 g carbohydrate, and 12 g
protein. Approximately 43.1 % of the caloric content was
from fat and saturated fats making up approximately
57 % of the total fat load. The meal contained approxi-
mately 9 g of dietary fiber. Water was provided with the
meal and caffeinated carly grey black tea (Bigelow) was
provided for participants who identified as habitual cof-
fee consumers, Participants were asked to consume the
meal in 15 min, and the postprandial period timing
began when participants started the meal.

Blood Sampling

Participants were instructed to avoid alcohol consump-
tion and strenuous physical activity in the 24 h before
blood collection and to complete an overnight fast (10—
12 h) before blood collection. Venous blood samples
were collected through a cannula inserted into the ante-
cubital vein after a 3-mL waste withdrawal, then
followed by a sterile saline flush performed by a phys-
ician or nurse on the research team. The fasting sample
was drawn 30 min after catheter insertion. After meal
ingestion, blood was drawn every hour for four hours in
the postprandial period, totaling five time points includ-
ing fasting. This frequency of blood sampling has been
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previously shown in healthy populations to accurately
describe postprandial lipemia to a high fat meal and are
also predictive of 8-hour responses [30, 31]. Blood was
collected into 8.5 mL endotoxin-free serum separating
and 4.0 mL heparinized vacutainer tubes (BD Vacutai-
ner, Franklin Lakes, New Jersey, USA). The serum tube
was allowed to clot for 15 min at room temperature be-
fore centrifugation (3000 rpm, 15 min). Serum aliquots
were frozen at -80°C until analysis.

Biochemical Analyses

Blood triglycerides, glucose, and high-density lipoprotein
were determined using the Picollo Xpress Chemistry
Analyzer lipid panels (Abaxis, Union City, USA). Insulin
was determined through ELISA (MP Biomedicals, USA)
performed according to manufacturer instructions, with
the average used for analysis. Mean inter-assay coeffi-
cient of variation for samples run in duplicate was
13.3 %.

Insulin Resistance

Fasting blood glucose and insulin were used to deter-
mine the homeostatic model of insulin resistance
(HOMA-IR) in the original HOMA-IR formula [32]:

Glucose (222 « Insulin (2LL)
22.5

Postprandial Lipemic Response

The postprandial lipemic response to the high-fat meal
was summarized as iAUC, a calculation method that ac-
curately represents the postprandial TG response to a
high-fat meal [17]. The magnitude of the postprandial
lipemic response was also calculated by subtracting the
fasting TG value from the maximum TG value during
the 4-hr postprandial period after the high-fat meal.

Statistical Analysis
Analysis was conducted in RStudio (1.3.1073) running R
4.0.2 [33], and data was visualized using ggplot2 [34].

To assess which variables most influence TG iAUC
and the TG magnitude, initial saturated multivariate lin-
ear regression models were created with the following
predictor variables: age, sex, relative exercise intensity of
substrate utilization crossover, visceral adipose tissue in
liters, HOMA-IR, systolic and diastolic blood pressure in
mmHg, and aerobic exercise frequency. Model refine-
ment was performed by stepping down one main effect
at a time from the initial model. Model reduction was
determined through strength of evidence against the null
hypothesis using Type III F-tests, in which every test is
conditional on every variable in the model. Model re-
finement stopped when the majority of predictor
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variables reached their smallest p-value. Final linear
models were screened for shared information among
predictor variables using variance inflation factors from
the car package [35], with values > 5 set as the threshold
for predictor removal. Further validity conditions were
confirmed through residual visualizations. Power was
calculated a posteriori from the final TG iAUC regres-
sion model using the pwr.f2.test in the pwr package.
Computed power was 95% at a Type I probability of
0.05.

Results

Of the initial 216 individuals contacted, we assessed the
eligibility of 54 individuals through a screening phone
call. Forty-three individuals consented to participate in
the study (Fig. 1). Two individuals were confirmed to be
ineligible based on confirmation of BMI criteria at study
onset, and one individual was unable to be reached to
complete the full study. Thus, 40 overweight and obese
men and women (body mass index, BMI 27-36 kg/mz)
between the ages of 18 and 55 participated in testing of
cardiovascular, anthropometric, and metabolic markers
and ingestion of a 50 g high-fat meal challenge. Five par-
ticipants were excluded from analysis due to incomplete
data (n=2) or inability to complete the submaximal
treadmill test (n=3). On average, participants were
obese according to BMI and had slightly elevated fasting
triglycerides but were otherwise within normal ranges
for other metabolic syndrome criteria (Table 1), accord-
ing to the National Cholesterol Education Program
Adult Treatment Panel III definition [36]. Approxi-
mately 74 % of our cohort did not have metabolic syn-
drome (Additional File 2).

Postprandial Lipemic Response to the High-fat Meal
Participants entered the high-fat meal challenge with
fasting TG concentrations from normal (< 1.7 mmol/L)
to moderately elevated (2.0-5.6 mmol/L) levels but dis-
played high interindividual variability in blood TG con-
centrations during the 4-hr postprandial period
(Fig. 2 A). During the high-fat meal challenge, 25 partici-
pants had peak TG values above the threshold of 1.98
mmol/L (175 mg/dL) for hypertriglyceridemia diagnosis
in nonfasting states [16]. The TG response of 35 partici-
pants to the high-fat meal challenge was summarized as
iAUC and as postprandial magnitude change from
fasting concentrations. Most participants had a small-to-
modest rise in TG with a median (mean) increase of +
0.77 mmol/L (1.04 mmol/L), but two participants had a
TG increase greater than 4 mmol/L (Fig. 2 B). The me-
dian (mean) TG iAUC was + 1.70 mmol/L (1.96 mmol/
L) and overall, a normalization of interindividual vari-
ability was observed (Fig. 2 C).
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To identify factors that predicted TG IAUC and TG
magnitude, model refinement was performed from a sat-
urated multivariate linear model that included factors
previously shown to influence postprandial lipid metab-
olism (Additional File 3, Additional File 4). A summary
of the final models can be found in Additional File 5,
and the full estimated regression equations can be found
in Additional File 6. Both models shared the same pre-
dictor wvariables, with the model for postprandial TG
magnitude additionally including systolic blood pressure.
The predictor variables explain approximately 28.6 % of
the variance in TG iAUC and approximately 30.4% in
TG magnitude according to the adjusted R2

Visceral adiposity was the best predictor of TG iAUC
followed in unit change by HOMA-IR, acrobic exercise
frequency, and relative exercise intensity of substrate
utilization crossover. A modest increase was seen with a
later shift to carbohydrate metabolism during a submaxi-
mal exercise test (Fig. 3 A). Increased visceral adiposity
(Fig. 3 B), HOMA-IR (Fig. 3 C), and aerobic exercise

frequency (Fig. 3 D) were asscciated with greater in-
creases in TG IAUC.

Postprandial TG magnitude was also strongly predicted
by visceral adiposity. Acrobic excrcisc and relative exercise
intensity of substrate utilization crossover were also deter-
mined predictors. As observed with TG iAUC, partici-
pants had a modest increcase in postprandial TG
magnitude with the relative exercise intensity of substrate
utilization crossover (Fig. 3 E) and greater changes in post-
prandial TG magnitude with increased visceral adiposity
(Fig. 3 F). Changes in HOMA-IR were associated with a
slight increase in magnitude; however, little evidence as
indicated by the poor strength of evidence supports this as
a predictor (Fig. 3 G). Aerobic exercise frequency was add-
itionally a modest predictor of magnitude (Fig. 3 H).
Lastly, systolic blood pressure was the sole predictor not
shared between the two models. While systelic blood
pressure was the only negative association in the medel,
there was little evidence to support it as a predictor of
postprandial TG magnitude (Fig. 3 I).
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Table 1 Participant characteristics (n = 35)

Mean (SD)
Men/Women 16/19
Age {years) 366 (10.2)
BMI (kg/m?) 304 (18)
Fat Mass (%} 349 (66)
Waist Circumference (cm) 957 (96)
VAT () 22(014)
YO, (ml/kg/min) 44.1 (86)
HbATC (%) 53 (03}
Fasting GLU (mmol/L} 54 (04)
Fasting TG {mmol/L) 17 (1.1}
Fasting CHOL {(mmol/L) 47 (09)
Fasting HDL (mmol/L) 13(04)
Systolic BP {mmHg} 114 (13.5)
Diastolic B (mmHg} 76 (9.5)

Abbreviations: body mass index, BMI; visceral adipose tissue, VAT, maximal
oxygen consumption, VO,; hemoglobin A1C, HbA1¢; glucose, GLU;
triglycerides, TG; cholesterol, CHOL; high-density lipoprotein, HDL; systolic
blood pressure, SBP; diastolic blood pressure, DBP.

Discussion

In the present study, we investigated the acute postpran-
dial effect of a single high-fat meal challenge on blood
triglyceride levels in healthy overweight and obese
adults. Our meal with butter fat was rich in saturated
fatty acids that have been shown to elicit greater post-
prandial TG responses than meals with mono- or poly-
unsaturated fatty acids [37]. By analyzing hourly over a
4-hour postprandial period, we were able to quantify the
TG response in two succinct ways, (1) IAUC and (2) the
magnitude of the postprandial response from relative to
fasting TG concentrations. In addition, we were able to
determine which biological and lifestyle factors held the
greatest predicative power in TG response prediction,
especially VAT, insulin resistance, aerobic exercise fre-
quency, and relative exercise intensity of substrate
utilization crossover.

On average, our overweight and obese participants had
slightly elevated fasting TG but normal blood glucose,
blood pressure, waist circumference and high-density
lipoprotein (HDL). This finding was unsurprising as ap-
proximately 31 % of US adults have elevated fasting TGs
above approximately 1.70 mmol/L (150 mg/dL) with in-
creased fasting lipids positively correlated to BMI [4].
Despite participants overall classifying as metabolically
healthy, 57 % of our participants had peak postprandial
TG above the diagnostic threshold for nonfasting trigly-
ceridemia of 1.98 mmol/L (175 mg/dL), as determined
from the Women'’s Health Study where a single nonfast-
ing time point was used to analyze risk of cardiovascular
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disease events [16]. In the analysis of the Women’s
Health Study, cardiovascular event risk was greater
(Hazard Ratio, 2.05) with nonfasting TG above 1.98
mmol/L in the 0—4 h since the last meal. The amount of
fat present in their meals was not reported, thus limiting
direct comparison to the present study. Large cohort
studies have found maximal TG changes after normal
food intake ranging from + 0.1 to 0.3 mmol/L (+ 8.86 to
26.57 mg/dL) [8], which is notably lower than the mean
1.0 mmol/L (88.57 mg/dL) magnitude we observed in
the 4-hour postprandial sampling period after the 50 g
high-fat meal. As previously observed in the PREDICT I
study, we also observed high interindividual variability in
postprandial TG responses which supports use of post-
prandial response summary measures like iAUC [15].

Of the eight physiologic and lifestyle factors included
in our models, visceral adiposity was the strongest pre-
dictor of TG iAUC and magnitude following the high-fat
meal challenge. Central adiposity, more so than periph-
eral subcutaneous fat, is strongly linked to numerous
metabolic abnormalities such as insulin resistance [38,
39] and chronic inflammation as well as to fasting
hypertriglyceridemia [40, 41]. Our finding supports pre-
vious work with healthy adults with varying levels of
body fat which found a positive correlation between the
TG response and visceral adipose tissue [42]. The impact
of visceral adiposity superseded the sex effect in both
our statistical models, a finding also observed previously
[42] and is notable in that gender differences have been
found in adipose LPL activity [43]. Adipose tissue is an
active endocrine organ that influences glucose and lipid
metabolism through various adipokines [38, 44], with
visceral adipocytes in particular exhibiting greater lipo-
Iytic activity through LPL [44]. Insufficient LPL activity
has been previously suggested as an early factor in ath-
erosclerosis [6]. Thus, lifestyle strategies to reduce vis-
ceral adipose tissue may have implications for improved
postprandial TG response in addition to overall meta-
bolic health.

While hypertriglyceridemia stemming from VAT is
generally attributed, at least in part, to insulin resistance,
our findings indicate that insulin resistance more closely
associated with a sustained elevation in TG than the
peak magnitude of the TG response. Participants with a
greater degree of insulin resistance displayed a higher
postprandial TG response than individuals who were
more insulin sensitive, a finding previously observed in
studies with healthy and obese individuals [45, 46]. Post-
prandially, insulin exerts an antilipolytic effect through
hormone sensitive lipase, promotes triacylglycerol syn-
thesis, and activates LPL in adipose tissue which is re-
sponsible for clearance of triacylglycerol from plasma
[47]. In an insulin resistant state, free fatty acids increase
as lipolysis is not suppressed and de novo lipogenesis
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Fig. 2 Overview of postprandial respenses to a high-fat meal challenge. (A} Individual postprandial blood TG responses to the high-fat meal
challenge, (B) Violin plot of the postprandial TG magnitude distribution and individual values, and {C) Violin plot of TG IAUC distribution and
individual values. Responses throughout the high-fat meal challenge showed high individual variability. Acronyms: TG, triglycerides; IAUC,
incremental area under the curve

occurs from hyperglycemia which helps in part to ex-
plain the sustained elevated TG observed in our study
[48]. In turn, the liver secretes more TG-rich VLDL and
may exhibit fat accumulation, pushing a feedforward
loop advancing insulin resistance. Insulin resistance also
promotes increased chylomicron secretion from the in-
testine and the general postprandial accumulation of
TRLs from the liver and intestine [49-51]. Improved in-
sulin sensitivity through physical activity may not only
improve glucose transport [52] but may additionally pre-
vent the accumulation of TRLs and reduce the overall
TG response in the postprandial period.

Contrary to our expectation that greater frequency of
aerobic activity, higher cardiorespiratory fitness, and
substrate crossover from fat to carbohydrate at a higher
relative exercise intensity would be inversely related to
postprandial TG magnitude and TG iAUC, we measured
a positive relationship with frequency of aerobic activity
and crossover intensity and no relationship with

cardiorespiratory fitness. This is a notable finding as ha-
bitual physical activity has not been found to be a key
determinant of postprandial TG responses [3]. Chronic
exercise improves the overall fasting lipid profile through
modulation of apolipoprotein Al expression and in-
crease in HDL by way of increased lecithin-cholesterol
acyltransferase activity [53]. Acute exercise has been
found to lower the magnitude of the postprandial lipe-
mic response through decreased chylomicron appear-
ance [23], increased oxidation of fatty acids post-exercise
[54], decreased VLDL secretion from the liver, and
increased LPL activity [23] though LPL activity in par-
ticular may be enhanced in men compared to women
post-exercise [55]. An energy deficit post-exercise has
been suggested as the primary factor in the attenuation
of postprandial TG response [56]. Given the positive as-
sociation of postprandial TG magnitude and TG iAUC
with VAT and insulin resistance and no association with
cardiorespiratory fitness, it is possible that the self-
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Fig. 3 Estimated beta coefficients for TG IAUC {A-D) and the postprandial TG magnitude (E-1) models. Plots for TG IAUC based on substrate
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exercise frequency in the last 7 cays (D). Plots for postprandial TG magnitude based on substrate utilization crossover as a percentage of
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reported frequency of aerobic activity reflects perception
of effort during activities that do not correspond to
beneficial impacts on cardiorespiratory fitness. In light
of the limited number of studies reporting the relation-
ship between physical activity and postprandial TG, this
a notable finding but one that requires further
exploration.

The relationship between physical activity and post-
prandial TG magnitude and TG iAUC was further ex-
plored by evaluating relative exercise intensity at which
substrate utilization crossover occurred and TG iAUC to
the high-fat meal. The percent of VO, max at which the
rise in carbohydrate oxidation matched fat oxidation and
crossed over to begin dominating as fuel was also a pre-
dictor of both TG iAUC and postprandial TG magni-
tude, but one that impacted the response less than

visceral adiposity and aerobic exercise frequency. After
normalization to estimated VO, max, overweight and
obese adults with a later shift to carbohydrate utilization
during exercise had greater TG iAUC and postprandial
TG magnitude to a high-fat meal challenge. To the au-
thors knowledge, this is the first study to examine sub-
strate utilization crossover during submaximal exercise
in comparison to postprandial TG responses. Exercise
requires an increase in energy expenditure and warrants
a shift in energy usage from lipids at low-to-moderate
intensity to carbohydrate at high intensity exercise [57].
The inability to effectively and rapidly move between en-
ergy systems in response to changing energy require-
ments and demands is considered metabolic inflexibility
[58]. An earlier shift to carbohydrate oxidation during
exercise has been noted in sedentary overweight versus
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normal weight controls and while the exact mechanisms
for reduced fat oxidation are unknown, it is generally at-
tributed to impaired muscle substrate utilization [59].
Submaximal exercise tests can serve as a way to assess
the operation status of the body’s oxidative machinery,
allowing us to detect fat oxidation impairments that pre-
cede insulin resistance and possibly influence lipid hand-
ling during high lipid availability.

