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Abstract 

Diet and lifestyle choices play a crucial role in determining overall health and well-being. 

As chronic diseases become more prevalent and the increasing recognition of individual variability 

in response to dietary interventions, personalized approaches to healthcare are becoming 

increasingly important. Precision nutrition (PN) is a branch of nutrition science which aims to 

provide precise, customized dietary guidance based on an individualôs needs, physiology, and 

molecular characteristics. However, PN has yet to deliver on its promise. By incorporating 

wearable devices (for physiological measurements), objective psychological testing and advanced, 

quantitative omics methods such as metabolomics, proteomics, genomics, and microbiomics (for 

molecular measurements), that it will be possible to deliver on the promise of PN. 

The primary goal of this thesis is to investigate the feasibility of using wearable devices 

for physiological monitoring, objective psychological testing, and advanced, quantitative omics 

methods to enable precise characterization of the molecular, psychological, and physiological 

consequences of different diets. The secondary goals are to investigate the feasibility of N-of-1 

self-monitoring and biosample self-collection for conducting PN studies, the costs associated with 

self-monitoring for PN purposes, the utility of daily mental and physical performance monitoring 

in providing useful physiological and psychological data, the relevance of quantitative omics data 

for guiding molecular-level analysis and interpretation, and the most effective data analysis 

techniques for interpreting dietary N-of-1 studies. To achieve these objectives, I utilized a 

comprehensive methodology involving multiple monitoring and testing systems along with well-

defined, carefully controlled dietary interventions. The study included four different diets: a Fast 

Food Diet (FFD), a Mediterranean Diet (MD), a Ketogenic Diet (KD), and a Regular Diet (RD) 
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for two weeks. I also conducted detailed molecular-scale omics analyses, including metabolomics, 

proteomics, genomics, and gut microbiome profiling using blood, fecal and urine samples 

collected throughout the study period. Additionally, physiological data from various wearable 

devices measuring blood glucose (BG), body temperature (BT), heart rate (HR), and objective 

psychological test data were also collected. 

The results of the study illustrate the tight relationship between diet, physiological health, 

psychological health, the gut microbiome, the proteome, and the metabolome. It was found that 

dietary changes led to differences in omic outcomes within a relatively brief timeframe. This rapid 

response highlights the value of quantitative omics methods in assessing the impact of diet and 

lifestyle choices on health. The integration of wearable device data (for quantitative physiological 

data), with objective psychological testing with omics measurements (for quantitative molecular-

scale data) revealed several expected and unexpected connections. These results demonstrate that 

this combined approach could be helpful when implementing or designing a PN intervention. 

The study also demonstrated that N-of-1 self-monitoring and biosample self-collection are 

feasible. Using the recent advancement in at-home sample collection kits and the possibility of 

sample shipment, sample collection and storage can be done with minimal training. Additionally, 

self-monitoring for PN purposes can be done inexpensively. While initial investments in wearable 

devices and biosample collection kits are required, the long-term benefits of personalized health 

insights outweigh the costs. The demonstrated cost-effectiveness makes PN accessible to a wider 

population, which may promote access to more equitable healthcare. Daily monitoring of mental 

and physical performance provided valuable data that complemented the physiological 

measurements. Metrics such as mood, cognitive function, and physical activity levels offered 

additional dimensions of health assessment, enriching the overall understanding of dietary impacts. 
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Quantitative omics data proved to be highly relevant and useful for guiding the analysis 

and interpretation of N-of-1 nutrition studies. In particular, metabolomics provided detailed 

insights into the metabolic shifts induced by different diets. This information was invaluable in 

identifying biomarkers of dietary response and can be used to facilitate personalized dietary 

recommendations. Various data analysis techniques were explored to interpret the complex 

datasets generated from N-of-1 studies. The large amount of data obtained from multiple wearable 

devices and omics measurements made the analysis quite challenging. The study highlighted the 

need for strong analytical methods to properly interpret and make use of the measured data. 
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1. Chapter 1 

Introduction 

1.1. Importance of precision nutrition and advanced 

metabolomics technologies at informing nutritional 

intake, nutrition, and lifestyle in health: 

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 II diabetes (T2D), and diet-related cancers 

[1,2]. High-income countries, 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, non-communicable diseases, including diet and lifestyle-related diseases, 

are believed to account for the deaths of 41 million people each year, equivalent to 74% of all 

deaths globally [3]. Within Canada, these conditions together account for 65% of death [4,5] and 

more than two-thirds of all deaths in the United States [6]. 

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 disability-adjusted life-years worldwide [7]. 

It is estimated that as much as 80% of major cardiometabolic diseases and over one-third of cancer 

cases could be prevented by avoiding unhealthy dietary and lifestyle habits [8]. Healthy nutritional 

practices have been associated with a reduced risk of CVD by as much as 60% [9]. Likewise, it is 

estimated that improvements in diet, physical activity, and body composition could prevent 27-

39% of the most prevalent cancers [10,11]. 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 lifespan [12,13]. 
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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 they also affect an individualôs DNA (especially the epigenome). In a study 

conducted by Sailani and colleagues [14], 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 skeletal muscle. 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 associated with energy 

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 microbiome [15]. The human microbiome has been called the ñforgotten organò 

[16,17]. 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), irritable bowel syndrome (IBS), 

gastrointestinal cancers, gut health, and mental health [16,18ï20]. Dietary and lifestyle habits can 

affect the type or abundance of ñgoodò or ñbadò microbes found in the gut. For instance, a diet that 

is high in fat and meat while low in fibre will encourage the growth of Firmicutes and 

Proteobacteria (i.e., ñbadò bacteria), while a diet that is high in fruit, vegetables, and fibre is 

associated with higher amounts of Bifidobacteria and Lactobacilli (i.e., ñgoodò bacteria) [21,22]. 

The bad bacteria typically produce a range of harmful food-derived metabolites such as 

cresol sulfate and indoxyl sulfate, while the good bacteria produce beneficial food-derived 

metabolites such as butyric acid and acetic acid [23,24]. 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 problems [25ï27]. Conversely, butyric acid and 

acetic acid, produced from dietary fibres by beneficial gut bacteria, are short-chain fatty acids 

crucial for gut health, providing energy to colon cells, exhibiting anti-inflammatory properties, and 

potentially regulating appetite and metabolism [24,27]. 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 of non-frail seniors [28]. 
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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 short-term or immediate health, they appear 

to have long-term 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 develop later in life [3]. A particularly compelling example of this is the 

Dutch Famine, also known as the Hunger Winter, which occurred in Holland during 1944-45 [29]. 

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 revealed lifelong health implications, particularly 

for those whose mothers experienced malnutrition while carrying this offspring in utero or during 

early childhood [30,31]. These data linked famine exposure to increased risks of CVD, metabolic 

disorders, psychiatric conditions later in life, and even shorter adult height [29ï31]. The famine's 

legacy extends beyond the immediate survivors to second and third generations post-famine, 

suggesting that the developmental impacts of poor nutrition during critical periods can persist 

across generations [32,33]. This highlights the importance of adequate nutrition during key 

developmental stages for long-term health outcomes [34,35]. 

Just as undernutrition during childhood, infancy, or in utero can have profound effects on 

long-term health, so too can overnutrition. The Developmental Origins of Health and Disease 

(DOHaD) hypothesis proposes that early-life environments, including nutrition, can influence 

health outcomes throughout a person's lifespan [36]. 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 metabolism, immune system, and organ development [37]. 

These alterations can persist into adulthood, and may increase the susceptibility to conditions such 

as obesity, type 2 diabetes, CVDs, and metabolic disorders [37ï39]. During fetal development, 

excessive nutrient exposure, especially high levels of sugars or fats, can disrupt the normal growth 

and development of organs and systems [40]. This disruption might not be immediately evident but 

could predispose individuals to metabolic dysregulation or metabolic reprogramming, making 

them more prone to obesity and related health problems in adulthood [40,41]. Promoting optimal 

nutrition during pregnancy and early childhood by reducing exposure to high-calorie, low-nutrient 
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foods may help mitigate the risks associated with overnutrition during crucial developmental 

periods, potentially reducing the burden of chronic diseases in later life [42,43]. 

Therefore, regardless of age, ethnicity, sex, 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 by a healthy lifestyle can add years to a personôs life (lifespan) and years 

to a personôs disease-free life (healthspan). A poor diet or poor lifestyle can reduce not only oneôs 

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, I will first provide a detailed literature review covering the main topics and 

technologies used in my thesis studies. These topics include diets and dietary guidelines, precision 

nutrition (PN), and the technologies associated with PN along with the merits of N-of-1 studies. 

Specifically, I will begin with a discussion of dietary guidelines and recommendations followed 

by a brief review of PN and how the field of PN has evolved. These introductory comments will 

segue into an overview of PN applications and various methods for diet monitoring. Subsequently, 

I will provide additional information on some of the key technologies underlying PN, including 

metabolomics, proteomics, microbiomics, and digital wearable technologies. Finally, I will 

describe how individual, or N-of-1 studies are evolving to facilitate PN/health research. This 

introductory chapter will conclude with a clear statement of my thesis aims and a brief outline of 

the content of my thesis chapters. 

1.1.1. Healthy diet recommendations - general dietary guidelines: 

Many government agencies in coordination with nutritionists and nutrition researchers 

from around the world have spent decades developing comprehensive, population-wide dietary 

guidelines. These efforts were aimed at providing key recommendations or guidance about the 

number of calories needed along with the recommended daily intake of vitamins, minerals, protein, 

fat, and carbohydrates to sustain life [44]. Initially, many national guidelines were developed 

specifically to prevent undernutrition and avoid nutrient deficiencies [45,46]. In many respects, these 

efforts have been remarkably successful. Nutrient 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 world [47]. 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 (Figure 1.1). As an example, Canada's 

Food Guide particularly emphasizes the importance of plant-based foods and recommends making 

water your drink of choice [48]. These recommendations are based on large-scale epidemiological 

studies that have shown strong correlations between sugar consumption and T2D risk [49], saturated 

fat consumption and CVD [50], and low fibre consumption with colon cancer [51]. Likewise, other 

large-scale dietary studies have shown that the consumption of high-fibre foods (fruits and 

vegetables) reduces not only T2D risk but also cancer and CVD risk [52] while the consumption of 

unsaturated fats and vegetable oils reduces the risk for many other chronic diseases, including 

cancer [53,54]. Unfortunately, despite concerted efforts to raise public awareness about healthy 

eating and fostering a health-conscious lifestyle, these endeavours have not yielded the desired 

results [55]. Indeed, over the past 20 years, there has been a steady increase in the prevalence of 

Figure 1.1. The conventional dietary guidelines advocate for a balanced diet that prioritizes a diverse 

array of nutrient-rich foods across all food groups. This includes the consumption of fruits, 

vegetables, whole grains, lean proteins, and healthy fats. 
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chronic diet and lifestyle-related 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 challenge [45,56]. 

One of the problems with dietary guidelines revolves around ñmessaging.ò In particular, 

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 levels of fat, 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 healthy eating guidelines address their consumption [57]. Research 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 or snack-like 

characteristics complicating efforts to compare 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 inter-individual variability in the bodyôs response to diet or dietary 

changes. It 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 little yet struggle with weight management and face chronic metabolic disorders 

[58,59]. It 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 factors may also influence the 

absorption, metabolism, and excretion of bioactive compounds. These inter-individual differences 

affect the bioavailability of these bioactives and their eventual biological impact [60]. Large 

randomized controlled trials have consistently demonstrated that not all participants respond in the 

same way to dietary interventions [61]. Therefore, while population-wide dietary measures or global 

dietary recommendations reduce disease risk at a population level, not all individuals will benefit 

to the same degree [62]. 

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 (beta-carotene oxygenase 1) - a gene responsible for encoding the enzyme 

involved in the metabolism of carotenoids. This enzyme specifically converts beta-carotene 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 class B member 1) - a gene that enzyme involved in the cellular uptake of fat-

soluble vitamins and carotenoids. Variants in this gene can affect plasma concentrations of 

provitamin A carotenoids in different individuals [63,64]. 

