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Abstract

Diet and I|lifestyle choices play a -bceriuncg.al
As chronic diseases become more prevalent and
i n response to dietary Il nteheaht hcasge peesob
increasingly i mportant. Precision nutrition (
provide precise, customi zed dietahyspgeaehdgwnce
mol ecul ar characteryettice. délloweeBeyi oo @Np dragptrior
wear able devices (for physiological measur eme.]
guantitative omics methods such as metabol omi

mol ecul ar measuremenbs)deltilwatr iomn wihlel phb®empees

The primary goal of this thesis is to inve
for physiological moni testamglg ,adlvjasmmcteidy e qusayd h
met hods to enable precisepshahalmer pakisiion ogt
consequences of different diets. The -eicondar

semdnitori ng ancdo lblieocstai nopnl RfiNograuldtfioemsl,uctt hemgcost s

semdni t oPNNnpr gtoses uti l ity of daily ment al and
in providing useful physiological and psychol
for gui di Agevmbl eanwllggrsi s and interpretation,

techniques for Fonfl espueiteng ToewbahyeWNe these
comprehensive methodology involving mul-tiple
defined, carefully controll ed dioatrardy fifetr@emy e

Food Diet (FFD), a Mediterranean Diet (MD), a



for two Iweaelksso conduc-sedl debmi tedamal gsesarinc
proteomics, genomi cs, and gut mi crobi ome pro

coll ected throughout the study periwaar aAllde t i

devices measuring blood glucose (BG), body t e
psychological test data were also collected.
The results of the study il lustrate the ti

psychol ogi cal heal thr ot dae@dg,t themimet abiod mene . t h ¢
dietary ctHiahfgesemiedstcemeési n a rel atiThelsyrapi af
response highlights the value of quantitative
|l ifestyle choices on health. The integration

datwi)bbj ecthwleogpisyal testing with omics -measur
scale daseyex@ledleald and unexpected connection

this combioeul dplpe olmenpp emenvh eagPM Mt e yieqrii o .

The study al so -odfle mmaolgiti t @tr € ¢h gt k& aaddo 1Kl i eocst ai nopnl e

feasi bl e. Using t heiomec esmtmpd cev acrod d neecrtti oinn ka tt ¢
sampl e shipment, sampl e col | ecltitornaiamidn gs.t oA dadgi
semdni t oPNnpgr faosres can be done inexpensively.

devices and biosampl e coltleaan iboem ekiitts arfe pree

i nsights outTwesamglin st h ad fefdscteisuePNecsce snakkelse t o &

popul ation, which may promote access to more
and physical perfor mance provided val uabl e
measur ement s. Metrics suamdaphwmebdal caghi vi vy

addi ti onal di mensions of heal th assessment, er



Quantitative omics data proved to be highl
and inter poft antuitan tobn Nstudi es. I n particul a
insights into the metabol ic snaitfitosn iwmadsu ciendv aby
identifying biomapbesan alhel dusedreysomnali tedatd:
recommendati ons. Various data analysis techn
datasets geomiedratedi &s amohNe tl aorfg data obtained
devices and omics measurements made the analy

need for strong anal yteitc amlnkmetthed sneacupradpeanlt
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Chapter 1

| nt roducti1 on

1. . mportance of precision
met abol omics techiudlragiieosn

Il nt,akerandohi festyle I n he

The significance of lifestyle and nutritional habits cannot be overstated. This is especially
true when it comes to maintaining health and preventing chronic diseases such as cardiovascular
diseases (CVD), obesity, chronic kidney disease, type Il diapE2&y, and dietrelated cancers
(1.2l High-incomecountries, including Canada, the United States, and many European countries,
have witnessed a substantial increase in the number of annual deaths attributed to these health
conditions. For instance, namommunicable diseases, including diet and lifestglated diseases
are believed to account for the deaths of 41 million people each year, equivalent to 74% of all
deaths globally®!. Within Canadathese conditions together account for 65% of dé&trand
more than twethirds of all deaths in the Ueid State®!.

A diet lacking in vegetables, fish, whole grains, nuts/seeds, and milk, coupled with
excessive consumption of red meat is a major contributor to the Global Burden of Disease,
accounting for 11.3 million deaths and 241.4 million disabaitjusted lifeyeas worldwidel".

It is estimated that as much as 80% of major cardiometabolic diseases and d@hedarfecancer

cases could be prevented by avoiding unhealthy dietary and lifestyle Blabiesithy nutritional
practiceshavebeen associated withreducedrisk of CVD by as much as 6094. Likewise, it is
estimated that improvements in diet, physical activity, and body composition could prevent 27
39% of the most prevalent cancéfstl Smoking avoidance, regular physical activity, moderate

or low alcohol consumption, and a diet rich in fruits and vegetables have been shown to lead to a

fourfold reduction in mortality risk, which is equivalent to adding 14 years to one's lifé$pan



As individuals age, their risk of acquiring chronic diseases increases significantly. So too
does the burden of disability and frailty. Diet and lifestyle not only affect muscle, organ, and
vascular function, but t he yallaHespigename). madstudan i n.
conducted by Sailani and colleagliés a group of healthy men, with an average age of 62 years,
was examined to explore the link between maintaining an active lifestyle and the overall DNA
methylation patterns in skelétauscle. Their findings indicated that a lifelong commitment to an
active lifestyle is linked to specific, healthy DNA methylation patterns. These patterns have the
potential to enhance insulin sensitivity and increase the expression of genes assabiateergy

metabolism, muscle development, contractile properties, and resistance to oxidative stress.

The molecular effects of diet and lifestyle are not limited to epigenetic changes in the DNA
They also affect the microbiotH8. The human mi cr obi ome has been c
(16171 It is now realized that the microbiome, especially the gut microbiome, plays a critical role
in the development of immune function (esp., with children), digestion, weight gain or weight loss,
hormone function, inflammatory bowel disease (IBD), irritatdlewel syndrome (IBS),
gastrointestinal cancers, gut hdaland mental health®1820 Dietary and lifestyle habits can
affectt he type or abundance of Agoodo or fAbado mi
is high in fat and meat while low in fibre will encourage the growthFomicutes and
Proteobacteria( i . e . , Abado bacteria), while a diet t

associated withigher amounts dBifidobacteriaandLactobacilli( i . e. , fAgB'¥do bact ¢

The bad bacteria typically produce a range of harmful -iberived metabolites such as
cresol sulfate and indoxyl sulfate, while the good bacteria produce beneficiatidawdd
metabolites such as butyric acid and acetic &&fd. Cresol sulfate and indoxyl sulfate, derived
from dietary protein by gut bacteria, are uremic toxins associated with inflammation,
cardiovascular conditions, and a variety of kidney probl&?. Conversely, butyric acid and
acetic acid, produced from dietary fibres byhéfcial gut bacteria, are sharhain fatty acids
crucial for gut health, providing energy to colon cells, exhibitingiafitammatory properties, and
potentially regulating appetite and metaboli$th?®’l Similarly, as people age, their gut
microbiome also ages. There is evidence that there is a gut microbiome that is characteristic of

frail seniors and a gut microbiome that is characteristic offraahseniors?®.,



While most of this discussion has focused on the effects of diet and lifestyle on the health
of adults or the elderly, it is important to remember that young people can be affected too.
Furthermore, these effects are not just limited to their gbort orimmediate health, they appear
to have longerm consequences. Inadequate nutrition for children and infants during crucial early
developmental stages can elevate the risk of developing CVD, obesity, and other chronic metabolic
health conditions that de\ag later in life®l. A particularly compelling example of this is the
Dutch Famine, also known as the Hunger Winter, which occurred in Holland duringt: &34
This event has been studied extensively to assess the effects of poor diet and inadequate nutrition
on children, infants, and fetuses as they manifest later in life. Studies that focused on individuals
exposed to malnutrition during this famine have aéee lifelong health implications, particularly
for those whose mothers experiencegalnutriion while carrying this offspring in utero or during
early childhood®®3! These data linked famine exposure to increased risk8/Bf metabolic
disorders, psychiatric conditions later in life, and even shorter adult H&ight The famine's
legacy extends beyond the immediate survivors to second and third generatief@mpuest
suggesting that the developmental impacts of poor nutrition during critical periods can persist
across generation8233, This highlights the importance of adequate itiotr during key

developmental stages for lotgrm health outcomée¥=°,

Just as undernutrition during childhood, infancyinouterocan have profound effects on
long-term health, so too can overnutrition. The Developmental Origins of Health and Disease
(DOHaD) hypothesis proposes that edifig environments, including nutrition, can influence
health outcomes throughout a personesfiari*®. It has been proposed that when an individual
experiences overnutrition, particularly during critical developmental windows, it can lead to
programming alterations in the body's metamo, immune system, and organ developm&ht
These alterations can persist into adulthood,nasag increase the susceptibility to conditions such
as obesity, type 2 diabete8VDs, and metabolic disordetd”3°l. During fetal development,
excessive nutrient exposure, especially high levels of sugars or fats, can disrupt the normal growth
and development of organs and systéfsThis disruption might not be immediately evident but
could predispose individuals to metabolic dysregulation or metalepiogramming, making
them more prone to obesity and related health problems in aduffid8dPromoting optimal

nutrition during pregnancy and early childhood by reducing exposure ta&ighe, lownutrient



foods may help mitigate the risks associated with overnutrition during crucial developmental

periods, potentially reducing the burden of chronic diseases in latéffite

Therefore, regardless of age, ethniceigx,gender or country of origin, diet, and lifestyle
(i.e., the environment) play a critical role in determining not only lifespan but also healthspan. A
good diet accompanied ahealthy lifestyle can add yearstpee r sonos | i fe (life:
to a per sfornebes Idiifsee a(shreeal t hspan). A poor diet o
life expectancy but also bring on a wide array of debilitating chronic diseases at much younger
ages Finding better ways to identify what constitutes a good diet and a healthy lifestyle, and to

determine the best diet and lifestyle for an individual is the main aim of this thesis.

However, prior to describing the exact aims, objectives, and experimental design of my
thesis research, | will first provide a detailed literature review covering the main topics and
technologies used in my thesis studies. These topics include dietetargl duidelines, precision
nutrition (PN), and the technologies associated with PN along with the mekNtefet studies.
Specifically, I will begin with a discussioof dietary guidelines and recommendations followed
by a brief review of PN and how tlield of PN has evolvedrhese introductory comments will
segue into an overview &N applications and various methods for diet monitar8gpbsequently,
| will provide additional information on some of the key technologies underlying PN, including
metabolomics, proteomics, microbiomics, and digital wearable technaldgieally, | will
describe how individual, oN-of-1 studies are evolving to facilitat@N/health researchrhis
introductory chapter will conclude with a clear statement of my thesisaaitha brief outline of

the content of my thesis chapters.

1.1 . Healthy diet -gecemméndattany ¢

Many government agencies in coordination with nutritionists and nutrition researchers
from around the world have spent decades developing comprehensive, popuid¢atietary
guidelines. These efforts were aimed at providing key recommendations oraguataout the
number of calories needed along with the recommended daily intake of vitamins, minerals, protein,
fat, and carbohydrates to sustain K. Initially, many national guidelines were developed
specifically to prevent undernutrition and avaigtrient deficiencie¥>4€l In many respects, these

efforts have been remarkably successNilitrient deficiency diseases such as goiter (iodine
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deficiency), pellagra (vitamin B deficiency), and rickets (vitamin D deficiency) have essentially
vanished from the developed woHd. However, now that most of the world can produce more
food than it consumes and food manufacturing now includes vitamin or mineral supplementation,

food guidelines have had to change.

Today many national dietary guidelines focus on suggesting foods or meals that reduce the
intake of saturated fatty acids, sugars (and sugary drinks), and increase the consumption of
vegetables, whole fruits, whole grains, and dietary fibres (FigureAslan example, Canada's
Food Guide particularly emphasizes the importance of{pased foods and recommends making
water your drink of choic&®l. These recommendations are based on {acgte epidemiological
studies that have shown strong correlatibatween sugar consumption and T2D fiksaturated
fat consumption and CVBY, and low fibre consumption with colon can&gk. Likewise, other
largescale dietary studies have shown that the consumption offibighfoods (fruits and
vegetables) reduces not only T2D risk but also cancer and CV&?tiskile the consumption of
unsaturated fats and vegetable oils reduces the risk for many other chronic diseases, including
cancerB354, Unfortunately, despite concerted efforts to raise pubNeraness about healthy
eating and fostering a healtbnscious lifestyle, these endeavours have not yielded the desired

results®®. Indeed, over the past 20 years, there has been a steady increase in the prevalence of

Fi gllrTehe conventional dietary guidelines
array ofi oht foeds across al/l food grou
vegetabl es, whol e grains, | ean proteins,
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chronic diet and lifestyleelated diseases, along with a corresponding rise in mortality rates
associated with these conditions. This underscores the urgent need to reevaluate our approaches to
addressing this global health challerftjé&®!.

One of the problems with diet arbypargculardel i ne
there is inconsistency between different countries about what constitutes healthy versus unhealthy
eating patterns. A notable example is the classification of discretionary foods. These are foods that
are characterized by their high levelsfat, added sugars, and salt. These foods are generally
discouraged worldwide, yet there is a lack of uniformity in their international definition, leading
to disparities in how hethly eating guidelines address their consumptifdrResearch on reducing
the intake of discretionary foods and beverages is limited by the lack of consensus on defining and
classifying these items, with divergent approaches based on energy density clikenack

characteristics complicating efforts to coan@ and reduce their consumption across populations
57]

While national guidelines, national education programs, widespread training, standardized
labelling, and greater resource support are helpful in targeting a national audience, it is increasingly
evident that there is substantial inbedividual variabilty i n t he bodyds respons
changesilt is well known that some individuals maintain a fit, slim, and energetic physique despite
following an unhealthy diet, and they appear to avoid common health issues. Conversely, others
consume very lite yet struggle with weight management and face chronic metabolic disorders
(58591 |t is clear that some population subgroups may benefit from certain diets more than others.
These differences may be due to their genetic makeup, age, sex, epigenetics, habitual dietary
patterns, gut microbiota, and environment. These individual fachag also influence the
absorption, metabolism, and excretion of bioactive compounds. Thesmditedual differences
affect the bioavailability of these bioactives armkit eventual biological impadt’. Large
randomized controlled trials have consistently demonstrateddhatl participants respond the
same wayo dietary intervention§. Thereforewnhile populationwide dietary measures or global
dietary recommendations reduce disease risk at a populationrlevall individuals will benefit

to the same degré®l.

As noted earlier, genetics can play a role in interindividual variations in dietary response.

Indeed, the response to beneficial plant bioactives such as carotenoids can vary due to specific
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genetic variants in specific genes related to their absorption and metabolism. Two such examples
are 1) variants in BCO1 (betarotene oxygenase 1 gene responsible for encoding the enzyme
involved in the metabolism of carotenoids. This enzyme spadificonverts betaarotene into

vitamin A. Variants in these gene can lead to alterations in the enzyme's activity or expression,
potentially affecting the individual's ability to metabolize carotenoids; and 2) variants in SCARB1
(scavenger receptor claB member 1) a gene that enzyme involved in the cellular uptake of fat
soluble vitamins and catenoids. Variants in this gene can affect plasma concentrations of
provitamin A carotenoids in different individua$é®4.

Gut microbiota also plays a crucial role in the efficacy of certain bioactives, such as the
conversion of soy isoflavone daidzein into a beneficial metabolite known as equol. The conversion
efficiency varies significantly between Western populations agdtaeian/Asian populations and
appears to be largely due to different gut bacteria in these two popufétioMoreover, sex
based differences in biological responses have also been observed for certain foods. One
interesting example is a study involgirthe biological effects of flavaB-ol-enriched dark
chocolate, where it was found that dark chocolate reduced platelet aggregation in males but not in
femalesl®®. This underscores the complex interplayseferal factorsn determining individual

responses to specific dietary interventions and has led to the concept of precision nutrition or PN.

1.1 .Pr.eci sion nutrition:

Personalized nutrition or precision nutrition (PN), falls under the umbrella of precision
medicine and precision health. Precision health, or precision medicine, takes an individualized
approach to healthcare by considering an individual's unique backigemahcharacteristics. It
employs omics technologies to gain a comprehensive understanding of an individual's molecular
phenotype (via genomics, proteomics, transcriptomics, microbiomics) and complements this
information with electronic wearables to tramkvironmental impacts alongside regular clinical or
omic measurement®’8 (Figure 12). This comprehensive molecular and physiological
phenotyping approach gives a much more detailed, personalized understanding of an individual's
health status, aiding in the delivery of more personalized and effective treaifiemesreover,
precision health has the potential to detect deviations from a healthy state leading to the early

identification of disease or the prediction of disease ksPN uses the @me concepts as



precision medicine by exploiting the same kinds of mmrtics measurements to develop
individualized treatments and tailored dietary recommendaffinBN is the opposite of relying

on onesizefits-all dietary recommendations.

PN can be applied to individuals or groups as distinct population groups, such as children,
the elderly, pregnant women, athletes, and those with inborn errors of metabolism {thaMs)
have distinct nutritional nee@s!. PN, similar to precision health, is not solely focused on disease
prevention or disease treatment. Rather both are intended to enable enhanbethgiellhich
encompasses enhancing mood, emotional health, attention, endurance, weight management, and
the regulation of specific biochemical parameters. Many nutrition researchers point to the work of
Zeevi et al.'¥ as the first example d?PN being used effectively. This study tracked the time
dependent changes of glysi responses to the consumption of different foods, while at the same
time measuring the microbiome of individuals. This work showcased the potential of combining
omics (esp. microbiomics) data, with physiological data and madsameing technologies to
predict individualized pogprandial glycemic responses to specific foods or di8ts

Since the Zeewet al. study, several othd?N studies have been published. For instance,
MendesSoares et al. in 201%! used a personalized approach to assess the variatiglyseémic
responses to a meal in a pdiabetic populationTheir findings indicated significant differences
in glycemic responses gfrticipants to the same meal challenge, reflecting similar results to what
was observed in previous studié8. Similar interindividual variations have been observed in
participant responses teight loss treatment$®, highlighting the limitations of generalized
dietary guideline§4. Other PN studies have shown that personalized dietary prescriptions, based
on an individual's personal physiology or personal omics characteristics, can lead to more
significant improvements in eating behaviours and weight loss compared {oersumalizd
recommendation$™ 771, Other studies have also explored the effectiveness of personalized
nutrition compared to traditional randomized controlled trial€TB in dietary outcomes. The
Food4Me studie§”, for example, examined various levels of personalized or tailored dietary
advice where participants were grouped based on either: 1) current diet, 2) current diet in
combination with phenotypic data, and 3) current lifestyle combined with phenotyperartgoge
data. One Food4Me study showed promising results for the personalized diet groups compared to

those receiving general dietary guidelines (control) in reducing consumption of discretionary foods



and promoting a healthier lifestyfél. This studyalong with several other PN studiesdiscussed

in more detail later in this document.