Collectively, increased postprandial TG magnitude and
TG iAUC associated positively with VAT, insulin resist-
ance, and relative exercise frequency for substrate
utilization crossover while associating negatively with re-
ported frequency of aerobic activity may be a serendipit-
ous finding relevant to exercise training response
heterogeneity. This apparent paradox is consistent with
the influence of having a high risk for diabetes stemming
from familial history or history of gestational diabetes. In
one study, relatives of individuals with type 2 diabetes
had lower insulin sensitivity and those who did not re-
spond to exercise training with increased insulin sensi-
tivity also did not improve ATP production capacity and
increased intrahepatic and intramuscular lipid concen-
trations [60, 61]. Increased uptake of fatty acids into tis-
sues in individuals with greater VAT and insulin
resistance could attenuate postprandial TG responses
owing to greater removal of fatty acids from TG in post-
prandial chylomicrons. Increased abundance of the
FAT/CD36 plasma membrane fatty acid transport sys-
tem is well documented in rats with type 2 diabetes [62,
63]. The possibility of coupling postprandial TG re-
sponses with a variable such as substrate crossover point
to increase sensitivity of diabetes risk prediction is excit-
ing and worthy of further exploration.

Strengths of the present study include fasting and
hourly postprandial lipid measurements in a group of
healthy overweight and obese adults with varying levels
of body fat percentage and cardiovascular fitness. Our
statistical model predictors explain 28—-30 % of the vari-
ance in the TG iAUC and TG postprandial magnitude.
However, our findings are limited to this study meal as
varying meal components including fiber and even
dairy-based meals matched for fat content affect post-
prandial responses differently [19, 64]. Additionally,
while participants were asked to avoid strenuous exer-
cise and alcohol before blood collection, it is possible
they exercised or consumed alcohol the day prior which
alter postprandial TG responses. We also recognize fac-
tors may be in play that were not measured in the
current study. While participants were asked to perform
an overnight fast proceeding blood collection, we did
not control the fat to carbohydrate ratio in the evening
meal which may have influenced the glucose and lipid
metabolism the following morning [65]. Furthermore,
the inclusion of diet history questionnaires to assess
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habitual dietary patterns may have potentially informed
which metabolic pathways in postprandial lipemia are al-
tered [19]. As we observed a positive relationship be-
tween aerobic exercise frequency and TG iAUC, further
research in high-fat meal induced postprandial lipemia
may benefit by quantifying the frequency, intensity, and
duration of physical activity through objective and sub-
jective methods.

In conclusion, our findings support that several
physiologic and lifestyle factors including central adipose
accumulation, insulin resistance, and exercise are col-
lectively implicated in the metabolic regulation of post-
prandial lipemia and can be used to predict postprandial
TG responses to a high-fat meal. These factors are inter-
related and subsequently, must be jointly taken into ac-
count in strategies to reduce postprandial lipemia in
healthy but at-risk populations. By using appropriate
postprandial TG summary measures, we found that
healthy, nondiabetic overweight and obese adults with
increased visceral adipose tissue and insulin resistance
had, on average, greater postprandial TG iAUC to a high
fat meal test. We also found that aerobic exercise fre-
quency and the increased ability to use fat during an aer-
obic test positively  correlated  to
postprandial TG responses. The present study also high-
lights the potential value of measuring postprandial TG
responses using a standardized challenge for prediction
of type 2 diabetes risk and the need to further research
in this area.

exercise was
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Example determination of Crossover Percentage
Data in this example is from one female participant.

Time at which KCHO>KFAT = 12.75 minutes
VO,/kg at 12.75 minutes = 35.54 ml/kg/min

Crossover VO,/ Calculated absolute VO, max = % of VO, max at crossover
(ie, Crossover %)
35.54 ml/kg/min / 50.72 ml/kg/min = 68.1%

Additional File 1 | Determination of the percentage of VO, max at substrate utilization
crossover point. Visual provides additional detail using real participant data on how
crossover percentage was determined.
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Additional File 2 | Presence of metabolic syndrome criteria in analyzed study cohort
(n=35). Criteria were based of the National Cholesterol Education Program Adult
Treatment Panel III definition of metabolic syndrome [32]. This metabolic syndrome

definition includes criteria on central obesity, hypertension, insulin resistance, and
dyslipidemia.
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Age Sex Crossover VAT HOMAIR Aerobic SBP DBP | R2.

Full | 0.671 0.797 0.004 0.117 0.043 0.058 0.555 0.807 | 0.195
D1 [ 0.704 0.843 0.042 0.101 0.041 0.052 0474 NA 0.223
D2 | 0.727 NA 0.033 0.015 0.037 0.048 0.478 NA 0.249
D3 NA NA 0.032 0.011 0.032 0.046 0.518 NA 0.272
D4+ NA NA 0.036 0.013 0.037 0.054 NA NA 0.286

D5 NA NA 0.090 0.050 0.083 NA NA NA 0.217

*Final model. Abbreviations: DBP, diastolic blood pressure; HOMAIR, homeostatic model of
insulin resistance; SBP, systolic blood pressure; VAT, visceral adipose tissue.

Additional File 3 | P-values decisions during model refinement for the TG iAUC
Response. Bolded items indicate the variable that was dropped at each decision (D) step.
The final model included variables from D4, with D5 shown to confirm D4 was the final
model. No further predictor variables were removed according to variance inflation factor
values.
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Age Sex Crossover VAT HOMAIR Aerobic SBP DBP R2adj
Full 0.820 0.524 0.046 0.052 0.150 0.019 0.546 0.809 | g 242
D1 NA 0543 0.042 0.034 0.132 0017 0569 0.751 | o269
D2 NA  0.475 0.037 0.032 0.123 0.011 0139 NA | g292
D3* NA NA 0.046 <0.001 0.141 0.012 0.182 NA 0304
D4 NA NA 0.075 0.002 0.279 0.023 NA NA | 0283

*Final medel. Abbreviations: DBP, diastolic blood pressure; HOMAIR, homeostatic model of insulin
resistance; SBP, systolic blood pressure; VAT, visceral adipose tissue.

Additional File 4 | P-values decisions during model refinement for the TG change (peak
— fasting) Response. Bolded items indicate the variable that was dropped in the decision
(D) step. The final model included the variables from D3, with D4 shown to confirm D3
was the final model. No further predictor variables were removed according to variance
inflation factor values.
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Model Coefficient F-statistic p-value
TEEAUC 9
Crossover (%) 0.05 4.80 0.04
VAT (L) 0.53 7.05 0.01
HOMA-IR 0.30 4,78 0.04
Aercbic Frequency2 (diwk) 0.31 4.00 0.05
ﬁ(peak—fast)
Crossover (%) 0.02 4.36 0.05
VAT (L) 0.43 14.0 <0.01
HOMA-IR 0.12 2.30 0.14
Aerobic Frequency (d/wk) 0.23 7.15 0.01
SBP (mmHg) 0.02 1.87 0.18

"Crossover indicates the percentage of VO2 max during a submaximal exercise test where
carbohydrate (versus fat) became the dominant substrate utilized.

%Aerobic frequency indicates the self-reported number of days where participants completed aerobic
exercise in last 7 days.

Abbreviations: maximal oxygen consumption, VO2; visceral adipose tissue, VAT, homeostatic model
of insulin resistance, HOMA-IR; systolic blood pressure, SBP.

Additional File 5 | Model summaries for TG 1AUC response and postprandial TG
magnitude. The table is a complement to Fig. 3 and provides additional information on
predictor variables as well as F-statistics from statistical output.
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TEI'AUC,I' = -3.67 + 0.05*Xcrossover i ¥ 0.53 Xyar 1 + 0.30"Xomar i + 0.31 X aerobic, i + &i

ﬁ(peak _fast),i = -0.66+ 0.02"Xcrossover 1+ 0.43*Xyar i + 0.12* Xyomar,  +
0.23*X perabic, i -0.02"Xsgp i1 &

Additional File 6 | The estimated regression equations for TG iAUC response and
postprandial TG magnitude after model refinement. In the equations: iis subject, crossover
is the percentage of VO, max where carbohydrate became the dominant substrate utilized,
VAT is visceral adipose tissue in liters, HOMA-IR is insulin resistance, aerobic is self-

reported days with aerobic exercise in last 7 days, SBP is systolic blood pressure in
millimeters of mercury, and g ~ N(0, 6%,).
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CHAPTER THREE

EIGHT WEEKS OF LENTIL CONSUMPTION ATTENUATES INSULIN

RESISTANCE PROGRESSION WITHOUT INCREASED GASTROINTESTINAL

SYMPTOM SEVERITY — A RANDOMIZED CLINICAL TRIAL
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Abstract
Lentils lower acute glycemic responses and promote satiety, benefits that may aid in
chronic disease prevention. However, perceived gastrointestinal impacts may deter
inclusion of dietary pulses in the diet. We hypothesized that 8-weeks of meals with lentils
would improve glycemic control and improve satiety in metabolically at-risk, non-
diabetic adults. As gastrointestinal symptoms are rarely reported, we also explored the
temporal effects of symptom severity. Adults with an increased waist circumference
(male>40”, female>35") participated in an 8-week dietary intervention that included 5
prepared mid-day meals each week that were isocaloric but varied in cooked green lentil
dosage: 0g (CON), 300g (MOD), or 600g (HI). Assessments included glucose and insulin
integrated area under the curve measured during a 75g oral glucose tolerance test, hepatic
insulin resistance (HOMA-IR) and peripheral insulin resistance. On one randomized day
each week, satiety was assessed at 4:00 pm and gastrointestinal symptoms at 8:00 pm.
Linear model assessed intervention impacts on glycemic measures. Thirty adults
[mean+SD, age: 41.6£11.7, BMI: 35.1+6.3] completed the intervention. After 8 weeks,
HOMA-IR increased in CON (+1.2 units) and decreased in a dose-dependent manner in
MOD (0.3 units, p=0.03) and HI (-0.4 units, p<0.01). Most participants (87.4%) reported
no to mild gastrointestinal symptoms. Of symptoms, flatulence was mild on average with
bloating, abdominal discomfort, and cramping severity 0.3, 0.5, and 0.5 units lower
(p<0.001). We observed a dose-dependent reduction on rising hepatic insulin resistance
and low gastrointestinal symptom severity with long-term lentil consumption in

metabolically at-risk adults.
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1. Introduction

The Centers for Disease Control and Prevention estimates that 13% of US adults have
diabetes and that 10.5% of adults have prediabetes based on their fasting glucose and
glycated hemoglobin levels (HbAlc) [1]. Type 2 diabetes mellitus (T2DM) is a
progressive disorder characterized by chronic elevated blood glucose and altered glucose,
lipid, and protein metabolism from impaired insulin delivery and action [2]. There are
genetic, behavioral, and metabolic risk factors associated with greater risk of T2DM
development that in part include excessive body fat, particularly around the abdomen,
and increased insulin resistance in the early phase of T2DM progression [3]. Lifestyle
interventions such as healthy dietary changes can be used to prevent T2DM [4] with
plant-based diets rich in high-quality plant food groups such as whole grains, fruits,

vegetables, nuts, and legumes shown to reduce T2DM risk by 20% [5].

Repeated reduction of the postprandial glycemic response (PPGR) plays a vital role in the
prevention and management of metabolic syndrome and diabetes [6, 7]. Regular
incorporation of pulses offers a practical dietary means to improve glycemic control,
blood lipids, body weight, and reduce disease risk in metabolically at-risk populations [8,
9]. Pulses are considered legumes and include chickpeas, lentils, and dry peas which are
nutritionally dense offering bioactive compounds and fiber while relatively low in fat and
sodium. The high fiber content in pulses contributes to delayed gastric emptying and
helps give them a low glycemic index score, offering acute benefits to fasting blood
glucose and insulin as well as a reduction to PPGR to the next subsequent meal that has

been coined as “the second meal effect” [10-12]. Individuals that regularly consume
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foods lower in the glycemic index scale and higher in fiber may accumulate the benefit of
repeated second meal effects and have improved glucose tolerance and a decreased risk

for insulin resistance and developing type 2 diabetes [13].

Despite evidence supporting multiple health benefits, legume consumption among US
adults is low with 15% of the total population estimated to eat the amount of legumes (>
87.5 g/day) recommended to achieve disease prevention benefits [14]. Consumer
incorporation may be difficult due to real and perceived barriers including abdominal
discomfort, long preparation time, lack of knowledge on preparation, and lack of
familiarity due to familial and cultural food habits [15]. Consumers commonly report
gastrointestinal symptoms as a barrier [16]; yet, GI symptoms are rarely reported in pulse
interventions [9]. Increased transparency of reported gastrointestinal symptoms in pulse
interventions and addressing other barriers can help encourage and increase pulse

consumption among consumers so that they may secure health benefits.

There are limited randomized clinical trials evaluating long-term pulse consumption on
metabolic health, especially trials examining specifically lentil consumption at current
USDA pulse recommendations which is approximately 1.5 cups of cooked pulses for
adults per week with a caloric need of 2000 calories per day [9, 17]. This is of note as
glycemic benefits vary by pulse variety, how pulses are added to the diet (i.e., whole vs
ground), pulse dose, and duration of pulse inclusion in the diet [10]. We hypothesized

that regular midday lentil consumption in individuals who are at greater risk of metabolic
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disease would improve glycemic control and satiety, with more pronounced effects at a
higher lentil dosage. This study sought to determine how eight weeks of 0, 300 (1.5
cups), or 600 (3 cups) grams of lentils per week affect glycemic control and
anthropometric measures. We strategically offered midday meals to adults with increased

central adiposity to allow the second meal effect to occur during the evening meal.

2. Methods and Materials

2.1. Ethics Statement. The protocol was approved by the Institutional Review Board at
Montana State University (MM100218). Written informed consent was obtained from all
participants prior to participation. The study was registered at ClinicalTrials.gov

(NCT04448067).

2.2. Study Population. Potential participants were recruited by advertisement through
flyers, email mailing lists, word of mouth, and snowballing recruitment methods. Eligible
individuals were 18-70 years and had waist circumferences greater than or equal to 35
inches for females and 40 inches for males. Eligible participants exceeded the metabolic
syndrome criteria for waist circumference [18], a criterion meant to recruit individuals
with greater risk of T2DM development [3]. Exclusion criteria included diabetes, wheat
allergies, blood sugar medications, lipid or cholesterol-lowering medications, anti-

inflammatory medications, and pregnancy.
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2.3. Research Design. The study was a single-blind randomized clinical trial with 0, 300,
or 600 g of whole lentils five days a week for eight weeks. Randomization was performed
by drawing out of a hat in blocks of six. Participants were assigned meal groups before
the dietary intervention. Participants were asked to come to the Nutrition Research
Laboratory at Montana State University on three occasions (Figure 1). After an initial
screening visit with anthropometric measurements, an oral glucose tolerance test (OGTT)
was performed in the morning after an overnight fast before and after the 8-week dietary
intervention. Weekly online survey questionnaires were delivered during the intervention
to assess satiety and gastrointestinal (GI) issues. Metabolic health, satiety, and

gastrointestinal symptom measures were primary outcomes of interest.