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 and vegetarian/Asian populations and 

appears to be largely due to different gut bacteria in these two populations [65]. Moreover, sex-

based differences in biological responses have also been observed for certain foods. One 

interesting example is a study involving the biological effects of flavan-3-ol-enriched dark 

chocolate, where it was found that dark chocolate reduced platelet aggregation in males but not in 

females [66]. This underscores the complex interplay of several factors in determining individual 

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

1.1.2. Precision 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 background and characteristics. 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 track environmental impacts alongside regular clinical or 

omic measurements [67,68] (Figure 1.2). 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 treatments [69]. Moreover, 

precision health has the potential to detect deviations from a healthy state leading to the early 

identification of disease or the prediction of disease risks [68]. PN uses the same concepts as 
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precision medicine by exploiting the same kinds of multi-omics measurements to develop 

individualized treatments and tailored dietary recommendations [70]. PN is the opposite of relying 

on one-size-fits-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 (IEMs) that 

have distinct nutritional needs [55]. PN, similar to precision health, is not solely focused on disease 

prevention or disease treatment. Rather both are intended to enable enhanced well-being, which 

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. [71] as the first example of PN being used effectively. This study tracked the time-

dependent changes of glycemic 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 machine-learning technologies to 

predict individualized post-prandial glycemic responses to specific foods or diets [71]. 

Since the Zeevi et al. study, several other PN studies have been published. For instance, 

Mendes-Soares et al. in 2019 [72] used a personalized approach to assess the variations in glycemic 

responses to a meal in a non-diabetic population. Their findings indicated significant differences 

in glycemic responses of participants to the same meal challenge, reflecting similar results to what 

was observed in previous studies [72]. Similar inter-individual variations have been observed in 

participant responses to weight loss treatments [73], highlighting the limitations of generalized 

dietary guidelines [74]. 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 to non-personalized 

recommendations [75ï77]. Other studies have also explored the effectiveness of personalized 

nutrition compared to traditional randomized controlled trials (RCTs) in dietary outcomes. The 

Food4Me studies [77], 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 phenotype and genotype 

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 
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and promoting a healthier lifestyle [57]. This study, along with several other PN studies, is discussed 

in more detail later in this document. 

PN studies are beginning to have an impact on the broader field of nutrition research. For 

instance, the ñ2020-2030 Strategic Plan for NIH Nutrition Researchò [78] aims to modernize 

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 of PN methodologies when possible. This could include gathering individual 

data encompassing genetic, phenotypic, medical, and nutritional aspects of participants, and 

considering how this information could inform nutritional recommendations at the individual and 

group level [55]. 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 diseases [79]. 

Figure 1.2. An overview of longitudinal monitoring for personal profiling. It includes multi-omics 

measurements such as genome analysis, gut microbiome assessment, proteomic analysis, and 

metabolomic profiling, in combination with general body measurements, questionnaires, and diaries. 

These collectively contribute to the characterization of an individual's profile. The collected data is 

then analyzed and considered collectively to try to describe a set of dietary intake recommendations 

with the objective of supporting an individualôs health. 
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1.1.3. Specific 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 well-being or for avoiding poor health outcomes [80]. Until the last decade, 

individuals who were allergic to tree nuts received instructions to avoid all tree nuts to prevent 

allergic reactions and avoid the risk of cross-reactivity or cross-contamination during processing 

[80,81]. However, PN could allow for more nuanced guidance, enabling them to avoid only specific 

tree nuts rather than a blanket restriction [82]. PN 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 such as IBD, 

metabolic syndrome, and certain autoimmune disorders [70,83]. Research in PN has also shown that 

tailored nutritional recommendations can significantly enhance glycemic control in individuals 

with diabetes [72,84ï86]. 

To date, PN has been applied in two broad areas: 1) addressing the dietary needs of 

individuals with specific diseases or special nutritional requirements (e.g., T2D, inborn-errors of 

metabolism, during pregnancy or in old age) and 2) developing public health interventions [87]. 

While PN traditionally emphasizes maximizing individual benefits and minimizing adverse effects 

of dietary changes, there is hope that it could have a broader impact on a population [88]. Individuals 

may also seek PN to achieve personal goals such as attaining desired body sizes or shapes, 

excelling in competitive sports and being less prone to diet-induced metabolic diseases. For 

example, studies in the realm of athletic performance have highlighted substantial improvements 

when personalized dietary regimens compared to generic dietary recommendations were followed 

[89]. 

One particular PN study carried out by Livingstone et al. [77] offers 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 conventional 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 trials. Among those who received personalized 

dietary recommendations, there was a marked 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, the authors assessed the impact of varying levels of personalization within the study, 

namely, those rooted in diet (L1), phenotype (L2), and genotype (L3). Individuals randomly 

assigned to receive differing degrees of personalized guidance exhibited elevated Mediterranean 

Diet (MedDiet) scores. Although 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 status [77]. 

In another PN example, Stanton et al. [90] monitored weight loss in adults with excess body 

weight and obesity over 12 months by randomly assigning different individuals to either a Healthy 

Low-Fat (HLF) or a Healthy Low-Carbohydrate (HLC) diet. The primary objective was to identify 

initial individual differences that could explain variations in weight loss outcomes among 

participants following the same weight loss plan. The study focused on potential genetic and 

insulin-glucose dynamic variations. However, it also 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, short-term weight loss was primarily influenced by dietary adherence and 

diet quality rather than calorie restriction. Additionally, it was concluded that an individual's 

intrinsic fat oxidation rate plays a key role in determining the success of weight loss with different 

dietary strategies. These authors also suggested that inter-individual variations in the composition 

of the gut microbiome which may have contributed to inter-individual differences [90]. 

In yet another application of PN, Astrup and Hjorth [73] conducted a 10-week weight loss 

trial to compare the effects of a hypocaloric low-fat high-carbohydrate diet (LFHC) versus a low-

carbohydrate high-fat (LCHF) diet in a cohort of 770 individuals with obesity. Among the insulin-

sensitive participants with excess body weight in 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 insulin-resistant prediabetic individuals with obesity, both dietary approaches 

exhibited similar levels of effectiveness. However, the LCHF diet led to more weight loss (2.0 kg) 

when contrasted with the LFHC diet among those who had diabetes and obesity [73]. This highlights 

the applications and effectiveness of tailored dietary advice or group-based PN in weight loss. 

A PN study conducted by Li et al. [91] explored the relationships between baseline 

molecular features of 609 individuals, who were randomized to either a healthy low-carbohydrate 

diet or a healthy low-fat diet, and the effectiveness of weight loss, particularly in a diet-specific 

context. Their results revealed that regardless of the diet type, caloric restrictions do not uniformly 

correlate with weight loss, and that adherence and the maintenance of a high-quality healthy diet 

are more impactful in short-term 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 that long-term 

weight loss is less dependent on dietary intake and more associated with individual molecular 

factors, including host-related protein levels of certain proteins such as Alpha-L-Iduronidase 

(IDUA), Tumor Necrosis Factor (TNF) receptor superfamily member 13B (TNFRSF13b), 

interleukin 16 (IL-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 characterization for effective weight loss treatments 

[91]. The work of Li et al. opens exciting possibilities for the development of tailored, individualized 

weight-loss strategies that can be finely tuned to suit each person's unique physiological makeup. 

However, these studies also highlight how it is imperative to embark on a mechanistic investigation 

of the underlying metabolic pathways that govern individual responses to diet-induced weight loss. 

This knowledge serves as the foundation upon which PN regimens can be built. 

1.2. Food quality assessment tools and smart diet 

monitoring: 

Understanding the chemical characteristics of foods, alongside their expected nutritional 

content, is crucial to nutritional studies, whether in personalized or non-personalized approaches. 

However, this food/nutrient content knowledge plays a particularly important 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 [92,93]. Numerous dietary assessment tools are available for monitoring dietary intake, 

with Food Frequency Questionnaires (FFQs) and 24-hour recalls being commonly used methods 

[94]. Traditional 24-hour recalls involve capturing all food and beverage consumption within a 24-

hour timeframe, including details such as portion size and preparation methods. The Automated 

Self-Administered 24-hour (ASA24) Dietary Assessment Tool [95], developed by NIH and NCI, 

streamlines this process. ASA24 is a web-based application allowing for multiple, automatically 

coded self-administered 24-hour recalls or multi-day food records, providing detailed data for 

assessing nutrient intake [56]. Furthermore, the nutritional values from these assessments can be 

used to calculate indices such as the Healthy Eating Index (HEI) which tries to facilitate the 

quantification of dietary intake [96,97]. 

However, traditional question-based or survey-based dietary assessments demand 

substantial time and effort from participants. As a result, they are prone to biases and often require 

adaptation for different populations [94]. The need for manual data input further compounds the 

participant burden, possibly affecting participants' honesty in their responses [98ï101]. Additionally, 

self-reported dietary information is prone to significant random and systematic measurement 

errors. Both observational and interventional studies depend on self-reported data to determine 

primary exposures and evaluate adherence to interventions [102]. These 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 monitoring [100]. The convenience and accessibility of mobile phones 

and smartphone apps, in addition to their access to nutritional databases, enhance 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 cuisines [100]. MyFitnessPal [103] is an 

example of a popular diet app and has over 14 million food items. Nutritionix [104] 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 process [94]. These 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 images [100,105]. 

Moreover, many of these apps connect to wearable health-monitoring devices, including 

fitness trackers, smart scales, heart rate (HR) 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 methods can offer users a deeper understanding of their dietary intake and its possible 

effects on some health indicators. Heightened awareness of food intake and health indicators can 

be a motivator to change health habits. Indeed, consistency in recording food intake has been 

positively correlated with weight loss [106]. 

While food diaries, food apps and fitness monitoring apps provide macro-scale information 

about food and physiology, more detailed molecular information about diets and dietary 

consequences is also possible and potentially more revealing ï especially as it relates 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. 

1.3. Metabolomics for monitoring diet and dietary 

effects: 

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 [107]. These chemicals (i.e., metabolites) serve as substrates, intermediates, and end-

products of metabolism, making them suitable targets for biomarker discovery [74,108]. Over the 

past decade, metabolomics has experienced significant growth, with applications extending to the 

exploration of physiological conditions, chronic diseases, and lifestyle biomarkers [109]. One of the 

most successful applications of metabolomics is newborn screening, which, as noted by LeVatte 

et al. [107], has improved the lives of up to 1 million children through early metabolic disease 

detection and intervention [108]. Nutritional studies have also benefited from metabolomics 

advances, resulting in the discovery of new food intake biomarkers [110,111]. These studies have 
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showcased the remarkable capabilities of metabolomics in detecting food intake biomarkers at the 

gram per day level [102,111,112]. 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 

accurately assess dietary intake [99,102]. 

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 intended for the quantitative 

measurement of pre-selected or high-priority metabolites in a sample [107,108,113]. Both approaches 

find applications across various scientific domains, but it's worth noting that untargeted 

metabolomics is generally biased toward detecting the most abundant molecules [114]. In contrast, 

there is growing interest in the application of targeted methods, given their ability to precisely 

determine metabolite concentrations and their utility in clinical applications [115]. 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 [114]. 

Over the past two decades, four analytical technologies have emerged as the principal 

workhorses in metabolomics: nuclear magnetic resonance (NMR) spectroscopy, gas 

chromatography-mass spectrometry (GC-MS), liquid chromatography-mass spectrometry (LC-

MS) and inductively coupled plasma mass spectrometry (ICP-MS). Each technique offers 

extensive coverage of various classes of organic and inorganic compounds, encompassing lipids, 

amino acids, peptides, nucleotides, nucleosides, sugars, alcohols, biogenic amines, organic acids 

and in the case of ICP-MS, metals. NMR excels at identifying and quantifying high-abundance, 

highly water-soluble metabolites, while GC-MS and LC-MS are adept at detecting lower-

abundance, more hydrophobic or lipophilic metabolites. ICP-MS is 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 survey-based dietary measurement tools (discussed above) have 

led nutrition and nutrient researchers to seek alternative means of assessing dietary intake [112]. 
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One of these alternative means includes the measurement of biomarkers of food intake (BFIs) via 

metabolomics. BFIs are chemicals or metabolites found in blood or urine that are characteristic of 

specific foods [102,111,116]. Certain well-established BFIs exist for various natural foods, such as 

urinary nitrogen for protein intake [117], daidzein for soy intake [118], proline betaine for citrus intake 

[119], lactose and trigonelline for milk consumption [118], and carotenoids for fruit and vegetable 

intake [120]. The detection of BFIs can offer valuable insights beyond self-reported food intake data, 

especially in scenarios where food composition data are limited or unavailable [121]. One 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 allows the identification of specific metabolites 

or combinations of metabolites that rise 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 2015 [122]. FoodBAll was specifically tasked with 

developing novel metabolomics methods to aid in the identification and validation of BFIs 

commonly consumed in European foods [99]. FoodBAll identified more than 20 BFIs through 

various metabolomic methods and more than 50 BFIs through careful evaluation of the literature. 