PN studies are beginning to have an impact on the broader field of nutrition research. For
instance 20t30e SA2®2&®gic Pl an fI§ mimsNo mHodekhize r i t i o
nutrition research and ensure consistency across studies that explore the role of diet in disease
prevention and treatment. This plan proposes that nutrition research, particularly clinical trials,
incorporate aspects &N methodologies when possiblehis could include gathering individual
data encompassing genetic, phenatypnedical, and nutritional aspects of participants, and
considering how this information could informatritional recommendations at the individual and
group level®™®. According to the NIH, PN holds potential for increasing the effectiveness in
managing existing health conditions and possibly in helping to prevent the onset (or the risk of)

some chronic diseasg$.
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1. 1.3Bpecific applications of PN:

PN can be applied across numerous health domains. For instance, individuals with dietary
restrictions or allergies may be able to leverage PN to gain a deeper understanding of what foods
are suitable for their welbbeing or for avoiding poor health outcosi®!. Until the last decade,
individuals who were allergic to tree nuts received instructions to avoid all tree nuts to prevent
allergic reactions and avottlerisk of crossreactivity or crossontamination during processing
[80.81] However, PN couldllow for more nuanceguidance, enabling them to avoid only specific
tree nuts rather than a blanket restrictfdnPN also holds promise for helping to treat and manage
specific health conditions, such as chronic inflammatory diseases (CVD, diabetes, obesity, asthma,
arthritis) by targeting immunological pathways, microbiome dynamics, and human metabolism.
PN has shown encouraging results in the treatment of patients with conditions d&ih, as
metabolic syndrome, and certain autoimmune disofféi8 Research in PN hasso shown that
tailored nutritional recommendations can significantly enhance glycemic control in individuals

with diabeted’2:8486]

To date, PN has been applied in timmad areas: 1) addressing the dietary needs of
individuals with specific diseases or special nutritional requirements T€9,,inbornerrors of
metabolism,during pregnancy or in old age) and 2) developing public health intervefitibns
While PN traditionally emphasizes maximizing individual benefits and minimizing adverse effects
of dietary changes, there is hope that it could have a broader impgmbpulation®, Individuals
may also seek PN to achieve meral goals such as attaining desired body sizes or shapes,
excelling in competitive sports and ibg less prone to diehduced metabolic diseases. For
example, studies in the realm of athletic performance have highlighted substantial improvements

when personalized dietary regimens compared to generic dietary recommendat®falowed
[89]

One particular PN study carried out by Livingstone et loffers valuable insights into
the efficacy of PN methods. The study evaluated the effect of a personalized nutrition intervention
on dietary changes associated with the Mediterranean diet (MD) by randomly assigning
participants to receive either convemiab dietary advice or personalized advice based on their

current diet, phenotype, and genotype. Their research showed that personalized approaches yielded
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superior rates of positive outcomes, contributing to the improvement of participants' or patients'
health compared to traditional randomized control triatsong those who received personalized
dietary recommendations, there wasmarked reduction in red meat and salt consumption,
resulting in a general enhancement of the Healthy Eating Score (HES). This improvement stood
in stark contrast to the control group which did not benefit from personalized dietary advice.
Furthermore, ta authors assessed the auopof varying levels of personalization within the study,
namely, those rooted in diet (L1), phenotype (L2), and genotype (h@iiduals randomly
assigned to receive differing degrees of personalized guidance exhibited elevated Mediterranean
Diet (MedDiet) scoresAlthough minor distinctions were discerned between these personalized
groups, the overarching trend favored the personalized approach, demonstrating its beneficial
influence on participants' dietary habits and overall health stétus

In another PN example, Stanton et®].monitored weight loss in aduligth excess body
weight and obesitgver 12 months by randomly assigning different individuals to either a Healthy
Low-Fat (HLF) or a Healthy LovCarbohydrate (HLC) diet. The primary objective was to identify
initial individual differences that could explain variations in weight loss outsoamaong
participants following the same weight loss plan. The study focused on potential genetic and
insulin-glucose dynamic variations. Howevéralso collected extensive data on other relevant
factors including physiology, psychology, diet, and behavior. It is important to note that the study's
main goal was not to determine which diet was better for weight loss but to find out which diet
worked best for each individual in achieving their weight loss goals. In both the HLF and HLC
dietary interventions, shetérm weight loss was primarily influenced by dietary adherence and
diet quality rather than calorie restriction. Additionally, it was deded that an individual's
intrinsic fat oxidation ratplaysa keyrolein determining the success of weight loss with different
dietary strategies. These authors also suggested thainiditeédual variations in the composition

of the gut microbiome which may have contributed to #rtdividual difference$.

In yet another application of PN, Astrup and Hjdfthconducted a 10veek weight loss
trial to compare the effects of a hypocaloric {tat high-carbohydrate diet (LFHC) versus a low
carbohydrate higlfiat (LCHF) diet in a cohort of 770 individualgth obesity Among the insulin
sensitive participantwith excess body weiglm the study, those on the LFHC diet experienced a

marginally greater weight loss of 0.4 kg compared to their counterparts on the LCHF diet.
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Conversely, for insuliresistant prediabetic individuaisith obesity both dietary approaches
exhibited similar levels of effectiveness. However, the LCHF diet led to more weig(2 10$g)
when contrasted with the LFHC diet amdhgse who had diabetes and obeéity This highlights

the applications and effectiveness of tailored dietary advice or gpasgd PN in weight loss.

A PN study conducted by Li et aPY exploredthe relationships between baseline
molecular features of 609 individuals, who were randomized to either a healtopibaohydrate
diet or a healthy lowat diet, and the effectiveness of weight loss, particularly in asgietific
context. Their resultsevealed that regardless of the diet type, caloric restrictions do not uniformly
correlate with weight loss, aridatadherence and the maintenance of a-aighlity healthy diet
are more impactful in sheterm weight loss. However, they did find significant differences in the
proteomic and microbiome characteristics of the individuals who successfully lost weight in a
long-term regimen in comparison to those unsuccessful. The authors concluded tkatriong
weight loss is less dependent on dietary intake and more associated with individual molecular
factors, including hostelated protein levels of certain proteins such as Alphduronidase
(IDUA), Tumor Necrosis FactorTNF) receptor superfamily member B3(TNFRSF13b),
interleukin 16 (I:16), Dickkopf WNT signalling pathway inhibitor 1 (DKK1), and lipoprotein
lipase (LPL). Moreover, correlations between baseline respiratory quotient levels and regimen
success highlighted the relevance of molecular chaizatien for effective weight loss treatments
Bl The work of Li et al. opens exciting possibilities for the development of tailored, individualized
weightloss strategies that can be finely tuned to suit each person's unique physiological makeup.
Howeve, these studies also highlight how it is imperative to embark on a mechanistic investigation
of the underlying metabolic pathways that govern individual responses-indlieed weight loss.

This knowledge serves as the foundation upon which PN regica@nse built.

1. 2~Frood quality assessment
monitoring:

Understanding the chemical characteristics of foods, alongside their expected nutritional
content, is crucial to nutritional studies, whether in personalized epa@onalized approaches.

However, this food/nutrient content knowledge plays a particulangortant role when
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considering PN. It is widely acknowledged that PN requires robust tools for assessing dietary
intake and nutritional status, not only before a PN intervention but also while on such an
intervention®3l. Numerous dietary assessment tools are available for monitoring dietary intake,
with Food Frequency Questionnaires (FFQs) anti@4 recalls being commonly used methods
941 Traditional 24hour recalls involve capturing all food and beverage consumption within a 24
hour timeframe, including details suek portion size and preparation methods. The Automated
SeltAdministered 24our (ASA24) Dietary Assessment Tdd¥, developed by NIH and NCI,
streamlines this process. ASA24 is a viralsed application allowing for multiple, automatically
coded seHadministered 24our recalls or muliday food records, providing detailed data for
assessing nutrient intak¥!. Furthermore, the nutritional values from these assessments can be
used to calculate indices such as the Healthy Eating Index (HEI) wiesho facilitate the

quantification of dietary intak&5°7]

However, traditional questiobased or survepased dietary assessments demand
substantial time and effort from participants. As a result, they are prone to biases and often require
adaptation for different populatio®$!. The need for manual data input further compounds the
participant burden, possibly affecting participants' honesty in their resp&h¥és Additionally,
selfreported dietary information is prone to significant random and systematic measurement
errors. Both observational and intemtienal studies depend on sedfpored data to determine
primary exposures and evaluate adherence to interveritBhsThese challenges collectively
hinder the practical implementation of dietary questionnaires for lifestyle monitoring and

personalized nutrition.

To address these challenges, newer methods such as smartphone apps have emerged as
practical tools for smart diet monitorit§®. The convenience and accessibility of mobile phones
and smartphone apps addition to their access to nutritional databasekance the accuracy and
convenience of calculating and measuring nutritional values. Moreover, users worldwide can add
and customize meals and foods to align with their local cuistfésMyFitnessPal*® is an
example of a popular diet app and lm®r 14 million food items. NutritioniX®*! also has a
database of ~900,000 grocery items, more than 190,000 restaurant foods, and more than 10,000
common food tags, all of which help streamline the tracking prdt®s3hese apps provide

detailed breakdowns of dietary items, enhancing users' understanding of their choices. Barcode
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scanners integrated into most apps facilitate the effortless addition of packaged items to food
diaries Some apps use machine learning algorithms to predict ingredients and portion sizes based

on meal image&°0:10%

Moreover, many of these apps connect to wearable haltiitoring devices, including
fitness trackers, smart scalbsart rateKIR) monitors, and continuous glucose monitors (CGMs).
This device integration provides users with a comprehensive overview of their nutritional status,
intake, and energy expenditure. The combination of dietary intake tracking with other health
monitoring metlods can offer users a deeper understanding of their dietary intake and its possible
effects on some health indicators. gtgened awareness of food intake and health indicators can
be a motivator to change health habiteleed, consistency in recording food intake has been
positively correlated with weight l086!,

While food diaries, food apps and fithess monitoring apps provide rsaal® information
about food and physiology, more detailed molecular information about diets and dietary
consequences is also possible and potentially more revéadingecially as itelates to PN. In
this regard, it is particularly important to discuss the impact that omics technologies, such as

metabolomics, genomics and microbiomics are having on PN.

1. 3Met abol omi cs f or monito

ef fect s

Metabolomics is a discipline within analytical chemistry that is devoted to the
characterization of small molecules (< 1500 Da) in biological samples such as tissues, cells, and
biofluids %7, These chemicals (i.e., metabolites) serve as substrates, intermediates,-and end
products of metabolism, making them suitable targets for biomarker disdé#f; Over the
past decade, metabolomics has experienced significant growth, with applications extending to the
exploration of physiological conditions, cmic diseases, and lifestyle biomark&?d. One of the
most successful applications of metabolomics is newborn screening, which, as nb&thtig
et al.’%l has improved the lives of up to 1 million children through early metabolic disease
detection and interventioA®l. Nutritional studies have also benefited from metabolomics

advances, resulting in the discovery of new food intake biomatkets!l These studies have
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showcased the remarkable capabilities of metabolomics in detecting food intake biomarkers at the
gram per day level 102111112] The significance lies in the potential use of combinations of
biomarkers to ascertain the consumption of specific foods in the diet. Furthermore, combining
dietary biomarkers with conventional approaches has the potential to improve our ability to
accuraely assess dietary intaké1%2]

Metabolomics encompasses two primary approaches: untargeted metabolomics and
targeted metabolomics. Untargeted metabolomics is aimed at detecting all measurable metabolites
or metabolic features within a sample, while targeted metabolomics is intendeel qoiantitative
measurement of preelected or higipriority metabolites in a sampf”1081131 Both approaches
find applications across various scientific domains, but it's worth noting that untargeted
metabolomics is generally biased toward detectire most abundant molecul&$!. In contrast,
there is growing interest in the application of targeted methods, ¢fregrability to precisely
determine metabolite concentrations and their utility in clinical applicatidf's However,
targeted approaches require prior knowledge of the compounds of interest and their availability in
purified form. This means that targeted metabolomics is not suitable for the discovery of new

compounds$t4,

Over the past two decades, four analytical technologies have emerged as the principal
workhorses in metabolomics: nuclear magnetic resonance (NMR) spectroscopy, gas
chromatographynass spectrometry (GKS), liquid chromatographynass spectrometry (L-C
MS) and inductively coupled plasma mass spectrometry M. Each technique offers
extensive coverage of various classes of organic and inorganic compounds, encompassing lipids,
amino acids, peptides, nucleotides, nucleosides, sugars, alcohols, biogeng; angiaeic acids
and in the case of ICKIS, metals. NMR excels at identifying and quantifying kadgdlundance,
highly watersoluble metabolites, while GRS and LCMS are adept at detecting lower
abundance, more hydrophobic or lipophilic metabolites-M3is uniquely able to detect metals
and certain anions, but not organic molecules. The combined use of multiple analytical
technologies can significantly expand metabolite coverage and the range of samples that can be

studied!107-114]

The limitations inherent in surveyased dietary measurement tools (discussed above) have

led nutrition and nutrient researchers to seek alternative means of assessing dietaR}3ntake
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One of these alternative means includes the measurement of biomarkers of food intake (BFISs) via
metabolomics. BFIs are chemicals or metabolites found in blood or urine that are characteristic of
specific foodd'92111:116] Certain weHlestablished BFls exist for various natural foods, such as
urinary nitrogen for protein intak&’], daidzein for soy intak&'®l, proline betaine for citrus intake

(1191 Jactose and trigonelline for milk consumptiBt!, and carotenoids for fruit and vegetable
intake!*2%l. The detection of BFIs can offer valuable insights beyonereptirted food intake data,
especially in scenarios where food composition data are limited or unavéitdbl@ne of the

most effective ways of identifying BFIs involves the use of metabolomics. Metabolomics is ideal
for simultaneously identifying or measuring the abundance of hundreds of metabolites in
biological samples. This broad chemical coverage allowsl#rgification of specific metabolites

or combinations of metabolites thade or fall following the consumption of specific foods. The

idea of using metabolomics to acquire a deeper understanding of BFIs led to the establishment of
the Food Biomarker Alliance (FoodBAll) in 20152, FoodBAIl was specifically tasked with
developing novel metabolomics methods to aid in the identification and validation of BFIs
commonly consumed in European fod#fs FoodBAIl identified more than 20 BFls through

various metabolomic methods and more than 50 BFIs through careful evaluatiotitefaiare.

The identification and annotation of new BFIs via metabolomics requires a strong
understanding of the chemical composition of human biofluids (urine or blood), the chemical
composition of food, and the metabolic fate of food. To facilitate sieigeralonline databases on
human metabolites and food chemicals were developed or expanded by the FoodBAIl consortium.
The Human Metabolome Database (HMDB) is one such datd#sé# contains data on more
than 250,000 chemicals or metabolites that can be fouidiman biofluids and tissue$he
HMDB contains not only chemical structure information about metabolites but also detailed
compound descriptions as well as known or predicted NMRMSCand LGMS/MS spectra to
facilitate compound identification via metabolomic methods. Other resoutegeloped in
coordination with FoodBAll, include FooDB, the world's largest repository of information on food
constituents, chemistry, and biolod}#¥, MarkerDB, an online database that consolidates
information on clinial and selected prdinical biomarkers including some biomarkers of food
consumptiori*?® ExposomeExplorer, a database dedicated to archiving data about biomarkers

of exposure to environmental risk factors for diseéi€8lsand FoodComEXx, a chemical resource
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developed by the FoodBAll project to develop and improve the approach to developing standards
for food-derived metabolites and promote the sharing of less accessible chemical stafilards

In addition, given the vast range of individual responses to specific foods, which can
encompass both inténdividual differences and changes within a single person over time, the need
for longitudinal metabolomics monitoring of individuals is underscolMetabolomics can also
be used to evaluate how an individual reacts (physiologically or metabolically) to particular foods
or dietary habits. In this regard, metabolomics assays can be used to measure endogenously
produced (as opposed to exogenous or-l&E) compounds. Indeed, a number of M&sed
metabolomic assays have been developed or are offered by commercial testing labs that quantify
some vitamins, minerals, and essential amino acids, present in the body. A list of the 40 most
important essentialutrients is provided in Table1l

Tabllle Li st of essential nutrients.
Phenylalanine Choline Thiamine (B1) Potassium Manganese

Tryptophan Linoleic acid Riboflavin (B2) Chloride Copper
Valine a-Linolenic acid Niacin (B3) Sodium lodine

Threonine Vitamin A Pantothenate (B5) Calcium Selenium
Leucine Vitamin C Pyridoxine (B6) Phosphorus Cobalt

Isoleucine Vitamin D Biotin (B7) Magnesium Chromium
Lysine Vitamin E Folate (B9) Iron Molybdenum

Methionine Vitamin K Cobalamin (B12) Zinc Lithium

Simply measuring the concentrations of essential amino acid levels, essential minerals, or
essential vitamin levels in blood via NMR, @@S, LC-MS or even ICAMS-based metabolomic
techniques and comparing those numbers to normal (healthy) values can help identify dietary
deficiencies or excesses along with differences in metabolism among indivitheé® results
might be used to guide diet modifications to prevent the development of \Atkfndient
conditions such as pellagra, scurvy, or rick&syond the measurement of essential nutrients,
metabolomics can also be used to measure hesdtted risk factors includinglood glucose
(BG), triglycerides(TGs), low-densitylipoproteins [DL), high-densitylipoproteins HDL), or
cholesterol levels. Metabolomics may offer improved testing procedures, which could lead to

earlier implementation of diet or medication interventiB/s1¢l
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Likewise, metabolomics can also be used to detect the appearance -déruied
metabolites that may have either beneficial or harmful physiological effg¢tyetabolomics is
particularly good at detecting smatiolecule uremic toxinsUremic toxins are diederived
compounds found in the blood that cause damage (either directly or indirectly) to the kidneys,
heart, liver, and braiff”.. Examples of uremic toxingclude urea (which arises from protein
metabolism}?8], uric acid (which comes fromNDA/RNA metabolism)*2%, hippuric acid (which
comes from polyphenol metabolisn®?, indoxyl sulfate (which arises from tryptophan
metabolism}*** and cresol sulfate (which comes from aromatic amino acid metab&tisi@pme
uremic toxins are generated from endogenous metabolism (urea, uric acid), while others come

from gut microbial or hosinicrobial metabolism (hippuric acid, indoxyl sulfateesol sulfate

Normally, uremic toxins are efficiently cleared by the kidneys (and appear in the urine) or
are excreted in the feces. However, poor kidney function, a leaky gut, age >60 or other conditions
are associated with an accumulation of uremic toxins in the &tiea. This accumulatias
associated with a host of chronic conditions including chronic kidney disease, liver disease, colitis,

heart disease, as well as anxiety and depre8sfda®!

Other dietderived compounds can be quite beneficial. Specifically, sihain fatty acids
(SCFAs) such as acetic acid, propionic acid and especially butyric acid are known to exhibit
immunomodulatory, antancer and antnflammatory effect§33134 These SCFAs are generated
by gut microflora that digest dietary fibre and other complex carbohydrates found in bran, fruits,
and vegetablesThe release of SCFAs within the large intestine ensures that theséivatbrt
molecules can target specific cellithin the intestine and strengthen the-gletod barrier and

enhance the maturation of various immune ¢&fts

Metabolomics measurements also enable the classification of individuals into metabotypes.
Metabotypes are metabolic phenotypE$l that are determined by measuring the metabolic
response of individuals to certain foods or diets or dietary challenges and grouping them into
certain categories (Figure3). An example of two metabotypes are equol producers andaqaol
producers Equol is a soyderived metabolite that is generated by the presence of certain gut
bacteria. People who are equol producers gdigerxperience clear benefits from the consumption
of soy products while neaquol producers generally experience no benéiitsThe detection of

the equol metabotype can only be done through the application dfastl metabolomics
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methods Metabotypes can be assessed by specific food challenges, such as the oral glucose
challenge test (OGCTwhi ch measures how | ong it takes fo
to normal after a bolus consumption of a high glucose meal or. #&dple who take a long time

to return to normal are typically poBabetic or have poor oral glucose tolerance while those who

return to normal quickly are generally healthy and have a good oral glucose tol&@rieeels

can be monitored through standlabiochemical methods that generally measure a single
metaboliteIn contrast, anetabolomics approach can meaglueose andhanyothercompounds

(amino acids, lipidsetc.)in one assayindeed, the production of branchelthin amino acids or
acylcarnitines during an OGCT test can be indicative of a number of metabolic dis6fdéts

Other examples of metabotypes that have been detected by metabolomics methods are
those who are fast metabolizers of caffeine and those who are slow metabolizers of E&feine
Using MSbased metabolomics to longitudinally monitor the disappearance of caffeine or the
appearance of-fnethylxanthine or trigonelline allows the determination of who is fast and who is
aslow caffeine metabolizé*Y. Fast metabolizers experience little benefit from the consumption
of caffeinerich beverages while slow metabolizers can experience extended periods of stimulation

or wakefulnes§4Z,

As seen by these examples, metabolomics may offer accurate, often quantitative,
approaches to measuring what foods individuals are consuming (via BFIs), how much (or how
little) they are consuming (via quantitative BFI measurements, and only if the nitetalaoe
proportional to intake), whether their diet is nutritionally adequate (via essential nutrient
monitoring), how their diet is affecting their physiology and metabolism (measuring endogenous
metabolites), and classifying the metabolic phenotypeatalbotype to which a certain individual
may belongl n ot her words, met abol omics can offer
can facilitate longitudinal monitoring during dietary interventions, can monitor metabolic
reactions, and it can identify metabolic or physiological deviations fronmalthlgestate. These
insights are the reason why metabolomics is thought to be essential to the advancdment of
[60.108] Yltimately, the incorporation of metabolomics ifRd could significantly advanchow

dietary advice is personalizetf”!.
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While metabolomics is particularly powerful in understanding the chemistry and
biochemistry of foods and dieas well agheir effects on human metabolism or physiology, other
omics techniques such as proteomics, microbiomics and genomicalstarmffer important
insights. This is because biological systems, especially at a molecular level, are highly
interconnected. Indeed, a sindlasechange at a genetic level can trigger cascading effects that

are felt throughout the proteome, the transcriptome, ti@obiome, and the metabolome.
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Traditional single omics analyses tend to offer a rather narrow, single metgpelperspective

of biological systems. As a result, there is a growing preference across all domains in biology to
include more than just one omics approach (i.e., roufiics) to gain a broader, more holistic
perspective obiological phenomena and their underlying mechanifhsMulti-omics studies

allow simultaneous examination and integration of various omics data, offering deeper insights
into molecular scale events oreasurements and their connections to health and disease. As a
result,PNis beginning to expand its outlook from the almost singular use of metabolomics towards
incorporating genomics (also called nutrigenomics), microbiomics and proteomics irfed\ the

measurement paradigm.