2.4. Dietary Intervention. Participants underwent an 8-week dietary intervention, which
included 5 prepared mid-day meals each week that were isocaloric but varied in dose of
cooked whole green lentils (provided by AGT Foods Canada): 0 g (CON), 300 g(MOD),
and 600 g (HI) per week. Throughout the 8 weeks, participants were asked to consume
the same five provided meals each week but were otherwise asked to maintain their
normal dietary and physical activity patterns. Provided meals were prepared by a
registered dietician and professional chef on the research team. Meals included were
soup, curry with basmati rice, street tacos, loaf with mashed potatoes and cooked
zucchini, and pasta with Bolognese sauce. A detailed weekly diet menu and nutrient
profile is listed in Table 1. Control meals were matched in total energy to MOD and HI

lentil meals and included ground turkey or chicken instead of green lentils. The intent of
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this study was to evaluate equivalent meals with meat (CON), a mixture of meat and
lentils (MOD), and strictly lentils (HI) as the protein sources in the meals. The strength of
this approach is that it maximizes the translational value on the impact of incorporating
lentils into the diet as a protein source. A limitation of this approach is that the

macronutrient composition of the meals was not identical.

2.5. Lentil Sampling and Nutritional Analysis. Medium green lentils (CDC Richlea
cultivar) used in the diet were sent courtesy of AGT Foods Canada to Medallion Labs
(Minneapolis, MN) for analytical testing with the standalone nutrient breakdown and

functional properties are provided in Supplementary File 1. Dietary fiber was

determined through the analytical method AOAC 991.43.

2.6. Oral-Glucose Tolerance Test. The test meal contained white bread (Franz Premium
White BIG) totaling 75 g carbohydrate intake. Total energy content of the test meal was
400 kcal, with a macronutrient composition of 5 g fat, 75 g carbohydrate,and 10 g
protein. Meals were provided in the study laboratory. Water was provided ad libitum with
the meal. Participants were instructed to consume the meal within 15 minutes with the
postprandial period timing based on when the meal began. During the two hours of the
OGTT, participants were asked to remain seated and complete a written 24-hour dietary

recall and an online survey on their habitual diet.



48
2.7. Blood Sampling. Participants were instructed to avoid alcohol consumption and
strenuous physical activity in the 24 hours before their visit and to complete an overnight
fast (> 10 hours) before blood collection. Fasting blood samples were collected by a
trained phlebotomist via venipuncture of the antecubital vein in the morning before
ingestion of OGTT. Venous blood at fasting was collected into 8.5 mL endotoxin-free
serum separating and 4.0 mL heparinized vacutainer tubes (BD Vacutainer, Franklin
Lakes, New Jersey, USA). Blood was obtained by fingerstick at 30, 60, 90, and 120
minutes in the 2-hour postprandial period and collected with microcapillary serum
separating 200 uL tubes (RAM Scientific Inc., Nashville, Tennessee). Blood samples
were allowed to clot for 15 minutes before centrifugation at 1200 RPM for 15 minutes

with resulting serum aliquoted and stored at -80°C until analysis.

2.8. Biochemical Analysis. Fasting blood lipid profiles were determined from whole
blood run on Picollo Xpress Chemistry Analyzer lipid panels (Abaxis, Union City, USA).
Components derived from lipid panels include cholesterol (CHOL), high-density
lipoprotein (HDL), low-density lipoprotein (LDL), and triglyceride (TG). HbA1x was
determined using the DCA Vantage Analyzer (Siemens Medical Solutions Diagnostics,
Cergy-Pontoise, France) performed according to manufacturer instructions. For blood
glucose (GLU) determination, whole blood was collected into a microcuvette and run
immediately on the HemoCue Hb 201+ System (HemoCue AB, Angelholm, Sweden).
For insulin (INS) determination, fingerstick blood samples were collected and

centrifuged at 1200 RPM for 15 minutes with resulting serum aliquoted and stored at -
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80°C. INS concentrations from fasting and postprandial samples were determined through
a high-sensitivity INS ELISA kit according to manufacturer instructions (ALPCO, Salem,
NH, United States) with a mean inter-assay coefficient of variation of 5.2%. Blood
glucose and insulin responses to the OGTT were each summarized as incremental area
under the curve method (1IAUC) in an effort to normalize high interpersonal variability in

PPGRs to the same meal [19, 20].

2.9. Insulin Resistance. Fasting blood GLU and INS were used to determine the
homeostatic model of insulin resistance (HOMA-IR), a measure of hepatic insulin
resistance at fasting calculated with the original HOMA-IR formula [21]. Body weight
and GLU and INS concentrations at 0 and 120 minutes of the OGTT were used to
calculate the insulin sensitivity index (ISl 120), a validated measure of peripheral insulin

resistance [22].

2.10. Habitual Dietary Habit Survey. A validated diet history questionnaire (DHQ III)
was self-assessed through a web-based survey offered by the National Cancer

Institute. Participants were provided a laptop and asked to complete the survey at the
baseline blood collection visit. The DHQ III consists of 135 food and beverage and 26
supplement questions to assess dietary frequency and portion sizes over the past 12
months. Through built-in programming of DHQ III surveys, we obtained a calculated
Healthy Eating Index (HEI, 2015) score which is a measure of diet quality in compliance

with the 2015-2020 U.S. Dietary Guidelines for Americans. Total HEI score is the sum of
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nine components based on adequacy (total fruit, whole fruit, total vegetables, greens and
beans, whole grains, dairy, total protein foods, seafood and plant proteins, fatty acids) and

four components based on moderation (refined grains, sodium, added sugars, saturated

fats) [23, 24].

2.11. Anthropometrics. Measurements were collected from participants using the
validated segmental multifrequency bioelectrical impedance analysis (SECA mBCA 515,
Hamburg, Germany) [25]. Participants were instructed to refrain from eating, drinking, or
exercising in the three hours prior to testing. Fat mass (%), estimated visceral adipose

(liters), and skeletal muscle mass (%) were used for analysis.

2.12. Satiety and Gastrointestinal Surveys. Two brief surveys addressing participant
hedonic response, satiety, and GI issues were delivered through email using the online
platform Qualtrics on the same day, once a week, sequentially delivered on rotation for
each weekday, for each week of the 8-week dietary intervention. At 4:00 pm, participants
were asked how much they enjoyed their mid-day meal followed by their levels of
hunger, fullness, satisfaction, and desire to eat in relation to the study meal they
consumed mid-day. At 8:00 pm, participants were asked how they felt overall that day
regarding common GI symptoms. The latter included four sub questions asking them to
rank the severity (None, Mild, Moderate, Severe) of their flatulence, bloating, cramping,

and abdominal discomfort. Participants were able to view definitions of each Gl issue
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during completion of each survey. Survey questions and response scales are outlined in

Supplementary File 2.

2.13. Statistical Analyses. Analysis and visualizations were conducted in RStudio
(1.4.1106) running R 4.0.5, with data visualized using ggplot2/26] and effects [27]

packages.

Descriptive summary statistics were performed for participant physical and biological
characteristics with general linear models used to determine if participants on average
differed between meal groups before the intervention began. Habitual dietary patterns,
determined through HEI scores, at baseline were also analyzed through general linear
models with three less individuals included in the analysis due to survey incompletion.
Variables that demonstrated group differences were further analyzed using post-hoc t-

tests.

General linear models were used to assess the impact of the dietary intervention on the
following categories of variables: anthropometric measures — weight, fat mass, skeletal
muscle mass, and waist circumference; blood lipid measures — CHOL, LDL, HDL, TG;
glycemic measures — GLU 1AUC, INS iAUC, HOMA-IR, and ISl ;2. Dependent
variables were calculated as the change in values from baseline (post-intervention - pre-
intervention). Predictor variables were shared within each category of variablesand are

as follows: anthropometric measures — meal group; blood lipid measures — meal group,
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visceral adipose tissue; glycemic measures — meal group, change in body mass index
(BMI), and HbA1c. Predictor variables for glycemic measures were chosen based on pre-
vious findings by Zeevi and colleagues [20]. Validity conditions were confirmed through

visualizations of the response and model residuals.

Linear mixed effects models were used to assess the impact of a week and meal
interaction on satiety measures, accounting for meal enjoyment. GI symptom severity
was analyzed through a non-linear mixed effects model with the predictors as a week and
meal interaction and symptom type, with week on a quadratic polynomial. Subject was

the random effect for models assessing satiety and GI symptom severity.

3. Results

3.1. General characteristics of Participants. Five participants were lost to follow-up or
withdrew from the study for non-intervention related reasons, leaving 30 healthy
overweight and obese adults [mean = SD, age: 41.6 +11.7, BMI: 35.1 +£6.3] who

completed the 8-week intervention (Figure 2).

The proportion of males to females was different between meal groups with the greatest
proportion of males observed in MOD, X2 ((3,n=30)=14.1,p <0.01). Between meal
groups at baseline, participants had similar anthropometric and metabolic characteristics
(Table 2). Participants classified as obese according to BMI. Among metabolic

characteristics, fasting TG, CHOL, HDL and GLU were normal on average across meal
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groups at baseline. One-third of participants (2 CON, 5 MOD, 3 HI) were considered

prediabetic based on American Diabetes Association 2021 classification guidelines [28].

3.2. Dietary Habits at Baseline. Self-reported habitual dietary patterns assessed through
the online DHQ III were scored to US 2015 dietary recommendations through built-in
HEI scoring. Three participants, one from each meal group, did not complete the survey

and were unable to be scored and were not included in dietary pattern analyses.

Total HEI scores, which indicate overall dietary quality, were not different between meal
groups at baseline (Table 3). Sixty-two percent of participants were above the average
national HEI score (58.3) for adults, with a group average score of 62.3. With regard to
foods to consume in adequacy, self-reported intake of total vegetables and greens and
beans did vary between groups. Total vegetable intake in MOD was 0.97 points greater
than CON (t=2.1,p=10.04) and 1.52 points greater than HI (t=-3.2,p <0.01).
Additionally, intake of greens and beans was 1.50 points greater in MOD than HI than
MOD (t=-2.8, p <0.01). Meal groups were similar at baseline among components to

consume in moderation.

3.3. Blood Lipids. No meal group differences were detected in the change (post— pre)
total CHOL (F=1.0,p=0.36), LDL (F =0.94, p=0.40), HDL (F =0.62, p =0.55), or

TG (F=0.15,p=0.86) after accounting for change in VAT. However, we did observe a
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positive relationship (f =0.29) of visceral adipose tissue on fastingblood TG (F=4.5,p

=0.04).

3.4. Anthropometrics. Meal group differences were not detected in the change of body
weight (F=2.0,p=0.15), fat mass percentage (F=0.98, p =0.39), skeletal muscle mass

percentage (F=0.66,p=0.52),or VAT (F=0.35,p=0.71).

3.5. Insulin Resistance. After accounting for BMI and HbA1c, MOD and HI had lower
hepatic insulin resistance than CON as measured through HOMA-IR. One MOD
participant was identified as an influential po/int based ona Cook’s Distance > 1 and
removed from HOMA-IR analysis. Participants who consumed meat-based CON meals,
on average, increased in HOMA-IR after 8-weeks (Figure 3). Participants in MOD also
had an increase in HOMA-IR, but this increase after 8-weeks was 0.9 units lower than
CON (t=-2.2,p=0.03). Participants in HI had a reduction in HOMA-IR, with the
change in HOMA-IR on average 1.5 units lower than CON (t=-3.5, p=0.002). BMI and
HbA1c were both predictors to the change in HOMA-IR. Interestingly, participants who
increased in BMI had on average a reduction in HOMA-IR (t=-4.0,p <0.001). HbAlc
was a positive predictor of the change in HOMA-IR, with greater HbAlc related to a rise
in HOMA-IR after 8-weeks (t=3.4, p <0.01). Variance explained by our model was

approximately 49.6% according to adjusted R,.
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Eight weeks of MOD (t=1.3,p=0.21)or HI (t =-0.31, p=0.67) lentil consumption did
not improve peripheral insulin resistance as measured by ISl 120, compared to CON.
Further, HbAlc (t=-0.91,p=0.37)and BMI (t= 1.5, p =0.15) were not predictors of

ISIo, 120.

3.6. Postprandial glucose and insulin. The addition of lentils over 8-weeks did not
impact GLUiAUC (F =0.41,p =0.67), accounting for BMI (F= 1.9, p=0.18) and
HbAlc (F<0.01,p=0.95). Similarly, INSiAUC was not impacted by the lentil
addition for 8-weeks (F=0.84, p =0.44), accounting for BMI (F=0.03, p=10.86) and
HbAlc (F=0.23, p=0.64). The same participant in MOD who was removed as an
influential point in HOMA-IR analysis was also removed from INS iAUC analysis based
on a Cook’s Distance > 1. Our male participants were not detected as outliers in our
modelling of glycemic responses and were consequently included in all analyses.
Average GLU and INS concentrations during the OGTT before and after the intervention

are displayed in Supplementary File 3.

3.7. Satiety During the Intervention. The overall response rate to the 4:00 pm survey on
satiety was 95.8%. The mean response rates were 95%, 95.5%, and 97.2% for CON,
MOD, and HI, respectively. A decline in meal enjoyment was experienced by CON and
HI over 8 weeks, while meal enjoyment was maintained in MOD over 8 weeks
Supplementary File 4. Satiety measures were not different by meal group over 8 weeks

but were largely dependent on meal enjoyment with the exception of self-reported
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fullness (Table 4). An inverse relationship was observed between meal enjoyment and
self-reported hunger (f =-0.16), desire to eat (3 =-0.51), and amount that they could eat
(B =-0.38) while a positive relationship was observed between meal enjoyment and

satisfaction (f =0.73). Only in desire to eat was a meal main effect observed.

3.8. Gastrointestinal Issues During the Intervention. The overall mean response rate to
the 8:00 pm survey on Gl issues was 95.4%. Mean response rates for the GI survey were
93.8%, 95.5%, and 97.2% respectively for CON, MOD, and HI. Regarding symptom
severity responses throughout the entire intervention, 87.4% were none to mild, 11.3%

were moderate, and 1.8% were severe.

Reported flatulence was mild on average throughout the duration of the study and was the
GI issue with the highest severity (p < 0.001). Flatulence was followed sequentially in
symptom severity by bloating, abdominal discomfort, and cramping (Figure 4A). The
frequency of reported bloating, abdominal discomfort, and cramping fluctuated over eight
weeks but only in the MOD group did the frequency of average GI symptoms increase
then decline after 5 weeks (Figure 4B, t=-2.9, p <0.01). Mild flatulence was reported
by the majority of participants in HI, with an increasing trend seen over time. Weekly

fluctuations in symptom severity are visualized in Supplementary File 5.



57
4. Discussion
The key finding of this study was identification of dose dependent benefits of dietary lentils
for the attenuation of the progression of insulin resistance in non-diabetic adults with
overweight and obesity, which is line with our hypothesis. To our knowledge, this is the
first study that has examined the impact of long-term lentil consumption on glycemic
responses without the introduction of physical activity or energy restriction. We
specifically looked to assess the impact of weekly lentils meeting and surpassing USDA
weekly pulse recommendations in a manner that incrementally utilized lentils instead of
meat. In an effort to understand how participants responded to the intervention, we also
surveyed participants about their satiety and GI symptoms. Contrary to our hypothesis that
satiety would increase in a dose dependent manner with lentil consumption, we did not
observe changes in satiety with lentil consumption compared to meat consumption. Our
weekly survey strategy provided novel insights on temporal changes in satiety and GI
discomfort with dietary strategies incorporating an increased dietary fiber load.
Our main finding was that lentil consumption helped to prevent a rise in HOMA-IR with
an incremental decrease in HOMA-IR with increasing dietary lentils amounts. HOMA-IR
is a measure of fasting insulin resistance and is reflective of hepatic insulin resistance. In
a meta-analysis of 12 randomized clinical trials in adults without T2DM, only one trial
found a decrease in HOMA-IR after 16-weeks of pulse consumption [29, 30]. The rise of
blood glucose and insulin after a meal stimulates glucose disposal in the periphery,
predominantly into skeletal muscle. Thus, dynamic postprandial conditions are reflective

of peripheral insulin resistance. Diet-related changes to dynamic postprandial responses
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such as INSiAUC and GLU iAUC were not observed which mirrors the lack of change
also observed in ISI 120, our measure of peripheral insulin resistance. Increased insulin
production during the postprandial phase normally signals the liver to cease glucose
production, increase glucose consumption, and store consumed glucose as glycogen or
lipids. In insulin resistant individuals, insulin is unable to effectively regulate glucose
metabolism resulting in increased glucose production with de novo lipogenesis. The
beneficial effect of fiber on fasting glycemic control was previously suggested to be
proportionate to the amount of soluble fiber in foods [31]. Low soluble fiber content is of
note as high viscosity soluble fibers help slow the passage of the food matrix through the
small intestine, which contributes to slowed degradation and absorption of carbohydrate.
The whole green lentils in our study meals provided intact fiber, contained approximately
13 g (per 100 guncooked) of fiber with the majority as insoluble fiber. Insoluble fiber
may also combat the rise in insulin resistance [32] by the potential to disrupt the
absorption of protein in the small intestine [33]. Increased plasma amino acid
concentrations through amino acid infusions were found to increase insulin resistance
[34]; thus, it is possible that the consumption of animal-based products contributed to the

rise of insulin resistance observed in our study.