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 this, several online databases on 

human metabolites and food chemicals were developed or expanded by the FoodBAll consortium. 

The Human Metabolome Database (HMDB) is one such database [123]. It contains data on more 

than 250,000 chemicals or metabolites that can be found in human biofluids and tissues. The 

HMDB contains not only chemical structure information about metabolites but also detailed 

compound descriptions as well as known or predicted NMR, GC-MS, and LC-MS/MS spectra to 

facilitate compound identification via metabolomic methods. Other resources developed in 

coordination with FoodBAll, include FooDB, the world's largest repository of information on food 

constituents, chemistry, and biology [124], MarkerDB, an online database that consolidates 

information on clinical and selected pre-clinical biomarkers including some biomarkers of food 

consumption [125], Exposome-Explorer, a database dedicated to archiving data about biomarkers 

of exposure to environmental risk factors for diseases [126], and FoodComEx, a chemical resource 



17 

 

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 standards [127].  

In addition, given the vast range of individual responses to specific foods, which can 

encompass both inter-individual differences and changes within a single person over time, the need 

for longitudinal metabolomics monitoring of individuals is underscored. Metabolomics 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 BFI-like) compounds. Indeed, a number of MS-based 

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 essential nutrients is provided in Table 1.1. 

Table 1.1. List of essential nutrients. 

Phenylalanine Choline Thiamine (B1) Potassium Manganese 

Tryptophan Linoleic acid Riboflavin (B2) Chloride Copper 

Valine a-Linolenic acid Niacin (B3) Sodium Iodine 

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, GC-MS, LC-MS or even ICP-MS-based metabolomic 

techniques and comparing those numbers to normal (healthy) values can help identify dietary 

deficiencies or excesses along with differences in metabolism among individuals. Those results 

might be used to guide diet modifications to prevent the development of vitamin-deficient 

conditions such as pellagra, scurvy, or rickets. Beyond the measurement of essential nutrients, 

metabolomics can also be used to measure health-related risk factors including blood glucose 

(BG), triglycerides (TGs), low-density lipoproteins (LDL), high-density lipoproteins (HDL), or 

cholesterol levels. Metabolomics may offer improved testing procedures, which could lead to 

earlier implementation of diet or medication interventions [107,116]. 
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Likewise, metabolomics can also be used to detect the appearance of diet-derived 

metabolites that may have either beneficial or harmful physiological effects [107]. Metabolomics is 

particularly good at detecting small-molecule uremic toxins. Uremic toxins are diet-derived 

compounds found in the blood that cause damage (either directly or indirectly) to the kidneys, 

heart, liver, and brain [27]. Examples of uremic toxins include urea (which arises from protein 

metabolism) [128], uric acid (which comes from DNA/RNA metabolism) [129], hippuric acid (which 

comes from polyphenol metabolism) [130], indoxyl sulfate (which arises from tryptophan 

metabolism) [131] and cresol sulfate (which comes from aromatic amino acid metabolism) [24]. Some 

uremic toxins are generated from endogenous metabolism (urea, uric acid), while others come 

from gut microbial or host-microbial metabolism (hippuric acid, indoxyl sulfate, cresol 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 bloodstream. This accumulation is 

associated with a host of chronic conditions including chronic kidney disease, liver disease, colitis, 

heart disease, as well as anxiety and depression [132,133].  

 Other diet-derived compounds can be quite beneficial. Specifically, short-chain fatty acids 

(SCFAs) such as acetic acid, propionic acid and especially butyric acid are known to exhibit 

immunomodulatory, anti-cancer and anti-inflammatory effects [133,134]. These SCFAs are generated 

by gut microflora that digest dietary fibre and other complex carbohydrates found in bran, fruits, 

and vegetables. The release of SCFAs within the large intestine ensures that these short-lived 

molecules can target specific cells within the intestine and strengthen the gut-blood barrier and 

enhance the maturation of various immune cells [135]. 

Metabolomics measurements also enable the classification of individuals into metabotypes. 

Metabotypes are metabolic phenotypes [136] that are determined by measuring the metabolic 

response of individuals to certain foods or diets or dietary challenges and grouping them into 

certain categories (Figure 1.3). An example of two metabotypes are equol producers and non-equol 

producers. Equol is a soy-derived metabolite that is generated by the presence of certain gut 

bacteria. People who are equol producers generally experience clear benefits from the consumption 

of soy products while non-equol producers generally experience no benefits [137]. The detection of 

the equol metabotype can only be done through the application of MS-based metabolomics 
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methods. Metabotypes can be assessed by specific food challenges, such as the oral glucose 

challenge test (OGCT), which measures how long it takes for a personôs glucose levels to return 

to normal after a bolus consumption of a high glucose meal or drink. People who take a long time 

to return to normal are typically pre-diabetic or have poor oral glucose tolerance while those who 

return to normal quickly are generally healthy and have a good oral glucose tolerance. BG levels 

can be monitored through standard biochemical methods that generally measure a single 

metabolite. In contrast, a metabolomics approach can measure glucose and many other compounds 

(amino acids, lipids, etc.) in one assay. Indeed, the production of branched-chain amino acids or 

acylcarnitines during an OGCT test can be indicative of a number of metabolic disorders [138,139].  

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 caffeine [140]. 

Using MS-based metabolomics to longitudinally monitor the disappearance of caffeine or the 

appearance of 1-methylxanthine or trigonelline allows the determination of who is fast and who is 

a slow caffeine metabolizer [141]. Fast metabolizers experience little benefit from the consumption 

of caffeine-rich beverages while slow metabolizers can experience extended periods of stimulation 

or wakefulness [142]. 

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 metabolites are 

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 phenotype or metabotype to which a certain individual 

may belong. In other words, metabolomics can offer insights into an individualôs health status, it 

can facilitate longitudinal monitoring during dietary interventions, can monitor metabolic 

reactions, and it can identify metabolic or physiological deviations from a healthy state. These 

insights are the reason why metabolomics is thought to be essential to the advancement of PN 

[60,108]. Ultimately, the incorporation of metabolomics into PN could significantly advance how 

dietary advice is personalized. [107]. 
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1.4. Other -omics methods in precision nutrition: 

While metabolomics is particularly powerful in understanding the chemistry and 

biochemistry of foods and diets as well as their effects on human metabolism or physiology, other 

omics techniques such as proteomics, microbiomics and genomics can also offer important 

insights. This is because biological systems, especially at a molecular level, are highly 

interconnected. Indeed, a single base change at a genetic level can trigger cascading effects that 

are felt throughout the proteome, the transcriptome, the microbiome, and the metabolome. 

Figure 1.3. Metabotyping, clustering individuals with more similarities in their metabolic phenotypes, 

and physiological characteristics into subgroups (metabotypes) to provide optimum treatments. This 

figure outlines the process of metabotyping, where individuals are clustered into subgroups based on 

similarities in their metabolic phenotypes and physiological characteristics, to tailor optimal treatment 

strategies. The left panel illustrates the intra-individual variability within a population. The central panel 

identifies key factors such as dietary habits, genomics, lifestyle choices, microbiota composition, and 

metabolomics that are used to assess each individual's unique physiological and metabolic 

characteristics. The right panel shows the clustering of individuals into groups, or metabotypes, based 

on these similarities, highlighting the targeted approach to health management. 
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Traditional single omics analyses tend to offer a rather narrow, single molecule-type perspective 

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., multi-omics) to gain a broader, more holistic 

perspective of biological phenomena and their underlying mechanisms [83]. Multi-omics studies 

allow simultaneous examination and integration of various omics data, offering deeper insights 

into molecular scale events or measurements and their connections to health and disease. As a 

result, PN is beginning to expand its outlook from the almost singular use of metabolomics towards 

incorporating genomics (also called nutrigenomics), microbiomics and proteomics into the PN 

measurement paradigm. 

1.1.4. Genomics: 

The human genome consists of about 3 billion base pairs [143]. On average, each human 

genetically differs from any other human by about 3 million mutations or variants [143]. These 

variants include classic mutations, such as single base deletions, insertions or transversions 

(detectable in <1% of the population) as well as common single-base variants called single 

nucleotide polymorphisms (SNPs) that are detectable in >1% of the population [144]. Other (rarer) 

kinds of genetic changes can include copy number variants or CNVs [145]. CNVs occur when the 

number of copies of 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 in Figure 1.4. The 

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 as next-generation sequencing or NGS. NGS 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 Figure 1.5. 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 function [146,147]. 
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Figure 1.4. Comparative illustration representing 1) Mutations - Alterations in DNA sequence, 2) 

SNPs (Single Nucleotide Polymorphisms) - Variations at a single nucleotide position, and 3) CNVs 

(Copy Number Variations) - Changes in the number of copies of a particular gene. 
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Figure 1.5. Stages of Next-Generation Sequencing: 1) DNA Extraction - Isolating DNA from a sample. 

2) DNA Fragmentation - Breaking down DNA into smaller pieces. 3) Adapter Ligation - Attaching 

adapters to DNA fragments for sequencing. 4) Library Hybridization - Preparing the DNA library for 

sequencing. 5) Bridge Amplification - Creating multiple copies of each DNA fragment. 6) Amplified 

Clusters - Formation of clusters of identical DNA fragments. 7) DNA Library Sequencing - 

Determining the sequence of nucleotides in the DNA fragments. 8) Data Collection - Capturing the 

sequencing data. 9) Alignment and Analysis - Processing and interpreting the sequence data. 
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Nutrigenomics has most frequently been used to assess the impact of SNPs on dietary 

preferences [147]. It is well known that individuals who have adverse reactions to certain foods are 

unlikely to consume them and this will affect their dietary intake. Likewise, individuals who have 

cravings for certain foods will likely want to have their ñdesignerò diets adjusted to include more 

frequent servings of these foods. For instance, those with lactose intolerance are often unable to 

consume milk products so milk or milk products should not be part of their designer diet. Lactose 

intolerance is linked to several SNPs in the introns of the MCM6 (mini-chromosome maintenance) 

gene which appear to affect the expression of the lactase gene [148]. Lactase 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 mitochondrial ADH2 gene (aldehyde dehydrogenase 2). This 

SNP makes this enzyme ineffective at metabolizing acetaldehyde, a toxic byproduct of alcohol 

metabolism [149]. Acetaldehyde can cause flushing, sweating, headaches, and nausea. Additionally, 

another SNP (rs1229984) in the alcohol dehydrogenase gene (ADH1B) has been found that leads 

to a similar aversion to alcohol for similar reasons [149]. 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 that alcohol consumption is generally not recommended for anyone).  

Other SNPs have been identified that are associated with individual intolerance or a strong 

distaste for certain foods. For instance, several SNPs on the TAS2R38 (taste receptor) gene have 

been shown to affect the consumption of broccoli, cabbage, spinach, and related Brassica 

vegetables. Carriers of these TAS2R38 SNPs detect a strong bitter aftertaste after consuming 

Brassica vegetables and are less likely to want these vegetables in their diet [150]. Likewise, a SNP 

on the OR10A2 gene (olfactory receptor family 10 subfamily A member 2) (rs72921001 [A>C]) 

cause carriers to perceive cilantro (coriander) as tasting like soap. This taste perception makes 

carriers unable or unwilling to consume foods with cilantro in any designed diet [151]. 

In addition to SNPs that may lead to food avoidance, there are also SNPs that appear to 

increase an individualôs preference or tolerance for certain foods. For instance, a SNP 

(rs11940694) in the KLB (ɓ-Klotho) gene has been associated with increased alcohol consumption 

in both humans and mice [152]. 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 consumption [153]. 

Furthermore, several polymorphisms in the FGF21 gene (fibroblast growth factor 21) appear to 

be responsible for individuals with strong sugar cravings or a ñsweet toothò [154]. These data show 

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 nutrients will affect an individualôs health or 

physiology. For example, Wilson et al. [155] investigated the effect of riboflavin (also known as 

vitamin B2) on blood pressure (BP) in patients homozygous for the 677CŸT polymorphism (TT 

genotype) in the gene encoding methylenetetrahydrofolate reductase (MTHFR) (rs1801133). They 

noted a significant reduction in systolic and diastolic BP levels compared to baseline 

measurements in patients with the TT genotype [155]. Riboflavin is a precursor to flavin adenine 

dinucleotide (FAD) which is a cofactor for MTHFR. Evidently, the TT polymorphism in MTHFR 

allows the FAD co-factor 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 trial, found a SNP (rs7968585) in the vitamin D receptor gene (VDR) 

could significantly increase the effectiveness of vitamin D in preventing colorectal cancer [156]. 