1.1 .Genomics:

The human genome consists of about 3 billion base p4sOn average, each human
genetically differs from any other human by about 3 million mutations or vart4fitsThese
variants include classic mutations, such as single base deletions, insertions or transversions
(detectable in <1% of the population) as well as common shbage variants called single
nucleotide polymorphisms (SNPs) that are detectable in >l%eqfopulatiot*4. Other (rarer)
kinds of genetic changes can include copy number variants or ERVENVs occur when the
number of copiesf a particular gene varies from one individual to the next. CNVs represent a
type of duplication or deletion event that affects a considerable number of base pairs. A
representation of the difference between SNPs, mutations and CNVs is provided il Bigitne
study of genomes as well as the study of how variations such as mutations, SNPs and CNVs affect
physiology, biology or behavior is called genomics. Today, most genomics studies are based on a
technology known asextgenerationsequencing or NGSNGS involves DNA fragmentation,
library preparation, massive parallel sequencing (using specialized instrumentation that includes
flow cells or sequencing chips), bioinformatics analysis, and variant/mutation annotation and
interpretation An outline of the NGS process is shown in Figurg Nutritional genomics is a
branch of genomics that explores how genetic variation influences dietary response or preferences

and how bioactive dietary components affect gene expression and fuHétion
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Nutrigenomics has most frequently been used to assess the impact of SNPs on dietary
preference&841. It is well known thatndividualswho have adverse reactions to certain foods are
unlikely to consume them and this will affect their dietary intéikkeewise, individuals who have
cravings for certain foods wil/l l'i kely want t
frequent servings of these foodr instance, those with lactose intolerance are often unable to
consume milk products so milk or milk products should not be part of their designd&adiese
intolerance is linked to several SNPs in the introns oM8&16 (mini-chromosome maintenance)
gene which appear to affect the expression of the lactasel¢@nkactase is an enzyme that
breaks down lactose (a disaccharide) into glucose and galactose.

Another adverse food response is alcohol intolerance. Alcohol intolerance is associated
with a SNP (rs671 [G>A]) in the mitochondriADH2 gene &ldehyde dehydrogenasg Zhis
SNP makes this enzyme ineffective at metabolizing acetaldehyde, a toxic byproduct of alcohol
metabolisni'*%l, Acetaldehyde can cause flushing, sweating, headaches, and nausea. Additionally,
another SNP (rs1229984) in the alcohol dehydrogenase 4&t#18) has been found that leads
to a similar aversion to alcohol for similar reas8f¥. Those with SNPs for alcohol intolerance
experience flushing, sweating, headaches, and nausea after consuming even small amounts of
alcohol so alcohol cannot or should not be part of any designed diet for these individuals (although

it is worth noting thatlcohol consumption is generally not recommended for anyone).

Other SNPs have been identified that are associated with individual intolerance or a strong
distaste for certain food&or instance, several SNPs on T&S2R3§taste receptorjene have
been shown to affect the consumption of broccoli, cabbage, spinach, and related Brassica
vegetables. Carriers of theS&AS2R38SNPs detect a strong bitter aftertaste after consuming
Brassica vegetables and are less likely to want these vegetables in thEf.dikewise, a SNP
on theOR10A2gene(olfactory receptofamily 10 subfamily A member 2ys72921001 [A>C])
cause carriers to perceive cilantro (coriander) as tasting like soap. This taste peroefgsn

carriers unable or unwilling to consume foods with cilantro in any designeddiet

In addition to SNPs that may lead to food avoidance, there are also SNPs that appear to
increase ani ndi vi dual 6s prefer ence . Forinstanoel, a rSHRM c e f
(rs11940694) in thELB (b-Klotho) gene has been associated with increased alcohol consumption

in both humans and mi¢®?. Likewise, there are several SNPs located in or near genes likely
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involved in caffeine metabolism that are associated with increased coffee consuliption
Furthermore, several polymorphisms in #8F21 gene (fibroblast growth factor 21) appear to
be responsible for individual s U%iThesedatashawng s u

that SNP characterization can and should be used to help design individualized diets.

In addition to these findings regarding SNPs and food preferences, nutrigenomics has also
identified SNPs that determine how certain |
physiology. For example, Wilson et &85 investigated the effect of riboflavin (also known as
vitamin B2) onblood pressure (BR) n pati ents homozygous for the
genotype) in the gene encoding methylenetetrahydrofolate redudiabié-R) (rs1801133). They
noted a significant reduction in systolic and thés BP levels compared to baseline
measurements in patients with the TT genofyf% Riboflavin is a precursor to flavin adenine
dinucleotide (FAD) which is a cofactor for MTHFR. Evidently, the TT polymorphisMTHFR
allows the FAD cefactor to function more effectively, thereby increasing the activity of MTHFR,

which leads to reduced levels of homocysteine (a key contributor to hypertension).

In addition to this work on SNPs and vitamins B2/B9, another study, called the Vitamin
D/Calcium Polyp Prevention tridlound a SNP (rs7968585) in the vitamin D receptor g}
could significantly increase the effectiveness of vitamin D in preventing colorectal ¢&ficer
Among individuals with the AA genotype (26%) for rs7968585, vitamin D3 supplementation
reduced the development of advanced colorectal adenoma risk by 64%. In 2016, the PREDIMED
study demonstrated that a specific SNP orCth@CKgene (rs4580704) (among-&lele carriers)
was associated with a decreased incidence of Type 2 diabetes while CC homozygotes had an
increased incidence of T2D. Furthermore, those with tadeke were found to be more protected
from T2D by adhering to the &literranean diét>’!.

Taking a behavioural approach, Turnwald et™f! found that providing genetic risk
information about certain SNPs and their impact on health lead to some individuals making
positive lifestyle changes. This finding highlights the motivational potential of genetic information
in driving positive resultai personalized nutrition. Overall, it should be clear from these examples
that individual genetic differences can significantly impact individual dietary responses or

preferencesand that genetic testingill be important in crafting personalized nutrition strategies.
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1. 1.Mi.crobi omi cs

The microbiome refers to the collection of all microbes, such as bacteria, fungi, viruses,
and other microorganisms that naturally live on or within an organism. All animals have a
microbiome,especially a gut microbiomand it is considered essential for life, for digestion and
proper immune development. The micr ofliThene i s
human gut contains the largest concentration of microbes in the body with up to 1 kg of gut bacteria
housed (mostly) in the large intestine. Given the small size of bacterial cells and the large size of
human cells, there are actually more microbells (38 trillion) than human cells (30 trillion) in
the average human bo83?.. In humans, more than 10,000 different microbial species are thought
to exist on or within any given individual. Given this vast species diversity, it means there are
1000Xmore microbial genes than human genes in human beings. This microbial genetic diversity

means that just as an individual 6s genome i s

The study of the microbiome is called microbiomics. It is also called metagenétflics
because the most common way of characterizing the microbiome is throughroighhput DNA
sequencing of microbes isolated from a specific biosample (such as feces) or an environmental
sample (wastewater, soil, etc.). The same NGS DNA sequencing metfemtisorhumans(see
Figure 15) are also used in most metagenomics studies. The gut microbiome, unlike the human
genome, is profoundl vy ilifestyle aheiceg®. dhishisypbecausectiies di e
microbiome, especially the gut microbiome, plays a key role in digestion and metabolism including
energy extraction, vitamin production, fermentation of dietary fiber, as well as the breakdown and
conversion of nomutrients/xenobiotis into nutrients or waste produ¢t®!. How one lives or
where one lives also affects the composition of the gut microflora and how the gut microbiome
wi || ultimately Atraino the i mmunvwelopsasthrhag m. Th

dermatitis,IBD or a host of chronic inflammatory conditioth%* 1651

The composition of the gut microbiome can also affect how certain foods are digested. For
instance, the conversion of daidzein (a soy compound) to equol (a beneficial soy metabolite) is
affected by the presence @briobacteriaceaén the gut?®®. Equol possesses antioxidative, anti
inflammatory, and vasodilatory properties and has been shown to reduce arterial stiffness and

prevent atherosclerosi§’l. Similarly, the production of trimethylamine oxide (TMAO), which is
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a known atherotoxin, has been shown to be dependent on the presence of certain gut microflora

(Anaerococcus hydrogenali€lostridium asparagiformeClostridium hathewayi, Clostridium
sporogenes Edwardsiella tarda Escherichia fergusoniiProteus penneyiand Providencia
rettgen) %8, TMAO arises from the bacterial conversion of dietary choline, betaine, and L
carnitine into trimethylamine (TMAY®8l. Choline and carnitine come primarily from eggs, other
fatty foods, and meat. The production of butyraaehighly beneficial metabolite, from the
fermentation of noigestible fibre (found in fruits and vegetables) is mediated by gut bacteria
primarily from the Firmicutes phylum 2%, These include members of tiRuminococcus
Clostridium, Eubacterium, and Coprococcgenus. Butyrate is a histone deacetylase inhibitor
(HDAC) and exhibits antinflammatory properties, as wedls intestinal barrier function and
mucosaimmunity-enhancingunctions*’%. In other words, these studies show that the foods we
choose to consume have a profound impact on the composition and activity of our gut microbiota,
which, in turn, can have a significant influence on our health outcomes. This emphasizes the
importance dmaking informed dietary choices that align with the unique charsiits of our

individual gut microbiomes.

Understanding more about the composition
how specific microbes respond to different foods might open the door to nutritional microbiomics
or nutritional metagenomic¢s!l. Several groups have attempted to do this wherein an individual's
specific gut microbiome characteristics, their dietary responses to different foods arBiGheir
levels are analyzed using advanced macleaening algorithms. This approach allows predictions
to be made on how specific individualsll respond to specific dietary interventions or specific
food types. Of particular interest are the studies wherein microbe measuremenBGdadgings
and daily diet records could be used with machine learning to deeakipmizedglucose
lowering diets for individual§* 7284 Interestingly, the foods recommended in these personalized
diets often differed substantially from those typically suggested in traditional giloveseng
diets, like lowcarbohydrate diets. This approach integratesouartypes of data, including

microbiome, dietary, physiological, and others, along with artificial intelligence to craft diets that

are highly specific to the individual 6s bi ol

advance in the field afutrition, pointing toward a future where diets are fully personalized based

on comprehensive biological data.
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1. 1.Por.ot eomi cs:

Proteomics involves the highroughput study or characterization of the protedntiee
complete collection of proteins found in a cell, tissue, or orgafi€mThe human proteome
consists of nearly 20,000 genetically encoded proteins. However, because of the existence of splice
variants and because of the pwranslational modifications that can occur among proteins (such
as phosphorylation, acetylation, glyctaion, etc.), it is thought that there are millions of different
proteoforms in the humarody 173, The characterization of the proteome can be done using a
variety of technologies, with mass spectrometry (M&3edproteomics being the most widely
used approachHn MS-based proteomicgrotein mixtures are initially separated (by 2D gel or
liquid chromatography), then individual peaks or gel spots are digested with trypsin to produce
peptides The peptides can then be characterized or sequendd® land the peptides identified
by comparing their masses or sequences to protein sequencee{&izage B). The abundance
of proteins can be measured by MS usisgtopecoded affinity tags (ICAT) or isotopically
labeled reference peptides measured with their single reaction monitoring (SRM) trafiftions
MS-based proteomics methods allow the identification and quantification of 1000s of proteins in
a sample in as little as one d&jP. Proteomics can also be done using Ditdfged protein
specific antibodies, fluorescetagged antibodies or protespecific RNA aptamer$’>1¢l These
reagents recognize and bind specific proteins. By isolating the target protein and reading off the
RNA tags,andthe DNA tags or measuring the fluorescence of the bound antibodies, it is possible
to identify and quantify protein abundan@datforms such as Luminex, SomaScan anAdn®&

are examples of these neweon-MS-basedproteomics methods or techngies (Figure T7).
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The study of how protein levels change in response to nutrients or nutrition is called
nutriproteomicd’’l. Most nutriproteomics studies are done longitudinally. This is because it is
often of considerable interest to see how protein expression levels change over time (hours or days)
as a consequence of food intakedeed, nearly everyone is familiar with the changes in insulin
levels over time that arise from temporal changeB@n Other key proteins involved in appetite
control and satiety include lép, ghrelin and insulift”8. While proteins and peptide hormones
involved in metabolism and appetite control are of interest in physiology, many nutriproteomic
studies tend to focus on measuring a particular class of proteamsely inflammatory proteiris
to assess the impactmitrients on the inflammatory respoti<é 121, Some foods (esp. read meat,
sugarrich and fatty foods) are known to peo-inflammatory while other foods (oily fish, fruits
and vegetables) are known to be aniammatory™®, However, the level of inflammation can
vary tremendously between individuals depending on their age, sex, genetics and underlying
disease conditior$®3. The most commonly measured inflammatory or acute phase proteins are
C-reactive protein (CRP), interferons, interleukifis), and various growth factors (such as
transforming growth factor arGF, epidermal growth factor &GF andnsulin-like growth factor
or IGF). Using proteomics to measure these types of proteins has been valuable in assessing health

by helping to unravel the relationship between infection, immunity, and nutritionabeiaty
[182,183]

For example, in a study done by Koelman et'®, the effect of a highand lowprotein
diet on inflammatory markers was tested on 18 individuals with obesitg Il over 3 weeks.
The levels of biomarkers were measured before and after the diet periods. Bethotégh (HP)
and lowprotein (LP) diets led to reduced levels of CRP and chemerin without significant
differences between the two diets. However, the LPrdgilted in a more significant decrease in
leptin and IL-6, along with an increase total adiponectin. Additionally, the LP diet appeared to
influence a broader spectrum of immtinBammatory biomarkers compared to the HP diet in
individuals with obesity indicating its potentialto modulate these markers. In another
nutriproteomics study done by Markova etf], 37 individuals with T2D were enrolled in a 2
week dietary trial. The participants were randomly assigned to either -atiglial protein (AP)
or highplant protein (PP) diet. The levels of the immumgammatory biomarkes such aslL -6
and cytokines, and proteins such as calprotectin and lactofewne measured in their serum

samples usingnzymelinkedimmunosorbent assays (ELISA). The findings indicate that both AP
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and PP diets exhibithe potential to lower the concentrations of inflammatory adipokines,
chemerin and progranulin. However, other immurfeammatory markers did not shoany
statistically significant differences in either of the protein diet arms.

While nutriproteomics is a promising field, there are challenges with interpreting protein
responses to nutrition or nutrient intervent:i
proteins are designed to combat pathogens, preserve safe levelsraifutrients, and initiate
tissue repair. This acute response, however, can alter both nutrient concentrations and
inflammatory protein levels, necessitating the differentiation between infendoiged changes
and possible nutritional deficiencié¥®. For instance, in studies involving micronutrient
interventions, the impact of inflammation can obscure supplement benefits or alter the utilization
of absorbed nutrients. Inflammation may direct absorbed iron towards storage as ferritin rather
than hemogibin synthesis. Identifying and accounting for inflammation in nutrition research
allows for deeper insights into nutritional requirements, aiding in designing effective intervention

strategies against nutrient deficiencies or excesses and enhancingrmadtialoutcomes.

The measurement of molecular changes at the metalpobtejn,or gendevelsas well as
measurements done at a physiological 1eB&,(electrocardiogram®P, etc.) typicallyrequires
specialized biosample collection systems, very advanced and expensive instrumentation and
specialized personnel or stafd run the instruments, analyze the data and interpret the
measurement. This puts most molecular and physiological measurements out of reach of large
numbers of people (including consumers) and hasdahtie application of omics or physiological
testing techniques to loewost, consumebased PN applications. However, there is increasing
movement towards making some of these {tgst measurements and devices more accessible

and more affordable via wedrla monitors and biosensors.
1. S5Wear abl e monitors and a

Wearable devices, often referred to simply as wearables, encompass a category of compact
electronic gadgets equipped with sensors designed to be worn on the body, or seamlessly integrated
into clothing and various other boayorn accessories. Wearable mons, which take on various
forms such as watches, rings, skin patches, headbands, or clothing, share a common core design

principle: the ability to provide accurate and longitudinal measuremahntshysiological
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characteristic§%l, These parameters includedy temperature (BTHR, BP, heart rhythmand
indicators of physical activity, such as steps, sleep cyB@sand many others. Wearables provide
personalized, quantitative data for monitoring, and sabstitute (or a complementary tool)

clinical monitoring and diagnosis tools

Beyond the standard physiological measures
modified or having their data repurposed to detect signs of inflammation, forecast cardiometabolic
health, and passively anticipate the onset of conditions like atridldiion. Consumegrade
smartwatches have had their data collected and integrated to accurately generate clinieal or pre
clinical indicators of inflammation, infection, and insulin sensititi#y 1°°!. Studies, such as those
performed by Li et all*8 which investigated the use of portable devices for-tigad
physiological measurementsighlightedthe effectiveness of wearables in understanding daily
patterns, personalized baseline norms, and variations among individuals, contributing to early
disease diagnosis. In response to the COWIpandemic, wearable sensors have shown promise
in the detedon of respiratory infections. Duarte et al.'s sty revealed the potential of wearable
sensors to detect SARSV-2 infections before symptoms appe In another application to
COVID-19, Alavi et al.[*®?l engineered an algorithm for smartwatches to deliver notifications
about potential presymptomatic and asymptomatic cases of £ARS infectionthrough their

application

A recent study conducted to investigate the application and use of wearables for health
monitoring and prediction of clinical laboratory test results revealed that wearable devices
appeared to provide more reliable restifi§ measurements thaneasurements made dfinic-
basedsettingd!®®l. Furthermore, machine learning models have been used on data from wearable
devices to predict cardiovascular conditions, diabetic states, and infection stsflis&hese
findings highlight the potential and reliabj of modern wearables for continuous health
monitoring. Not only can they offer a way to detect deviations from personal baseline
measurementdutthey also identify the need for further clinical laboratory testitty Wearable
digital sensors are not just limitéoltracking physiological conditions. They also offer potential
for tracking emotional stress and anxiety levels by measuring autonomic nervous (Zs&m
metrics, such as electrodermal activity (galvanic skin responséjRrdriability. These sensors

aim to provide objective data on individual daily fluctuations in stress and anxiety levels.
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Electrodermal activity, sleep cycles and sleep periods, along kiRhvariability, providing
insights into individuals' emotional patterns and their impact on overall health and wftfitéss

Smartphone applications, developed alongside wearable monitors, are bringing a new
dimension to what can be interpreted and learned via personal wearables. These integrated systems
not only measure personal physiological or emotional parambeteralso collate and disseminate
personalized guidance directly to individuals. In the field of nutrition, some applications provide
personalized ratings for foods or recipes based on their potential impact on an indid@ual's
levels. Habif%! takes this ideawen further by offering comprehensive menu plans aligned with
an individual's recommended nutrient intake, utilizing technology for personalized dietary advice

on a large scalg.