Hepatic insulin resistance is a key contributor to fasting [35] and postprandial lipemia
[36]. We did not measure postprandial lipemia in the current study, but with regards to
fasting blood lipids, we did not observe changes after eight weeks of dietary

modification. These findings are in contrast to improved serum total and LDL cholesterol
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previously reported in a metanalysis of 10 clinical trials with at least three weeks of
legume consumption [37]. Diets high in fiber can contribute to impaired lipid
emulsification, decreased chylomicron production, increased clearance of triglyceride-
rich lipoproteins, and decreased very-low density lipoprotein production [38]. The
cholesterol-lowering impact of lentils may be attributed in part to the ability of bile acids
to bind to soluble fiber in the intestinal tract, which helps to prevent reabsorption in the
distal ileum and increase its excretion in feces [39]. To maintain the bile acid pool,
reduced bile acid absorption triggers increased bile acid production mediated through
increased clearance of LDL to uptake cholesterol necessary for bile acid synthesis. It is
unclear whether bile acid production was impacted through incorporation of whole green
lentils. Further investigation of acute and long-term effects of pulses on bile acid
synthesis and secretion is warranted as bile acid metabolites were also recently shown to

predict postprandial glucose and insulin responses [40].

A unique finding of the present study with high relevance to dietary strategies for weight
management was that meal enjoyment was a key factor in self-reported satiety measures
with higher meal enjoyment related to less hunger and desire to eat in the afternoon.
Individuals in MOD maintained their meal enjoyment on average through the study
compared to CON and HI, who showed a gradual decline in meal enjoyment. An acute
benefit of increased fiber consumption is higher satiety, or a perceived feeling of fullness
after a meal [41]. Soluble fiber delays gastric emptying through an increase in digesta

viscosity, which helps individuals feel fuller longer after a meal [31]. Individuals who



60
have reduced feelings of hunger may be compelled to eat less at their second meal,
promoting a reduction in caloric intake. Satiety in this current study did not vary by meal
group during the intervention, and average satiety did not translate to changes in weight,
body fat or skeletal muscle percentage. Obese adults have previously reported greater
satiety benefit with fiber compared to studies who examined lower BMI participants [41],
an effect that may not have been observed in this study given the low soluble fiber
content of our study lentils. However, we note that the dietary intervention was not
designed as a weight loss intervention but to simulate a realistic change in dietary
behavior in free-living adults. As increased energy intake has been identified as the key
driver of the United States obesity epidemic [42], it becomes imperative to regularly
incorporate meals which promote satiety and reduce caloric intake to aid weight

management.

Another important assessment relevant to dietary strategies to improve metabolic health
assessed in the present study was GI symptom frequency and temporal changes in
symptoms during the 8-week dietary intervention. GI symptoms are infrequently reported
in interventions, with only three publications in a recent systematic review of 20 pulse
intervention reporting GI symptoms, none of which were exclusively lentils [9]. In our
study, participants with moderate lentil consumption reported a decline in frequency of
GI symptoms after 5 weeks. Severe symptoms were reported infrequently with no
participants withdrawing from the study due to GI symptom severity. Of specific

symptoms, flatulence had the highest severity but was mild on average. GI discomfort
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largely arises from gas production during bacterial fermentation of increased soluble fiber
and resistant starches which cannot be readily digested by intestinal enzymes. Intestinal
gas production was previously reported to subside in healthy individuals as colonic
bacteria adapt to the dietary fiber and resistant starches with long-term consumption of
fiber-rich food [43]. It is possible that participants in MOD may have had this adaptation
occur sooner as participants were already consuming greater vegetables in their habitual
diet than CON and HI as assessed by HEI component scores. Collectively, these findings
may aid the effort to counter consumer perception of GI symptom severity as a barrier to

lentil inclusion.

We recognize that there are additional factors that may have influenced changes to
insulin resistance and PPGR that we were not measured in the current study. First, while
participants were asked to maintain their regular dietary and physical activity patterns, it
is possible participants incorporated additional healthy lifestyle patterns that would
improve glycemic control. Second, it is possible that antioxidants present in whole lentils
may have impacted oxidative stress which is implicated in the development of insulin
resistance [44]. Third, this study did not assess the impact of the gut microbial
community on PPGR. The human gut microbial community is in part influenced by diet
[45]. Specific microbial taxa are related to plant-based foods [46] and PPGR [20] which
help highlight an ongoing interaction between diet, microbiota, and host responses.
Soluble fiber and resistant starch in lentils can undergo bacterial fermentation to produce

short chain fatty acids such as butyrate which has been shown to have anti-inflammatory
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and insulin-sensitizing effects [47, 48]. As the gut microbiota can metabolize dietary fiber
as well as bile acids [49], it is imperative to understand how temporal effects of lentil
consumption on the gut microbial community may modulate host postprandial responses
as it relates to chronic disease development. In addition, we do recognize that future
dietary interventions with pulses would be improved by a more even proportion of males

to females to better account for gender-specific differences in insulin sensitivity [50].

In conclusion, the findings of the present study provide evidence that long-term lentil
consumption above USDA legume recommendations (1.5 cup/week) in heavier
individuals at greater risk of impaired glucose tolerance can reduce an upward drift in
hepatic insulin resistance, a key target in the early phase in progression of T2DM.
Additionally, our findings add to the limited body of research regarding satiety and GI
symptoms with legume consumption with specific findings including the importance of
meal enjoyment in satiety and temporal changes in GI symptom severity. Further
investigation of the long-term impact of insoluble and fermentable fibers on glycemic
control, bile acids, and potential gut-mediated pathways, is warranted in at-risk

populations.
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Graphical Abstract Legend

Oral Glucose Tolerance
Test

8-Week

Intervention m

Cooked Lentils Per Week
Satiety and Gl Symptom Weekly Surveys

Graphical Abstract| An oral glucose tolerance test was conducted before and after an 8-
week dietary intervention containing 0, 300, or 600g weekly of cooked green lentils.
During the intervention, participants were also asked to complete satiety and
gastrointestinal symptom surveys once a week. We found that with lentil consumption,
meal enjoyment is associated with multiple measures of satiety, reported, gastrointestinal
symptoms were low in frequency and severity, and prevents a rise in insulin resistance.
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Figure Captions
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Figure 1 | Time course of the eight-week dietary intervention. Timeline of study

events and how frequently events occurred during the course of study participation.
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Assessed for Eligibility
{n=63)

Excluded

__| - Not meeting inclusion criteria {n=16)
| - Lostto follow-up (n=9)

- Other reasons (n=3)

Randomized (n = 35)

Allocated ta CON (n=13) Allocated to MOD (n=12) Allocated to HIGH (n=10)
- i v \

Lost to follow-up (n=1) Last to follow-up (n=0) Lost to follow-up (n=1)

Discontinued due to Discontinued due to Discontinued due to

personal injury (n=1) family emergency (n=1) relocation (n=1)

Analyzed (n=11) Analyzed (n=11) Analyzed (n=8)

Figure 2 | A CONSORT flowchart of the study design and enrollment. Flyers and e-
mails were used to recruit interested individuals. Interested individuals contacted the
research team, who sent additional information about the study. Sixty-three individuals
completed a phone screening with the research team with those individuals who met
eligibility requirements, enrolled to participate. Participants were randomly allocated to
one of three experimental groups with varying weekly doses of lentils: CON, control (0

g/week); MOD, moderate (300 g/week); HI, high (600 g/week).
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Figure 3 | Plots for estimated beta coefficients of predictor variables for the change in

HOMA-IR. Bands and bars indicate 95% confidence intervals and the ticks on the x-axis

in B) and C) indicate the observed values. Blue points in A) and the blue line in B) and C)

indicate the average change in HOMA-IR as determined by the general linear model. One

MOD participant was identified as an influential point and removed from HOMA-IR

analysis. The symbol a indicates difference from CON. P-values are at a level of * 0.05,

*%0.01,and ***0.001. Acronyms: BMI, body massindex;Hbalc, glycated hemoglobin;

HOMA-IR, homeostatic model of insulin resistance; CON, control (0 g/week); MOD (300

g/week), moderate; HI, high (600 g/week).



73

A B
2.0 2.0
= = CON MOD HE —— =
o)
> 1.5 o
(% 1.0 C(,D)
E - Fkk
‘.g- E aE a*** a**“ _‘§-
%) 7)
00 77—
® N (\Q o\\'
\\}Q'Q OQ}\ @Q\ o@\\
QY @O
Q\rb @) O\c"

Figure 4 | Gastrointestinal issue symptom severity with A) Symptom Main Effect and
B) Meal and Time Interaction. Symptom severity was scored as follows: 0 = None, 1 =
Mild, 2 = Moderate, 3 = Severe. Points indicate group means, bars indicate 95% confidence
intervals, and ticks on the x-axis indicate observed data frequency. The symbol a indicates
difference from flatulence. P-values are at a level of * 0.05, ** 0.01, and *** 0.001.
Acronyms: CON, control (0 g/week); MOD (300 g/week), moderate; HI, high (600

g/week).
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Table 1 | Sample weekly menu from the 8-week dietary intervention and weekly total

nutrient profile. Macronutrienttotals were rounded to nearest whole number. Calorie total

reflects unrounded amount calculation.

CON-0g MOD-300g HI-600¢g
Bolognese Turkey Bolognese + 2 Lentil & Turkey Lentil Bolognese + 2 cup
cup cookedrotinipasta Bolognese + % cup cookedrotinipasta
cookedrotinipasta
Curry Chicken curry+1/3 cup Lentil& Chicken curry+  Lentilcurry + 1/3 cup
cookedbasmatirice 1/3 cup cooked basmati cookedbasmatirice
rice
Loaf Turkey loaf + Y4 cup Lentil & Turkey loaf+'  Lentilloaf+% cup
mashedpotatoes+ ' cup  cup mashedpotatoes+'2  mashedpotatoes+ %2 cup
cooked zucchini cup cookedzucchini cookedzucchini
Taco Turkey tacofilling+ 2 0z Lentil & Turkey taco Lentiltaco filling+ 2 0z
shreddedcheddarcheese+ filling + % 0z shredded shredded cheddar cheese+
1 Tbsp salsa +1 Tbsp sour cheddarcheese+1 Tbsp 1 Tbsp salsa +1 Tbsp sour
cream +2 street flour salsa +1 Tbsp sourcream cream +2 street flour
tortillas + 2 street flourtortillas tortillas
Soup Chicken Soup Lentil+ Chicken Soup Lentil Soup
Nutrient 1658 kcal, 114 gPRO, 1714 kcal, 99 gPRO, 1774 kcal, 88 gPRO, 270
Total 143 gCHO, 13 gDietary 212gCHO,49 gDietary g CHO,79 g Dietary

Fiber, 72 g TotalFat,27 g
Saturated Fat

Fiber, 55 g TotalFat,22 g
Saturated Fat

Fiber, 42 g TotalFat, 19 ¢g
Saturated Fat

Abbreviations: control, CON moderate lentil, MOD,; high lentil, HI; Kcal, kilocalories; PRO, protein; g,
grams; CHO, carbohydrate.
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Table 2 | Participant characteristics at baseline, grouped by assigned dietary
intervention (n=30). Blood profile determined from venous blood sample at fasting. Data
represent mean and standard deviation. Sex p-value determined through 3-sample test for

given proportions; all other p-values determined by ANOVA.

CON (n=10) MOD(n=11)  HI([1n=9) p-value

Males/Females 1/9 3/8 1/8 <0.01
Age (years) 38.8+10.9 43.1+12.5 43.0+12.3 0.66
BMI (kg/m?) 35.5+5.2 34.2+6.8 359+7.3 0.82
FM (%) 453+5.4 41.7+8.4 47.0+7.1 0.25
WC (cm) 109.7+13.9 108.0+12.1 107.1+11.2 0.90
VAT (1) 35+1.8 35+1.6 33+1.3 0.94
GLU (mmol/L) 49+0.7 52+0.6 52404 0.21
TG (mmol/L) 1.4+0.7 1.3+0.5 1.5+0.5 0.70
CHOL (mmol/L) 49+1.0 4.6+0.9 4.8+0.7 0.76
HDL (mmol/L) 1.4+04 1.3+£0.3 1.5+£0.6 0.39
HbAlc (%) 52+0.3 52+0.3 54+0.3 0.10

Abbreviations: control, CON moderate lentil, MOD; high lentil, HI; body mass index,
BMI; fat mass, FM; visceral adipose tissue, WC, waist circumference; VAT;
hemoglobin Alc, HbAlc; glucose, GLU; triglycerides, TG; cholesterol, CHOL; high
density lipoprotein, HDL.
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Table 3 | HEI component scores at baseline, grouped by assigned meal group (n=27).
HEI component scores were calculated through an online DHQ III in which participants
self-reported the types and frequency of foodsconsumed in the last 12 months. Three
participants (one from each meal group) did not fully complete the DHQ III and thus, HEI
scores were notavailable. Informationaboutthe standardsfor scoringeach HEI component
can be found in an article by Krebs-Smith and colleagues [24]. Data represents mean and

standard deviation. Meal effect p-values determined by Type II F-test.

Score
Maximum MOD
Component Points CON (n=9) (n=10) HI (n=8) p-value
Adequacy
Total Fruits 5 2.6+1.2 39+1.5 32+14 0.15
Whole Fruits 5 3.,6x1.6 44+1.5 3.8+1.2 0.48
Total Vegetables 5 3.7+ 1.1 4.7+0.5 3.1+ 1.3 0.01
Greens and Beans 5 44+1.1 49+0.2 34+1.6 0.03
Whole Grains 10 2+1.1 26+1.6 3.6£2 0.13
Dairy 10 8.1+2 6.3+1.8 7.8+1.7 0.09
Total Protein Foods 5 48+04 49+0.3 47+0.6 0.66
Seafood & Plant
Proteins 5 45+0.8 43+1 44+1.1 0.90
Fatty Acids 10 26+2.1 29+3.2 48+2.8 0.19
Moderation
Refined Grains 10 84+1.5 8+3.3 94+1 0.40
Sodium 10 3+1.8 41+3.2 5.5+£2.6 0.17
Added Sugars 10 7.6+1.2 7.8+2.1 6.3+3 0.30
Saturated Fats 10 2.9+2.2 5.6x2.8 4.1+3.1 0.13
Total

58.2+6.7 66.1+10.3 62.3+13.2 0.26

Abbreviations: control, CON; moderate, MOD; high, HI.



77
Table 4 | P-values of the pB-coefficients derived from mixed effects models on satiety
survey measures. Satiety survey questions and response levels are provided in
Supplementary File 2. Meal*Week indicates an interaction between meal group (CON,

MOD, HI) and time (week).

Meal
Question Meal Week Enjoyment Meal*Week
Meal enjoyment 0.43 0.05 NA 0.03
Hunger 0.53 0.44 0.02 0.24
Fullness 0.93 0.39 0.07 0.87
Satisfaction 0.83 0.78 <0.001 0.20
Desire to eat <0.01 0.02 <0.001 0.99

Amount could eat 0.01 0.25 <0.001 0.57




78

Supplementary File 1 | Nutrient and functional analysis of
whole green lentils used in the intervention.

Analysis Amount
Nutrient (per 100g)
Calories (kcals) 369
Moisture (g) 8.2
PRO (g) 23.5
Fat (g) 2.3
Ash (g) 2.4
Total CHO (g) 63.6
Soluble Fiber (%) 0.7
Insoluble Fiber (%) 12.5
Starch (g) 43.4
Functional
Foam Expansion (%) (5% w/w) 226
Water Holding Capacity (g/g) 1.3
Foam Stability (%) 96
pH (5% w/w) 6.3

Abbreviations: Kcal, kilocalories; PRO, protein; g, grams; CHO,
carbohydrate.
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Supplementary File 2 | Survey questions assessing satiety and gastrointestinal issues.