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 on the CLOCK gene (rs4580704) (among G-allele carriers) 

was associated with a decreased incidence of Type 2 diabetes while CC homozygotes had an 

increased incidence of T2D. Furthermore, those with the G-allele were found to be more protected 

from T2D by adhering to the Mediterranean diet [157]. 

Taking a behavioural approach, Turnwald et al. [158] 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 results in personalized nutrition. Overall, it should be clear from these examples 

that individual genetic differences can significantly impact individual dietary responses or 

preferences, and that genetic testing will be important in crafting personalized nutrition strategies. 
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1.1.5. Microbiomics 

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 microbiome, and it is considered essential for life, for digestion and 

proper immune development. The microbiome is sometimes called the ñforgotten organò [16]. The 

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 microbial cells (38 trillion) than human cells (30 trillion) in 

the average human body [159]. 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 

1000X more microbial genes than human genes in human beings. This microbial genetic diversity 

means that just as an individualôs genome is unique, so too is their microbiome. 

The study of the microbiome is called microbiomics. It is also called metagenomics [160] 

because the most common way of characterizing the microbiome is through high-throughput DNA 

sequencing of microbes isolated from a specific biosample (such as feces) or an environmental 

sample (wastewater, soil, etc.). The same NGS DNA sequencing methods used for humans (see 

Figure 1.5) are also used in most metagenomics studies. The gut microbiome, unlike the human 

genome, is profoundly influenced by oneôs dietary and lifestyle choices [161]. This is because the 

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 non-nutrients/xenobiotics into nutrients or waste products [162]. How one lives or 

where one lives also affects the composition of the gut microflora and how the gut microbiome 

will ultimately ñtrainò the immune system. The result can affect whether one develops asthma, 

dermatitis, IBD or a host of chronic inflammatory conditions [163ï165]. 

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 of Coriobacteriaceae in the gut [166]. Equol possesses antioxidative, anti-

inflammatory, and vasodilatory properties and has been shown to reduce arterial stiffness and 

prevent atherosclerosis [167]. 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 hydrogenalis, Clostridium asparagiforme, Clostridium hathewayi, Clostridium 

sporogenes, Edwardsiella tarda, Escherichia fergusonii, Proteus penneri, and Providencia 

rettger) [168]. TMAO arises from the bacterial conversion of dietary choline, betaine, and L-

carnitine into trimethylamine (TMA) [168]. Choline and carnitine come primarily from eggs, other 

fatty foods, and meat. The production of butyrate, a highly beneficial metabolite, from the 

fermentation of non-digestible fibre (found in fruits and vegetables) is mediated by gut bacteria 

primarily from the Firmicutes phylum [169]. These include members of the Ruminococcus, 

Clostridium, Eubacterium, and Coprococcus genus. Butyrate is a histone deacetylase inhibitor 

(HDAC) and exhibits anti-inflammatory properties, as well as intestinal barrier function and 

mucosal immunity-enhancing functions [170]. 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 of making informed dietary choices that align with the unique characteristics of our 

individual gut microbiomes. 

Understanding more about the composition of an individualôs microbiome and knowing 

how specific microbes respond to different foods might open the door to nutritional microbiomics 

or nutritional metagenomics [171]. Several groups have attempted to do this wherein an individual's 

specific gut microbiome characteristics, their dietary responses to different foods and their BG 

levels are analyzed using advanced machine-learning algorithms. This approach allows predictions 

to be made on how specific individuals will respond to specific dietary interventions or specific 

food types. Of particular interest are the studies wherein microbe measurements, daily BG readings 

and daily diet records could be used with machine learning to develop customized glucose-

lowering diets for individuals [71,72,84]. Interestingly, the foods recommended in these personalized 

diets often differed substantially from those typically suggested in traditional glucose-lowering 

diets, like low-carbohydrate diets. This approach integrates various types of data, including 

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

are highly specific to the individualôs biological makeup. This integration signifies a significant 

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

on comprehensive biological data. 
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1.1.6. Proteomics: 

Proteomics involves the high-throughput study or characterization of the proteome ï the 

complete collection of proteins found in a cell, tissue, or organism [172]. The human proteome 

consists of nearly 20,000 genetically encoded proteins. However, because of the existence of splice 

variants and because of the post-translational modifications that can occur among proteins (such 

as phosphorylation, acetylation, glycosylation, etc.), it is thought that there are millions of different 

proteoforms in the human body [173]. The characterization of the proteome can be done using a 

variety of technologies, with mass spectrometry (MS)-based proteomics being the most widely 

used approach. In MS-based proteomics, protein 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 sequenced by MS and the peptides identified 

by comparing their masses or sequences to protein sequence databases (Figure 1.6). The abundance 

of proteins can be measured by MS using isotope-coded affinity tags (ICAT) or isotopically 

labeled reference peptides measured with their single reaction monitoring (SRM) transitions [174]. 

MS-based proteomics methods allow the identification and quantification of 1000s of proteins in 

a sample in as little as one day [175]. Proteomics can also be done using DNA-tagged protein-

specific antibodies, fluorescent-tagged antibodies or protein-specific RNA aptamers [175,176]. These 

reagents recognize and bind specific proteins. By isolating the target protein and reading off the 

RNA tags, and the DNA tags or measuring the fluorescence of the bound antibodies, it is possible 

to identify and quantify protein abundance. Platforms such as Luminex, SomaScan and O-Link 

are examples of these newer, non-MS-based proteomics methods or technologies (Figure 1.7). 
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Figure 1.6. The figure illustrates key steps in MS-based proteomics, beginning with the separation of 

protein mixtures through techniques such as 2D gel electrophoresis or liquid chromatography after 

protein extraction from sample (organism, tissue or biofluid). Subsequently, individual peaks or gel 

spots are enzymatically digested with trypsin to generate peptides. Mass spectrometry is then employed 

to characterize and sequence the peptides, enabling identification by comparing their masses or 

sequences to protein sequence databases. 
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Figure 1.7. The O-link method utilizes DNA-linked antibodies to identify specific proteins in a given 

sample. The antibodies with complementary pairs bind to the target protein, enabling hybridization and 

extension with the help of DNA polymerase. Following PCR amplification, the DNA tags on properly 

matched antibodies are extended and amplified, with unique barcode regions distinguishing individual 

samples and proteins. Adaptors facilitate DNA amplification and readout. To represent different barcodes, 

distinct color codes are utilized. The SomaScan assay employs SOMAmers (light blue) that are 

synthesized with a photocleavable linker, a fluorophore, and biotin to immobilize the SOMAmers onto 

streptavidin beads. These SOMAmers can capture proteins (shown in light pink) from a solution and 

subsequently biotinylate the captured proteins. The photocleavable linker is disintegrated by external UV 

light, thereby releasing the SOMAmer/protein complex into the solution. Biotin-labeled proteins are then 

recaptured on secondary streptavidin beads. The denaturation of the captured protein leads to SOMAmer 

dissociation, allowing the SOMAmer reagents to hybridize with complementary sequences on a 

microarray chip. The amount of fluorescent intensity detected from each fluorophore is used to determine 

the abundance of each protein. 
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The study of how protein levels change in response to nutrients or nutrition is called 

nutriproteomics [177]. 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 intake. Indeed, nearly everyone is familiar with the changes in insulin 

levels over time that arise from temporal changes in BG. Other key proteins involved in appetite 

control and satiety include leptin, ghrelin and insulin [178]. 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 proteins ï namely inflammatory proteins ï 

to assess the impact of nutrients on the inflammatory response [179ï181]. Some foods (esp. read meat, 

sugar-rich and fatty foods) are known to be pro-inflammatory while other foods (oily fish, fruits 

and vegetables) are known to be anti-inflammatory [182]. However, the level of inflammation can 

vary tremendously between individuals depending on their age, sex, genetics and underlying 

disease conditions [183]. The most commonly measured inflammatory or acute phase proteins are 

C-reactive protein (CRP), interferons, interleukins (IL) , and various growth factors (such as 

transforming growth factor or TGF, epidermal growth factor or EGF and insulin-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 nutritional well-being 

[182,183]. 

For example, in a study done by Koelman et al. [181], the effect of a high- and low-protein 

diet on inflammatory markers was tested on 18 individuals with obesity class III over 3 weeks. 

The levels of biomarkers were measured before and after the diet periods. Both high-protein (HP) 

and low-protein (LP) diets led to reduced levels of CRP and chemerin without significant 

differences between the two diets. However, the LP diet resulted in a more significant decrease in 

leptin and IL-6, along with an increase in total adiponectin. Additionally, the LP diet appeared to 

influence a broader spectrum of immune-inflammatory biomarkers compared to the HP diet in 

individuals with obesity, indicating its potential to modulate these markers. In another 

nutriproteomics study done by Markova et al. [184], 37 individuals with T2D were enrolled in a 2-

week dietary trial. The participants were randomly assigned to either a high-animal protein (AP) 

or high-plant protein (PP) diet. The levels of the immune-inflammatory biomarkers such as IL-6 

and cytokines, and proteins such as calprotectin and lactoferrin, were measured in their serum 

samples using enzyme-linked immunosorbent assays (ELISA). The findings indicate that both AP 
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and PP diets exhibit the potential to lower the concentrations of inflammatory adipokines, 

chemerin and progranulin. However, other immune-inflammatory markers did not show any 

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 interventions. The ñrapid responseò acute phase inflammatory 

proteins are designed to combat pathogens, preserve safe levels of micronutrients, and initiate 

tissue repair. This acute response, however, can alter both nutrient concentrations and 

inflammatory protein levels, necessitating the differentiation between infection-induced changes 

and possible nutritional deficiencies [185]. 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 hemoglobin 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 enhancing overall health outcomes. 

The measurement of molecular changes at the metabolite, protein, or gene levels as well as 

measurements done at a physiological level (BG, electrocardiograms, BP, etc.) typically requires 

specialized biosample collection systems, very advanced and expensive instrumentation and 

specialized personnel or staff to 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 has limited the application of omics or physiological 

testing techniques to low-cost, consumer-based PN applications. However, there is increasing 

movement towards making some of these high-cost measurements and devices more accessible 

and more affordable via wearable monitors and biosensors. 

1.5. Wearable monitors and apps: 

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 body-worn accessories. Wearable monitors, 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 measurements of physiological 
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characteristics [186]. These parameters include body temperature (BT), HR, BP, heart rhythm, and 

indicators of physical activity, such as steps, sleep cycles, BG, and many others. Wearables provide 

personalized, quantitative data for monitoring, and can substitute (or a complementary tool) 

clinical monitoring and diagnosis tools.  

Beyond the standard physiological measures seen in todayôs wearables, some are being 

modified or having their data repurposed to detect signs of inflammation, forecast cardiometabolic 

health, and passively anticipate the onset of conditions like atrial fibrillation. Consumer-grade 

smartwatches have had their data collected and integrated to accurately generate clinical or pre-

clinical indicators of inflammation, infection, and insulin sensitivity [187ï190]. Studies, such as those 

performed by Li et al. [189] which investigated the use of portable devices for real-time 

physiological measurements, highlighted the effectiveness of wearables in understanding daily 

patterns, personalized baseline norms, and variations among individuals, contributing to early 

disease diagnosis. In response to the COVID-19 pandemic, wearable sensors have shown promise 

in the detection of respiratory infections. Duarte et al.'s study [191] revealed the potential of wearable 

sensors to detect SARS-CoV-2 infections before symptoms appear. In another application to 

COVID-19, Alavi et al. [192] engineered an algorithm for smartwatches to deliver notifications 

about potential presymptomatic and asymptomatic cases of SARS-CoV-2 infection through 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 resting HR measurements than measurements made in clinic-

based settings [193]. Furthermore, machine learning models have been used on data from wearable 

devices to predict cardiovascular conditions, diabetic states, and infection statuses [193]. These 

findings highlight the potential and reliability of modern wearables for continuous health 

monitoring. Not only can they offer a way to detect deviations from personal baseline 

measurements, but they also identify the need for further clinical laboratory testing [194]. Wearable 

digital sensors are not just limited to tracking physiological conditions. They also offer potential 

for tracking emotional stress and anxiety levels by measuring autonomic nervous system (ANS) 

metrics, such as electrodermal activity (galvanic skin response) and HR variability. 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 with HR variability, providing 

insights into individuals' emotional patterns and their impact on overall health and wellness [186,195]. 

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 parameters, but also 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 individual's BG 

levels. Habit [196] takes this idea even further by offering comprehensive menu plans aligned with 

an individual's recommended nutrient intake, utilizing technology for personalized dietary advice 

on a large scale [2]. 