Wearables offer a less expensive (than clinical testing), continuous, longitudinal approach
to measuring an individual 6s macroscal e phenc
omics methods such as metabolomics, genomics, proteomics and micosbadi@i a somewhat
more expensivebut more detaileh ppr oach t o measure an individ
However, recent developments in metabolomics, metagenomics and genomics are driving the costs
of sample analysis down, shortening analysis time rmaking sample collection so easy so that
they are now affordable and accessible to most consufiéré®. Omics methods can be
performed both longitudinallgndcrosssectionally. Combining both approaches (wearables and
omics measurements) offers an opportunity to relate personal molscalarchanges to specific,
customized health outcomes or action plans. Both wearables and omics methods allow a
considerabledegree of personalization, customization, and precision. Furthermore, both
technologies @ increasingly being used M-of-1 studies to demonstrate their feasibility for

PN/medicine.
1. 6N-oflst udi es, | ongi tudi na
monitoring:

As previously discussed, the traditional esmefits-all approach to healthcare and
nutrition has shown limited efficacy, prompting a shift toward more personalized medicine and

nutrition. Conventional methods, such as RCTs, often fail to considerdodiuliversity as most
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people do not align with the "average" response. As a result, the-patgat trial, or N-of-1

trial," has gained prominence, especially for monitoring, detecting, or treating chronic conditions
such as T2D, CVD or a variety of metabolic disorders. Nsef-1 trial allows healthcare
professionals tevaluate monitor and tailor therapies to individual needs, with each person serving
as their own control. This method offers a robust way to evaluate treatment effectiveness by
rigorously looking at individual responses longitudinally rather than populatiomsssectional
response&®. The success df-of-1 trials in various healthcare settings has inspired a surge of
interest in usingN-of-1 trials for PN [©7201202 'Omjcs' technologies, combined with
comprehensive physiological data that can be obdainem wearablesenable largescale
individuatlevel "big data" collection. These big data sets, as shown by several authors and studies

682031 can form the basis for personalized nutrition strategies.

Recent studies conducted by Zeevi et’dl. and MendesSoares et al’? exemplify the
application ofN-of-1 studies using continuous glucose monitoring systems (CGMs) in single
subject nutritional interventiondl-of-1 studies can be scaled to larger groups. For instance, the
Pioneer 100 Wellness Project (P186 involved the individual tracking of 108 subjects over a
period of nine months. During this time&hole genome sequencing, clinical tests, metabolomics,
proteomics, microbiomics, and daictivity tracking, were used to identify potential disorders,
develop personalized treatment plans, and monitor the results of these interventions. Other
research, such as that conducted by Piening Bf%akand Zhou et al?®], have also shown how
longitudinal multtomics analysis of individuals vid-of-1 trials can be used to gain a personalized
understanding of conditions such as obesity, T2D and daily physiological changes. Piening et al.
usedN-of-1 trials to gain insights into insulin resistaran@d sensitivity, while Zhou et al. usid

of-1 trials to identify early personalized molecular signatures preceding T2D onset.

PioneeringN-of-1 efforts by Michael Snyder have introduced the term “integrative
personal omics profile" (iPOP), to the field of personalized healtfPdhd | n Snyder 6s i P!
first described in 2012, extensive omics profiling of blood samples from a generally healthy
individual (Dr. Snyder himself) was conducted over a period of 14 months. This comprehensive
analysis encompassed whgenome sequencintganscriptomics, proteomics, metabolomics, and
autoantibody profiles, resulting in the creatioranfiPOP profile of Dr. Snydéi®®. The dataset

obtained from various health or disease events and during viral infections underscored the potential
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of estimating disease risk and detecting disease onset through continuous health monitoring via a
mult-comi ¢s approach. I n another study?collecteduct ed
micro-samples from a single participant o2& hoursfor 7 days. This study led to the collection

of enormous amounts of data from various monitoring devices like a smartwatch and CGM device,
coupled with multiomics data obtained from the blood samples. This work demonstrated the
benefits of frequent andedse mui-omics microsampling in two applications. Firstly, it allowed
detailed monitoring of individual responses to complex dietary interventions and led to the
uncovering of unsuspected personalized inflammatory and metabolic reactions. Secondly, this
approacltwas able to reveal extensive molecular fluctuations and numerous molecular connections
linked to daily physiological changes (lik¢éR), clinical biomarker levels (such as glucose and
cortisol), and physical activity. Thi¥-of-1 study showed that the combination of wearables and
multi-omics microsampling offers a promising avenue for dynamic health profiling and biomarker

discovery®?,

AnotherN-of-1 study conducted by Gao et &f! used longitudinal monitoring to obtain a
comprehensive environmental health profile of a single individual. This study used longitudinal
monitoring of both the personal exposome (external environmental exposures) and internal multi
omic profiles (geneticmetabolic, and proteomic information) in a single individual. This
comprehensive approach was able to link thousands of external exposures with internal microbial,
proteomic, and metabolic alterations, pding a more holistic view of the impact of the

environment and environmental exposures to human health.

A precursor to théN-of-1 study by Gao et &% was a 15person study published by Jiang
et al. ?%l. These authors conducted personalized exposome monitoring through a sensitive
wearable device. The device was collected at different time points and the airborne chemicals
adsorbed to the device were analyzed thrad§based exposome monitoring. Through this
of-1 exposomics monitoring approgthese authors were able to track the personal exposomes of
15 individuals over nearly 890 days and acrossi@érse geographical locations. Their findings
revealed that not only are humans exposed to a large array of airborne biological and chemical
agents, including potentially harmful substances, but that it is possible to use wearable devices as

portable mortbring stations for exposome research.
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Another innovative application dfl-of-1 studies led by thélational Aeronautics and
Space Administration (NASA) involved the personalized biomonitoring of astronauts during
specific interventions and at baseline leVé!8. This approach has been implemented to ensure
the health and welbeing of astronauts during long, deep space missions. The Precision Space
Health (PSH) System, as this is known, ig\aaf-1 monitoring system that relies on longitudinal
monitoring of individual astronauts. This systeamploys personalized biomonitoring and- Al
driven data analysis to enhance astronauts' health and safety during space expf8tation

A precursor to the PSH system was the NASA Twins St{élyThis study investigated a
pair of male monozygotic twins, one of whom spent 340 days aboard the International Space
Station (ISS), while the other remained on Eartfutaction asa control. While technically aN-
of-2 study, this study made use of the fact that monozygotic twins not only share identical
genomes, but they also generally haearidentical physiology or physiological responses. So
rather than conducting a study of one individiaal680 days, the study could be done over just
340 days. This study revealed a wide range of transient and enduring changes in various biological
factors, including cell types, tissues, genetic profiles, and physical traits, in response to prolonged
spacetravel. These insights are crucial for planning future ggEee missions and highlight the

power ofN-of-1 studies in understanding or monitoring individuals over extepdedds

A key limitation of many of thesBl-of-1 studies has been thaubstantiatosts and the
significant patient/subject burden requirbtbst of these studies required phlebotomists (to collect
blood), doctors and nurses to monitor the subjects, as well as access to millions of dollars of
expensive multomics platforms (DNA sequencers, mass spectrometers) and major investments
of time andmoney by the sponsoring organization{edeed, the P100 study was so expensive
that it largely bankrupted the company that was conducting it. Furthermore, with the exception of
those involving wearable devices, most of these studies did not or could not generate quantitative
omics data. This tz of standardization in singlubject studies made omics comparisons between
differentN-of-1 studies essentially impossible. Likewise, as far as can be discerned, none of these
N-of-1 studies looked at how these interventions affected individuals mstef mental

performance or mental health.

The success and limitations of thés®f-1 studies led me to consider conducting\aof-

1 dietary study that attempted to address the many limitations offdtbied studiesIn this study
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| would explore the effects of four different diets (a baseline or habitual diet;fadashigh-fat,
high-sugardiet, a ketogenic diet, and a Mediterranean diet) on my microbiome, metabolome, and
proteome The diets would run for 2 weeks each (followed by 1 week wastperiods) and |

would employ wearables to measure a range of physiological parameters. Additionally, | would
self-collect blood and urine samples on a daily basis and have these samplésitipeint
analyzed using inexpensive, fullyaptitative metabolomics and proteomics assays. Additionally,

| would track and weigh all foods consumed and conduct daily mental and physical performance
tests to assess changes in my mental/physical health and mental/physical capacity. Finally, | would
integrate all the longitudinal muldmic data and wearable data to assess how these dietary
interventions affected my physical, mental, emotional, and molecular health indicators relative to

my measured baseline health indicators.
1. Thesi s objectives and

This thesis endeavors to delve into the relationships between dietary interventions, lifestyle
changes, and their molecular and physiological impacts usihgadsl study design. Leveraging
recent advances in selfiministered biosample collection, omics technologiescluding
metabolomics, genomics, proteomics, and microbionia@nd highperforming, inexpensive
wearable monitoring devices, this thesis seeks moex the detailed physiological, physical,
emotional, mental, and molecular effects ofeafiént dietary interventions on a single individual.

The central objective of this thesis is to uséNamf-1 study design to assess the effectioaf (2-
week) dietary interventions using wearable and ruuttics monitoring methodS.he working
hypothesis for this thesis is to test whether the integration of wearables, quantitative omics
techniques and careful mental/physical performance testing can provide quantitative and

actionable information to identify the impact of dietary ason individual hdtn indicators
This thesis also has five other specific objectives as it seeks to determine:
1) whethemN-of-1 selfmonitoring and biosample seatbllection forPN studies is feasible
2) the costs of sethonitoring forPN purposes

3) whether daily mental/physical performance monitoring can provide useful datd\in an
of-1 PN study
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4) whether quantitative omics data can provide information that is relevant and useful for
guiding analysis and interpretation bfof-1 nutrition studies

5) what kinds of data analysis techniques are most useful for interpreting dietzrg
studies

This thesis, its background, its rationale along with the results and implications Mf this
of-1 study are presented over five separate chapters. The reasoning behind this study, combined
with a literature review of the motivating concepts associated RithpreviousPN studies, the
multi-omics technologies employed for this study and the achievements of\otiiet studies
are described in chapter oftkis chapter)

The second chapter focuses on the matemaéthods,and study design, detailing the
instruments, devices, and specific methodologies employed for data acquisition. The experimental
design, including the rationale for the selection of diets, lifestyle modifications, and sample
handling procedures, is furthelaborated. In addition, the meal preparati@ms physical and

mental performance tests are also explained in this second chapter.

Chapter three, a pivotal section of this thedslves into the outcomes of the omics
measurements. Using comprehensive bioinformatics and statistical analyses, this chapter interprets
the results obtained from metabolomics, genomics, proteomics, and microbiomics assessments
performed on the collecteddnd, fecal and urine samples. This chapter focuses on correlating or

associating the measured molecular responses with my varying dietary patterns.

The synthesis and interpretations contained in chapter four, further amplify the dietary
associative data described in chapter three. Chapter four examines and interprets the macro
(physiological/mentd] and micrescale (molecular) correlations gleaned from the omics data,
dissectingand rationalizing the correlations and associations between physiological outcomes
as monitored by wearable technologiesd the detailed omics measurements. This chapter serves
as a bridge between the physiological resgs and the underlying molecular components,
offering biological insights into personalized dietary implications and physiological/behavioral

responses.
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Concluding the thesis, the final chapter summarizes the findings and implications derived
from this N-of-1 study. It highlights the effectiveness of this quantitative, integrated approach,
combining wearable monitors and quantitative moittiics methods. This section discusses the
potential scalability of personalized nutrition strategies to a broader saaygesting future
avenues for research and development in the filtomately, this thesis aims to contribute to the
advancement dPN methodologiedy helping to elucidate the interplay between diet, molecular
responses, and physiological outcomes at an individual level.
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Chapter 2
Met hods

2. 1Et hics approval

The project wasocdamadecet ewd thnt he et hical st
the University of Al bertads Human Research Et
(HREB #Pro00080942)

2. 25tudy overview:

This Noeflsathudy invol viynegata Hearatllrey sadhj ect
conducted eadsErmiiess eaxfedsedlafi | y tests (physical,
while adhering to four different-fiococdetwdl 6FFD) f
a Medit-eypanediadtet ola)eitca( KD) and a fAcontrol o d
food pat Regn(lRax) abnidetwi t h washout periods inter

The FFD was chapa&int dron rtetpate si®@sutl hidrgahc e sns epdr ¢
foods, with aandfoofisopedcwaislkefdast?PloTolde cfhad dhs
consumed during the MD food pattern period we.l
countries, especially theenlretg@fddsThef dCeet @, i
consi sts of -baasveadr ifeotoyd so,f ipnlcalntdi ng fruits, veg
and seeds. Fresh faduaiitl yi sd ecsosnenmmotn.| yOleiavtee noials i ¢
dairy prodeese adn#eyogurt also included. Fi sh
smal | to moderate quantities. Eggs are consum
meat 1is rarely consumed. Wi ne is twpowaVéry, en

none was consumeld!da¥fihreg KtDhii s @r dji e¢t pattern |

and highypincalatfsoods consumed on a KD include
nut s, seeds, and mdtlar clhiyk ev ecgoectoanbulte soilli.k eNol e &
caulifl ower are al so-raacrmmdm,odwhillie& ec arrbecahdy, d rpa
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are avhmiediKads been described in the Iiterature
ketosis in peophleassi bbent asdsabeatesd with i mpr
such as glycemic control, [P4%p3'#li cahtgntanataoan
RD was conducted to have adbetaey babetstahdri
consistent with each of twaehseektyp,atftoelrineeveeed rb yt we
wasohut pRuriiordg -bbhe waeshmeotdur ned t 31)my TR $( Fw agsuhr
period was used to minimize possible lingering
I foll owed the samemodataricog!| pcweohbhopmeadif aek | du
myRDt o establish a baseline fphyswodlymolcadulpd

responses.

2 weeks 2 weeks 2 weeks 2 weeks

Fast food §' i Ketogenic Regular
diet $§ diet diet diet

1 week 1 week

Fi grTehe ti ndeileitnaer yofand washout periods.

of washout period (habitual diet) to er
when initiating the next diet.

During the FFD phase, I consumed meal s an:i
McDonald's restaurant. The sole criterion for
specifically red meat whil e aven ddingt f{ MD) ,orm
featured an increased intake of seafood, poul
red MédtOlive oil also played a prominent r ol €

(KD), known for prtoos emingltcommatnananhki glow car boh
third dietary regi men. During this phase, I [
incorporated oils such as coconut oil . Carboh
day. My regular diet (RD) consisted of mainly
rice, chicken, red meatc,ar gamtdfsi,csohr,n )v, e gfertuaibtlse s(
bananas) and coffee with [2y% tfraatc kneidl ki.n Atler ndsi e

component composition, the weight ,offadarndwhii dh
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wei ghed ingredientamddataalwarsi e uddu rEthe@ii!l€t @ otdh
(Figure 2.2).

FFD

KD

\ \‘--x...____ e . =

Fi gaxAl summary of the foods and ingredient

beef burger s, fries, sugary drinks, and n
poultry, olives and olive oilf anli ghiers @aa
(bacon and pork <chops), eggs, chees-ear bfoal
vegetables such as zucchini. To increase |

consisted ofAsampitoidenm adfe fTtouits and veget a

addition to red meat, poultry and fish.
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2. 3Food and constituent s

For all the diets, except for the FFD, | we
it using an Etekcity Digital Kitchen Scale
Mc Donal d' s, it wasamlti peprsedibd ret .t oHovwee \géar , b e c
about the ingredients, nutrient composition,

Mc Dondlvd'as on,)diinge edata wei ghing was not nece

bef ore consumption. Al meal s were consumed f
to finish the meal, the | eftover porthbns wer
and KD, all meal ingredients werempgah?t%erdd w
food components or i ngredients compatible wit
company were measured and used in preparing t|
the Fitbit application flb?d%d Dadd y( Fiotoldi tc olnrsau.r

(7))

ocal oric a2@p 6ky¢gsaviebeans e1d8 000n t H-d t Pbii tt b idte vd atea lkes
energy eu9piBmgiattuMet abol i ¢ Rate (BMR), activit"
uses a proprietary formula to calculate total

we-ebtablished scientific principlesedBMR trler

body at rest to maintain essenti al physiol og
cellul ar processes. Fitbit estimates BMR usin
height. For this esti nfattiJoeor [E& gwidittd hoanp 1 iceosn st
reliable method for calculating resting energ

80 YQEd GaQp T 0 QWIVNQ ¢& U WAWNHA v GQDBAGI U
80 YOE QG G RIT 0 QWIQVQ ¢& L MAWHE v GQUDQAGI P @ p

This equation accounts for individual di ff
an estimate of the daily calori aAgsldbdrnmmedl dty,r
tracks physical movement throughout the day u
step count , di stance travel ed, and minutes sp
assigns a MetabolMET)Eqwalvuiad .e nMETo fv allas&ks (r epr e
physical actiofi tBMR. alora emnud mplpd,e si tting qui €
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energy expenditure equival ent to the BMR. Mo
running have higher MET values, i ndicating g
individual 6s BMR by the approprficamedMEBdy alte
the duration and intensity of the activity. T

6O ¢ DRQE WAV Oa 66D Y 001 GORDE |

For Fitbit devices with heart rate monitor

are refined wusing heart rate dat a. Fitbit u
i ncorporates both the maxi mum hrlegar tT hreatfeor anud
estimating heart rate reserve is as folil ows (
age (years)):

DAY @OYRI QIAYY 0 00 QIOANY DO Y Qi 0WRAN @O Q

Fitbit uses this reserve to assess the int
burned more accurately based on heart rate di
activity correspond to greadelroreinerigyr re xtlpeesnead |

data is as foll ows:
Owa ¢ ‘&)'('Qnér‘]'ﬂn MEOOAYW® O00YOO61I ®oddOE 60 Qi

Fitbit calcul ates tot al daily caloric expe
burned from physical activities throughout th
oved hourAsCtail wirtiyes (cal or it alsayb uronveednetnhtrso usguhc hd a
climbing stairs, or standing), and Exercise C
physical activities such as runni ngmpocnyecntisng,

Fitbit providesl|l aoaksti matbupbphetheatbtday.

Fotrracking calorie intake, Fitbit relies ol
they consume into the Fitbit app. The process
contains nutritional i nf or matnidesn ,ofi nfcdoudd i intge n
dat abase includes commonly <consumed foods, r
|l ogging food, the user enters the food type ar
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cal ori e i nt ake based on t he stored nutrition

barcodes of packaged foods, automatically pu
Fitbitds database. I n cases nwhaelrley fionopdust atrhee |
values, allowing for flexibility with custom |
Fitbit compares the calorie intake (from | ogg
the device) tso i mrt @viednee rigrys ibgahltanc e, which ca

management goal s.

Each meal and snack food item, timeng of
recorded using the Fithbil?2'diAarmryeyceFidt ift alldc .t
beverages | consumed eadlutoampnt-wdmiSeil $Stdereed e2 £

(ASKpP4Di etary AL ASa@EamMP@DAB)l, devel oped by t he
l nstitut e, Bet helasaed MPlL afThosmi ssad wied captur
as wel |l as some , eatddnygi ccehlay acoesi dei ed to be
coll ecting diBhargommdrakeondatreasul ts between
moder ate alignment 1in calorie intake esti mate
Thisssggests that, while the two methods gener g
di fferences in their daily calorie estimates.
was 1959.8 N 132.0 kcal/dayerwhivkeeafGetbit 1666
kcal / day .-AlTthreanBlpalnodt f urther i1l lustrates this
t wo mefFihguge (Z.h& pl ot demonstrates that, al t |
within the | imetarefsageetmeaoatyathens, particl
mean difference between the methods is smal/|l
variation at individual data points suggests

certain days or calorie ranges (Figure 2.3).