Surveys were delivered once a week each week of the 8-week dietary intervention

through an online survey. Symptom severity was scored as follows 0=None, 1=Mild,

2=Moderate, 3=Severe.

Question

Response

4:00 PM Satiety

How much do you like your meal
provided today?

How hungry are you?

How full are you?

How satisfied do you feel?

How strong is your desire to eat?

How much do you think you could (or
would want to) eat right now?

8:00 PM Gastrointestinal Issues

Please rate below how on how you feel
OVERALL today.

Flatulence (having excessive stomach or
intestinal gas)

Bloating (the abdomen feels full and tight,
often interpreted as excessive intestinal
gas)

Cramping (a type of pain that comes and
goes. Can be very uncomfortable but is
relieved by passing gas or having a bowel
movement

Abdominal Discomfort (a feeling of
discomfort or pain located in the upper or
lower abdominal area)

Ordinal

1 = dislike extremely, S=neither like or
dislike, 9 = like extremely

0 =notat all, 10 = extremely

0 =notat all, 10 = extremely

0 =notat all, 10 = extremely

0 = very weak, 10 =very strong

0 =nothing, 10 = A lot

Ordinal

None, Mild, Moderate, Severe

None, Mild, Moderate, Severe

None, Mild, Moderate, Severe

None, Mild, Moderate, Severe
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Supplementary File 3 | Averages of glucose (GLU) and insulin (INS) concentrations
during the OGTT before and after the dietary intervention. Points represent averages
per time point by group with bars indicated standard deviation of the mean. Acronyms:

CON, control (0 g/week); MOD (300 g/week), moderate; HI, high (600 g/week).
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Supplementary File 4. Meal enjoyment over the course of an 8-week dietary
intervention with varying weekly doses of lentils. Points represent weekly means with
bars depicting standard deviation. Acronyms: CON, control (0 g/week); MOD (300
g/week), moderate; HI, high (600 g/week).
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Supplementary File 5. Frequency of self-reported gastrointestinal symptom severity over the 8-week dietary intervention.
Percentages reflect the frequency of the severity level each week by meal group. CON, control (0 g/week); MOD (300 g/week),
moderate; HI, high (600 g/week).
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Summary

Aronia melanocarpa products are an emerging health-food product based on the high
antioxidant potential and high phenolic content of Aroniaberries. Antioxidant-rich foods,
such as Aronia, have been shown to counter inflammatory stimuli and positively modulate
the gut microbiome. We therefore soughtto investigate microbial and metabolomic profiles
through the lens of inflammation and Aronia supplementation. This was accomplished
through the humanization of gnotobiotic mice with human donors of different
inflammation status and an 8-week study where humanized mice were supplemented with
either Aronia juice or a matched carbohydrate beverage. Stool and blood samples were
collected throughout the study and were examined via next-generation sequencing and
mass spectrometry analysis, respectively. Combining multiple analytical tools allowed for
a robust view of the impact of Aronia on the gut microbiome, metabolism and

inflammation.

Keywords (MeSH Terms): gastrointestinal microbiome; diet, high fat; obesity;

inflammation; functional food; metabolomics
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Introduction

Chronic low-grade inflammation is a pathological characteristic of obesity-related
conditions such as metabolic syndrome, type 2 diabetes mellitus, and cardiovascular
disease and is noted by increased and sustained systemic levels of proinflammatory
cytokines with no resolution (Duncanetal.,2003; Hotamisligil, 2006; Volpato etal., 2001).
The accumulation and pro-inflammatory activation of macrophages in expanding adipose
tissue, particularly around the abdomen, is considered a major contributor to chronic low-
grade inflammation and promotes a detrimental shift in glucose and lipid metabolism (Tall
and Yvan-Charvet,2015; Weisbergetal.,2003; Wiklund etal.,2016).In addition to central
adiposity, altered glucose metabolism, lipid metabolism, and hypertension are key
components of metabolic syndrome, which proceeds and underlies major chronic diseases
(Huang, 2009). As an early driver of metabolic syndrome and chronic disease progression,
intervention strategies are needed to counter inflammatory stimuli and chronic low-grade

inflammation in metabolically at-risk populations.

Of growing clinical interest are interactions between the gut microbiota, a large group of
diverse bacteria in the human gastrointestinal tract, and altered metabolic states in obesity
and related conditions (Ley etal., 2005; Lietal.,2017; Qin etal., 2012; Turnbaugh et al.,
2006). A strong body of evidence in human and animal models supports the contribution
of the gut microbiota to obesity development through increased energy harvest (Ley etal.,
2005; Musso et al., 2011; Perry et al., 2016; Qin et al., 2012; Turnbaugh et al., 2006;

Verdam etal., 2013). The composition and functionality of the gut microbiota, and ability
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to influence the host, is largely dependent on genetic and environmental factors (Heintz-
Buschart and Wilmes, 2018; Rothschild et al., 2018). Host diet, as a modifiable
environmental factor, has been shown to influence gut microbial composition (Arumugam
etal.,2011; David etal., 2014; Rothschild etal., 2018; Turnbaugh et al., 2009). A high-fat
diet (HFD) is often utilized in animal models to promote obesity and has been shown to
concomitantly promote inflammation in the colon, adipose tissue, skeletal muscle, and the
liver (Lam et al., 2012; Lee et al., 2011; Serino et al., 2012). The link between the gut
microbiota and host-inflammation is suspected to be increased gut barrier permeability,
which is affected collectively by alterations in gut bacteria, mucus bilayer composition,
intestinal epithelial cells held together by tight junction proteins, and immune cells (Cani
et al., 2008; Rohretal., 2020; Stremmel et al., 2012). Chronic exposure to dietary fat may
negatively affect tight junction proteins and mucosal layer integrity, promoting increased
translocation of bacterial constituents into the lamina propria where they can induce an
inflammatory response and initiate a positive feedback loop (Cani et al., 2008; Cani et al.,
2009;Rohretal.,2020). Thus, frequent perturbations to barrier function can have profound
clinical implications in diseases with localized inflammation and may partially explain a

rise in systemic inflammation.

To combat inflammation, incorporation of functional foods may serve as a beneficial
dietary strategy for metabolically at-risk populations to reduce the onset and progression
of chronic disease (Comalada et al., 2005; Hertog et al., 1993). Functional foods exert

various health benefits, with phenolic-rich plants in particular countering inflammation by
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neutralizing oxidative damage (Halliwell, 2007). Phenolic plant compounds are natural
antioxidants which can mediate cellular damage from free radical scavenging and cellular
signaling affecting inflammatory gene expression (Soobrattee et al., 2005). The amount of
anthocyanin absorbed from the stomach and small intestine differs between anthocyanins,
but the anthocyanins that reach the large intestine are subject to bacterial degradation into
phenolic metabolites (Fang, 2014). In the distal gut, anthocyanins may positively impact
gut barrier integrity and prevent further translocation of bacterial constituents, reducing
stimuli for downstream proinflammatory processes (Gil-Cardoso et al., 2016). In addition
to a potential localized effect, anthocyanins which enter the blood have the potential to
exertanti-inflammatory properties systemically. However, the ability of phytochemicals to
affect the host is partly dependent on gut bacterial metabolism (Fernandes et al., 2014;

Laparra and Sanz, 2010).

The chokeberry, or Aronia, is of particular interest as an antioxidant-rich food. This hardy
shrub produces berries with the highest known antioxidant capacity for fresh fruit as
measured by oxygen radical absorbance capacity (Nutrient Data, 2010). Commercial
varieties are derived from a cross between Aronia melanocarpa, which is native to the
United States, and European Mountain Ash (Sorbus aucuparia) sometimes classified as
Aronia mitschurinii (Leonard et al., 2013). Aronia berries have almost four times the
anthocyanin content of blueberries, a lauded natural antioxidant-rich food (Kulling and
Rawel, 2008). The antioxidant capacity of Aronia berries stems from two main groups of

phenolic compounds: anthocyanins and procyanidins. Aronia anthocyanins have been
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previously shown to reduce inflammatory stimuli (Banjari et al., 2017; Braunlich et al.,
2013; Martin et al., 2014; Oszmianski and Sapis Jean, 1988; Taira et al., 2015), the
expression and concentration of pro-inflammatory cytokines (Brdunlichetal., 2013; Kim

etal.,2015; Martin et al., 2014; Paloczet al., 2016), and influence the colonic environment

(Taira et al., 2015).

Dietary strategies, such as increased antioxidant availability through consuming phenolic-
rich foods, present possible targeted therapeutic avenues for early chronic disease
prevention. Dietary patterns can positively or negatively modulate gut microbiota
composition and function, both important in mediating host responses through production
of bioactive compounds. Therefore, compounds in host systemic circulation may provide
key insights into the dynamic interplay between the gut microbiome and the host. In this
study, we recruited healthy but metabolically at-risk human subjects and assessed their
metabolic and systemic inflammatory profile. We created a humanized mouse model by
transplantingstool from a human donor with high or low systemic inflammation into germ-
free mice to account for variability in host genetics and host gut microbiota. We then
introduced Aronia or control juice to their offspring and added a HFD as an inflammatory
stimulus. We investigated whether ingestion of polyphenolic rich Aronia juice could offer
protective effects against HFD, and if that protection is dependent on gut microbial

alterations including the inflammation phenotype of the human donor.
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Results

Human subjects were physically similar but differed in inflammation, insulin resistance,

and metabolic syndrome. Of the 54 individuals screened to participate, forty subjects

(women, n=24; men, n=16), completed the full study (Supplemental Figure 1). Subjects
were21 to 55 years of age with a mean (SD) age 0£36.4 (10.1)yearsand BMIof 30.5 (2.0)
kg/m.2 This cohort was metabolically at-risk based on BMI criteria and did not present
with metabolic disease. Subjects completed an oral fat challenge to which the postprandial

lipemic and inflammatory responses have been explained previously (Peach et al., 2021;

Wilson et al., 2021).

We used high-sensitivity bead-based multiplexing on fasting serum samples from all 40
subjects to determine concentrations of six proinflammatory cytokines. Subjects were
grouped as low or high inflammationbased on their six baseline cytokine makers. Nineteen
subjects classified as low (LO), and sixteen classified as with high (HI) inflammation
phenotype. Five subjects were not classified as having LO or HI inflammaton
(Supplemental Figure 2). A k-means analysis of postprandial inflammatory responses
grouped 17 participants as LO, 14 as mid (MID) and 9 as HI. Physical and fasting
metabolic characteristics between fasting inflammation groupings were largely similar,
except for HOMA-IR and proportion of individuals with metabolic syndrome (Table 1).
In the context of established metabolic syndrome criteria, HI subjects had a greater
proportion of individuals presenting with metabolic syndrome than LO (45.5% vs 26.7%).

Average HOMA-IR in HI subjects was 1.6 HOMA-IR units greater than LO (p = 0.04).



93
The proportion of individuals with metabolic syndrome was also different by inflammation
response groupings (p = 0.02), with a larger proportion of HI inflammation responders
presenting with metabolic syndrome. We also detected a difference in total cholesterol (p

=0.02), with LO responders having higher cholesterol than MID and HI responders.

Stool donors were metabolically similar but differed in inflammation and alpha diversity.

Two subjects were selected in total from the human cohort based on their fasting and
postprandial inflammatory profile to be stool donors (Figure 1). Selected subjects were
female, without metabolic syndrome, and differed in their inflammation profile. The LO
donor was LO in fasting inflammation and their postprandial response to an oral fat load.
Similarly, the HI donor was HI in fasting and their postprandial inflammatory response. In
addition, the LO stool donor had a higher OTU richness (377 vs 338) and Shannon Index

(4.1 vs 3.7) than HI. LO and HI donors also differed in B-diversity (Figure 2A).

Microbial community of stool donor was effectively transferred to second-generation pups

by fecal microbiota transplant to germ-free dams. We compared the gut microbial

composition of pups from dams inoculated with different fecal microbiota transplant
(FMT) human donors. Beta-diversity analysis using Bray-Curtis PCoA plots demonstrates
that second-generation mice with direct exposure from their inoculated GF mice parent
resemble their respective human stool donor (Figure 2B). Moreover, the microbial
community was distinct by donor, a distinctness detectable throughout the duration of the

mouse experiment (R=0.343, p <0.001, ANOSIMgonor)-
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Aronia juice increased a-diversity and offered a protective effect against HFD-induced

changes in a donor-dependent manner. At baseline, second-generation HI INF mice had a

lower Shannon index, a measure of a-diversity, on average compared to mice exposed to
LO INF microbiome (f = -0.37,p = 0.001). Second-generation mice began a two-week
acclimatization period with CON and ARO juice. A donor main effect for ARO on a-
diversity was observed with an average increase in the Shannon index 0f 0.28 (p =0.045)
after two weeks (Figure 3A). We did not detect a three-way interaction between juice

treatment, time, and donor (p =0.28).

After the juice acclimation, we presented a six-week HFD to induce obesity and as an
inflammatory challenge in the presence of juice. With the introduction of a HFD, a-
diversity declined with CON juice irrespective of FMT donor microbiome exposure
(Figure 3B). ARO juice provided protection from HFD-induced loss of a-diversity but
only in second-generation mice exposed to LO INF microbiome (p =0.02). HI mice which

received ARO juice displayed the same decline in a-diversity as CON groups.

We performed a canonical correspondence analysis (CCA) to understand the response of
the microbial community to the introduction of juice and eventually the joint impact of
juice and HFD. In Figure 4A, a distinct separation in the second-generation microbial
community based on the original human FMT donor is observed (F = 34.0, p = 0.001).

Additionally, the introduction of juice promoted a similar shift in B-diversity that was
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donor-independent (F = 4.5, p = 0.001). However, mice which received ARO had a
decreased shift in B-diversity over two weeks compared to mice on CON (F = 4.2,
p=0.001). A shiftin B-diversity was seen after only two weeks on an HFD (F = 9.0,p =
0.001) and was less pronounced in LO mice (F = 6.7,p = 0.001) (Figure 4B). A modest
Aronia effect on B-diversity was observed across LO and HI and was in juxtaposition with

the HFD (F =2.7,p = 0.004).

With the addition of Aronia and control juice, eight and twelve bacterial genera were
altered and unique to LO and HI second-generation mice respectively (Figure SA). Twelve
shared bacterial genera were altered with juice supplementation in LO and HI. Of the
twelve genera that were shared, the abundance of Alistipes, Bacteroides, Barnesiella,
Butyricmonas, Odoribacter, Paraprevotella, and Phocaelcola decreased in response to
juice supplementation with the decline shared across LO and HI INF mice. Blautia and
Collinsella were among the genera that increased with juice supplementation in both
groups with greater increases seen in LO. A large increase in Bifidobacterium with
supplementation was detected in LO but not HI mice. Treatment-specific alterations
relative to CON juice include increased FEisenbergiella, Faecaelbacillus, and
Ruminococcus in HI and increased Turibacter in LO. LO INF mice had elevated
Butyricimonas and Coprobacter at the onset of the experiment compared to HI INF mice
with the concentrations of both genera decreasing with the introduction of sugar-rich

juice.
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A HFD introduced widespread microbial changes in second-generation mice that were
donor-independent and donor-dependent (Figure 5B). Both donor groups of second-
generation mice had fourteen genera each which were altered with HFD. Among bacterial
genera which were shared between LO and HI second-generationmice, we found increases
in eleven bacterial genera with a HFD that were dependent on donor. LO INF mice were
enriched in Bilophila and Alistipes from HFD compared to HI INF mice. HI INF mice had
greater Collinsella and Escherichia-Shigella and decreased Howardella with HFD
compared to LO INF mice. Additional impacts of Aronia supplementation were observed
with Akkermansia, Bilophila, Bifidobacterium, Barnesiella, Lactococcus, Ruminococcus,
and Ruthenbacterium. Aronia supplementation increased Akkermansia, Lactococcus,
Ruminococcus, and Ruthenbacterium in both LO and HI INF mice. Bifidobacterium
increased with CON juice but only in HI INF mice. Of the shared bacterial genera between
LO and HI mice, the following genera decreased in abundance with HFD: Bacteroides,
Eisenbergiella, Neglecta, Paraprevotella, Negativibacillus, and Turibacter. Aronia juice
prevented HFD-induced losses in Neglecta and Negativibacillus, while other genera were

similarly impacted despite the juice provided.