Wearables offer a less expensive (than clinical testing), continuous, longitudinal approach 

to measuring an individualôs macroscale phenotype or physiological state. On the other hand, 

omics methods such as metabolomics, genomics, proteomics and microbiomics offer a somewhat 

more expensive, but more detailed approach to measure an individualôs molecular phenotype. 

However, recent developments in metabolomics, metagenomics and genomics are driving the costs 

of sample analysis down, shortening analysis time and making sample collection so easy so that 

they are now affordable and accessible to most consumers [197ï199]. Omics methods can be 

performed both longitudinally and cross-sectionally. Combining both approaches (wearables and 

omics measurements) offers an opportunity to relate personal molecular-scale changes to specific, 

customized health outcomes or action plans. Both wearables and omics methods allow a 

considerable degree of personalization, customization, and precision. Furthermore, both 

technologies are increasingly being used in N-of-1 studies to demonstrate their feasibility for 

PN/medicine. 

1.6. N-of-1 studies, longitudinal personal 

monitoring: 

As previously discussed, the traditional one-size-fits-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 consider individual diversity as most 
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people do not align with the "average" response. As a result, the single-patient 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. The N-of-1 trial allows healthcare 

professionals to evaluate, 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 population or cross-sectional 

responses [200]. The success of N-of-1 trials in various healthcare settings has inspired a surge of 

interest in using N-of-1 trials for PN [87,201,202]. 'Omics' technologies, combined with 

comprehensive physiological data that can be obtained from wearables, enable large-scale 

individual-level "big data" collection. These big data sets, as shown by several authors and studies 

[68,203], can form the basis for personalized nutrition strategies. 

Recent studies conducted by Zeevi et al. [71], and Mendes-Soares et al. [72] exemplify the 

application of N-of-1 studies using continuous glucose monitoring systems (CGMs) in single-

subject nutritional interventions. N-of-1 studies can be scaled to larger groups. For instance, the 

Pioneer 100 Wellness Project (P100) [190] involved the individual tracking of 108 subjects over a 

period of nine months. During this time, whole genome sequencing, clinical tests, metabolomics, 

proteomics, microbiomics, and daily activity 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 et al. [204] and Zhou et al. [205], have also shown how 

longitudinal multi-omics analysis of individuals via N-of-1 trials can be used to gain a personalized 

understanding of conditions such as obesity, T2D and daily physiological changes. Piening et al. 

used N-of-1 trials to gain insights into insulin resistance and sensitivity, while Zhou et al. used N-

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

Pioneering N-of-1 efforts by Michael Snyder have introduced the term "integrative 

personal omics profile" (iPOP), to the field of personalized health and PN. In Snyderôs iPOP study, 

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 whole-genome sequencing, transcriptomics, proteomics, metabolomics, and 

autoantibody profiles, resulting in the creation of an iPOP profile of Dr. Snyder [206]. The dataset 

obtained from various health or disease events and during viral infections underscored the potential 



36 

 

of estimating disease risk and detecting disease onset through continuous health monitoring via a 

multi-omics approach. In another study conducted in Dr. Snyderôs lab, Shen et al. [92] collected 

micro-samples from a single participant over 24 hours for 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 multi-omics data obtained from the blood samples. This work demonstrated the 

benefits of frequent and dense multi-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 

approach was able to reveal extensive molecular fluctuations and numerous molecular connections 

linked to daily physiological changes (like HR), clinical biomarker levels (such as glucose and 

cortisol), and physical activity. This N-of-1 study showed that the combination of wearables and 

multi-omics microsampling offers a promising avenue for dynamic health profiling and biomarker 

discovery [92]. 

Another N-of-1 study conducted by Gao et al. [69] 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 (genetic, metabolic, 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, providing a more holistic view of the impact of the 

environment and environmental exposures to human health. 

A precursor to the N-of-1 study by Gao et al [69] was a 15-person study published by Jiang 

et al. [207]. 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 through MS-based exposome monitoring. Through this N-

of-1 exposomics monitoring approach, these authors were able to track the personal exposomes of 

15 individuals over nearly 890 days and across 66 diverse 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 monitoring stations for exposome research. 
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Another innovative application of N-of-1 studies led by the National Aeronautics and 

Space Administration (NASA) involved the personalized biomonitoring of astronauts during 

specific interventions and at baseline levels [208]. This approach has been implemented to ensure 

the health and well-being of astronauts during long, deep space missions. The Precision Space 

Health (PSH) System, as this is known, is an N-of-1 monitoring system that relies on longitudinal 

monitoring of individual astronauts. This system employs personalized biomonitoring and AI-

driven data analysis to enhance astronauts' health and safety during space exploration [208]. 

A precursor to the PSH system was the NASA Twins Study [209]. This 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 Earth to function as a control. While technically an N-

of-2 study, this study made use of the fact that monozygotic twins not only share identical 

genomes, but they also generally have near-identical physiology or physiological responses. So 

rather than conducting a study of one individual for 680 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 

space travel. These insights are crucial for planning future deep-space missions and highlight the 

power of N-of-1 studies in understanding or monitoring individuals over extended periods. 

A key limitation of many of these N-of-1 studies has been their substantial costs and the 

significant patient/subject burden required. Most 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 multi-omics platforms (DNA sequencers, mass spectrometers) and major investments 

of time and money by the sponsoring organization(s). Indeed, 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 lack of standardization in single-subject studies made omics comparisons between 

different N-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 in terms of mental 

performance or mental health. 

The success and limitations of these N-of-1 studies led me to consider conducting an N-of-

1 dietary study that attempted to address the many limitations of other N-of-1 studies. In this study, 
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I would explore the effects of four different diets (a baseline or habitual diet, a fast-food, high-fat, 

high-sugar diet, 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 wash-out periods) and I 

would employ wearables to measure a range of physiological parameters. Additionally, I would 

self-collect blood and urine samples on a daily basis and have these samples quantitatively 

analyzed using inexpensive, fully quantitative metabolomics and proteomics assays. Additionally, 

I 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, I would 

integrate all the longitudinal multi-omic 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. 

1.7. Thesis objectives and thesis outline: 

This thesis endeavors to delve into the relationships between dietary interventions, lifestyle 

changes, and their molecular and physiological impacts using an N-of-1 study design. Leveraging 

recent advances in self-administered biosample collection, omics technologies - including 

metabolomics, genomics, proteomics, and microbiomics ï and high-performing, inexpensive 

wearable monitoring devices, this thesis seeks to explore the detailed physiological, physical, 

emotional, mental, and molecular effects of different dietary interventions on a single individual. 

The central objective of this thesis is to use an N-of-1 study design to assess the effects of four (2-

week) dietary interventions using wearable and multi-omics monitoring methods. The 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 changes on individual health indicators.  

This thesis also has five other specific objectives as it seeks to determine:  

1) whether N-of-1 self-monitoring and biosample self-collection for PN studies is feasible 

2) the costs of self-monitoring for PN purposes 

3) whether daily mental/physical performance monitoring can provide useful data in an N-

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 of N-of-1 nutrition studies 

5) what kinds of data analysis techniques are most useful for interpreting dietary N-of-1 

studies 

This thesis, its background, its rationale along with the results and implications of this N-

of-1 study are presented over five separate chapters. The reasoning behind this study, combined 

with a literature review of the motivating concepts associated with PN, previous PN studies, the 

multi-omics technologies employed for this study and the achievements of other N-of-1 studies 

are described in chapter one (this chapter). 

The second chapter focuses on the materials, methods, 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 further elaborated. In addition, the meal preparations, and physical and 

mental performance tests are also explained in this second chapter. 

Chapter three, a pivotal section of this thesis, delves 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 collected blood, 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/mental), and micro-scale (molecular) correlations gleaned from the omics data, 

dissecting, and rationalizing the correlations and associations between physiological outcomes - 

as monitored by wearable technologies - and the detailed omics measurements. This chapter serves 

as a bridge between the physiological responses 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 multi-omics methods. This section discusses the 

potential scalability of personalized nutrition strategies to a broader scope, suggesting future 

avenues for research and development in the field. Ultimately, this thesis aims to contribute to the 

advancement of PN methodologies by helping to elucidate the interplay between diet, molecular 

responses, and physiological outcomes at an individual level. 
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2. Chapter 2 

Methods 

2.1. Ethics approval: 

The project was conducted in accordance with the ethical standards of, and approved by, 

the University of Albertaôs Human Research Ethics Board (HREB) biomedical ethics committee 

(HREB #Pro00080942).  

2.2. Study overview: 

This is an N-of-1 study involving a healthy 25-year-old female subject (myself). I 

conducted a series of self-administered daily tests (physical, mental, physiological, and molecular) 

while adhering to four different isocaloric food patterns for 2 weeks each: a fast-food diet (FFD), 

a Mediterranean-type diet (MD), a Ketogenic diet (KD) and a ñcontrolò diet that was my habitual 

food pattern or Regular Diet (RD), and with washout periods interspersed amongst these patterns. 

The FFD was chosen to represent a pattern that is high in processed or ultra-processed 

foods, with all foods purchased and consumed from a well-known fast food chain [210]. The foods 

consumed during the MD food pattern period were chosen to reflect the cuisines of Mediterranean 

countries, especially the regions of Crete, Greece and southern Italy [211]. The diet primarily 

consists of a variety of plant-based foods, including fruits, vegetables, grains, potatoes, beans, nuts, 

and seeds. Fresh fruit is commonly eaten as a daily dessert. Olive oil is the main fat source, with 

dairy products like cheese and yogurt also included. Fish and poultry are eaten occasionally in 

small to moderate quantities. Eggs are consumed infrequently, up to four times a week, while red 

meat is rarely consumed. Wine is typically enjoyed in moderate amounts during meals. However, 

none was consumed during this project [211,212]. The KD is a diet pattern that is low in carbohydrates 

and high in fats. Typical foods consumed on a KD include fatty cuts of meat, fish, eggs, avocados, 

nuts, seeds, and oils like coconut oil. Non-starchy vegetables like leafy greens, broccoli, and 

cauliflower are also common, while carbohydrate-rich foods like bread, pasta, and sugary foods 
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are avoided. The KD has been described in the literature as a diet pattern that may induce mild 

ketosis in people without diabetes and has been associated with improved metabolic outcomes 

such as glycemic control, lipid concentrations, and weight loss [213,214]. Finally, an analysis of my 

RD was conducted to have a better understanding of my regular dietary habits. I consumed food 

consistent with each of these patterns for two consecutive wewahout eks, followed by a one-week 

wash-out period. During the wash-out period, I returned to my RD (Figure 2.1). This wash-out 

period was used to minimize possible lingering effects from the previous diet pattern. Additionally, 

I followed the same data collection and self-monitoring protocols for a two-week period during 

my RD to establish a baseline for my typical physiological, mental, physical, and molecular 

responses. 

During the FFD phase, I consumed meals and snacks sourced exclusively from a local 

McDonald's restaurant. The sole criterion for food selection was adhering to the same type of meat, 

specifically red meat while avoiding fish or chicken. For the Mediterranean diet (MD), my diet 

featured an increased intake of seafood, poultry, fruits, and vegetables, and a low consumption of 

red meat [211]. Olive oil also played a prominent role as a dietary component. The ketogenic diet 

(KD), known for its high fat and high protein content and low carbohydrate intake, constituted my 

third dietary regimen. During this phase, I increased my consumption of meats, such as pork, and 

incorporated oils such as coconut oil. Carbohydrate intake was limited to less than 20 grams per 

day. My regular diet (RD) consisted of mainly whole wheat bread, peanut butter, pasta, basmati 

rice, chicken, red meat, or fish, vegetables (e.g. beans, carrots, and corn), fruits (e.g. apples and 

bananas) and coffee with 2% fat milk. All diets were carefully tracked in terms of their food or 

component composition, the weight of individual ingredients (except for the FFD, for which 

Figure 2.1. The timeline of dietary and washout periods. Each diet was for 2 weeks with a week 

of washout period (habitual diet) to ensure there are no lingering effects from the previous diet 

when initiating the next diet. 
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weighed ingredient data was published) and calorie count (using the built-in Fitbit food log) [215] 

(Figure 2.2).  