For thisuséeéddtyhe Canadian 2018 version of
to the Canadli?ah INwtlrsioerctal Eiul@ated the Healthy
Eating Food20h8ex CAMEEENI s score is used to q

daily dietary intake aligned with recommendat
t he FFD, al | t he meals were consumed fully du
few i noihkerecdsbwas tmotf iami sh the meal, the | ef
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consumed | atAear examphe daya typica,l daiyl yduca lnc

ntakes acrassampledmenhs asdabste&st éd
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JAnt hropometric Assessme

conducted daily measurements of gener al
ht (in kilograms, Etekcity Digital Body W
i ndex (BMI ), and percentage of Bodedf at .
ht in kilograms by the square of my heigl
BD). Body fat percentage wals?2%leshd rcrhi rced su s
er , age, height, and ywemgadur(ae me rktid ogfr amesc
circumferences (in centimeters)20MeBasdiy en
uring Tape. To enmmesausruer iancgc,uraa cfyl ewhiiblee sned &
ding elasticight cbbtbhtdmpe¥Thd hatapen was

i stently placed at each measurement site,
ement around the body. Additionally, meas:!
mi kar conditions, to minimize variations

ation | evel s.
5B.i ol ogi cal sample coll e

coll ected bl ood and uri ne.Fsasmpglnegs bd acohd dse
obtained each molPAli'lTheudansgose Tho@amad hngagV

ce that extracts s mal-dapnhloll aer Yol dbeowi csea.mpT lee

button for releasing the mi2dA)o.bl Rare hlnalc
ection, the device was placed on the wupp
vided in theopdckageul abi enhanaod bhen ste
sing the devicebds | ancijicmgabungom, smaé¢ | mi o
Wi t hi n -65 OmiCnlLu toefs ,b15000d can be col loemct ed \
ness. After c(oddnretcab ToAnn(QEtt he/ | minerdo tajuntsen e t e t

ched from the device and cl osed usinmg t he
mi auteoom temperature ,untbesagusueeapéeént ta

ri fuged at &8tl10r go rh otteorhpbeerpaatmuartees t he pl as m

4 8



pl asma was then carefully tr armsOfAer ruend iiln ttch eBp

transpor tteedr mostaorlaBgtef G.aci | ity at

Urine samples were collected twi¢&€odailhyg i
50 mL cent,ridmucge itru btehsee mor ni ng upo2dB)w.a kT megs e n
urine samples were aligqguoted wusing disposabl e
froz€@A&t until they could be-8t0rAlnd p ®retzeed . f or

A B

T Wake up

Blood Pressure

d

T Breakfast

Blood Pressure

i

T Lunch

Blood Pressure

T Dinner
Blood P

Blood Pressure

I

" Sleep

Fi gRl4dleTasso+ device attached to the upper

is released which creates an i nei0Di Ol o t

mi nuB€ke daily timeline of sample coll ecti
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2. 6Bl ood (rBdagosnuirteor 1 ng

BPeadings were obtained using a sm8Pt weal
Smartwatch (Yanhe I ntelligent Bé&c hDoocltcogy Shntad,
employs a downsized version of BRmeaslugmenetnd . u
integrates an inflatable cuff into the watch
scill ometric dBMiiocve. tli meesagdwridd :mwpon waking
ach main meal (breakfast, l unch,24B)n.d Aliln nceat)
cquired by the BP Doctaxro mpmdretrwatsd m gwaarddee BPo
aved as a *.csv file. A picture?2bf the BP Dot

nw 9 @O® O

Fi gaagTehe smart wearable BP monitor (YHE E

inner | ayer of the watch strap (air cuff)
the SYS (systolic) number goinghepSY®hDE
measurements in mmHg as well as the HR (I
2. P.hysi ol ogi cal moni torin
To track a number of physi ol ogical measur e

Fitbit Sense Smartwatch (Fit Hiotmilnram.t, (Saerf tHr an
mo d e | cont i MHUR(He aRayt iebeadrsdper minut e, bpm), br
as breathsHRvar i mbnutey, (measur edel at end | ne sSreicO
as sleep quality, sleep cycles, sleep stages,
and instances of snori Bdg(wedye ta¢ mpe matt teele p ¥ae

were also recorded during each sl eep cycle us
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time speHRabwveht HRdoueishgngl eep
Fitbit app i nformati2@n arld prad\ai daecdquiim eldi dwr
exported via the Fitbit API using the Pythol
dashboard associated with my Fitbit account a
August 31 80 S ’
- 6,38
.',' : 12:25 10:05
” 68 bpm 8 nr 2 5 min
7,594 resting neart rate 7Hmins avake Heart R lifications
.
¢) ° o
1 533 [ e Lo -
1849 .. O | — P .
efi 1o eat - ’ _ Wan
| |
Fi gaalre: An example of the Fitbit data obt
of physical acHe arntt yRatse¢eprepnd dRlmevnc alno rtil
screenshot of the Fitbit app showing HR \
the sl eep stages and the time spent in ec
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2.8l ood ¢gBGGmOmnsd oring:

I continuousBWwl enoeali s ousdngnya Dexcom G6 (De
USA) continuous glucose BGnaltwes (ICGMiMMmalwhle cdt
intervals. The DepowmreyYysCe6M tbhaa bhaesemnytiny

underneath a person's skin using an automatic

(GO) chemicarnerretaecta mnelteoctgrei cal signal that i
valld®! An adhesive panhsesbrhbbdsi hbei 8GMI ace, so
glucose readings in interstitial fluid throug
connects to the sdnganer rwiarde ngrsd wserdsesseéyl to
can ylewose information. To gain insights inf
conducted glucose challenge tests. I noted th
the following two hours to moni txocronf |G6C tnuoantiito

recoB@ed ues and transmitted this data to my s
through the Dexcom G6 mo kbialsee da psloircaagtei, o ma,n di mpal
l ow and high glucose | evels, semteddibryedthley Dte x
monitor was exporteddvitah-ealxd bbhalst ®eomigdped wit

Dexcom account and saved to my computer as a
2. Body t enipBemaaniutrer i ng:

BTwas tracked wusi nignwa smMmevaa ady £t eam dd ensoing n e d
BTmoni toring (CORE, greenTEG27) R¢mhangenSwort vat
to mydomimant (left) arm using an arm strap a
di et periods, with brief periods where it was
val ues-mianutfea vientt ehrev aclosl,| ewitteld data accessible
applicatioemasaend sclooswade detlCOREDs heansamansfer
del i veti mgBfe®&peci fically, the CORE sensor us:
t hat takes advantage of the Seebeck effect t
phenomenon in which a temperature difference

smi conductors produces a volt ab%2ldWhfefne r(ebnocdey )b
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is applied to one of the two conductors or ser
one. I n this way, the TEG sensor generates a ¢
uses mini atswralgeede m EABICHE&r,e designed specific
wearables. All data acquired by the CORE moni

Fi gt e CORE sensor wearable body

using the arm strap.
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2. 1IEOmot i on all and mood moni

Food and diets are known to alfftdas &ewi ndh
PNstudies had ever studied mood or emotions al
emotions, | deci N-efist oldhirsa cekmotthiiosn aflo/rmonoyd s ur v
at tdraryee ntervals by administering a comprehe
Mood Statl2AOMS) questionnaire provided a st

emotional state anddythamga&i maitmusieg btfs myn tnoo otdh
introspective accounts of my emotional exper.i e
each diet -admiadi.s tTéhriesd sedrfvey was intended to

emotiespobnsres to dietary <charngeys.evlian uatddionso
i mpl emented a daily emotional/ mood tracking s

wr i ttewhidolldroowed me to record my emoti bhe antdi

duration of each diet trial. dThimmsestgainluyancdiear
fluctuations i n emoti onalday aR@MS tshuartv ewe.r eT hnei
of periodic questionnaires and daily diaries |
which was intendednsobexwpmeoadnd bematoinmrestwiot h
mo | ecourl aprh,y si ol ogi cal dat a.

2. 1Plh.ysi cal perf or mance mo

Food and diets are known to affect an indi\
beilfg®l As f @WNs touchiees had ever studied physical
foods or diets had on physical N-p#s f oRihpyasni ccea,| |
performance monitoring was achieved through
regi men spanning five days per week during t
involved treadmil | wal king $essi dmesleagtriermg mb
involved alternating betweenmwaubkenpeati ol skt
pace foll owed by two minutes at the higher pac¢
duration was tnheet .e xTehrr@®iTusgels opuatad n iotdgHRe d Ad @Gist iwarsa |
the time réliRuoreedt dom tmg the resting rate aft
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e recovery time) was also tracked. This phy
cardiovascul ar fitness, endur ance, and t |

rformance.
2. IMe.nt al perf or mance moni

Food and diets are known to affect an ind
nclt?’oh?Als feRM tautdieers had ever studied ment al
ods or diet had on ment al MNeorflfsd ruidigwe edi fif ere
ntal tests were developed, and each was del |
ograms that | wrote in Python (th&A-¢dde f or
e tests wereitil)n aeSerni &2l) AuRteMak ii g Trea snte; T
roop Effect test and 5) a Digit Span test.
ven below. 1t is important to note@etchdt ctah e s
signed so that they would assess different
sts were also selected because they were the
actice or repetitlieent o Alitmpowgyk iotn itheposg
ministration, the rate of |l earning generall
arning curves al?’2%YclTioatmead i wiizle $hehiméstusnce
the study resuktval batbdaessbesmemars wdér d he
ternate forms of the tests were used, | onge
peated measures were employeéedailinl|lelaendatga ed
sured that the observed changes in cogniti:
posure to the tests and would better refl
nsequence of each tdieett ersed gi mweerr.e Tchoen dfuacdte dt h
re fully quantitative ensured high precisiol
sts, which were conducted daily, provided i

r f or noaungcheo utthrt he st udy.

The Serial S3FiBs racmemmalTegeér f ovpmersee tteals twi

random starting number between 100 and 999.

watshen provided, and gener at edMytt dawdtuog hp ear froarnnd
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t hese

subtr aesteicoonnsd wiitnhei nf raa nteQ Upon dboomphl et i ¢

the number of subtraction calculations compl e
wasesonducted three times, dandoimpeehersmye 6Baf
ment al agility.

The Reacti oldtTsi ma Mest al performance test
participant's reflexes atnhdecrespods@pbmme. abDue
random number of secondlk, hadetssapomesaspiacg btahe
possible. The program records the timeciotndt ak
accuracyyapdhfiicr medtfi ve times, with the aver e
serving as the metric of response ti me

The -Ma&i hgl?3Péssta mental performance test
processing speed, attention, and executive fu
and numagener ated using the computer and a Pyt

watsr ansformed to *. pdiychatlt wWwasgandnhbeth phennhae

l ette
of er
Thi s

Th
proce
a | is
col or
t i me
resul

cogni

Th

rs sequentially in the correct order. Th
rors madeweamecaogde tirea pinregasswistl conduct ed
t eduts epfruolv iidmgcioggmti st iivret o | exi bi Il ity and at:H

e Stroopl 2%fsf eac tmeTnetsatl per formance test d
ssing speed, selective atthlheeompan erdageé neo
t of 100 color names, Mythasthkewswmsanddsal wnid
i n whi ch (eianckh, cwooloddr )i se wactt u &In ceod me nam
taken to complete the task (in seconds)
t . The eBdgmoloyp edridewdt ed odncreyl ialldyii ¢ ot en\atn a

tive conflicts and attentional control

e Digit?baa Mmestal performance test des

and attention span. I n thiswetgemnmnerh® erdamdomgn G

numbe
After

r generator and di s plweydeeds plna yt ende ocroempauft tee

the sequence was presented, it was ¢cl ea
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numbers in the exact order they appeared. Thi

information in working memory

The typical time to complete aAll fdatatfst
ment al performance tests throughout all di et

subsequent data analysis.

2. IMBe.t abol omics anal ysi s

2. 13PIllasasmal ysi s

Met abol omic analyses were conducted on the
t he ceudge ngssay devel oped by The Metabol omics
TMI C MEGA assay. This assay uses a tommebhatwyi c

(DMIS) and |l iqui d anldreonmantacgr aspByt MED mé br weph € a
identify met abdSi/tMSs .asBhiys cla@/ DpbFelr f or m t ar get
metabolic profiling of up toal7262@0dogteanbbailsi tme

sums can be calcul ated based on those metabol
the MEGA assay yielded quantitative results f
sampl es. The MEGAe asangecofVfemet abaliidt e categ
ami nes, ami no aciedat edamimedod abadiid es, phospl
|l ysophosphatidyl cholines (LysoPGCsphi ngsopny enlgior
( SM( OH) s) , acyl carindes neBGY)ACsdi gltywderliyccees ( D
mor e. Combined with an average of 188 combi na

could yield a total of 824 absolutely quantit

The TMIC MEGA assay uses a combination of
and separation, speaercd roenedatiicvedemass i on using

(MRM) . This all ows the assay tofywomebdhel i des

assay utilizes ¢ hneenti bcoadk v pdhamrsievmenri fgdart mamc e I i
chromatogmnaemymass RPHR EMS /oMiRdtrr yor(gani c aci ds,
amino acid derivatives, afnldowiiomgjeeagtci ami nR2KEI, )
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antificationTof ehsprdspaadi A€smetabolite ¢
ol apeel ed i nternal standards (1 STDs) i n con
roughput amwasl ypseirsf,® 8weeed aipnsaye f or mat . It 1 s

i's assay requires specific standard reagent
epared by dissolving acdusaiél gdWeiagBedersa
fferent cali bf @a&adCoall w&uprdvtea i snteadn doayr dnsi X i ng an

ock solutions with appropriate solvents, C C
alytes according to their known or expecte
i ospeci mens. fmfomo amal yysi, s aoni na aci d der i ve
cleotide/ nucl eosi dgeusa,l rayd@em@gamibe daciwdd . h 3
ncentrations were prepared by diluting the
|l i btanhdands. This comprehensive analytical
tegories, wi t h dtadbcek edo Icwtmpomusn desf pire@tac ea |

rbohy@s anesdetrheviamidivpsds and their derivati
andard (1 STD) s:OWwaadlison anieatued by middi ng al |
beled stock solutions. For -l arbged reidc eveeanigd u,n d
epared wusing 75% aqueSoldDe | met danomi Xt Ar evor ki
t hwatehen created by mi xi Agabaendeddisltuotcikn gs oallult

The TMI C ME@A a9sbs-wadyé ¢upspl at e configuration,
ppelrat e secuwrneldtyo pat { awileae dspelaaltieng t ape. A tot a
Il 1l's are dedicated toQ@a&nmnd omrenfi irge vae i ohiesc kcs,l
rr--a bl ank spaommlte s atmprl eeesc, @ restreavi enn ngt aorrd acrad i br
d t hsaemplQCs. To prepare the wdrnadsawe & aonmp | iecse f
mo v a l from the freezer, foll owed® 0W®Yf ¢bth @r ou g
n4 @€e mper aSwbhseequently, mpl &Lwas éeéaadepl| asma
e filter paper (pl acewkeliln peadctke weldl )Jdromrdt h
t rbagenieaati-h@nt ai ni ng meitsadtoH ii d ceysaaathéeteoyR | T C)
e dri,edamd atshmevefrdigliteedr osnpcoet smor e using an eva
ndhen extracted by introducing an ammoni um &
etate di slsometeldan ol )3,0@amsdu btsheeq ueexnttrl ayc tcsent r i f
wede®pBp wel l pl ate before being diluted with
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Foorganic aci d arcaollyds imse,t hlasn0o | O La nodf-l 1adc ed Le do f
| STD mwetervaddbd QU acsfmatphieel i natetDa® edr niogh't
prece ppt.dthetinme  swanpeé ret ri fuged at 13,000 x g f
Following centrifugatwalsoadedd Odntod tthhee cseurpteerrn
of t hkceepP 6 wel To ptat evaitci zeaonotragiani ng 3met abol
nitropheny-NRPi¥Was za chcee db3atsy lwetld d altsy drroxegd ohd s ea e
stabilizer, ,nd fom@wSwiitnh) ewat enm-deAl Vvathawedcahimpl
subsequently deliveraddS@Agi ISente xTQdt hraplEo $§509,
equi pped with an Agilent 1290 series(AgPLENBY
Technol ogi es, Patbohal thef e€A) and Gsusaannipiweéeyse | i pi
del i der eédt Mggve a DFI . vaats@ r A oaimegsi @ 3 i8nogf tAwmaarl ey s
(Applied Biosystems/ MDS Anal yenscuarli nfge cthimeo | aa@a u

precision of our metabol omic assessments.
2. 13Ur2i.ne anal ysi s

Nearly the same metabol omics methodology d
of urine samples. The one major wagdterreaces 3 ar
for the wurine sampl es. The urine assay al so
dilution factor and t haenaJ glzumde u roif n es aanrpd ley s(i X
guantifiable results for 262 metabolites and

the measured metabolites.

2. IMi.crobi ome anal ysi s

To assess my microbi ome, I empl oyed a spec
commer ci al supplier known as EasyDNA (EasyDI
mi crobi omectedéeskatl| the materials needed to c
rubber gl oves, a testThebmicarobi amshi eppi sgwemn
end of -deagchi®4 trial, with samples bédblmag col l

and data re3uwaeklswi The nERs §BDBAr R&ldt saquenci n

type and abundance of sABcéexampbacotkeram EaswnDH
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t est al |l owec

nfl
di versity
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t est report

evaluation of how each et tri al [ uenced

The

my

assessment of mi al provi de

pinpoi nt sg
nduced b

al so hel ped to

t hat

tgumi cr obi ot a. It

gut microbial communities wer e |

=
[ Results of specific bacteria abundances L The most abundant phyla in your microbiome

PHYLUM FIRMICUTES 5366%
0

Abundance is optimal,
One of the mast abundant phylum in gut microbiome. They
the absorption of fatty acids and lipid metabalism,
ufes, compared to Bacteroideres
aciated with lipid accumulation

and ohesiy.

GENUS BACTERDIDES 745 %

Abundance is aptimal.
One of the most dominant genera in gut microbiome. They
beeal down fibre, but their higher abundance, compare to
Prevatelin, has been associated with fat- and
diet,

GENUS BIFIDOBACTERNM 49 %
0
— | —

Abundance is optimal,
Bifidobocterium is a main probiatic bactera that can
produce vitamins, break down indigestible carbohydrates
and protect the gut from pathogenic micrabes.

PHYLUM BACTERDIDETES

Abundance is optimal
Another abundant phylum in gut microbiome. Higher
abundance of Bacteroidetes, compared ta firmicutes, has
been associated with leanness.

GENUS PREVOTELLA

Abundance is aptima
Prevotella breaks down indigestible fibres to beneficial
compounds that support welght loss. High level of
P tompared o s been ass ed

GENUS [ACTOBACHLUS 0.52 %
]
—

Abundance is optimal
Lactobacillus genus is one of the main probiotic bacteria.
They are able to ferment indigestible carhohydrates into
beneficial compounds and produce vitamins. They also
protect the gut from pathogenic microbes. They form
major part of lactic acid bacteria, which ferment
carbohydrates to lactic acid

53,66%

Firmicutes

The most abundant genera in your microbiome

Frevotella
Bacteroides
Faecalibacterium
Holdemanella
Bifidobacterium
Ruminococcus

Blautia

Collinsella
Romboutsia
Coprococcus
Phascolarctobacterium
Ruminococcus?

Darea

Gemmiger
Lachnospiracea incertae sedis
Fusicatenibacter
Clostridium XVII1
Roseburia

Clostridium XIVa
Parabacteroides
Anaerostipes

Parasutterella

Murimonas
Turicibacter
Senegalimassilia
Eisenbergiell2
Lactobacillus
Other

Bacteroidetes

34,89%

mActinobacteria  m Other (<2%)*

7,45%
— 5, 30%
— 5, 76
—,91%
—,17%
— 3,000
— 3,920
—3,29%
—2,57%
—2,53%
— 2,510
—2,29%
—2,02%

- 1,67%
—1,54%

- 1,20%
-—1,26%

o . 1,21%

= 0,54%
= 0,52%

5,12%

1,29%

25,61%

w

examBpldOgNAo fguttheni cr obi ome report

phyl a

Fi g2a8& e An

guantifiedvabudmdan bastefri al and gen
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2. 1Pyr.ot eome anal ysi s

Proteomic analysis was conducted on coll ec
employing the advanced Meso Scale DiRlcbbX¥ery
Proinfl ammatory TPhinel kfilitteedhwasgptre)c i Kiitc. i mmune pr
Il F-D( i nt ed), f dblloinnt e-ib), e @ kLi-4i, 161, L-81, -110L-12p7 @,3,1 land
TNR(TumNecrfasiUpTThePIVEX met hod issa nad eghuzaghmien k atli v e
i mmunosor bent assay (ELI SA) t hat uses el ect
technique as opposed to a colorimetric -react.i
PLERroinfl ammatory RaomalMUbhEEPIOTImappraco@isted wi t h
capture ,arctail b ddiaegor s, individual | abelAld det e
ELI SAs were performed f ol whowihn g nnvagneunfeadcat tputs eesre
First, the plate was washed 3 times with PBS
dilutions Thm&m® ©Oheofvekhsh plasma sample was a
incubated for 2 hours while shaking at room t
OL ofSut-Te | abet é @etdi on Anti body Blend Solutio
foll owed by uanatnhceurba2 i on, and shaking at roo
period, the plateofwashewassOhed Remdd BT fGlr B was
the ELI SA steps, the plate was read using an
|l ocated on the 6th fI otohre oUnitvheer sLiit yk ao fS hAil nbge r it

me as urocefmetnhiti s 9 mbd 4 eatmmaft opryo proteins over each

compl ement the metabol omic information -and pr
induced i nfl ammatory changes t hat masy onrot h
physiological monitoring.