Phenolic and carbohvdrate analysis of several varieties of Aronia juice aided in treatment

juice variety selection. LCMS and NMR analyses were selected and completed to

determine strain specific compound compositions of the Aronia juices. Three different
varieties and two harvests of chokeberry were tested for phenolic and carbohydrate content

(Table 2). From this data and juice availability, the Aronia blend was selected as the
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treatment juice. Carbohydrate concentrations were also quantified in the Aronia blend and

matched in the control juice (Table 2).

Metabolomics analysis of the mice before juice treatment indicated disparate metabolic

profiles by donor. Our investigation into metabolomic profiling began with an analysis of

serum samples from the first week, prior to juice treatment. From this analysis, different
metabolomic profiles were observed in second-generation mice based on stool donor
(Figure 6A). While the differences were global, a focused examination of the metabolites
that best differentiated the groups was also performed. Mice transfected with the low-
inflammation microbiome showed upregulation of diacylglycerides and other lipids
relative to the mice transfected with the high-inflammation microbiome (Figure 6B). LO
mice also demonstrated an increase in indolepyruvate,a metabolite associated with specific

microbes found in human gut microbiomes.

An investigation into metabolomics data in week two showed the influence of juice

treatment. Although the metabolite profile of initial serum samples grouped by donor; the
effectofjuice treatmentis clearly seen by week two (Figure 7A). Week two samples begin
to show definitive grouping based on treatment first, followed by donor (Figure 7B). A
closer inspection of discriminative metabolites between treatments at week two indicate
altered lipid metabolism in mice receiving Aronia supplementation relative to mice
receiving matched carbohydrate juice. Specifically, phosphatidylcholines and

sphingolipids were shown to be upregulated in mice receiving Aronia juice.
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The introduction of a high-fat diet dramatically altered metabolomic profiles. After

samples were collected in week two, the diet was changed to a high-fat diet. This alteration
in diet led to dramatic changes in metabolic profiles that superseded the effects of both the
microbiome and the juice treatment. A heatmap of discriminating metabolites in weeks two
and week four demonstrates the impact of the high-fat diet. Grouping now occurs first by
time, then by treatmentand finally by donor (Figure 8). Upregulation of sphingolipids was

found to discriminate pre- and post-HFD metabolomic profiles.

After 8 weeks of juice treatment, both treatment and donor had a significant influence on

metabolomic profiles. Although the effect of treatment and donor were intertwined in their

effects as shown by PCAs where the samples are grouped by treatment or donor, looking
at treatments by donor or donors by treatment reveals the individual impacts of each
variable (Figure 9A-C). A closer examination of the discriminating metabolites between
groups show that Aronia juice supplementation again results in an upregulation of specific

PCs (Figure 9D).

TMAO levels were downregulated with Aronia supplementation. Due to the continued

differences seen in PC concentrations between treatment groups, trimethylamine-N-oxide
(TMAO) concentrations were investigated. TMAO concentrations were found to be
significantly lower (p < 0.001) in the Aronia supplemented mice at the conclusion of the

study (Figure 10).



99

Discussion

Using gnotobiotic mice, we were able to elucidate the impact of Aronia juice
supplementation on the gut microbiome and the serum metabolome before and during a
high-fat diet. Success in this study relied heavily on our ability to humanize mice by
transferringmicrobiomes fromhumanstool donors who were metabolically similar but had
a differentinflammatory profile and the ability to transfer the donor microbiome to second-
generation pups. Additionally, we were able to generate unique metabolomic profiles in
each donor specific mouse population. By exploring the beta diversity of the microbiomes
along with the grouping of the global metabolomes and specific microbial populations and
metabolites, our analysis indicated that two distinct humanized mouse populations were
created. This is a significant observation that could impact the way in which inflammation

1s studied in animal models.

Each second-generation mouse population had a unique microbial profile that closely
resembled that of the original human stool donor. Our human stool donors were
metabolically similar and were chosen based on their distinct low and high systemic
inflammatory profile. A higher microbial diversity was observed in the selected human LO
microbiome profile versus HI microbiome profile, a trait that was also detected in the
second-generation mice and helped separate the microbial communities into two distinct
groups at baseline. The transfer of microbiomes from inoculated germ-free mice to the
second-generation without declines in diversity has been previously observed (Turnbaugh

et al., 2009). Additionally, our findings echo previous research which found that low gut
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bacterial diversity in humans correlated with a pronounced inflammatory phenotype (Le
Chatelier etal., 2013). High bacterial diversity is an accepted indicator of a healthy gut and
promotes resistance in microbial communities to ecological perturbations and the ability to
return to equilibrium (Ley etal., 2005). Along with differing MBs, metabolomic analysis
indicated discrete global profiles from each donor population. Metabolomic profiles
grouped based on donor and indicated the presence of discriminating metabolites. One of
discriminating metabolites, indolepyruvate, can only be produced by specific Clostridium
species. Indolepyruvate was upregulated in the LO mice, which also showed a greater

abundance of Clostridium relative to the HI mice.

After two weeks of juice supplementation and normal diet, a shift was detected in the gut
microbiota of second-generation mice. Juice rich in glucose, fructose, and sorbitol in
general initiated a pronounced shift in B-diversity after two weeks across both LO and HI
mice. Regardless of donor, juice elicited similar effects across genera. The impact of
polyphenolic compounds in Aronia on -diversity was minimal though we did detect an
Aronia main effect for increased a-diversity in second-generation mice. Bacterial changes
specific to Aronia supplementation were donor-specific and included increased
Eisenbergiella, Faecaelbacillus, and Ruminococcus in HI and increased Turicibacter in
LO. Eisenbergiella is negatively correlated with inflammatory gene expression (Li et al.,
2020), and Faecalbacillus was found to positively associate with hypertension (Louca et
al., 2021), with the metabolic capacity of either genus still largely unknown. Ruminococci

spp., is strongly host-associated and requires fermentable carbohydrates for growth (La
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Reau etal.,2016; La Reau and Suen, 2018). Aronia and the control juice were matched for
sugars which make the Aronia-driven increase with Ruminococcus surprising. Increased
Turicibacter is consistent with decreased inflammation in obesity (Jiao et al., 2018) with

anti-inflammatory effects potentially mediated in partby butyrate production(Zhongetal.,

2015).

Along with donor-specific changes in microbes, two weeks was sufficient to see a notable
change in metabolic activity wherein metabolomic profiles grouped by juice treatment.
This was a shift from the initial clustering where profiles were grouped by donor. This
metabolic switch was characterized by an increasein PCs in Aronia treated mice. Increased
PC composition has been indicated in a variety of positive health benefits. In addition to
their role as structural components of cellular membranes, PCs can counter LPS-induced
inflammation by inhibiting TNF expression as well as limiting inflammatory responses by
suppressing pro-inflammatory MAPK and CAM pathway signaling (Chen et al., 2018;
Pyun etal., 2020; Tan etal., 2020). These positive benefits are augmented by the ability of
PCs to impact membrane composition and fluidity. Barriers in the intestinal mucus are
ameliorated with higher PC composition and a decrease in PC composition is seen in
inflammatory diseases like IBD and UC (Stremmel et al.,2021; Treede etal., 2009; Treede
etal., 2007). This is likely due to PC-specific modulation of membrane composition and a
PC-induced increase in membrane fluidity, which has been shown to promote normal cell
function. Reduction in PCs has been indicated in rigid membranes and an increase in aging

processes (Dai et al., 2021; Dawaliby et al., 2016; Fajardo et al., 2011). Further, the
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increased serum PCs seen in Aronia treated mice may be due to complexation of the
polyphenolic compounds in Aronia with phosphatidylcholines. Polyphenolics are larger
molecules which do not pass easily through the intestinal barrier by diffusion, thereby
limiting the functional antioxidant capacity. PC-polyphenolic complexation improves
miscibility and absorption from the gut for host bioavailability (Gupta and Dixit, 2011;
Sharmacetal., 2010). Given we did notobserve phosphatidylcholine increases in CON mice
receiving the same base diet, we propose that the increase in phosphatidylcholine with
Aronia supplementation was facilitated through the complexation process of polyphenolic

compounds present in Aronia juice.

To induce obesity and elicit an inflammatory response, the normal diet (13.3% fat) was
switched to a high-fatdiet (41.7% fat), reflective of a Western Diet, after two weeks on
Aronia or sugar-matched control treatment. This allowed for a comparison of Aronia
supplementation with and without an inflammatory stimulus as well as providing a model
to determine the impacts associated with a HFD. Seminal work in germ-free mouse models
has shown that obesity development with a HFD is dependent on the gut microbiota
(Bickhed etal., 2007). Further, HFD-induce reproducible shifts in the gut microbiome and
these changes are independent of fluctuations in body weight (Bisanz etal., 2019; Xiao et
al.,2017)and stimulate inflammation systemically in a microbiota dependent manner (Cani
etal., 2008; Canietal., 2009; Duanetal., 2018)- We observed a large HFD- induced shift
in the microbial community across donor groups. We detected elevated Lactococcus with

HFD, a finding which may be attributed to dietary contaminants in experimental HFD diet
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(Bisanz etal., 2019). It was further observed that Collinsella was enriched with HFD, with
greater concentrations observed in HI INF mice. Collinsella is positively associated with a
fiber-poor diet, serum cholesterol, triglyceride, and insulin levels (Astbury et al., 2020;
Gomez-Arango et al., 2018; Lahti et al.,, 2013) which supports dysregulated lipid
metabolism consistent with obesity development. Of the donor-independent reductions we
detected with HFD, reduction in Eisenbergiella and Turicibacter may reflect an increased
proinflammatory environment (Jiao etal., 2018; Lietal., 2020). HFDs promote increased
gut permeability and allow for increased chylomicron transport and translocation of
lipopolysaccharide (LPS), a potent immunological stimulator (Cani et al., 2008; Cani et
al., 2009; Ghoshal et al., 2009). While we did not measure LPS in the study, LPS has been
previously shown to increase 2.7-fold with a HFD compared to standard diet (Cani et al.,
2007). When LPS translocates from the gut into the blood through paracellular diffusion
or incorporation through chylomicrons, it is recognized by the LPS-binding protein and
transported to the membrane bound CD14/TLR4 complex on monocytes and macrophages
(Canietal.,2007; Ghoshal et al., 2009). The outcome of LPS signaling is the upregulation
of pro-inflammatory cytokines such as TNF-a (Copeland et al., 2005) and TLR4 in the

liver and adipose tissue (Fei and Zhao, 2013; Mancoetal., 2010).

The influence of the HFD was also seen in the metabolomics data where metabolomic
profiles from week two (pre-HFD) and week four (two-weeks after starting HFD)
separated by week and not by donor or juice treatments. A comparison of the top

discriminating features through hierarchical clustering between weeks two and four
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showed strong grouping pre- and post-HFD introduction. Significant changes were
observed indicating a large-scale shift in metabolic activity due to the HFD and the
associated inflammatory stimulus. A closer look at specific discriminating metabolites
revealed that sphingomyelin was upregulated after the HFD introduction. Sphingolipids
are important components of cellular membranes and are signaling molecules important in
the regulation of inflammatory pathways (Brown et al., 2019; Nixon, 2009). Although
definitive clarity of the effects of sphingolipids on inflammation requires further study,
initial results have demonstrated TNF dependent increases in sphingomyelin (Spiegel and
Milstien, 2011). Upregulation of sphingomyelin induces production of sphingomyelin-1-
phosphate (S1P) through the action of the kinases Sphk1 and Sphk2 in the sphingolipid-to-
glycerolipid pathway (Dobrosotskaya et al., 2002). SIP increases have been associated
with immune recruitment, lymphocyte activity, inflammation and progression of
inflammatory diseases and cancers (Nagahashietal.,2018). In this study, we also observed
a HFD-induced decline in Bacteroides, a Bacteroidetes genus implicated in the production
of sphingolipids (Johnson etal., 2020). A lack of Bacteroides-derived sphingolipids was
previously shown to increase intestinal inflammation in irritable bowel disease subjects
though interestingly, host-derived sphingolipids were increased systemically (Brown etal.,
2019). Therefore, it is likely that the upregulation of sphingomyelin we detected was an
early stress response to increased dietary fat load, mediated by elevated LPS-stimulation

of TLR4 and proinflammatory activation.
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The mice continued the experimental juice treatment for an additional six weeks
concomitant with a HFD. After six weeks, additional changes were seen in both the
microbiota and the metabolomic profiles of each juice treatment group. A key finding in
this study was the donor-dependent protective effect of Aronia supplementation from a
HFD-induced decline in a-diversity. Further, HFD facilitated a prominent shift in the -
diversity of the microbiota to which the LO INF mice were more resistant. The impact of
Aronia supplementation on the global microbial community composition during HFD was
modest. However, aclear set of microbial genera were enriched with HFD. Aronia
supplementation prevented a rise in Barnesiella, and Escheria-Shigella and promoted
greater Bilophila, Ruminococcus, and Ruthenbacterium during the HFD. Alterations were
donor dependent with Aronia supplementation affecting taxa in LO INF mice more
prominently than HI. Higher numbers of the genera Barnesiella and Escheria-Shigella
have been observed with HFD (Le Roy etal., 2013; Singh etal., 2020). Bilophila is a bile-
tolerant microorganism that is associated with greater fat intake (David et al., 2014).
Bilophila members are also unique in that they can use taurine as a terminal electron
receptor and produce hydrogen sulfide, known for its antioxidant potential. Drastic
decreases in Ruminococcus are linked to increased intestinal permeability which may have
larger implications in TLR4 driven inflammatory activation (Leclercqetal.,2014). Limited
information is available on Ruthenbacterium, a relatively new genus (Shkoporov et al.,
2016). Ruthenbacterium produces acetic and succinic acid from glucose fermentation,
which is consistent with juice consumption, butits relationship to polyphenolics is unclear.

Taken together, these microbial changes support the anti-inflammatory role of Aronia.



106

After the HFD introduction, metabolomic profiling indicated the continued influence of
Aronia supplementation. However, the donor impact was stronger with high-fat diet than
with normal diet and more donor-specific effects were discovered. Due to multiple strong
effectors, examination of the metabolomic profiles show little separation by donor or by
treatment. Yet, an analysis of metabolomic profiles for each donor indicated different
characteristics based on juice treatment. This provides evidence that different
donor microbiota interacts differently with the antioxidant rich Aronia juice leading to
disparate metabolomic profiles. A focused analysis at 8-weeks was also completed and
showed donor and treatment specific metabolites upregulated in the mouse models with
Aronia supplementation again resulting in an increase in PCs. To determine if the PC
increase was influenced solely by complexion of PCs with polyphenolic compounds or if
there was a microbial influence, TMAO was isolated and quantified. TMAO has been
shown to be a biomarker for increased risk of cardiovascular disease and other chronic
inflammatory diseases and is formed in the liver through the oxidation of TMA by FMO3.
TMA can only be generated by a subsetof gutmicrobiota thatpossesscutC, a glycylradical
enzyme. The cleavage of choline by cutC forms TMA which can then be transported across
the lumen. Our data indicates that at week 8, Aronia treated mice had a significantly lower
TMAO concentration than control mice. Further analysis of the Aronia treated mice
revealed that TMAO concentrations decreased more dramatically in the HI mice than in
the LO mice showing a shift in microbial makeup presumably resultingin a decrease in

microbes possessing cutC.
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In conclusion, we were able to successfully humanize the second-generation of germ-free
mice inoculated with stool from human donors with different systemic inflammatory
profiles, the results of which were reflected in disparate microbiota and metabolomic
profiles. This allowed for a comparison of antioxidant treatment, consisting of Aronia
melanocarpajuice between two distinct second-generationmouse populations. Usingnext-
generation sequencing and mass spectrometry analysis, donor specific microbial
communities and metabolites demonstrated distinct responses to juice treatment and the
subsequent introduction of an inflammatory stimulus through a HFD introduction. Aronia
juice offered protective effects against a HFD that were microbiome dependent.
Metabolomic responses were centered around an increase in the phospholipids
phosphatidylcholine with juice supplementation and sphingomyelin with the introduction
of a HFD. Increases were particularly striking in mice with high-inflammation

microbiomes and indicated a change towards a low-inflammation state.
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Timeline

Figure 1. Outline of Key Events and Sample Collection. Adults (n=40) with a BMI 27-
36 kg/m? self-collected stool samples and underwent testing for anthropometric, metabolic,
and proinflammatory measures. Germ-free female C57BL/6J mice were inoculated with
stool from 1 of 2 human donors with low or high chronic low-grade inflammation. Second
generation mice received Aronia (ARO) juice (AROy o, = 3, AROy;, n=5), or a sugar-
matched control (CON) for 2 weeks (CONyo, n=3, CONy, n = 3). Aftera 2-week juice
acclimation period, mice switched from standard chow to a high-fatdiet(HFD) for 6 weeks
but resumed their original juice treatment. Blood and fecal samples were assessed at
baseline, two weeks (T2), four weeks (T4), and eight weeks (T8) for gut microbial
composition (by Illumina MiSeq amplicon sequencing) and serum metabolites (by
LCMS).
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Figure 2. Bray-Curtis Principal Coordinate Analysis (PCoA) of the gut microbial
community for the A) human cohort (n=40), B) human donor compared to 2nd
generation mice (n=13). Our LO and HI INF donors are highlighted in A) and B). PCoA
results were plotted according to the first two components. Axes explain the percentage of
variance in the gut microbial composition at the genera level between samples.
Abbreviations: ARO, Aronia juice; LO, low inflammation; HI, high inflammation; INF,
inflammation.
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Figure 3. Shannon Index, an alpha diversity measure, of the gut microbial community
in second-generation mice in response to A) 2-Week juice treatment and B) juice
treatment and HFD. *Indicates a difference in means at the end of the HFD (Time 8) by
donor and juice treatment. Points indicate group average and bars represent 95%
confidence intervals. Abbreviations: ARO, Aronia juice; CON, control juice; LO, low
inflammation; HI, high inflammation; INF, inflammation; HFD, high-fat diet.