 

  

Figure 2.2. A summary of the foods and ingredients consumed during each diet. The FFD consisted of 

beef burgers, fries, sugary drinks, and milkshakes. The main ingredients for the MD were seafood, 

poultry, olives and olive oil, and nuts and legumes. The KD consisted of a higher consumption of pork 

(bacon and pork chops), eggs, cheese, fatty vegetables such as avocadoes and low-carbohydrate 

vegetables such as zucchini. To increase the fat intake, coconut oil was also added to my diet. The RD 

consisted of a moderate consumption of fruits and vegetables, whole wheat bread, pasta, and rice in 

addition to red meat, poultry and fish. 
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2.3. Food and constituents: 

For all the diets, except for the FFD, I weighed each ingredient and food prior to consuming 

it, using an Etekcity Digital Kitchen Scale, model EK6015. For the foods sourced from 

McDonald's, it was not possible to weigh each ingredient. However, because detailed information 

about the ingredients, nutrient composition, cooked weight, and calories was available from 

McDonald's (via online data), ingredient weighing was not necessary. Each meal was weighed 

before consumption. All meals were consumed fully, and in a few incidences where I was not able 

to finish the meal, the leftover portions were weighed and consumed later in the day. For the MD 

and KD, all meal ingredients were delivered weekly through a meal kit delivery company [216]. All 

food components or ingredients compatible with the dietary recipes provided by the meal kit 

company were measured and used in preparing the meals. All foods were weighed and logged into 

the Fitbit application food log (Fitbit Inc., version 3.42) [215]. Daily food consumption was 

isocaloric and between 1800-2000/day kcals based on the Fitbit database. Fitbit device estimates 

energy expenditure using Basal Metabolic Rate (BMR), activity data, and HR measurements. Fitbit 

uses a proprietary formula to calculate total daily calorie burn, though its foundation is based on 

well-established scientific principles. BMR represents the number of calories expended by the 

body at rest to maintain essential physiological functions such as breathing, circulation, and 

cellular processes. Fitbit estimates BMR using personal data including gender, age, weight, and 

height. For this estimation, Fitbit applies the Mifflin-St Jeor equation [1], which is considered a 

reliable method for calculating resting energy expenditure (REE): 

ὄὓὙ Ὢέὶ άὥὰὩίρπύὩὭὫὬὸ ὯὫ φȢςυὬὩὭὫὬὸ ὧά υ ὥὫὩ ώὩὥὶίυ 

ὄὓὙ Ὢέὶ ὪὩάὥὰὩίρπύὩὭὫὬὸ ὯὫ φȢςυὬὩὭὫὬὸ ὧά υ ὥὫὩ ώὩὥὶίρφρ 

This equation accounts for individual differences in body size and composition, providing 

an estimate of the daily calories burned at rest, assuming no physical activity. Additionally, Fitbit 

tracks physical movement throughout the day using accelerometers and other sensors to monitor 

step count, distance traveled, and minutes spent being physically active. For each activity, Fitbit 

assigns a Metabolic Equivalent of Task (MET) value. MET values represent the energy cost of 

physical activities as a multiple of BMR. For example, sitting quietly has a MET of 1.0, indicating 
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energy expenditure equivalent to the BMR. More intense activities such as brisk walking or 

running have higher MET values, indicating greater energy expenditure. Fitbit multiplies the 

individualôs BMR by the appropriate MET value for the activity being performed, adjusting for 

the duration and intensity of the activity. The general formula for caloric burn from an activity is: 

ὅὥὰέὶὭὩί ὦόὶὲὩὨὓὉὝ ὺὥὰόὩὄὓὙ ὈόὶὥὸὭέὲ Ὤέόὶί 

For Fitbit devices with heart rate monitors, caloric burn estimates during physical activity 

are refined using heart rate data. Fitbit uses the heart rate reserve (HRR) method, which 

incorporates both the maximum heart rate and resting heart rate of the user. The formula for 

estimating heart rate reserve is as follows (and the maximum HR is typically calculated as 220 ï 

age (years)): 

ὌὩὥὶὸ ὙὥὸὩ ὙὩίὩὶὺὩ ὌὙὙ ὓὥὼὭάόά ὌὩὥὶὸ ὙὥὸὩὙὩίὸὭὲὫ ὌὩὥὶὸ ὙὥὸὩ 

Fitbit uses this reserve to assess the intensity of physical activity and calculates calories 

burned more accurately based on heart rate during exercise. Higher heart rates during physical 

activity correspond to greater energy expenditure. The formula for caloric burn based on heart rate 

data is as follows: 

ὅὥὰέὶὭὩί ὦόὶὲὩὨ ὴὩὶ άὭὲόὸὩὌὙὙ Ϸ ὄὓὙ ὈόὶὥὸὭέὲ άὭὲόὸὩί 

Fitbit calculates total daily caloric expenditure by combining the BMR and the calories 

burned from physical activities throughout the day. This includes BMR (calories burned at rest 

over 24 hours), Activity Calories (calories burned through day-to-day movements such as walking, 

climbing stairs, or standing), and Exercise Calories (additional calories burned during intentional 

physical activities such as running, cycling, or gym workouts). By summing these components, 

Fitbit provides an estimate of the total calories burned each day.  

For tracking calorie intake, Fitbit relies on the user manually entering or logging the food 

they consume into the Fitbit app. The process involves drawing from a large food database, which 

contains nutritional information, including calorie counts for thousands of food items. This 

database includes commonly consumed foods, restaurant meals, and packaged items. When 

logging food, the user enters the food type and portion size, and Fitbit calculates the corresponding 
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calorie intake based on the stored nutritional data. Additionally, the app allows users to scan 

barcodes of packaged foods, automatically pulling the relevant nutritional information from 

Fitbitôs database. In cases where foods are not listed, users can manually input the nutritional 

values, allowing for flexibility with custom recipes or unique meals. Once the food data is logged, 

Fitbit compares the calorie intake (from logged foods) against the calories burned (estimated by 

the device) to provide insights into energy balance, which can help users monitor weight 

management goals.  

Each meal and snack food item, timing of food consumption, and food weight were 

recorded using the Fitbit diary (Fitbit Inc., version 3.42) [215]. A record of all the foods and 

beverages I consumed each day was also entered into the Automated Self-Administered 24-Hour 

(ASA24 
È) Dietary Assessment Tool [95] (ASA24-Canada-2018), developed by the National Cancer 

Institute, Bethesda, MD. This is a web-based platform used to capture food and beverage intake, 

as well as some eating characteristics, and is widely considered to be the gold standard for 

collecting dietary intake data. The comparison results between ASA24 and Fitbit showed a 

moderate alignment in calorie intake estimates, as indicated by the correlation coefficient of 0.53. 

This suggests that, while the two methods generally follow the same trend, there are noticeable 

differences in their daily calorie estimates. The average daily calorie intake recorded by ASA24 

was 1959.8 Ñ 132.0 kcal/day, while Fitbit estimated a slightly higher average of 1966.6 Ñ 241.2 

kcal/day. The Bland-Altman plot further illustrates this by showing the differences between the 

two methods (Figure 2.3). The plot demonstrates that, although the majority of the points fall 

within the limits of agreement, there are some fluctuations, particularly at higher intake levels. The 

mean difference between the methods is small, indicating no strong systematic bias, but the 

variation at individual data points suggests that the methods may not always align perfectly for 

certain days or calorie ranges (Figure 2.3). 

 For this study, I used the Canadian 2018 version of ASA24, which links the foods entered 

to the Canadian Nutrient File [217]. I also calculated the Healthy Eating Index (HEI) score (Healthy 

Eating Food Index (HEFI)-2019, Canada) [218,219]. This score is used to quantify how closely my 

daily dietary intake aligned with recommendations from Health Canada. As mentioned earlier for 

the FFD, all the meals were consumed fully during the other three dietary interventions, and in a 

few incidences where I was not able to finish the meal, the leftover portions were weighed and 
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consumed later in the day. An example of a typical day during the interventions, daily calorie 

intakes across all diets and a sample menu is presented in Appendix 1 Tables 1 - 3. 

 

  

Figure 2.3 - Bland-Altman plot comparing calorie estimates from ASA24 and Fitbit. The plot 

displays the mean of the two methods on the x-axis and the difference between Fitbit and 

ASA24 calorie estimates on the y-axis. The red dashed line represents the mean difference 

between the two methods, while the green dashed lines indicate the limits of agreement (Ñ1.96 

standard deviations). The majority of points fall within the limits, indicating general agreement 

between the two monitoring methods. 
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2.4. Anthropometric Assessments: 

I conducted daily measurements of general anthropometric information, including my 

weight (in kilograms, Etekcity Digital Body Weight Bathroom Scale, model EB4887), my body 

mass index (BMI), and percentage of body fat. BMI was calculated by dividing my measured 

weight in kilograms by the square of my height in meters (using Body Measuring Tape, White 

yaochi-200). Body fat percentage was determined using the US Navy method [220], which considers 

gender, age, height, and weight (in kilograms), as well as daily measurements of neck, waist, and 

hip circumferences (in centimeters). Measurements were made using a white Yaochi-200 Body 

Measuring Tape. To ensure accuracy while self-measuring, a flexible measuring tape was used, 

avoiding elastic or cloth tapes that might stretch. The tape was correctly positioned and 

consistently placed at each measurement site, with the aid of a mirror to maintain level and straight 

placement around the body. Additionally, measurements were taken at the same time each day and 

under similar conditions, to minimize variations caused by factors such as food intake and 

hydration levels.  

2.5. Biological sample collection: 

I collected blood and urine samples each day during the entire study. Fasting blood samples 

were obtained each morning using a Tasso+ device [221]. The Tasso+ is a single-use blood-lancing 

device that extracts small whole blood samples using a micro-capillary device. The device consists 

of a button for releasing the microblade and a detachable microtube (Figure 2.4A). For blood 

collection, the device was placed on the upper arm following the application of a heat pack 

(provided in the package) to enhance blood circulation, and then sterilization of the area. Upon 

pressing the deviceôs lancing button, the microblade is released, creating a small incision on the 

arm. Within 5 minutes, 500-600 ÕL of blood can be collected with little or no pain or follow-on 

soreness. After collection, the microtube (containing EDTA (Ethylenediaminetetraacetic acid)) is 

detached from the device and closed using the tube cap and inverted several times. After incubating 

for 30 minutes at room temperature under quiescent conditions, these sample tubes were 

centrifuged at 810 g for 10 minutes at room temperature to separate the plasma. The separated 
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plasma was then carefully transferred into Eppendorf tubes and stored at -20ÁC until they could be 

transported to a long-term storage facility at -80ÁC.  

Urine samples were collected twice daily into sterile urine collection container (Corning 

50 mL centrifuge tubes), once in the morning upon waking and once at night (Figure 2.4B). These 

urine samples were aliquoted using disposable plastic pipettes into 1.5 mL tubes and promptly 

frozen at -20ÁC until they could be transported for final storage in the -80ÁC freezer. 

  

Figure 2.4. A: Tasso+ device attached to the upper arm. Upon pressing the red button, the microblade 

is released which creates an incision on the arm and is expected to collect 500-600 ÕL of blood within 5 

minutes. B: The daily timeline of sample collection (blood and urine), and blood pressure monitoring.  
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2.6. Blood pressure (BP) monitoring:  

BP readings were obtained using a smart wearable BP monitor (YHE BP Doctor Pro BP 

Smartwatch (Yanhe Intelligent Technology Ltd, Hangzhou, China)). BP Doctor Smartwatch 

employs a downsized version of the elements used in standard oscillometric BP measurement. It 

integrates an inflatable cuff into the watch band similar to the process of a typical upper arm 

oscillometric device. I measured my BP five times daily: upon waking in the morning, following 

each main meal (breakfast, lunch, and dinner), and just before bedtime (Figure 2.4B). All data 

acquired by the BP Doctor Smartwatch was exported to a computer using the BP Doctor App and 

saved as a *.csv file. A picture of the BP Doctor Smartwatch is shown in Figure 2.5. 

 

 

2.7. Physiological monitoring via a smartwatch: 

To track a number of physiological measures continuously and quantitatively, I wore a 

Fitbit Sense Smartwatch (Fitbit Inc., San Francisco, USA) on my non-dominant (left) wrist. This 

model continuously records HR (Heart Rate, in beats per minute, bpm), breathing rate (expressed 

as breaths per minute), HR variability (measured in milliseconds), and sleep-related metrics such 

as sleep quality, sleep cycles, sleep stages, and sleep duration. Periods of restlessness during sleep 

and instances of snoring were also noted. Variations in BT (body temperature) from the baseline 

were also recorded during each sleep cycle using the smartwatch, along with the percentage of 

Figure 2.5. The smart wearable BP monitor (YHE BP Doctor Pro Blood Pressure Smartwatch). The 

inner layer of the watch strap (air cuff) slowly inflates, increasing the tightness around the wrist with 

the SYS (systolic) number going up. Once the measurement is complete, the SYS/DIA (diastolic) 

measurements in mmHg as well as the HR (bpm) are presented on the screen. 
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time spent with a HR above the resting HR during sleep (examples of the Fitbit dashboard and 

Fitbit app information are provided in Figure 2.6). All data acquired by the smartwatch was 

exported via the Fitbit API using the Python programming language or through the Fitbit 

dashboard associated with my Fitbit account and saved as a *.csv file. 