2. 1e.nome anal ysis

To gain a comprehensive understanding of m
using the 23andMe (23andMe, Californi a, USA)
instructions, a specially desi gnsh gpibreg feomrv el:

23andMe performs genetic testing using the s
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Screening Array (GSA), version 5.0 SNP
GSA is-ganeeation genotypisctqal arrgeynwetocs popal s
phar macogenomics studies, and
650, 000 SNPs uitable for both ancestry
once, at the beginning of the study,
propensities, foodsporfetrlarersiskK®oadr apgetresntoina
the planned etary interventions. Thi
physiological, dietary, and biochemical

A visual representation of the methods
Fi g293 e

proec iosfi otnh emeah i

and

Mental and Physical
Performance Tests

Capillary Blood
Collection Device

Continuous Blood
Glucose Monitor

Fitbit Smartwatch

N

39

"

! I Metabolome

§Genome

/ Body Temperature

Monitor

| Microbiome

Monitor

o %
Ny
m){
V/ay

Blood Pressure

Fi g2%l gener al

overview

of

the monitors,

t




2. 1St.ati1 stical Analysi s

Throughout this project, I utilized a rang
dataamal ysi s. To compare means bettevetesn fdarf f pake
comparisons and Analysis of Variance (ANOVA)
equal varianceFor sly tahpep lainedd BBarrotwneitst 'wsa st ecsa nsd u cl
to explore individual vari abl es, while mul tiwv
mul tiple variables simultaneously. Chemometri
compl ex chemical dat aof asiidg nnigf iicnantth ep a tdteenrtni sf.i
to group similar data points, revealing natur :

a -vpalue of 0.05 was used as the threshold for
weer rel i abllet aind worbtulstnoting that all urinary

creatiniOmel Nrewoel creatinine).
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Chapter 3

Resul t s

3. 1IDi et Anal ysi s: Food Cat

To calculate the intake for each food or f
number of standard ser\0ngs ECearnadlay swesivn g gt Isd
food intake variables were thedn deasys mad ede rbiyv
servings per day. A summary of the food group
during each dietary i n8 etnvde nFtBigidlBr.. &8ss pr esent ed

3. 1. Flrruits and vegetabl es:

Fruits or fruit juices were consumed durin
whilehenFFD and KD (Table 3.1). The highest |
wawhi |tethenKD, while dark green vegéht dteh ® s RWer e
and MD. No dar k gr eenwlvielgehtearoFl Feld1l wearlide elc oannsdu noer
vegetabl es, such as tomatoes and tomato produ
288.3 g/day during the MPD awecagédas96. 5hiE RE
N 102.2 g/day, and 29.9 N 32.2 g/day of red/
consumption of star chwhivleeheat raFbFlDe s( 1wa3s. 0t hNe 8Hh3i. o3
was fully sourced from potatoes. Il n contrast,
ot her starchy vegetables were consumed during
RD oMvever, 45.7 N 34.5 g of other starcky vege
consumed during the RD. No starchy vegetabl es
N 70.4 g/ day of | egumes were consumed during
FFD, KD, an3l, RPi3g)@Tabl e

6 4



3.1.@r.ai ns, nut s, and seeds:

On average, 199.0 N 35.4 g/whaytetb® nFED|j neti
no whole grains were consumed. An average of
g/ day of refinedwlyi latehnes MANED eh acb ntshuemnehdi ghest cc
grains with an average of 45.2 N 56.7 glday of
On the other hand, wholtghe@nkB. w28 e3 cnz3&.m2dg/ da
wer e cowhsiurnedhdo nRD, 1§/ 8aW WwerwehicldemsounKddd and 2. 1
g/ day wer whrcbtalseamdD, while no nutwhiodoteheoaEHED we
(Tad®l,e F3gure

3.1 . Meat and eggs:

The KD had the highest |l evel s of meat con:
consumpti ovhi ¢ @c UtrhheeadRDBA ,TabBd g2r dahe KD and FFD
hi ghest | evel of red meat (including beef, ve
overall average of 141.2 Ne8pe&uthigwehy,hearmRd &t
had the | owest |l evels of red meat ,cespempi Vvelhny
An average of 5.4 N 16.3 g/day andwBRltehaln10.
RD andekkpPpectively. The FFD had the highest | e
(31.N 23.5 g/ day). No cured meat (including s
consuwhédtthenMD. On average, Wac8ndNwha8d@hehday
MD, 55.4 N 83.1 g/day owht htth&bBRD.anNo 1®o @I tNr 8
wer e c owhsiulneehd® nF FD. No consumption of organ m
game, and poultry was recorded forwhinlytthoént he
KD (55.7 N 14.2 g/ day), |vehsisl e mebgijglde mioenrgd hea n dii
(4.4 N 11.35 dl/daagye3 Ngdwkg3 lgheonFFD, RDresapdcMDve

No food containing soy was consumed across an

3.1.Dairy:

The highest c¢onswhmplttahoannFoFfD dnahiircyn wwaass mai n
cheese (410.0 N 150.1 g/day), and mihlilghe83s. 7
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consumption of dairy with an average of 358.7
and 16.4 N 28.2 g/day of yogurt. In contrast,
g/ day of mil kwhwdmreden&KDsumwédad |l e no yogurt was
129.8 N 133.5 g/day of cheese, 49.52N 83.8 g
recowldieldeh @ nRD31, T ab32pu.r e

3.1.®i.l s and soli d fats:

Fats that are naturally. pbgdeonogenatedtsegs
coconut oil s, and the fat in avocado and ol i\
Aoil s0 whi cwhiwletehew mKiDg h(e5s2t. 1 N 28.5 g) , and MD
|l evel of oils was consumed with the FFD (17.9
in meat, poultry, eggs, and dairy; hydrpglkmat e
kernel, coconut oil s; coconut meat , arBd 3cococe
g/ day), and |l owest with3)Be RD (9.6 N 5.7 g/d

3.1 . Beverages:

The consumption of unsweetened dr iwlkisl esuch
ornmhe KD, 391wh\ |%6h.@nMpD/,d a3y 3wi |76h.enFgH Dd aayn d 2 6 <
73. 7 whidlaeyh ® nRD. No other kinds of drinks suc

consuwhdedanynof the four diets.

3.1.Added swugar s:

The highest sugar consumption with an aver:
whi ltehe nE¥XPDect etedhley | owest sugar consumption wa
(Fi 3u)rde An average of 297.5 N 123.1 g/ day of
conswhedtethenFFD which consisted of Coke and o
iced coffees and coffee creameif warl IT heet hgeura nd ii &t
zer o. However, an aveugar iof RHe 4f Nr ®. 6f gu nlswe

consuwrhadth e nMD.
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Tab3leThe medan nlt4dake of consumed foods, beverages,
wei ghed food across all dietary interventions

berries (

bl ueberry
I ntact fr
Eroui excluding ) )
mel ons, a 0.0 N/ 404.4 | 0.0 N|235.09
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(g/day)
Fruit jui
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Total fruits (g)

Citrus, melons, and berries (g)

Othe fruits (g)

Fruit juices (g)

250
1000 250
200 600
800 200
u] v 150 v )
a (U] (U] Q
400 100 100
200
200 30 50
°“Fp mMD Kb RD °"Fpb MD Kb RD " Fb MD Kb RD " Fp MD Kb RD
Group Group Group Group
Total vegetables (g) Dark green vegetables (g) Red and crange vegetables (g) Starchy vegetables (g)
800 200
1200 600
600 =00 150
: : g :
o © 400 g © 100
g o ‘3300 V)
200
200 50
100
0 FFD MD KD RD ¢ FFD MD KD RD ¢ FFD MD KD RD
Group Group Group Group
QOther vegetables (g) Legumes (g).1 Whole grains (g) Refined grains (g)
60
600 100
50
a0 &
£ £
530 § 60
) o
20 40
10 20
FFD MD KD RD 0 FFD MD KD RD 0 FFD MD KD RD FFD MD KD RD
Group Group Group Group
Fi galr-Bar charts of the averaged amount (g)
each dietary intervention.
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Red meat (g)

FFD MD KD RD
Group

Seafood (High n-3 FA) g

Grams

Cured meat (g)

60 150
50 125
40 100
30 75
20 50
10 25

0 0

Grams

i

FFD MD KD RD FFD

Group

Seafood (Low n-3 FA) g

Poultry (g)

MD KD RD
Group

Eggs (g)

120
100 150
80
« 0
£ 0 £ 100
[G] (G
40
50
20
¥ MD KD RD O Fb MD [ RD
Group Group Group
Nuts (g) Legumes (g) Total dairy (g)
60
100
50
80
g g
S30 & 60
20 40
10 20
0 FFD MD KD RD 0 FFD MD KD RD
Group Group Group
Milk (g) Yogurt (g) Cheese (g)
50
40
@
£30
e
€]
20
10
MD KD 0 FFD MD KD RD MD KD
Group Group Group
Fi g82-Bar charts of the averaged amoun
during each dietary intervention.
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Qils {g) Solid fats (g) Added sugars (g)

80

Grams

0

FFD MD KD RD
Group Group Group

FFD MD KD RD FFD MD KD RD

Fi g33-Bar chaaveraanpeaitnt go(fg/oddys, fats and &
during each dietary intervention.

3.1 . Meal s

An analysis of the ingredients for each me
al so conducted. The food intake variables wer
days ttohmeami wervings per day of each meal . A

and the average amount c od s o neendds wsintahc kbsr edaukrfian

dietary intervention isi3@resented in Appendi x
Breakfasts

During the dietary interventionmnshidmerot heui't
FFD, KD, and RD. I n contrast, the MD include
vegetables were eaten with any breakfast acro
i ncluded wiwhholnbrtehaek fMDstasnd FFD diets, but not
vegetables and | egumes wdrieiabgent rOftthems lryeak
vegetsawclhe sas wavy ec abns ureadk wiaisdtns tbhe RD and MD.
grains and refined gr ohiobne wehree KnDot Hpoametv eaf, bt rh
refined graiamsd, iRIDnldud édce MDDt h whol e -rainadh rfedad dise
wemobgonsuwmdadh breakfasts on the (KWRaopd)iepgs,| y
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wi t h

no

nut s i

ncl

cured( sneaga@eagd) eggs,

uded.

The
but

exclusive(pednom BHatpeo)ein

breakf

i nt er v eordtei vodmes, e s e
consuhdadne t he AKDlidiiedtdadt | gugar s
Tam |l teh & . RD reipegtesent s
anrdo sFs gallrle pBli. @t asohfo wi:

t hFeF D,

consumed

asts on t

MBD, abdt
wi t h

he MD

wa s

not

di

et .

a part

breakfast s

breakf atsheiviemalgedti tuents

di ffer

Tab32eT he

ences 1in

meda ni nltd4a k e

breakfastsbéb

f oods
No

of

of wad drhs bmeexdr koffsess dad |

i ke

composition

FwDthatrebh& bmsdnemd
n o dnuurtisn g Wehsee DR Derakd dh
€ggs,
ni i | akhoyd rdtiyaeety u r t

breakfasts

wer e wihnanheud e d

( mi-cutor, isemavism @,

acr oss

di etary

Food groups FFD MD KD RD

Fruits (g/day) 0.0 N/123.7 1 0.0 N/ 0.0 N
Vegetables (g/d{ 8. 26N| 67.3 N| 0.0 N| 74.0 N
Grains (g/day) 62. 4 87.5 N 0.0 N| 51NB6
Proteins (g/day] 39NT6 0.0 N|68.3 N 28.4 K
Oils and fats (| 18.9 14.0 Nl 17. 14.6 K
Dairy (g/ day) 109.9 [339.5 1 0.0 N/ 77.7 N
Foods with adde{ 3.0 N/ 4.0 N| 0.0 Nl 11.5 N
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Scores Plot

o FFD

MD

PC 2 (29.3 %)

PC 1(37.2%)

Fi g834-BCA pl ot of breakfastsoénaverages msmhow

in breakfasts6é composition across all diet

Lunc:hes

Fruit intake witwhil lutmhcehnMa santdh eROhidgiheetsst i n
juices, while no fruits or wtfriadinett haii €EEB avred eKI
green vegetables wer evhnane Fcholn sheunted i wict hbdledn ¢ h
forst,sch as sppeppéarhan dDye KD, and MD. Red hand

as tomato andweroemapar tproofdulcumssc hes onwhillle dort
t he MD an dwhtihl de hleonw d Di. Starchy vegetahltees, pr.i
were consumed with |l unches on thsufFRDagmeéoMD,
i nclwldiedde t he RD, but none were consumed on t
l unches across all four diet interventions. R
and MD, and in smaller amounts on the RD, W |

consumption with lunches walse ehfi gdpaeupwrul,i nge afr
and eggs, Rbhieetealkad htehe | owest dmeeat icnocnl-suudnepdt ip
riftmods such as meat s, poultry, seafood, and |
small er amounts. Dairy consumption during | un
diets, with adadvihtiiltthelnMpPogAdtednsagars were h
the FFD, and mini malTabhet Be SKDepRBseand MD.S umi
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al |

c ons umeldu nacahtehso s s di et ary SsnhtoewsveantPOAspI| G

( mn g tr 10 isheomrd gnygo ,t haen dd i f d n

| unamalsavesagesdti tuents

i huncchoenspbosi ti on across all di et groups.
Tab33eThe medan nlt4dake of consumed foods with lunches
Food groups FFD MD ‘ KD ‘
Fruits (g/day) 0.0 N/ 12.7 N 0.0 N/ 3.8 N
Vegetables (g/d¢{113.9 [190.0 [220.9 212.6 |
Grains (g/ day) 70.5 24.4 N 0.0 N| 33.4 K
Proteins (g/day|64.9 N 1.7 N|[134. 4 1.8
Oils and fats ({ 25.2 28.4 N 35.5 f 20.3 N
Dairy (g/ day) 207.0 68.9 N160. 6 51.5 N
Foods wistulgpaasdg({ 15.7 N 0.05 N 1.0 KN| 0. 4
Scores Plot
Od) %O
z o <
5 ? o % ©
Ooo?j Ooo
q %
o]
© o
PC 1 (40.7 %)
Fi g3a-BECA pl ot of | unches avwvneutargieedn tnsi

di fferences in lunchesd® composition
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Di nner s

No fruits or fruit | uiwheasl tewernd FOo rog u mRdd Wic
me fruit juice walsi Ictohnes uvide.d Twhiet hh i dgihnensetr sv e g e
th dinnehs|ebenMbedwhich included a variety
ch as sweet, psetatohgndédgemakipe mes, and ot he
nners with the KD and RMDcfhe atsu rse@d ndarh&k dagade dz |
ange vegetabl essucahda st dieoe akeiegbed m@dd iesant |y

get abwiet h nomlky s mal |l amount soofceddf aoth bom
mat o ,prsotdaurccthsg ov e g egdatbadtecaensd ot henclhvedebhgbbes
d p.ichkd eggrains were consumed with dinners o
nwéi $teheonFFD and MD, and both refined and wh
ring the RD. Dinners with the KD had the hi
at , poul trPjnegogshRkekahddnubhe. secondsbughedt
pmul try, seafood, and cured meat. The MD f ec
e FFD diet had the | owest overall Norgobgiumti |
s consumed for dinner on any of the diets.

e FFD, followed by the KD, with mini mal con
th cheese and mil k. AddeRddiswhger®mewd& F®, mws t |
gni ficantly | oweh rdieettassk3®. d6h ajruiBdep) pebei dehar de
eakdown of the nutrient cToanbploes i3t.i4o nrse porfe sde nnti

the food groupmec®ssuméd witwethary6smeaws vant

PCA ptbe dfffer editn detdls eam eyr eggmosutpi t uent s (mi cr o

nomut r sheomtisn)g t he ddinfofeenppeorsd ¢ § oinn acr oss al |l di e
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Tab3d4eT he medani nltdake of consumed foods with di
Food groups FFD MD ‘ KD ‘ RD
Fruits (g/day) 0.0 N| 8.5 N 0.5 N 0.0 N
Vegetables (g/d{75.4 N471.2%4(361.5 332.1 1
Grains (g/ day) 77.4 N 24.5 N 0.0 N| 23.8 N
Proteins (g/day] 55.4 N 95.2 N 149.5 116. 6
Oils and fats ({(21.8 § 28.5 N 38.5 § 20.8 N
Dairy (g/ day) 122.133 39.1 N/67.4 N 1.0 N
Foods with adde({22.4 N 3.3 N| 0.9 K 1.7 N
Scores Plot
o FFD
KD
S MD
RD
o - ]
g s ®o
O
> o @
Z o) o o
NO_ o @]
g ® ® e
? © o
o o
aP©
"] C
o]
s o :
PC 1 (29.7 %)
Fi g3ea-BECA pl ot of dinner s avneurtargieedn tnsi csrhoo, winma
dinnersdéd composition across all di et groups
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Snacks

No fruits were ovhndtmhedFFDt @nsin&dDOks nt er ven
whi ltthenMD, various frappbhes] bahadiasgagr apéfr
were consumed as snacks. The RDpihmtde bhaamtniacn w
snacks but in different quantities. The RD sn
or or ang es uvcehg eat sarbcl aeist @ & $s uvcehg eatsa bslweese tc opnetarsa s t
and sknlacks had swagétambobalnst sMbotflhad htehe | owest
i nt ake, wi taltmoamlty o& osamaNMba d@r ai ns wer e consume
whi | teh @ nKD. However, refined whialitehseo mFeFDe acnodn sR
and both refined and whol eehgtteh @ asMW.er Mo Cc®mdtuanie
as meat, eggs, poultry, omwhsdehean¥D.wsSinlaec Eem s |
the FFDriemebhudedhi l e the RD included eggs, an
cur ed( hneeachrd) €ggshi ghest dairy intake with sna
mi |l B aheese being consumed. Dairy intake with
while the KD had the | owest dairy intake, con
consumed with snacks during the nkhimerdt evri t ehn tsinc
during the FFD, RDTahhd B®MDS5inepreseni sna. sumn
consumed awviktsto s s al | dietary73maws va nRBGAarcpkl,so ta n
andhaivrer agadti tuent s nf minomao ,iseamisn@ , t me di ffer

snaclsmposition across all di et groups.