113

A) Juice B) Juice + HFD
1 9 2 4
= ARO  HIINF| & B
= o S -
o o A
3 s | g ARC HIINF
O ] O 07
T2 = .
, TAT8 a
A _1 i /\/\
-1.5 -11.0 —(;.5 OI.O 075 1?0 —1I.0 -(;.5 0?0 OI.5 1?0
CCA1 [36.8%] CCA1 [32.8%]

INF LO ® H . ® AROO A ARO2 @ ARO4 B AROS
Treatment Time

O CONO A CON2 O coN4 DO cons

Figure 4. Canonical Correspondence Analysis in 2nd generation mice with treatment,
time, and inflammation as constraining variables for the A) first two weeks with juice
and B) six-weeks with juice and HFD. CCA results were plotted according to the first
two components. Axes explain the percentage of variance in the gut microbial composition
at the genera level between samples. Abbreviations: ARO, Aronia juice; LO, low
inflammation; HI, high inflammation; INF, inflammation; T, time in weeks.
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Wallis test (p < 0.05) followed by linear discriminant analysis (LDA) score > 2.0.
Abbreviations: ARO, Aronia juice; CON, control juice; LO, low inflammation; HI, high
inflammation; unc., unclassified.
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Figure 6. Profiling of serum metabolites in second generation mice at T0. A) A
principal component analysis (PCA) by juice treatment. B) Heatmap for TO indicating top
20 metabolites. Red — upregulation; blue, downregulation.
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Figure 7. Profiling of serum metabolites in second generation mice at T2. A) A
principal component analysis (PCA) by donor and juice treatment. B) Heatmap for T2
indicating top 20 metabolites. Dendrogram indicating separation by juice treatment
followed by donor type. Red — upregulation; blue, downregulation. Abbreviations: ARO,
Aronia juice; CON, control juice; LO, low inflammation; HI, high inflammation.
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Figure 8. Heatmap showing top 25 discriminating features at T2 and T4. The
dendrogram at the top shows grouping first by time, then juice treatment, followed by
donor group. Red — upregulation; blue, downregulation. Abbreviations: LO, low
inflammation; HI, high inflammation.



119

PCA B PCA D
Donor1 " Donor7 i -
Aronia Aronia | 3
! . 1 L ,E i g
.| : i ] - T——
] H - b 188.07
v | . Control - : - P
| Control £ " = Fei
il o 184.06
& : o
- - —_— — PG
- i PC
C PCA = 2
] P | AT
= 7273
o Aronia N = Lo
LO Contro K _ 105
HI — S
= " i Cﬂnﬂ”ﬂl I 8 = T e EUIBHBHI:NE
1o & [ = — e
- g @ | 20512
i a0, , o% 1 a:z
- = i | FPaimitoyicamEine
5 Aronia — : i
HI —|— 11508
. 160.18
" 1l __E===aih
=3 - - 76
Frnrprrass 1{107 %1 H 2421

Figure 9. Principal component Analysis (PCA) of mouse metabolites at T8. A)
Metabolite PCA of Juice Treatment in LO donor mice, B) Metabolite PCA of Juice
Treatment in HI donor mice, C) Metabolite PCA of Juice treatment by juice treatment and
donor group, and D) Heatmap showing top 45 discriminating features. The dendrogram at
the top shows grouping first by juice treatment followed by donor group. Red —
upregulation; blue, downregulation.
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Figure 10. Serum trimethylamine-N-oxide (TMAOQO) concentrations by juice treatment
at T8. * indicates p-value less than 0.05.



Tables with Titles and Legends

Table 1| Anthropometric and Metabolic Characteristics of Inflammation Groupings and of Selected Human Stool
Donors. Metabolic syndrome criteria are based on the National Cholesterol Education Program Adult Treatment Panel III
definition.

Baseline Inflammation Inflammation Response Donors (n=2)

LO (n=19) HI (n=16) p-value LO (n=17) MID (n=14) HI (n=9) p-value LO HI
Women/Men 12/7 o7 0.63 8/9 5/9 3/6 0.53 1/0 1/0
Age (years) 36.4+10.5 35.3%+10.3 0.72 392+96 348+10.7 334198 0.3 52 34
BMI (kg/m?) 30.3+1.9 30.6+2.0 0.91 30.8+2.6 30.1+1.3 30.2+1.6 0.67 27.7 35.9
FM (%) 35.0+£5.9 36.7+7.8 0.73 35.7+7.6 358+6.7 36.8+6.6 0.92 35.1 48.1
Insulin Resistance
HbA1c (%) 528+0.25 522+0.32 0.74 54+0.2 52+0.2 52+04 0.06 5.1 5.4
HOMA-IR 1.7+1.3 3.3+25 0.04 22+1.2 3.3+26 16+14 0.21 1.3 2.4
Metabolic Syndrome
Presence/Absence 4/15 5/11 0.03 4/13 3/11 3/6 0.02 0/1 0/1
Fasting GLU (mmol/L) 53+0.3 55+04 0.53 54+0.3 54 £+05 55+03 0.88 5.4 5.2
Fasting TG (mmol/L) 1.5+1.0 1.7+0.9 0.33 1.9+1.2 1.3+0.7 1.7+1.2 0.34 2.4 2.6
Fasting CHOL (mmol/L) 47+0.8 46+0.8 0.65 51+1.0 4.4+0.6 44+0.7 0.02 5.9 5.5
Fasting HDL (mmol/L) 1.4+04 1.320 0.27 1.4+0.3 1.4+05 1.31+0.5 0.89 1.6 2.0
Waist Circumference (cm) 94.4+7.6 96.2+9.8 0.8 95.6+11.2 952+94 954153 0.99 92.3 90.25
SBP (mmHg) 117 £ 14 111+ 11 0.27 116+ 9 112.4+16 110+ 15 0.55 128 114
DBP (mmHg) 78 £ 10 747 0.33 78+ 9 75+ 11 72+8 0.41 78 83

Data represents mean and standard deviation. Difference in sex and metabolic syndrome presence proportion were determined by a 2-sample
test (baseline inflammation) or 3-sample test (Inflammation Response) for given proportions. All other p-values were determined by ANOVA.

Abbreviations: low inflammation, LO; high inflammation, HI; body mass index, BMI; fat mass, FM; hemoglobin A1C, HbA1c; HOMA-IR,
homeostatic model of insulin resistance; glucose, GLU; triglycerides, TG; cholesterol, CHOL, high-density lipoprotein, HDL; SBP, systolic blood
pressure; DBP, diastolic blood pressure.

IC1



Table 2 | Phenolic and carbohydrate content within different blends of unpasteurized Aronia melanocarpa juice. The

blend on the far left was utilized for the gnotobiotic mouse experiments. Glucitol is also more commonly known as sorbitol.

Autumn
Compound Blend Magic Blend
Rutin {uh) 3347 55.25
Meochlorogenic Acid 898750 18712.04
(i)
Chiorogenic Acid  gega 77 19198.03
(b}
cyanidin-3-
galactoside (uM) 589.40 72199
cyanidin-3-
glucoside (uM) 0097 a8.1
cyanidin-3-
arabinoside (uM) 1224.29 1460.81
cyanidin-3-xyloside
M) 42.57 5177
guercetin-3-
galactoside (uM) 138 7.9
quercetin-3-
ghucaside (uM) 127.45 128.47
D-Glucose (mM) 135.07 135.07
Fructase (mM) 48365 51,61
Glueital (m) 712.32 856.96

Autumn Magic
1st Harvest

26.16

1968992

11133.28

428.14

1871

BOE.36

87.0

12,32

82.87

163.46
483.65

FAVNY]

Autumn Magic MacKenzie MacKenzie 1st  MacKenzie 2nd

2nd Harvest

11134

20084.80

10836.42

146607

151.95

301461

40.43

B5.99

255.13

135.07
36001

7272

Blend
26.80

4553.87

B813.11

489.68

54.31

1086.11

87.74

2692

42.85

135.66
439.60

272

Harvest

14.90

460617

7551.76

444.64

42.28

976.62

61.02

8.

27.38

135.07
452.80
666.36

Harvest

36.68

427111

B231.16

504.47

50.48

1139.28

B7.56

18.32

60.10

135.07
433.08
BA5.90

Vikiing
Blend

25.89

4992.04

7575.53

457.91

53.05

1032.85

56.03

6.57

35.14

135.07
458.44

FAVN Y]

Viking 1st
Harvest

21.95

75093.83

10949.01

709.69

B5.73

1496.99

B2.22

531

3r.52

111.16
36064
497.05

Viking 2nd
Harviast

239

3180.72

4408.06

341.58

45.41

776.40

30.30

B.61

33.44

135.07
484,50
67068

ccl
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Methods

Ethics Statement. The human subjects and IACUC were approved by the Institutional

Review Board at Montana State University. For human subjects, written informed consent

was obtained prior to participation. The study was retrospectively registered October 2019

at ClinicalTrials.gov (NCT04128839).

Human Cohort. Potential subjects were recruited via advertisement between March 2016 to

June 2018 and screened over the phone for eligibility. Inclusion criteria included being
between 18 and 55 years old and having a body mass index between 27 and 36 kg/m?2.
Criteria for exclusion included antibiotics within 90 days of study enrollment, regular use
of anti-inflammatory medications, use of estrogen-only contraceptives, wheat and/or dairy
allergies or intolerances, were pregnant, or had any musculoskeletal, cardiovascular,
gastrointestinal, or immunological condition that could interfere with the study. All
potentially eligible subjects were screened over the phone for inclusion and exclusion
criteria. Forty overweight and obese men and women participated in testing of
anthropometric and changes in serum metabolic and inflammatory markers during a high-

fat meal challenge with a 50 g oral fat load.

Anthropometrics. Measurements were collected from subjects using the validated

segmental multifrequency bioelectrical impedance analysis (SECA mBCA 515, Germany)
(Bosy-Westphal etal., 2013). Subjects were instructed to refrain from eating, drinking, or
exercising in the three hours prior to testing. Fat mass (%) and estimated visceral adipose

(liters) were used for descriptive analysis.
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Blood Sampling. Subjects were instructed to avoid alcohol consumption and strenuous

physical activity in the 24 hours before their visit and to complete an overnight fast (10 -
12 hours) before blood collection. Participant fasting blood samples were collected from
the antecubital vein by a certified nurse or physician in the morning (6:30 — 8:30 AM).
Blood was collected into 8.5 mL endotoxin-free serumseparating tubes and allowed to clot
for 15 minutes at room temperature before centrifugation (3000 rpm, 15 min). Serum

aliquots were frozen at -80°C until analysis.

Metabolic Syndrome Markers. According to the National Cholesterol Education Program

Adult Treatment Panel III definition, metabolic syndrome is the co-occurrence of insulin
resistance, excess central adiposity, dyslipidemia, and hypertension (Huang, 2009). Blood
markers of metabolic syndrome were determined from whole blood run on Picollo Xpress
Chemistry Analyzer lipid panels (Abaxis, CA, USA) and included high density lipoprotein
(HDL), triglyceride (TG), and glucose (GLU). Blood pressure was taken in the morning
after subjects had been seated for at least fifteen minutes. Waist circumference, as an

indicator of central adiposity, was taken in conjunction with anthropometric testing.

Insulin Resistance. Elevated glycated hemoglobin (HbA1c) and the homeostatic model of

insulin resistance (HOMA-IR) are early indicators of insulin resistance. Hb A 1 ¢ determined
using the DCA Vantage Analyzer (Siemens Medical Solutions Diagnostics, Cergy-

Pontoise, France) performed according to manufacturer instructions. Insulin was
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determined through ELISA (MP Biomedicals, USA) performed according to manufacturer
instructions, with the average used for analysis. Fasting blood glucose and insulin were
used to determine HOMA-IR according to the original HOMA-IR formula (Matthews et

al., 1985).

Inflammation Phenotyping. A multi-cytokine approach was used for determination of

fasting systemic inflammatory profile. Cytokine measurement was performed on serum
samples using high-sensitivity multiplexing technology (Bio-Rad Bio-Plex® 200 HTS)
following procedures by Millipore (EMD Millipore Corporation, MA, USA). Classic
systemic pro-inflammatory cytokines included granulocyte macrophage colony
stimulating factor (GM-CSF), interleukin (IL)-1p, IL-6, tumor necrosis factor (TNF)-a.
Interleukin-17 and IL-23, both of which serve a pro-inflammatory and regulatory role in
the gut mucosa, were also measured. Human serum samples at each time point during the

high-fat meal challenge were run in duplicate with the mean used for analysis.

Subjects were categorized as having high fasting inflammation (HI) if they were above the
group median at baseline in at least 4 of the 6 cytokines. Subjects were considered to have
low fasting inflammation (LO) in they were above the group median in two or less
cytokines. Individuals above the group median in 3 cytokines were considered neither HI
nor LO. Fasting phenotype separation was confirmed by a two-sample t-test of each
cytokine measure. Using a k-means analysis, the 40 participants were also grouped based

on postprandial cytokine concentrations in response to an oral fat tolerance test (Peach
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2021). This analysis determined that the cohort contained three distinct inflammation

groups based on cytokine levels. Groups were labeled as low-responders (LO), mid-

responders (MID) and high-responders (HI).

Stool Sample Collection. Collection kits were provided, and subjects were asked to follow

printed instructions to self-collect a stool sample in the 24 hours before their blood
collection visit. After initial collection into a sterile disposable commode, a small portion
of the sample was transferred into a sterile 50-mL conical vial and refrigerated until
transportation to researchers. Samples were processed in an anaerobic chamber (Coy) with
pre-reduced phosphate buffer saline and aliquoted into cryogenic vials at -80°C until

analysis.

Gut microbiota transplant and colonization. Two stool donors were selected based on their

inflammation profile which occurred prior to gut microbial community profiling. Female
germ-free (GF) C57BL/6J mice, originally purchased from the Jackson Laboratory (Bar
Harbor, ME) were housed and bred at the American Association for the Accreditation of
Laboratory Animal Care-accredited Animal Resource Center at Montana State University.
Mice were held in individually ventilated cages with sterile bedding before and after fecal
transplantation from selected human stool donors. Two female mice received an
inoculation with fecal material from a human donor categorized as having low or high
systemic inflammation based on serum levels of six proinflammatory cytokines. Human

donor stool slurry aliquots were administered to GF mice through oral gavage. Sexually



127
mature male GF C57BL/6J mice were added to each cage approximately one week after
transplantation. Male mice removed prior to birth of pups. Pups from the inoculated dams
were co-housed by sex (3 — 5 mice/cage) with different microbial inoculations placed in
separate isolators. Mice from each microbial inoculation were assigned to one of two juice
groups: Aronia (AROpo,= 3, AROyj, n=5), ora sugar-matched juice (CON o, n=3, CONy,,

n=23).