 

  

Figure 2.6. A: An example of the Fitbit data obtained from my personal Fitbit dashboard. A summary 

of physical activity, sleep, HR (Heart Rate) and the calorie intake are shown in this view. B: A 

screenshot of the Fitbit app showing HR variations of a day and a screenshot of sleep data, including 

the sleep stages and the time spent in each stage. 
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2.8. Blood glucose (BG) monitoring: 

I continuously monitored my BG levels using a Dexcom G6 (DexCom Inc., California, 

USA) continuous glucose monitor (CGM), which provided BG values in mmol/L at five-minute 

intervals. The Dexcom system is a battery-powered CGM that uses a tiny sensor wire inserted just 

underneath a person's skin using an automatic applicator. This sensor wire uses a glucose oxidase 

(GO) chemical reaction to generate an electrical signal that is converted into an estimated glucose 

value [222]. An adhesive patch holds the CGM sensor housing in place, so the sensor can measure 

glucose readings in interstitial fluid throughout the day and night. A small, reusable transmitter 

connects to the sensor wire and sends real-time readings wirelessly to a receiver so that the user 

can view glucose information. To gain insights into my glucose response to specific foods, I 

conducted glucose challenge tests. I noted the time of meal consumption and avoided eating for 

the following two hours to monitor fluctuations in my glucose levels. The Dexcom G6 monitor 

recorded BG values and transmitted this data to my smartphone. The collected data was accessible 

through the Dexcom G6 mobile application, including cloud-based storage, and provided alerts for 

low and high glucose levels, sent directly to my smartphone. All data acquired by the Dexcom G6 

monitor was exported via the Dexcom App and the cloud-based storage associated with my 

Dexcom account and saved to my computer as a *.csv file. 

2.9. Body temperature (BT) monitoring: 

BT was tracked using a wearable and non-invasive system designed for continuous core 

BT monitoring (CORE, greenTEG, R¿mlang, Switzerland) (Figure 2.7). The sensor was affixed 

to my non-dominant (left) arm using an arm strap and remained in place throughout each of the 

diet periods, with brief periods where it was removed for recharging. It recorded skin temperature 

values at five-minute intervals, with the collected data accessible through a dedicated mobile 

application and cloud-based storage. COREôs sensor detects heat transfer within the body, 

delivering real-time core BT. Specifically, the CORE sensor uses a thermoelectric generator (TEG) 

that takes advantage of the Seebeck effect to measure temperature. The Seebeck effect is a 

phenomenon in which a temperature difference between two dissimilar electrical conductors or 

semiconductors produces a voltage difference between the two substances [223]. When (body) heat 
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is applied to one of the two conductors or semiconductors, heated electrons flow toward the cooler 

one. In this way, the TEG sensor generates a proportional voltage signal based on heat flow. CORE 

uses miniaturized TEGs, such as green TEGôs, which were designed specifically for compact 

wearables. All data acquired by the CORE monitor was exported and saved as a *.csv file. 

  

Figure 2.7. CORE sensor wearable body thermometer, worn on the upper arm 

using the arm strap. 
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2.10. Emotional and mood monitoring:  

Food and diets are known to affect an individualôs mood and emotions [224]. As few other 

PN studies had ever studied mood or emotions and the effects that foods or diet had on mood or 

emotions, I decided to track this for my N-of-1 study. This emotional/mood surveillance was done 

at three-day intervals by administering a comprehensive questionnaire known as the Profile of 

Mood State (POMS) [225]. This questionnaire provided a structured framework to evaluate my 

emotional state and to gain insights into the dynamic nature of my mood changes. I recorded 

introspective accounts of my emotional experiences on specific days, days 1, 4, 7, 10 and 14 during 

each diet trial. This self-administered survey was intended to capture both immediate and evolving 

emotional responses to dietary changes. In addition to these three-day evaluations, I also 

implemented a daily emotional/mood tracking system. This entailed the maintenance of a detailed 

written diary, which allowed me to record my emotions and feelings daily throughout the entire 

duration of each diet trial. This daily diary approach ensured that I did not miss nuances or 

fluctuations in emotional states that were missed by the three-day POMS survey. The combination 

of periodic questionnaires and daily diaries provided a rich collection of mood and emotional data, 

which was intended to explore the connections between diet, mood, and emotions with mental, 

molecular, or physiological data. 

2.11. Physical performance monitoring: 

Food and diets are known to affect an individualôs physical performance and physical well-

being [226]. As few other PN studies had ever studied physical performance and the effects that 

foods or diets had on physical performance, I decided to track this for my N-of-1 study. Physical 

performance monitoring was achieved through the implementation of a consistent exercise 

regimen spanning five days per week during the diet trials. The core of this exercise routine 

involved treadmill walking sessions lasting between 40 to 45 minutes. These treadmill sessions 

involved alternating between walking at 5 km/h and 7 km/h with three-minute periods at the slower 

pace followed by two minutes at the higher pace, continuing in cycles until the designated exercise 

duration was met. Throughout the exercise period, BT was monitored, as was HR. Additionally, 

the time required for my HR to return to the resting rate after exercise (commonly referred to as 
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the recovery time) was also tracked. This physiological evaluation provided valuable insights into 

my cardiovascular fitness, endurance, and the impact of different diets on my physical 

performance. 

2.12. Mental performance monitoring: 

Food and diets are known to affect an individualôs mental performance and cognitive 

function [227,228]. As few other PN studies had ever studied mental performance and the effects that 

foods or diet had on mental performance, I decided to track this for my N-of-1 study. Five different 

mental tests were developed, and each was delivered and taken electronically via simple computer 

programs that I wrote in Python (the code for these programs is provided in Appendix 1A - 1E). 

The tests were: 1) a Serial Subtraction Test; 2) a Reaction Time Test; 3) a Trail-Making Test; 4) a 

Stroop Effect test and 5) a Digit Span test. More details about each test and what it entailed are 

given below. It is important to note that these mental tests were specifically chosen and specifically 

designed so that they would assess different aspects of my mental performance and cognition. The 

tests were also selected because they were the type of test that could not easily be mastered through 

practice or repetition. Although it is possible to improve on these tests with repeated 

administration, the rate of learning generally diminishes over time, thanks to the plateauing of 

learning curves associated with such tests [229]. To minimize the influence of these learning effects 

on the study results, all assessments were evaluated before the start of the dietary interventions. 

Alternate forms of the tests were used, longer intervals between test sessions were enforced, and 

repeated measures were employed in the data analysis to adjust for potential learning effects. This 

ensured that the observed changes in cognitive performance were not merely due to repeated 

exposure to the tests and would better reflect or assess mental performance effects as a 

consequence of each diet regimen. The fact that the tests were conducted through a computer and 

were fully quantitative ensured high precision and consistency over the assessment process. These 

tests, which were conducted daily, provided information about my cognitive function and mental 

performance throughout the study. 

The Serial Subtraction Test [230] is a mental performance test wherein I was presented with 

a random starting number between 100 and 999. A second random number between 3, 4, 6, 7, or 8 

was then provided, and generated through a random number generator. My task was to perform 
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these subtractions within a 60-second time frame. Upon completion, the program assessed both 

the number of subtraction calculations completed and the accuracy of those calculations. This test 

was conducted three times, and the average results provided a comprehensive snapshot of my 

mental agility. 

The Reaction Time Test [231] is a mental performance test designed to evaluate a 

participant's reflexes and response time. During this test, the screen displayed a prompt after a 

random number of seconds, and upon seeing the prompt I had to press the spacebar as quickly as 

possible. The program records the time it takes to react to the prompt in seconds (with 0.1-second 

accuracy). This test was performed five times, with the average reaction time from these five trials 

serving as the metric of response time. 

The Trail-Making Test [232] is a mental performance test designed to assess cognitive 

processing speed, attention, and executive function. In this test, a random combination of letters 

and numbers was generated using the computer and a Python script. The final random combination 

was transformed to *.pdf format and then printed. My challenge was to connect the numbers and 

letters sequentially in the correct order. The time taken to complete the task as well as the number 

of errors made during the process were recorded. The trail-making test was only conducted once. 

This test provided useful insights into my cognitive flexibility and attention span. 

The Stroop Effect Test [233] is a mental performance test designed to evaluate cognitive 

processing speed, selective attention, and cognitive flexibility. In this test, the computer generated 

a list of 100 color names, with the words written in various colors. My task was to read aloud the 

color in which each word is written (ink color), not the actual color names. The test recorded the 

time taken to complete the task (in seconds) and the percentage of correct answers as the final 

result. The Stroop effect test was only conducted once. This test assessed my ability to manage 

cognitive conflicts and attentional control. 

The Digit Span Test [234] is a mental performance test designed to assess working memory 

and attention span. In this test, 10 random numbers between 0 and 9 were generated using a random 

number generator and displayed on the computer. The numbers were displayed one after the other. 

After the sequence was presented, it was cleared from the screen, and I had to recall and type the 
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numbers in the exact order they appeared. This test measured my ability to retain and manipulate 

information in working memory. 

The typical time to complete all five tests was approximately 30 minutes. All data for all 

mental performance tests throughout all diet periods was recorded and kept as a *.csv file for 

subsequent data analysis. 

 

2.13. Metabolomics analysis: 

2.13.1. Plasma analysis 

Metabolomic analyses were conducted on the collected plasma and urine samples using 

the cutting-edge assay developed by The Metabolomics Innovation Centre (TMIC) known as the 

TMIC MEGA assay. This assay uses a combination of direct flow injection mass spectrometry 

(DFI-MS) and liquid chromatography-tandem mass spectrometry (LC-MS/MS) to separate and 

identify metabolites. This LC/DFI-MS/MS assay can perform targeted, absolutely quantitative 

metabolic profiling of up to 726 endogenous metabolites. An additional ~200 metabolite ratios and 

sums can be calculated based on those metabolite concentrations. Within the context of this study, 

the MEGA assay yielded quantitative results for an average of 636 metabolites in my plasma 

samples. The MEGA assay covers a wide range of metabolite categories, spanning biogenic 

amines, amino acids, amino acid-related metabolites, phosphatidylcholines (PCs), 

lysophosphatidylcholines (LysoPCs), sphingomyelins (SMs), hydroxy-sphingomyelins 

(SM(OH)s), acylcarnitines (ACs), triglycerides (TGs), diglycerides (DGs), organic acids, and 

more. Combined with an average of 188 combinations of metabolite sums and ratios, this assay 

could yield a total of 824 absolutely quantitative metabolite values. 

The TMIC MEGA assay uses a combination of chemical derivatization, analyte extraction 

and separation, and selective mass-spectrometric detection using multiple reaction monitoring 

(MRM). This allows the assay to not only identify but also accurately quantify metabolites. The 

assay utilizes chemical derivatization methods reverse-phase high-performance liquid 

chromatography tandem mass spectrometry (RP-HPLC-MS/MS) for organic acids, amino acids, 

amino acid derivatives, and biogenic amines, as well as direct flow injection (DFI) analysis for the 
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quantification of lipids and ACs. To ensure precise metabolite quantification, the assay uses 

isotope-labeled internal standards (ISTDs) in conjunction with other ISTDs. For optimal high 

throughput analysis, the assay was performed in 96-well plate format. It is also worth noting that 

this assay requires specific standard reagents and solvents, with stock solutions of each standard 

prepared by dissolving accurately weighed solids in double-distilled water (ddH2O). Seven 

different calibration curve standards (Cal 1 - Cal 7) were obtained by mixing and diluting these 

stock solutions with appropriate solvents, covering different concentration ranges for different 

analytes according to their known or expected normal/pathological concentrations in human 

biospecimens. For analysis of amino acids, amino acid derivatives, biogenic amines, 

nucleotide/nucleosides, and organic acids, 3 quality control (QC) standards with different 

concentrations were prepared by diluting the Cal 7 standard solution with the same solvents as the 

calibration standards. This comprehensive analytical framework was extended to all metabolite 

categories, with stock solutions of isotope-labeled compounds prepared in a similar fashion for 

carbohydrates, ACs and their derivatives, and lipids and their derivatives. A working internal 

standard (ISTD) solution mixture in ddH2O was also created by mixing all the prepared isotope-

labeled stock solutions. For organic acids, stock solutions of isotope-labeled compounds were 

prepared using 75% aqueous methanol. A working ISTD solution mixture in 75% aqueous 

methanol was then created by mixing and diluting all the isotope-labeled stock solutions. 