Tab3dbeMeandldnt ake of comawvmesdsfsoadd wiiteh ary i ntery

Food groups

Fruits (g/day) 0.0 N/698.1 | 0.0 N[371.6 N

=2
(o]
[N
o

Vegetables (g/di{59.4 N 15.1 N 26. 4

pral
o
o
pral
~
n
Z

Grains (g/day) 10.8 N 21.1

pral
N
w
2
=
o
o
Z

Proteins (g/day] 10.2 N 0.0

pral
N
\l
&8
p]
ul
w
Z

Oils and fats ({21.1 KN 4. 4




Dairy (g/day) 141.1 [169.9 N|23.3 N 49.5 K
Foods with adde{(36.0 N 0.9 N| o.®m.f% 8.0 13
Scores Plot
w - 0 80
OOOQ)O
O ocoap
g © 0O o ©o o
i °
joA O
9 08 ooo
O
@ - g0 © ©
0
]
- PC 1(31.1 %)
Fi g3n-BECA pl ot of snacks avewuageédadnmiscisd, win
snacksd® composition across all diet group
3. 2Di ental ysi s ccahdr me s ome
nutri ents
I n this section, a detailed summary -of the
nutrients consumed for each of the four diets
types (breakfast, l unch, di nthent, is;matckspr awnidd
of the composition of the foods consumed for t
to be made with the metabol omic data and wear
macro amdtmienwasndétysi mi ned by comparing the
records with the ASA24 tables and calcul ating
from this analysis showed that the daily eneil

79



i socal ori AMANCaVAl ean&l §si s i ndicated that no st .
evident in terms of caloric consumption betwe

caloric content for each of the threm migias st &4

it is evident that the | owest calorie meal fo
FFD, and the highest calorie meal was lunch f
I n addition to analyzing the total energy

anal yzed, both on a daily basi3%, agddh)dbesan a
macronutrients included protein, fat, car bohy
protein consumed per day was highest with the
(81.0 N 17.7 g/day). The MDe aonfd 9RD 2h all 1a3n. 3a vge/
N 20. 8r egs/pdeacyt i vel y. Eeaxcche eddfe dtmhi en i frauunr Rdeiceotmame n d
Al l owance (RDA) for proteil®Slmmaker mshio¢hmesl .
with the KD had the highest protein intake (2!
RD (12.1 N u3ncéhegs/ dmaiyt)h. t he highest protein in
g/ day) while the | owest was with the RD (33.2
protein intakeanh4d6.theNI|IDbDWve&tg/chaywakle2 .wea sg/wd a yh)

The average amount of fat consumed per day wa

FFD had thheghsesdomdver age amount of fat intake
had | ower | evel s369f flat teomtse otf (mleaab Ise break
hi ghest fat intake (25.2 N 8.9 g/day) whil e t
Lunches with the highest fat intake were with
with the RD (23.6sNwi4h5tbged&Y) .habi nhe highe
g/ Janwd the | owest i ntake was (Nwittee ®RDA BFDf @2-
mar ked as not determinable in the refld¥dnce v
The average carbohydrate intake was at its | o0\

MD (208.8 N 54.9 g/day). The FFD and RD had mi
180.5 N 28.1 g/ day and 180di5etNpt2e8k adle gt/ hdea yK D r e
the RDA of 130 g/ld®yl hotecmsbohydtdeates breakf
hi ghest carbohydrate intake (61.8 N 32.7 g/da
0.2 g/ day). Lunches with the highest carbohyd
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while the |l owest was with the KD (10.9 N 5. 4
carbohydrate intake (72.2 N 37.9 g/day) and t

Tab36eA summary of the macronutrients across al

KD RD

Food groups FFD MD

Enerkgyad@y ) 1980816619401 @4/196K136/19206 &

2

Protein (g/dayl 81.0 N| 94.B3N 94.7 N 91.09

=2

126. 2 63.9

el

Total Fat (g/d| 97.5 N| 75.6

Carbohydrate (| 180.5 § 208. 8 21.1 N 159. 6

Tabld7eA summary of the &v/iadaywle aalwelle antaker :

fat, carbohydrate and added sugars intake act
l unch, dinner, and snacks)

Me a | FFD MD \KD \RD
< Breakf|{431.0 439.2 N 304.4 1 349.2 N
o
% Lunch 688.4 I 525.3 N | 747.4 N 51.5 N
E Dinner | 538.0 N| 619.0 N| 641.9 N 6094 N
Li Snack 48.1 N| 354.9 KN 277.9 N| 38 . 718.
c Breakf 19.1 N 18.7 N 20.4 N 12.1 K
© Lunch 35.0 N 39.4 N 56.0 N| 33.2 N
§ Dinner| 26.6 N 34.1 N| 46.0 N 33.4 N
. Snack 12.1 N 9.8 N 2.8 N 6.9 N
— o « |Breakf 25.2 N 13.4 N 23.5 N 17.2 N
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Lunch 37.6 N 32.2 N| 53.3 N| 23.6 K
Dinner| 24.6 N 30.6 N 45.5 N| 26.3 N
Snack 22.5 N 5.7 K 18.0 N 6.4 K

- > Breakf 32.4 N 61.8 N 1.4 N 40.2 K

c ©

gf Lunch 51.4 N 34.2 N 10.9 N/ 49.2 N

;3 Dinner| 72.2 N 60.2 N| 11.9 N 27.8 K

- Snack 67.5 N 72.8 N 2.9 N 46.7 N

The average daily consumption for 56 micro

food records for each of the four DRil&8fSo Nut
determine whether they exceeded the recommend ¢
are presented in, Tamlded i& uBneds33.99 and 3. 10

The FFD exhibited several significant dev
(DRI's). Fiber intake was notably low at 7.3 N
288 g per day. Cal ci um icnltoasked et oA R| 8 © &8n2geON o R 2 ¢
mg for adults. l ron intake at 13.5 N 2.3 mg v

mg . Magnesium intake of 160.9 N 33. 642100 mwa.s ¢
Potassium ilndastk el 8wBa7s. 8a IN6 @5r1 5b.e6l onwg t h 68 4r0c angme n
Conversely, sodium intake significantly exceec
N 625.1 mg compared to the advised maxi mum of
their respewtaill wuesDRIFs,13wis5t N &y.2 \Wigt aanémidn 1Q 4i. n6t
significantly |l ow at 19.8 N -9101.rBg.mgl, ntfaak e sbedfo
ri bofl avin, ni-6a cwer, e awmidt hviint aawmi nabBove t hte DRI

intake of t(hleasbkel.eB d.i&)ami ns

The MD presented a contrasting nutrient pr

DR 2%8 g/ dayd)h an intake of 24.9 N 1Z21®0¢@. Ca
1200 magt dagsd. 1 N 215.2 mg. I Iromen nttlakre frodec Admé

8 2



wo men. Magnesium intake met the DRI at 362.1
exceeded the DRI at 3704.e9% cNe eldidnlgaQy .5 98 08d iNu r

mg , wel | above the recommended | i mit. Zinc in
intake exceeded thge WRtlamitn 1& 2i. 2t &Nk e33w&®s si gn
176. 9 mg, surpassing the DRI . -Ghiamakes webefad

their respectiver OWRUstr ainmgteask e i Inav eladTialdd.d hF.s&)

The KD sdiofwieedr eant di str iFbdbtiron ndfakmeutwraise rsti s
8.6 N 6.4 g, wbl3mk8hyeldoaayl ¢t hemDiRht ake was notab
258 mg. l ron intake was insufficient for wome
225.1 N 163 mg, and potassium intake was near
Sodium irntghkeatwaBs25M. 9 N 1442 mg, exceeding th
the DRI at 11.2 N 3eB8cegdeadanidt Ot /A B &md NnNtCE K &
met the DRI at 79.1 N 73.8 mg. -Bhiambhkes web
above their respective DRI ranges, (iTnadbilcea t3i.n8g)

The RD also had notable deficiencies and e
N 2.8 g. Calcium intake was significantly | ow
bel ow the requirement for womelnovatats. 5N 2.8 3
and potassium intake was below the mbElerat elyg0
high at 2523.8 N 787.4 mg, exceeding the reco
6.3 N 1.7 mg. Selenium int@dkeViexamien ed it rmtea DR |
at 84.5 N 47.7 mg. Thiamine intake was sl ight
niacin, a6di nfakesnm8t or €e€Xaklkded8. 8 he DRI ra

Caffeine intake was highest in the KD (159
57.5 mg) and the MD (122.2 N 52.9 mg), with t|
Theobromine intake was present i nNth3. & Fridg)( 56
was absent in the MD and KD. The intake of <caf

gui delines which suggest that up tao Tabd.em@ . [Be
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Tab38eAverdagiel y intake of other components of
Nutrients (p FFD MD KD ‘ RD

Caffeine (mg| 122. 4 122 1509 N 115.6
Theobromine 56.1 N 0.0 N 0.0 N 16. 4 KN
Fibre, totaly 7.3 N| 24.9 N 8.6 N 19.7 N
Calcium* mg/|893. 7 804 558 N 432. 4 K
Il ron (Mg/day| 13.5 10. 9 9.4 K 8.4 N
Magnesium**(m 160. 9 362 225.1 1 253.9 |
Phosphoru% (|1104.9 |1696.1 1211. 4 1190559
Potassium® (m1887.8 [3704. 2495. 4 2402. 3
Sodium (fmg/d/3541.4 |5259. 8 3259.9 | 2523. 8
Zinc (Hfg/ day| 13.5 8.6 N 11.2 N 6.3 N
Copper {°mg/d| 0.8 N 1.4 N 0.8 K 0.9 K
Sel emy Wiy 104. 6 142 139 N 104.6 |
Vitamin ¢!(m 19.8 N 285 79.1 N| 84.5 N
Thi ami ne®¢mg 1.6 N 1.6 N 1.2 N 1.0 N
Ri bofl avi?h® ( 1.4 N 1.7 N 1.9 N 1.3 N
Niacin {fthg/d 21.7 26. 4 21.8 N 26 N 1
Vitanmd n( Mg dg 1.1 N 2.5 KN 1.9 N 1.6 N
Fol at &y dtags/t)al 280. 0 377 287 .18 357. 9 K
Fol i cig/adcaiyd) (| 145. 9 102 0.0 K 92.3 N
Fol at edy dfagyod| 134. 1 275 287.5 N 265. 7 K
Fol at eigD ME/Ed N i
le 382.1 449 287.5 N 422.6 N
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Choline, t*%t]| 240. 3 355 K 561.3 N 259. 4 K
# A1 1 four diets were below the Al |l evels f

hi gher andl eVvelser to this
#2None of the diets passed the RDA |l evels o
#3None of the diets ipassgd 8 hmeg/RIRA )l evel s o
#4A1'l the diets except for the MD were belo
#5None of the diets passed the RDA |l evels o
#6Al 1 the diets except for the MD were belo
#7Al'l the diets were above the Al of sodium
#8Al 1l the diets except for the RD were abov
#9The FD and the KD were below the RDA for
#1AIl 1 the diets were ablgvdkeayt)he RDA for sel g
#1-The vitamin C |l evels were | ower than the

hi gher during the MD
#1-A1'l the diets except for the RD were aboy
#1-AIl | the diets were higher than the RDA fgdg
#1A11 the diets were higher than the RDA fg
#1511l the diets except for the BFD lwer enghidg
#16The FFD and the KD were | OfdavDEEabDi ehar RI

Equi val ent s

#1-Al

t

he diets except for the KD were beldd
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Caffeine (mg/day)

Theobromine (mg/dayFibre, total dietary (g/day)
25

-1 1000

Calcium (mg/day)

FFD MD KD RD

"FFD MD KD RD

150 SN [ e R RDA=25.0 | - RDA=1000.0 |
20
40
100 15
30
10
50 20
ol ol : ol
FFD MD KD RD FFD MD KD RD FFD MD KD RD KD
Iron (mg/day) Magnesium (mg/day) Phosphorus (mg/day) Potassium (mg/day
——————————— RDA=18.0 | -~ RDA=310.0 |50/~ RDA=700.0 - RDA=2600.0
15 3001 1 3000
10 200 1000 2000
5 100 500 1000
°"FFD MD KD RD " FFD MD KD RD " FFD MD KD RD °FFD MD KD RD
Sodium (mg/day) Zinc (mg/day) Copper (mg/day) Selenium (ug/day)
5000 - RDA=1500.0 175l | RDA=0.9 | |, - RDA=55.0
4000 1.00
3000 0.75 | mum
2000 0.50
1000 0.25
ol 0.00/

FFD MD KD RD

"FFD MD KD RD

1.0

0.5

0.0-

FFD MD KD RD

100

1 200

Folate, DFE (ug DFE/d
400 }--re 7 RDA=400.0 |
300
200

100
O"Ff0 MD KD RD
ay)Choline, total (mg/da

RDA=425.0

500

y)

400
300
200
100

Vitamin C (mg/day) Thiamine (mg/day) Riboflavin (mg/day) Niacin (mg/day)
0l | RDA=75.0 | 1.5 - RDA=1.1 | | -~ RDA=1.1  25° - RDA=14.0
15
200 o i 20
150 ' 10 B
100 10
—————————— 05 0.5
50 5
°%p mp kb ro % Ffp MD kb RD °C FFD MD kD RD °"FfD MD KD RD
Vitamin B-6 (mg/day) Folate, total (ng/day) 150 Folic acid (ug/day) 300Folate, food (pg/day)
-2 - roA=13 | |7 RDA=400.0 |
20 300
15
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gure presents the daily intake
erranean Diet (MD), Ketogenic
utrient withadbhRhrdi sthowTheg 1t dc
Dietary All owance (RDA) where
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The FFD showed sidaivfiytaanmnh wadi atairon-€ niomn d
12 intake wasO@pighgmif i6c 8ntNl yi. &xgc elend i ahagn tlt nhaes t Q
vitamin A intake w&®gRAHoRve taitn 027 4Aclt i\ iktedi8a ey u ihwe

recommen@de@@g 7D&itliynorl intake was si m@gbarly | o
car ot enoi d i ntcaak eost,e nseu o0y 6azsn Skceldiapheb eO Yy ,3 . whe e 1 .
mi ni mailyyopene intake was rela®dgvely higher at

The MD showed sdgmninftiakamrst loy kiag é¢Tarbd.ied 8. @1
Dai Bfcaabr ot ene i ntake waédghiaghc ald pth@Be . i8n tNa K d 8\
600gDailyamin A intake me®ORARRaiDIRiamitn 95 6i nt a5k9
close to the DRIdaiviyam8nNK6i ht mge angdgni fican
144.5 @®g 1Bdwsavielryy amin D intake wasOgbel ow t he I

For thaivkiBt,amin A intake was signigRAEantl|y
exceedi ndat tegcaddrRdt.ene i ntake was also Ogtably
Dailiyamin E intake was ¢l ose dtaadvlitytheemiDhRIK aitnt:
significantly exceed@®yai hgaRh &t i h148eNwh89 D,
6.9 Qg 7.2

In the RD,d a ivitagnin A intake met the DRI at 831.3 + 481u§ RAE. Daily beta
carotene (7137.3 £ 41884 and alphacarotene (1992.4 + 15354)) intakes were higher than
the FFD but lower thathe MD and KD.Daily vitamin E intake was below the DRI at 10.4 £ 2.8
mg, whiled a i itamin Kintake exceeded the DRI at 248.5 + 13@4andd a ivitarpin D intake
was belowthe DRI at 7.3+ 8 ( Tabl.e 3. 9)

Tab3d9eA summary of the average daily vit@aamin intake

i nterventions

Nutrients (pe FFD MD ‘ KD ‘ RD

Vi t a nii 2dg) (B 6. 3 N 5.8 KN 5.3 K 3.3 K
. . 3 N . 1449. 1
VitaminOp\RMREA 274.1 N 96659%K65. 1675 831.3 1
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Ret idgol ( 252.4 N 313.2 §395.2 1152.2 |
B 12504. 7137 . 3
Carotenmg?® bet|] 267.5 §7632.8
20113, 4188.
. - - | 1992. ¢
Carotené@&) alp 3.4 N 88. 4 N|264.5% 1]
1535.
Cryptoxantghin 10.4 N/  344.8 N 27.7 N 35 N 3
L 5g) ( 3752.2 |8558. 2 1968.4 92384
co ne . .
Y P 1954. 19412
. . N - 24419. 3161. §
Lutein + geax 242.8 N 3457 N
44186 | 2234.
VitamintBcoal . N N N
4 N 1, 13.8 N 13.6 N 10. 4 N
(md?
Vitamin K, p h - N -
s 48 N 1/ 144.5 N1143 N |248.5 1
(G)
Vitamin DO&)DT2 1.5 N 10 N 9 6.9 N 7.3 K
#2XAll the diets were abolv2 (@ghd4aRDA |l evels of vi
#2The FFD was |l ower than tdéed®&pPA | evels of vitad
#3No dietary recommended -tatakeneaoe etshabl ¢ahe
#4A1 1l the diets (especially the FFD) were bel oV
#5the FFD was |l ower than Oydcey)Al l evel s for vit 3
#G6All four diets were bel o@/dtalyd RDA |l evels for

8 8



Vitamin B-12 (ug) 1é{)i(t)amin A, RAE (ug_RAE) Retinol (ug) Carotene, beta (ug)
400

12500
6/ RDA=2.4 | | —— RDA=700.0

300 10000

1000
7500
200

500 5000

100 2500

" FfD MD KD RD °“FfD ™MD kD RD ° Ffp MD KD RD °“Ffo MD KD RD
Carotene, alpha (ug) Cryptoxanthin, beta (ug) Lycopene (ug) 25%31(;cein + zeaxanthin (ug)
2000
300 8000 20000
1500
200 6000 15000
1000
4000 10000
100
500 2000 5000

o
o

0,

" FFD MD KD RD FFD MD KD RD " FFD MD KD RD FFD MD KD RD
Vitamin E (mgq) Vitamin K (ug) Vitamin D (ug)
15— - 15— -
- RDA=15.0 | , | - RDA=90.0 & | - RDA=15.0

1000
750 10
500

250

°“FFD MD KD RD D MD kD RD °"FfD MD KD RD

Fi g3-€¢hi s figure displays the daily intake
Fast Food Diet (FFD), Mediterr afhecaudlia®t et RD)
subpl ot represents a specific micronutrient

dotted Iline signifies the Recommended Dietas

The FFD was <char datibngtiazkeed obfy cah ohiegh er ol (
approaching the upper I/idnbyi dotfyu s ehtee d efcatnme nadcei
al so high at 33.d7aiiNyt& ks g,0of whmomeaansatur at ec
pol yunsaturated fatty acids (18 N 3.6 g) wer

recommendation to keep these as | ow as possib

The MD showedaiglhymnbedst ar el i nt Dkad ayfusa62dN
fatty acid intakeéeRRmRRsadndwKD &h@TiasilBe DEBI.4Y] ¢
monounsaturated fatty acid intake was high at

t MD.Dai byypnsaturated fatty acid intake was mc
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For the KD, d a icholesterol intake was significantly high at 664.1 + 226.2 mg, far
exceeding the recommended linidaily saturated fatty acid intake was also high at 30.6 + 9.6 g.
Daily monounsaturated fatty acid intake was the highest among the diets at 46.9 sah@db g,i | vy
polyunsaturated fatty acid intake was also relatively high at 30.5+1{78gbl e 3. 10)

The RD had ad a ichojesterol intake of 157.8 + 164.1 mg, which was within the
recommended limitDaily saturated fatty acid intake was lower tithe FFD and KD at 14.6 +
3.4 g.Daily monounsaturated fatty acid intake was 26.7 + 5.2 g,daadipblyynsaturated fatty
acid intake was 17.9 + 6.9 g, indicating a more balanced lipid profile compatieelR6ED and
KD.Overall, the MD and RD showed a mdrFéAnbdal anc
KD wi t h | ower l evel s of saturated fats ano
pol yunsat(ulradtl ed 3f. dt09

Tab3l&dA summary of the average daily fatty acid in;
types

Nutrients (per

Cholesterol (m 253.09 262 N [664.1 1157.8 |

Fatty aS8F@g/ 8% 33.7 N 18.3 N 30.6 N 14.6 K

4: 0, But anofi*c 0.1 N 0.2 N 0.2 N 0.1 N
6: 0, Hexanof?c 0.1 N 0.1 N 0.2 N 0.1 N
8: 0, Octanoii’c 0.2 N 0.2 N 0.1 N 0.1 K

10: 0, Decanditc 0.4 N 0.5 N 0.3 N 0.2 N

12: 0, Dodecardd 0.5 N 0.5 N 0.5 N 0.4 N

14: 0, Tetradec . N -

#2

16: 0, Hexadgt¢d

#2

19 N 117.1 N 19.3 N 9.3 N
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18: 0, Octadeca -
9. 3. 7 . 2.8 N
# 2
Fatt akiu#d / d N
‘3 y &9 38 34, 46 . 26. 7 N
16: 1, Hexadece -
1. 1. 2 1.1 N
undi fferentdi at
18: 1, Octadece N
28. 32 4 4 . 24. 6 N
undi ffereni at
20: 1, Ei coseno .
_ _ 0. 0. 0. 0.D. I8
undi ffereni at
22: 1, Docoseno -
0. 0. 0. 0.3 N
undi ffereni at
Fatty akRUH®Ag/ & 18 15. 30. 17.9 K
18: 2, Octadeca
15. 12. 25. 15.B. N
(g/ day)
18: 3, Octadeca N
1. 1. 3. 1.2 N
(g/ day)
18: 4, Octadeca N
0. 0. 0.1 N
(g/ tay)
20: 4, Ei cosat e .
0. 0. 0. 0.1 N
(g/ tay)
20:-3Eincosapent .
0 0. 0. 0.3 N
[ EPA]d)E Y
22:-53, nDocosape N
0 0. 0. 0.1 N

[ DPA/d)44g
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22:-8, nDocosahe N N -
[ DHA] (%/ day) ' ' '

#2The RDAatfuwrrated fatty acids, trans fatty acid
consuming a nutritionally adequate diet.
#2Saturated( FRAYX Yy Aci ds

#3Monounsda&taunt gt &dd¢i ds ( MUFA)

#4Pol yunsaturated Fatty Acids (PUFA)