Aronia juice analysis. Aronia juice was a blend of Mackenzie, Viking, and Autumn Magic

cultivars grown at the Western Agricultural Research Center in Corvallis, Montana.
Processed Aronia juice was examined to determine both the phenolic and carbohydrate
composition. For quantifying the phenolic content, an LCMS method was developed. The
selected method was developed foruse on an Agilent 6538 quadrupole-time of flight (Q-
TOF) mass spectrometer (Agilent, CA, USA) and an Agilent 1290 ultrahigh performance
liquid chromatographysystem (Agilent, CA, USA)located atthe Montana State University
Proteomics, Metabolomics and Mass Spectrometry Facility. Separationwas achieved using
an Acquity HSST-3 UPLC reverse phase column, 1.8uM, 100mm/2.1mm (Waters, MA,
USA). Thenovelmethod was 18 minutes in length and consisted of HPLC grade waterand
acetonitrile (Fisher, MA, USA), both with 0.1% formic acid (Fisher, MA, USA), as mobile
phases A and B, respectively. Analysis began with a flow rate of 0.3mL/minute and 95%
A. At two minutes, the mobile phase composition changed linearly to 5% A at 15 minutes.

A was held at 5% for 1 minute and then a wash with 95% A was completed for the final
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two minutes of the run. The column compartment was kept at a constant 30°C throughout

the analysis.

This method was used to analyze two different harvest times for three different varieties
(genotypes) of Aronia. Standards were initially used to determine the retention time and
peak area of nine phenolic standards at five different concentrations. Standards included
anthocyanins and procyanidins previously found in Aronia (Brdunlich et al., 2013). The
collected data was then used to generate standard curves. Juice samples from different
blends were diluted with HPLC grade water, 1:50 juice:water, and placed in mass
spectrometry vials. Juice blends were analyzed via the same LCMS method as the phenolic
standards and the concentration of specific phenolics were determined in each juice

sample.

Carbohydrate composition was also explored using nuclear magnetic resonance (NMR)
analysis. Juice was diluted with sodium trimethylsilylpropanesulfonate (DSS) and placed
in an NMR tube. Analysis was performed using a Bruker 600MHz Avance III NMR
spectrometer (Bruker, MA, USA) with a 600MHz TCI (H-C/N-D05Z) LT Probe located at
the Montana State University Nuclear Magnetic Resonance Core Facility. Based on this
analysis, carbohydrate standards were purchased and added to the placebo juice for the
control mice. Placebo juice was analyzed via NMR and was confirmed to have identical

carbohydrate concentrations as the Aronia juice.
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Juice and Diet Administration. At baseline (T0), regular drinking water was replaced with

ARO or CON juice to begin a two-week familiarization period with the juice. ARO mice
received an unpasteurized blend of Aronia juice, and CON mice received a sugar-matched
beverage containing water, sorbitol, glucose, and fructose. The mice were housed in cages
with free access to their respective juice. During the familiarization period, all mice

received standard chow (LabDiet 5013).

After the 2-week familiarization period (T2), mice began a 6-week high-fat diet, delivered
ad libitum concomitant with juice consumption. The HFD (Teklad TD.96132) was chosen
to induce obesity and present an inflammatory stimulus (Duan et al., 2018). The HFD
mimics a Western style diet and consisted of 40.6% fat, 40.7% carbohydrate, and 18.7%
protein and was particularly rich in sugars and trans-fatty acids. All chow provided was
sterilized via autoclaving or irradiation. A total of 150 mL of juice was provided per cage

each week. Juice was refilled three times each week.

Murine Sample Collection. Weekly measurements of body weight and food and fluid

intake were recorded. Fecal pellets were collected at baseline (T0), at HFD start (T2), after
2-weeks of HFD (T4), and at the end of the 6-week HFD (T8). Stool samples were frozen
at-80°C until bulk DNA extraction. Blood samples were collected at the same interval into
serum separating tubes. Whole blood was allowed to clot for 15 minutes before

centrifugation at 1200 RPM for 15 minutes with resulting serum aliquoted and stored at -
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80°C until analysis. After T8 sample collection, mice were euthanized via rapid CO,

asphyxiation.

One mouse in the second-generation had substantial weight loss (= 20% starting body
weight) in the first week of the experiment and was euthanized according to IACUC
protocol, leaving AROy; with four mice in total. All other groups were steady throughout

the experiment.

Genomic DNA Extraction 16S rRNA gene sequencing. Extraction of bulk bacterial DNA

from fecal samples was performed using Powersoil® DNA Isolation Kit (Mo Bio

Laboratories, Inc.) and bead beating. Extracted DNA was stored at -80°C until analysis.

DNA was shipped overnight to the University of Michigan, Michigan Microbiome Project
for Illumina MiSeq amplicon sequencing of the 16S rRNA V4 region. After DNA
quantification, V4 amplicon libraries were generated with dual-index barcoded primers,
then by library purification, pooling, and MiSeq paired-end sequencing. Raw sequencing
reads were processed and curated using MOTHUR software (Version 1.35.1) following the
MOTHUR standard operating procedure for the MiSeq platform (Schloss etal., 2009). In
short, paired-end reads were assembled into contiguous sequences and screened for length
and quality. The remaining contigs were aligned to the SILVA ribosomal RNA database
(Release 132), a comprehensive collection of aligned rRNA sequences. Potentially

chimeric sequences were identified and removed using the UCHIME algorithm in
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MOTHUR. Taxonomic classifications were assigned using the Bayesian classifier of the
Ribosomal Database Project. Non-target reads were removed, and operational taxonomic
units (OTU) were assigned using VSEARCH distance-based clustering at the 97%

similarity threshold.

A total of 2 732 246 raw reads were obtained across all samples. To aid unbiased diversity
matrices due to sequencing depth, data was randomly subsampled at the minimum number
of sequences across samples. Subsampling resulted in a total of 2 082 652 high quality
reads. Alpha diversity was calculated using the phyloseq 1.38.0 (R). Beta-diversity
analyses and microbial biomarker analyses through LefSe were performed on subsampled
data with filtering of OTUs less than 3 counts in at least 20% of the samples. Permutational
analysis of distance matrices with stratification by cage and 999 permutations was
performed using the adonis function in the vegan package 2.5-6 (R). Canonical
correspondence analysis (CCA) was used to assess the impact of time, donor, and juice
treatment on the microbial community using phyloseq 1.38.0 (R). The contribution of
variablesin CCA was assessed through a permutation test with 999 permutations with cage
stratification. Separate LefSe analyses were performed in MicrobiomeAnalyst by donor to

assess taxonomic changes in response to the juice and to the HFD (Dhariwal et al., 2017).

LCMS metabolomics analysis. Serum samples were removed from -80°C storage and

allowed to thaw. 20uL of thawed serum was removed and placed in a clean vial after which

80uL of ice-cold acetone was added to precipitate protein. Samples were then stored at -
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80°C overnight to aid precipitation. The next day, samples were spun in a centrifuge for 10
minutes at 20,000xg. The resulting supernatant was removed and placed in a clean vial
while the remaining protein pellet was discarded. The metabolite-rich supernatant was
concentrated under negative pressure in a Concentrator Plus (Eppendrof, Hamburg,
Germany) to dryness. Dried samples were stored at -80°C until ready for LCMS analysis,
at which time the samples were reconstituted with 40uL of MeOH:H,0 (50:50) and placed

in a clean mass spectrometry vial.

LCMS analysis was completed on the same system as the phenolic analysis, an Agilent
6538 MS coupled to an Agilent 1290 UHPLC. Initial sample separation was accomplished
on an Acquity BEH-HILIC column, 1.7um, 2.1mm/100mm (Waters, MA, USA). A 15-
minute method was employed using water and acetonitrile, both with 0.1% formic acid, as
mobile phases A and B, respectively. 45% A was held for the firsttwo minutes, after which
a linear gradient increased A until 11 minutes to 70%. 70% was held for two additional
minutes until switching to 0% A at 13 minutes. The column compartment was kept at 40°C
and the flow rate was 0.2mL/min. MSMS, or tandem MS, was completed on the same
system with the same LCMS settings to identify metabolites. Collision energies of 10, 20
30 and 40V were used to fragment analytes. This method yielded over 1,000 metabolites

from each sample.

A second targeted LCMS analysis was also undertaken, specifically to determine

trimethylamine-N-oxide concentrations in the mouse serum. Analysis was completed on
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the same instrument as previously described but with a different method. A 6-minute
targeted method was used with acetonitrile and 10mmol/L ammonium formate as mobile
phases A and B, respectively. A 10-40% A gradient was used over 6 minutes with a
compartment temperature of 30°C (Awwad et al., 2016). TMAO retention time and a
standard curve was generated by analyzing authentic standards. After serum sample
analysis, TMAO relative concentrations were integrated, and the concentrations were

determined using MassHunter.

LCMS and NMR data analysis. After MS analysis, data was converted to either a .mzML

format for MS data or a .mgf format for MSMS data using MSConvert (Chambers et al.,
2012). MS data was then interpreted using mzMine and statistical analysis was completed
using MetaboAnalyst (Chongetal., 2019; Pluskal etal., 2010). MSMS data was
examined to identify metabolites using SIRIUS software by searching all biological
databases usinga 15ppm error window (Diihrkop et al., 2019). NMR results were

examined using Chenomix NMR Suite software.

Availability of data and materials. Sequence data from the full human cohort (n=40) have

been deposited in the Sequence Read Archive (SRA) with the accession code
PRINA596000. Other participant data is not publicly available due to them containing
information that could compromise research participant privacy. Sequence data from the

gnotobiotic mice experiment have been deposited in the Sequence Read Archive (SRA).
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Statistical Analysis. Microbial ecological analysesand visualizations performed in RStudio

(V. 1.4.1106) running base R 4.1.2. Descriptive statistics of the participant physical
characteristics and metabolic profile by inflammation phenotype were performed by

ANOVA.
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Supplemental Information Titles and Legends

Expressed interest to
participate (n=216)

Lost to follow-up or indicated
ineligibility (n=162)

A 4

Assessed for eligibility over
the phone (n=54)

Excluded (n=11)
- Did not meet inclusion criteria (n=2)
Declined to participate (n=1)

h 4
Other reasons (n=8)
Enrolled (n=43)
Excluded (n=3)
» - BMI < 27 kg/m"2 (n=2)
- Lost to follow-up (n=1)
h 4

Completed the study with
inflammation phenotyping
(n=40)

Supplemental File 1. Human consort diagram. Flyers and e-mails were used to recruit
interested individuals. Over two hundred interested individuals contacted the research
team, who sentthem additional informationaboutthe study in return. Fifty-four individuals
completed a phone screening with the same researcher. Forty-three individuals met the
requirements and were enrolled to participate. Of these, two individuals were found to be
ineligible on the first visit and one individual was unable to be contacted. Forty individuals
completed the remainingblood work portionof the study and were able to have their serum
inflammatory profile phenotyped.



GM-CSF*

Phenotype |I| LO |I| HI . na

Supplemental File 2. Fasting proinflammatory profile grouped by LO and HI
inflammation phenotype. Test statistics and p-values were determined by two sample t-
test with phenotype (excluding NA n=5) as the grouping variable. *Indicates the cytokine
values were logged to meet normality assumption. Abbreviations: low inflammation, LO;
high inflammation, HI; granulocyte macrophage colony-stimulating factor, GM-CSF;
interleukin, IL; tumor necrosis factor, TNF.
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CHAPTER FIVE

CONCLUSION

Overnutrition is the leading driver of obesity.! Overnutrition contributes to
metabolic stress, gut microbiota dysbiosis, and promotes both lipid accumulation,
unhealthy lipid deposition, and adipose dysfunction.?3 Excess adipose accumulation
promotes dysregulated carbohydrate and lipid metabolism facilitated through increased
insulin resistance, affect inflammatory processes,* and work together to cascade into more
deleterious metabolic diseases if left chronically unchecked (Figure 1).%-¢ For this reason,
emphasizing chronic disease prevention in its earliest stages of altered metabolism is
critical. Adults with excess adipose and with central obesity, but who do not present with
disease, are the ideal population to assess early alterations in energy regulation. Acute food
challenges and dietary interventions provide a “stress” to test the metabolic machinery and
assess the responsiveness, or lack thereof, in the system. The studies in this dissertation
examine early alterations in metabolic dysfunction such as lipid metabolism, glycemic
control, and inflammation through a food-driven perspective.

In Chapter 2, I examined the postprandial triglyceride response to a high-fat meal
in adults with overweight and obesity in relation to a compendium of lifestyle and
physiologic factors. Using a postprandial summary measure and multivariate analysis, I
found thatindividuals with the highest postprandial triglyceride response to an oral fatload
had higher central adiposity, insulin resistance, and interestingly, increased ability to

oxidize fat during an aerobic exercise test. Elevated postprandial lipids contribute to
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oxidative stress, inflammation, and endothelial dysfunction to promote a collective
atherogenic effect. The factors I observed to predict postprandial triglycerides are
interrelated and add new information in healthy, but at-risk, adults to inform chronic
disease risk prediction.

In Chapter 3, I tested the efficacy of a long-term lentil consumption on the
glycemic control of free-living adults with increased central adiposity. Similar in principle
to the high-fat meal challenge, I tested glycemic control through the delivery of an oral
glucose tolerance test before and after eight weeks of consuming meals containing varying
amounts of whole green lentils. Consumption of lentils, a fiber-rich and plant-based
protein, promoted a dose-dependent decrease in insulin resistance compared to
consumption of an animal-based protein, but did not alter postprandial glucose and insulin
responses. Further, I added novel findings on lentil consumption in relation to
gastrointestinal symptoms. Lentil incorporation and related health benefits were obtained
without an increase in gastrointestinal symptom severity, which may serve to counter
consumer perceptions of increased gastrointestinal complaints with pulse crops.

In Chapter 4, our interdisciplinary research team created a gnotobiotic mouse
model through a fecal microbial transplantation from two human stool donors with
different inflammatory profiles chosen from the study described in Chapter 2. Through
this mouse model, we were able to control for the variability in gastrointestinal microbes
and diet normally present in free-living adults, and specifically test the impact of an
antioxidant rich juice from the Aronia melanocarpa berry in response to a high-fat diet

(HFD), a dietary stimulus for inflammation and obesity. Using next-generation
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sequencing and mass spectrometry analysis, we observed distinct microbial and
metabolomic profiles by donor and pronounced shifts in each with the introduction of a
HFD. In the microbial community, we detected donor-specific and juice-specific
changes. Notably, LO donor mice receiving Aronia juice were protected from a HFD-
induced decline in alpha-diversity. Alterations in specific taxa Barnesiella, Escheria-
Shigella, Bilophilia, Ruminococcus, and Ruthenbacterium in LO donor mice support an
anti-inflammatory role of Aronia juice. Host serum concentrations of phospholipids,
phosphatidylcholine and sphingomyelin, were respectively altered with the introduction
of Aronia juice and HFD.

The metabolic responses to the same food display high variability between
individuals which encourage a more personalized approach to nutrition. Future research
geared toward nutritional interventions must carefully consider the interindividual
variation in metabolic responses as being influenced by a compendium of biological and
lifestyle influences including the gut microbiota and gut-mediated metabolic compounds.

These data herein provide insight into how metabolically at-risk individuals, not
yet with disease, respond to a dietary challenge and through gnotobiotic mouse models,
how the gut microbiota and metabolic profiles are altered with a large dietary and
metabolic stress. These data highlight the interrelationship between energy regulation and
immune function, to which the function of one is dependent on the function of the other,

and host health.
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Figure 1 | Schematic displaying the contribution of diet toward the development of
metabolic syndrome-revisited. Research fromthis dissertation are highlighted and include
work on postprandial lipemia (Chapter 2), dietary fiber consumption and glycemic
responses (Chapter 3), and the influence of a polyphenolic rich juice on high-fat diet-
induced outcomes in a humanized mouse model (Chapter 4).
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