3. 2.Healthy E@HEInh)Y | ndex

The ASA24 resultsbwercal t bHehahletnhgya nEaal tyiznegd | n
f oerach diet based on the micro and macronutri
the Canadian 2069 dkd°dTMedsyc cEcae i ngr t his cal cul
Appendint 8Eestingly, the FFD received no poin:
HE I gui del ine. T he 1HErluihtass aln0d whoerppeot naehbn@ ¢ss1, f o o
grainrddipad ot ei mplf eormderdot ei Gy @t @ @ dya,nfdo dbeswer ages
the ratio of unsat@8@)Ybheegefatntagseabtiranedgyat
fa®yphe percentage of enerlgfOpodntueamkeohsampfrea.
three diets received full points for consumpt
the diets received any points for t.Hewewears,ump

the MD received oODhboeimasi mom nbhmbeonsumption o

ot her hand, the KD did not receive any points
The MD, KD and RD received full points f
(componehkitevey, none of the diets metpndhteeicm i t

consumption (component 5). Ful IMDpo Kbt fnféed RDc o |
that hadtoergohstmptei on of sbeary agreisnk® nanmde

unsweet dmaed midw, and unsweetened tea or <coffe
consumption. The ratio of wunsaturated fat to
from saturated featds eddaffurlee égmawkekes hfear tthhese ¢ on
MD and RD received full mar ks for these comp«

criteria for fat consumpti on.
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The
qgualified

percen
to

maxi mum point
had

mar ks

adequat e

for thi
of Thlee F&
T

each
component s.
respectively.
for HE I
di stri

among

buti on

tage of energy intake from free
receive full points for componen
s for this componeqitverFitnaltlhye di
consumption of sodium based on t
S section. I n the end, al/l the ¢
Detheadenao #WE&li Dfdid not receive &
he KD had an HEI of 45, wh,l e th
The maxi mum HEI score achievabl e

al | four di et owdasatilps Shileshadow
of scores for each component acr

Tab3lld The Heal th Eating I ndex components across a
Components ‘ FFD M D ‘ K D ‘ RD

1. Fruits and Vve 0 20 20 20
2. Whole grain f 0 0 0 0
3. Grain foods r 0 5 0 0
4. Protein foodsg 0 5 5 5
5. Pl ébmmtsed prot 0 0 0 0
6. Sugary foods 0 10 10 10
7. The ratio of

to saturated f at 0 > 0 >
8. E% from satur 0 5 0 5
9. E% frosudares 0 10 10 10
10. Sodium consun 0 10 0 0
Heal t hy Eating | 0 70 45 55
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3. 3P.hysi oreoagsiucraclment s: wel

per bontye sftaitmat i on

General anthropometric inforoma)tkigmwe,asiumeldud
daily to track any weight |l oss or gain durin
measured daily at the beginning of the day,
addition, body mass i ndex grBaMl g gl awlda tpeed cemt a

have a better understanding of d®Aragesep@ysisalmm
of the mean and-i nanocosddyi owesi gohft myBMIli eand per cen
i n FiOGBras eld. - waay ohANONAre was at I|-emaduce®heayparn a
body weight changes thptE2Ur8)Fs aPefi coapaltyid
the most significanhddcédebedygyewbeglweeohdneges
and the KD with @ 2&i2flbeb)Ee hed wefen2 thekgegnd of t

59.0] e 21.25! - 25.0 -
i
£l #‘
sa5 ok 21.00- ] 24.5 ‘ —
' **I;* . ’-—|
HokEk
.. 1
** 20751 24.0
58.04 sk S
© =]
5 ﬁ!* [ . 2050 " ga3s|
£ 4] *J;
5751
g 5 = - =20.25/ g 23.0 % ’
T eb o z -° <
2 i o Lo 3
57.0 o S
g , 0 20000 ol e @225 —
@ &G ——o— 68 a ‘5
® L g0 [NONNG v
56.5 o 19.75- 022.0{ —=
. ot —o—o—{ a
) [ ]
19.50 o 215 o
56.0
*P
[ ®oo-
19.25 21.0
—ob— Y .0
55.5
FFD MD KD RD FFD MD KD RD FFD MD KD RD

FigB8I@Summary and comparisonm) pf BBMhaeahhbodpyr
esti m@timemasured during each diet period.
t hroughout the diet was observed during the
Similar pattern was observegr dwps.t htdi BiVH s tc
body fat estimation were observed during tF
(bval ue O, ¥mdIeY O Ovdllug A*Q.pdIlue &*0.)0 P01
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of t he KD. I n general, my body weeiigbhheekKBDDbi 1
(mean N SD = 57.50 N 0.30), the MD (mean N SD
N 0.20) diets. However, there was a significa
first few days of the KDeJlnilearNoN eSD h=at5 &.hle0 we
mai ntained wunt i KD(tFhiegulBaes 81 Jd.ayT hoef Itohset wei ght
withd nweeks after completing the KD intervent.i

58.01

| = / \_ LD

wn
~
=}

Body Weight(kg)
&
tn

56.0{ Group

FFD
MD
55.51

memm RD

2 4 6 8 10 2 14
Day

Fi glrteBody weight (kg) variations during ea
diet foll owed by the MD (Mediterranean diet
di ePtl)e.ase refer to Figure 2. 1.

Since my body weight varied bemyBedn tUse ndyi
onway ANOWAIl east one pwade eonie davteor abgee sBiMjnsi f i c &
=1. 73B8)E ( Flipgurlen 3particular, there was a stat
the BMI of the FFD and the KBgimBh BQ2UF)ESf f Eh e n
hi ghest BMIwkviabktelneb slkeFy,edand essenti al Imhitllee s a
orn he aMil HDwever, my BMI wheveheonwBbrantotwgrt he
KD (19.4A 8limiRka).pattern i nwapse rsceeemttl athody i tat
significawmas dd dtf eateedc ebetpwze A 6B)BE Hetbrgrotupes
di ff ermeondye f at was between the FFD and the KD
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di ept 3= Q44)9.E The highest wodyhef &tFDpdé meamt &g & Dw a
0.66), and the | owest was with the KD (22.11%

3.481 ood @drBeygsur e

BP remained in the nfoodmadt rtarnget mehmtasy.g hBbaud
ANOVAhere was at |} eawutc ednaveaiaBRrohfaydksiiwatsi st a8V
di ffer&En874)5.E I n tRRRmMangke, théde FFD interventi
SYS BP value that was -4nQupodp nEas0 dhd Hh.erNd hsing 1
di fferences were found between the average di
summary of the BP measurement S1hcroke BFD dace
hi gheSBtPv &lIY®Be wupon wakninngg,upanidn tthhee RDor8 RPowed |
value in the morning [ B f2fl&ndeEn Apaot Or6émpohet E
increase in the BP was o0 b3lelr)v. e dF uafttheerr neoatei,n ga n
revealed that there was a BPRganiufeisc amto ndgi ftfheer el
after Ipréea®k0ad4), (and no significant differenc:
in terms of the DIA BP after br ecaek fwaasst dceotnescut ne
the measured SYS and DI A BP afBtReal da nltehf mmre ad d
bed and at the end of the day of each diet rev
at | east one pair of average pSESO)BPTmeabsabDe ma
the highRsal u8¥sS(111.0 N 6.10), vwBPR dleuedhe( RD4 I ;
4. 29) at the end of the day. No si gBifailwaerst d
measuroaedke Igeofi ng to bed. A gener al S u mnmmadr wc eodf t
daily average BP, and the BP values measured i
day is presedlttedi $s nwerntghhrreotdi. ig t hat the BP me
time during the days as wake up time and the

anot her .
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usii

Tab3ldl&A summary ofBRRAkumeatoretdhe four different
hi ghlighting the sigonmgafkNOWVIA di fference seen
BP measurer FFD MD KD RD
SYgdaily a 108.5 N 106. 49 104.83 |104. 17
DI Adaily "a 73.80 N 74.00 N 73.79 | 72.97
Morning**sYy 110. 21 107. 64 104.5 f100. 62
Morning DI4{4 75.96 N 74.86 N 75.86 § 72.92
After breal 107.79 108 N 4 103.14 (103.31
After bréal 72.57 N 73.79 N 72.43 I 72.23
After ltnch 104.79 107.5 N 104.5 §106.50
After I'wncHf 74.21 N 74.86 N 73.36 | 75.23
After di"s’nnq 108. 71 103.79 105.5 f105.08
After disnnd 74.57 N 73.93 N 73.93 [ 72.15
Ni ght**SYS 111.00 105.5 N 106.555f104. 31
Ni ght">DI A 72.29 N 72.57 N 73.36 § 72.31
pvalue > 0vabud¥ OsW.apsueyY & 0v@NLu O*0.-palLuy O*6,00
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Fi grz2Summary and comparison of the signif
or systolic) measured during each diet pei
(DI'A) BP for any of these ctliuded, ftrioew alhés/
Y *vapue O Ovdllueg O*Q.pdlluey *0.,0@O1L Y ***

3.580dy tempBRTACUT e

MyBTvaried slightly across the dietary 1inte
Aauhi ltehenFFD, 36. 2whiAlGehteonMD7 . 86 . A@whAC tehe@ n3 7 . ¢
KD, and 36.20whKACIl el oe BRD,84eXACl uding the tempe
exertheeaeanvanye ANOVA test perf oBifweal wes t(heC)avaird gr
any statistical liyn $Bed rwiefeinc alntf f cirfefnéer elneds i nt e
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most evi danBcTedliaentg e, the KD i nt 8fMtvileantt i wans hG.d1l z
hi gher t-hadutadJoR&Il ueseci fi cal IByTwas$ hebvhheigihee d t

onhe KD afN0O3750ACACTheBTwaso o dwheirlgtdedess nFFD ( 36 .
AC N 0.10), and then MD (3BTwaé AOGwHirldtehtk2)RD T h
(36.91 AA Kb vOe.rlveB)&wh aonfg etshemeasur ed throughout

i's provided iWhiFiguaeer3adeBTaaed modesatyomsevi
l ongi tudi Bd3dhgmrgpds lies osfomewhat nooure ,tihnevtess est i r
arexpected drop in temperature while sleeping
increa®Bvdhiile awake. Howe u ehreyreathee t wereandc de dadvern s
and duration of the temperature drop. The KD |
N 0.18) while the -tFeFnp ehraadt utrhee dsuhroarttieosnt (1~03w hr s
the | owest average s$heep etmpegdeartdutowwr edur ati on (

~5 hp sg18@3) . During the waking period, t he RI

(37.05AC N 0.07) while the KD had teG.hOi3g)hest

TheBH®li fferences (during waking and sleep), ar

wel | B®i tsh e e pmdaanadt inmen,t al performance, as wil |l
80 4 FFD MD KD RD

Body temperature (°C)

I

ot

f Nl i
o X + .
37.0 Rl I g
0 o i, P )[40 i v

s : Al 1 |
It I

" '«'—"" "

T T T T [] T
& & & & & L o & & C e S

Fi g83Ir3A comparison of the body temperature |
overall variations throughout a day, in add
each data group. On averagei,ng htethd oMR2 sd n d Tt
observed dodhiengvgheaKbDon from the mean BT (

| owest variation was observed during the FF
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factor s

it

mo me nt

monitored,

room

BecaudBdwany being continuously
such as meal consumption, exerci
was fBdumangesmtdi d not provide a cl
consumed, as other factors such as
woul d mor eBBi ®&@ni ftihea nottlhye r a fhfaencdt,
occurrence and dur aBT oOGverd tamyg exerse sef weadbh

wal ki ng Bpcehra nogdess)

activity t he

for

had
di

a

et s

sensitivity
(uUBb Hogeaet heesbuol deobf:

of

di et25( Inbent al ,B Bcshta nmeersi addsd) not show
groups with regard to intense ment al
&37.2 (0.9, 0.9) ,1 ®37.3(0.9,0.9) ’/
e s
3 0.8 ,,' 3 0.8} f,’
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% 0.4} ,’f g 0.4 ’,’
= e = e
0.2} #7 0.2} Pt
- -~
,’ ROC curve (area = 0.97) ,’ ROC curve (area = 0.972)
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3. 6Bl ood ¢BGomn0d / L) :

The -wanye ANOVA anaB@ddatsascern st reeveal ed a sig
bet ween mean gl ucose Vvalnuweusc efdo rmeaats ulreeansetn ttsw o( pc
interventi onBlGeaelvelo tamataveasagk. 27-i mdalc/eld Iiad hue
(P 3= 458)8m additi oRor &yteh eBrtoennt and Bartlett'
di fferences betwee@veéhel sf ankdeéBrGiledkebstwawarsales
whiltehenFFD (6.42 N 0.49 mmol BlG)ev@hse ®&B antiil
mmol /L, and 5.97 N 0.32 mmol /L, respectively,
hattlhe | oweB®l eavvedrsag(e5. 15 N 0.17 mmoBGdl3gt a Ams oV

measured throughout the day 3abild across diets

8 FFD MD KD RD

Blood glucose levels (mmol/L)
)
‘;1
#
i,
=
..
> - -
-
2,
:
3

- "*.,'..‘. ..‘.':‘u.. I h.-\*.. Jas -
4

& e‘-"é ,:,-“L '&'-“I“ a‘-@l ‘a'9° I:,-i‘“ ;;5‘Q :\S-@ Iu'FQ Lﬁ’“ s-“é \-;“Q ,@'-é n‘-“é “Pl“ e'-“é \-;;:’“ @'-“é n-“;'
Fi g3lr5A visual summary of the variations 1in
overall wvariations throughout a day, in adc

each data group. On averagedurihreg | tolwe sk D,B Gw
the highest BG |l evels. The MD and RD had mc

Whil e averagesB@mndke wariiteet ircenvse ailn ngBGt he |
changes is also quite (ihkeerestsi mgBcedmetd alnlolp
sleeping (between 0: 00 to 8:BGvhhit &) asvatteaaaoadr
However, bettwlkeeme tdree dsiegrsi fi cant differences
glucose drop. The KD BhGuvbthitl ketmes MDmb@dé& utcbddres p «
duration ( whhiillee sslheeeeggpiFridggh.ad t he mdBLGiwhisi gni hec
RD had t heBGlounmgdaston gow 0.9 mmol /L, ~4.5 hrs).
had thBGlItowesthe FFD hadBX be3bi gimevshiiLl deifddfna ¢ &
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and 5.24 mwmbi Vteh &l plOR,3F70B)E.EgsiBl & ndl 73l. | utsh & aB @
variations during sl eefhaB@&lodsfsf ealeln ceise t(adruyr iinng

sl eep), aBhGl ulr aw/i mingh appear BTo sd erempe ldatrat welnl,
ment al performance, as will be discussed | ate
s FFD s MD
3 3
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Fi g3lrZaBoxplots il lustrati nignttehreg @naerainiglh éutpipreea , E

sl epvpal ue O &.a0lFeY O Ov@llue O*Q.WdHlIlue A*FG . 0@PO I
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BecaudB&way being continuously monitored, [
factors such as meal Cc ocnyscuw mep, tmeonrt ,a | e xt eersctii sneg, a
particular, iBGOGwoad df cwomdc itshaetntrhy spi ke within
or snack and reach BGue thaxi mumep@riagdhedhal
ri se over -pbaxndliiand ypowats greatest with the FF
(21. Mih%)l.¢ hen MD and KD, It was highest after
respectively) and | owest afterWhinlae KanD(2heh®0 %
ri se over -pbandliiand yposats hi ghesteaftaftedrnbhees
(26. 99 %Wi, t waiiRB,was highest after | unch (36. 77
%)( Fi gugy.e I Hh. lusin mgyg BFGmeal poedisntack consumpti on
each diet (~40,BBelhéasges2badgnackehsitivity of
FFD (using an el evation over baseline of 20%)
for KD (using an elevation over baseline of 2

It was also possible to track the BGcurrer
Over the course of each di B & h(anlgle se xheardc ias es eonr:
0.8 and specificity of 0.8 for the MD (using :
and specificity of 0.6 for (tFheg ukBd@Bustli ogabdhyoy
the course of each dBGthahbhesmendalnot esthope sii @

bet ween t he -tteessttiinngg paenrdi ondosn.

Thr oB@moni t,oti wgs al so possible to identif
changed ifmundsubpat hogtds/ beverages, such as s
conswhedtehe nFdd t o a r i(BeG dwerelb dsedloirmed m&at c
mmol /a4n.dl mmol /L respectively, and orange jui c:
baseline offFid4dg27 emh8od & beverages consistently
BAd eveynsor(mal BGrgelofwas between 3.9 Ramand®s mm
and mixed vegetables (carrots aB@( asnweaevte rpaegaes )r
over baseline of 2.13 mmol( FL gamd n®e e sntmon dILy
consumption o4 ndhexh f gabsy €reimauec,h br ead, past a,
car bohryiderhatfeoods did not | &83%Gd to a detectable

103



Diet

%6°'TS

Breakfast Lunch Dinner Snack

All meals
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(%) 2ulj2seg J2A0 251y og |elpueldisod

riafsd eof ellcd

of

percentage

aver age

Fi g3lr&T he

or

during the dietary intervent:.

on

consumpt i
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Average Rise in Blood Glucose (mmol/L)

Coke Milkshakes Orange Juice Banana Mixed Vegetables
Food Categories

Fi gB2G®Average rise in blood glucose (€E

consumption of specific foods.
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3. THe ar t( HRabt pem) :

HRin beats per minute (bpm) was monitored
smartwatch. THRwiatvietrliagac tdiavdryapogheedr e Sthiend)engt h
MD intervention (from 82.08 N14.42 bpm to 64.
compared to the Giroet2di eOngrbobepstier hand, t
HR that was 6. 97 bapsns ohciigahteerd=tvbha@l hwetsh e(T MOVEDLt i 0
| edt teo hi ghest average daily HR (79.41 N 5.61
was oOobserved during the first few days of the
12.17 dapm Dn. However, a modest downward tren
KD intervention (79.62 N 15.51 bgmgdiasdRyy 14)
at 77.03 N 3.39 bpm. TheHIRYDy aalnude sMDa nhoandg tahlel | doiv
N 4.43 bpm, and 7T2sdHhecha svadbsguadpmepresentati o
throughout the day and acr20lss the diets is pr

761 Group
FFD
MD
KD

mmemm RD

~ ~
N £
) |

~
[=]
L

Heart Rate (bpm)
[=)] [=)]
[=)] co

[}
B

'\//\\ =~ N

62 | \-
60
2 4 6 8 10 12 14
Day
Fi g32¥The average daily heart rate (HR, i n
the beginning of the diet period until the

HR values measured duringl owesMDHRahdvelsr
other diets. The KD increased the HR withi
until the end of the diet period. The FFD

withiaor mole mange of my HR wvariations.
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I n addt hceoormp atodf s @ wneerdaagidlRy changes throughout
interventiomrss al so possible to compare the ave
showed a significant differedoceetteHReaaor assl! e
(p 6. 012) 32 guhhee decreasing trend during the N
daily restBahPy. HR g rFmsguofe t he mositn dewd edde nrte sdtiifrf
t he KD had an Ravtehraa g ewarse s4t i lmpyra ldhsi ogchi eart petdhavna | tuh

0.012). Overall, the KD had the highest avera
2.37 bpm. On the other hand, the RD had the |
1.99 bpm). Ther &sFtD ragn dH RMDb ehtavde &5 . t500 Ne 2v &l4u & P n
N 5. 80 rbepsnpectively

ok

80.01

77.5¢1

~J
w1
o

~J
N
un

Heart Rate (bpm)
~J
o
o

67.5
65.0
62.5} |
60.0}
FFD KD MD RD
Group

Fi g22Boxpl ot displaying the dHRImeabut & mal
beats pépmmi owtei f f emediH&igorro uepasc.h Tghreoup i ¢
l i,neand the means arephalghé¢ i Qh&.a@key Ot be@dl
O 0.001-v¥al*uxe* ,O PW. 0001 Y ***x
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Whil e averagedRamed madesatli wynseveal i HR, t he
changes over thwapobeaenstseablfytdmemidqalyte viemd @ ghme c tAe
al |l f otulrevrd® edc¢ snsi st ethRwhdrl ep silreetpheng and a cor
in HRwéi |l e awake and eatingt.heweweger fi babtwednf
over the extenHRdaenpdr eddasaidari.be@ mbd sithhREud @ mtg &1l e
whil e owhi he RBbBtgh eMDs hhotd edsun Ftoiw@® e The FFD had
mo sti gnidiriocpa nitn HR whi |l e t hldRdRID ahtai do nt he- 1120 nogoears,
During the waking period, the MD had the | owe
(78. 67 bwer 88 $69.21 0b ppm N 3FTHBE] g3Rren3i2 ¥ .

Fi g323A visual summary of HR)ee walrs a(thd pm)s daor
The overall wvariations throughout a day, in
mar ked for each dat a R oeuvpe.l sOnwearvee rnmaegaes, u rtehde
KD caused the highest HR |l evels. HR | evels
hi gher HR |l evels.
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