The TMIC MEGA assay uses a 96 deep-well plate configuration, with a separate filter 

upper plate securely attached on top of a lower plate via sealing tape. A total of 14 wells of the 96 

wells are dedicated to performing various calibration, QC, and reference checks, including wells 

for a blank sample, three zero-point samples, seven standard-containing or calibration samples, 

and three QC samples. To prepare the plasma samples for analysis, they were thawed on ice after 

removal from the freezer, followed by thorough vortexing and centrifugation at 18,000 x g for 5 

min at 4ÜC temperature. Subsequently, 10 ÕL of each plasma sample was loaded onto the center of 

the filter paper (placed in each well) on the upper 96-well plate and dried under a stream of 

nitrogen. To derivatize amine-containing metabolites, phenyl-isothiocyanate (PITC) was added to 

the dried plasma, and the filter spots were dried once more using an evaporator. The metabolites 

were then extracted by introducing an ammonium acetate/methanol mixture (5 mM ammonium 

acetate dissolved in 300 ɛL methanol), and the extracts were subsequently centrifuged into the 

lower 96-deep well plate before being diluted with the MS running solvent.  
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For organic acid analysis, 150 ÕL of ice-cold methanol and 10 ÕL of an isotopically-labeled 

ISTD mixture were added to 50 ÕL of the plasma sample and incubated at -20 ÁC overnight to 

precipitate protein. Then the sample was centrifuged at 13,000 x g for 20 minutes at 4 ÁC. 

Following centrifugation, 50 ÕL of the supernatant was loaded onto the center of a selected well 

of the 96-deep well plate. To derivatize organic acid-containing metabolites, 3-

nitrophenylhydrazine (3-NPH) was added as well as butylated hydroxytoluene (BHT), used as a 

stabilizer, along with water, before LC-MS injection. All chemically-derivatized samples were 

subsequently delivered to a Sciex QtrapÈ 5500 tandem MS (Agilent Technologies, Palo Alto, CA), 

equipped with an Agilent 1290 series UHPLC system and an Agilent Zorbax C18 column (Agilent 

Technologies, Palo Alto, CA). Furthermore, to detect and quantify lipids and ACs, samples were 

delivered directly to the MS via DFI. Data analysis was performed using Analyst 1.7.2 software 

(Applied Biosystems/MDS Analytical Technologies, Foster City, CA), ensuring the accuracy and 

precision of our metabolomic assessments. 

2.13.2. Urine analysis 

Nearly the same metabolomics methodology described above was applied to the analysis 

of urine samples. The one major difference is that the protein precipitation step was not necessary 

for the urine samples. The urine assay also differs from the plasma assay in terms of the final 

dilution factor and the volume of sample (20 ÕL) analyzed. The urine analysis produced 

quantifiable results for 262 metabolites and more than 150 sums and ratios were calculated using 

the measured metabolites.  

2.14. Microbiome analysis: 

To assess my microbiome, I employed a specialized gut microbiome test provided by a 

commercial supplier known as EasyDNA (EasyDNA Canada, Ontario, Canada). The gut 

microbiome test kit includes all the materials needed to collect and ship the fecal sample, including 

rubber gloves, a test tube, and a shipping envelope. The microbiome tests were conducted at the 

end of each 14-day diet trial, with samples being collected and sent to EasyDNA on the 14th day 

and data returned within 2-3 weeks. The EasyDNA test uses 16s rRNA sequencing to identify the 

type and abundance of specific bacteria in a fecal sample. An example of an EasyDNA microbiome 
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test report is provided in Figure 2.8. The gut microbiome test allowed me to conduct a systematic 

evaluation of how each diet trial influenced the composition and richness of my gut microbiome. 

The assessment of microbial diversity provided a way to connect dietary changes with changes in 

my gut microbiota. It also helped to pinpoint specific shifts, adaptations, or alterations within my 

gut microbial communities that were induced by dietary changes. 

 

 

 

  

Figure 2.8. An example of the Easy DNA gut microbiome report which indicates the detected and 

quantified abundances of various bacterial phyla and genera. 
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2.15. Proteome analysis: 

Proteomic analysis was conducted on collected plasma samples (day 1, 3, 5, 7, 11, 14), 

employing the advanced Meso Scale Discovery (MSD, Rockville, Maryland, USA) V-PLEX 

Proinflammatory Panel 1 (human) Kit. This kit quantifies ten specific immune proteins including 

IFN-ɔ (interferon-ɔ), IL-1ɓ (interleukin-1ɓ), IL-2, IL-4, IL-6, IL-8, IL-10, IL-12p70, IL-13, and 

TNF-Ŭ (Tumor Necrosis factor-Ŭ). The V-PLEX method is a quantitative sandwich enzyme-linked 

immunosorbent assay (ELISA) that uses electrochemiluminescence (ECL) as a detection 

technique as opposed to a colorimetric reaction employed by more conventional ELISAs. The V-

PLEX Proinflammatory Panel 1 (human) Kit contains MULTI-SPOT plates pre-coated with 

capture antibodies, calibrators, individual labeled detection antibodies and optimized diluents. All 

ELISAs were performed following manufacturer instructions which involved these general steps. 

First, the plate was washed 3 times with PBS followed by an addition of 50 ÕL the calibrator 

dilutions into the wells. Then 25 ÕL of each plasma sample was added. The plate was sealed and 

incubated for 2 hours while shaking at room temperature. The plate was washed with PBS and 25 

ÕL of the Sulfo-Tag labelled Detection Antibody Blend Solution was dispensed to the plate, 

followed by another 2-hour incubation, and shaking at room temperature. After the incubation 

period, the plate was washed and 150 ÕL of the GOLD Read Buffer B was added. After completing 

the ELISA steps, the plate was read using an MSD plate reader (QuickPlex SQ 120MM Imager) 

located on the 6th floor of the Li ka Shing building - the University of Alberta. The longitudinal 

measurement of this subset of pro-inflammatory proteins over each dietary period was intended to 

complement the metabolomic information and provide additional details about more subtle diet-

induced inflammatory changes that may not have been detectable via metabolomics or 

physiological monitoring.  

2.16. Genome analysis: 

To gain a comprehensive understanding of my genetic makeup, I performed a genetic test 

using the 23andMe (23andMe, California, USA) genetics profiling kit. The kit comes with 

instructions, a specially designed tube for capturing and preserving saliva and a shipping envelope. 

23andMe performs genetic testing using the saliva sample, employing the Illumina Global 
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Screening Array (GSA), version 5.0 SNP chip to measure genetic variations. Version 5.0 of the 

GSA is a next-generation genotyping array for population-scale genetics, variant screening, 

pharmacogenomics studies, and precision medicine assessment. This version of the chip has 

650,000 SNPs suitable for both ancestry and health testing. This genetic test was performed only 

once, at the beginning of the study, and was used primarily to identify any potential genetic 

propensities, food preferences, food aversions or other risks or potential responses that might affect 

the planned dietary interventions. This genetic data was intended to help complement the 

physiological, dietary, and biochemical information collected throughout the study.  

A visual representation of the methods and monitors used in this study is presented in 

Figure 2.9. 

 

 

  

Figure 2.9. A general overview of the monitors, tests and omics measurements used in this study. 
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2.17. Statistical Analysis: 

Throughout this project, I utilized a range of statistical methods to ensure comprehensive 

data analysis. To compare means between different groups, I employed t-tests for pairwise 

comparisons and Analysis of Variance (ANOVA) for multiple group comparisons. To check for 

equal variances, I applied Brown-Forsythe and Bartlett's tests. Univariate analysis was conducted 

to explore individual variables, while multivariate analysis examined the relationships between 

multiple variables simultaneously. Chemometrics analysis was used to process and interpret 

complex chemical data, aiding in the identification of significant patterns. Cluster analysis helped 

to group similar data points, revealing natural clusters within the dataset. Across all these analyses, 

a p-value of 0.05 was used as the threshold for statistical significance, ensuring that the results 

were reliable and robust. It is worth noting that all urinary metabolomics data were normalized to 

creatinine levels (Õmol/mmol creatinine).  
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3. Chapter 3 

Results 

3.1. Diet Analysis: Food Categories  

To calculate the intake for each food or food group, menu items were converted into the 

number of standard servings per day using the ASA24 - 2018, Canada serving size guidelines. The 

food intake variables were then estimated by averaging the intake over 14 days to derive mean 

servings per day. A summary of the food groups, food items, and the average amount consumed 

during each dietary intervention is presented in Tables 3.1 and Figures 3.1 ï 3.3.  

3.1.1. Fruits and vegetables: 

Fruits or fruit juices were consumed during the MD and RD, while none were consumed 

while on the FFD and KD (Table 3.1). The highest level of dark green vegetables consumption 

was while on the KD, while dark green vegetables were consumed at a lower rate while on the RD 

and MD. No dark green vegetables were consumed while on the FFD (Table 3.1). Red and orange 

vegetables, such as tomatoes and tomato products, were consumed at an average rate of 346.9 Ñ 

288.3 g/day during the MD. In contrast, the RD, KD, and FFD averaged 196.5 Ñ 151.5 g/day, 117.6 

Ñ 102.2 g/day, and 29.9 Ñ 32.2 g/day of red/orange vegetable consumption, respectively. The 

consumption of starchy vegetables was the highest while on the FFD (113.0 Ñ 83.3 g/day) which 

was fully sourced from potatoes. In contrast, just 29.6 Ñ 41.7 g of potatoes and 24.7 Ñ 51.2 g of 

other starchy vegetables were consumed during the MD. No potatoes were consumed during the 

RD. However, 45.7 Ñ 34.5 g of other starchy vegetables such as carrots, corn, and green peas were 

consumed during the RD. No starchy vegetables were consumed during the KD. On average, 33.6 

Ñ 70.4 g/day of legumes were consumed during the MD, while none were consumed while on the 

FFD, KD, and RD. (Table 3.1, Figure 3.1). 
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3.1.2. Grains, nuts, and seeds: 

On average, 199.0 Ñ 35.4 g/day of refined grains were consumed while on the FFD, while 

no whole grains were consumed. An average of 25.4 Ñ 19.7 g/day of whole grains and 87.9 Ñ 31.1 

g/day of refined grains were consumed while on the RD. The MD had the highest consumption of 

grains with an average of 45.2 Ñ 56.7 g/day of whole grains and 92.7 Ñ 48.6 g/day of refined grains. 

On the other hand, no grains were consumed while on the KD. 28.3 Ñ 28.3 g/day of nuts and seeds 

were consumed while on the RD, 5.9 Ñ 12.1g/day were consumed while on the KD, and 2.1 Ñ 2.4 

g/day were consumed while on the MD, while no nuts or seeds were consumed while on the FFD 

(Table 3.1, Figure 3.1). 

3.1.3. Meat and eggs: 

The KD had the highest levels of meat consumption, while the lowest amount of meat 

consumption occurred while I was on the RD (Table 3.1, Figure 3.2). The KD and FFD had the 

highest level of red meat (including beef, veal, pork, lamb, and game meat) consumption with an 

overall average of 141.2 Ñ 82.3 g/day, and 116.9 Ñ 38.4 g/day, respectively, while the RD and MD 

had the lowest levels of red meat consumption (5.5 Ñ 12.8 g/day, and 2.5 Ñ 6.8 g/day, respectively). 

An average of 5.4 Ñ 16.3 g/day and 22.1 Ñ 10.8 g/day of cured meat were consumed while on the 

RD and KD, respectively. The FFD had the highest levels of cured meat and sausage consumption 

(31.1 Ñ 23.5 g/day). No cured meat (including sausages, corned beef, and luncheon meat) was 

consumed while on the MD. On average, 57.3 Ñ 63.8 g/day of poultry was consumed while on the 

MD, 55.4 Ñ 83.1 g/day on the KD, and 19.8 Ñ 34.1 g/day while on the RD. No poultry or seafood 

were consumed while on the FFD. No consumption of organ meat from beef, veal, pork, lamb, 

game, and poultry was recorded for any of the diets. Eggs were consumed the most while on the 

KD (55.7 Ñ 14.2 g/day), while eggs were consumed much less frequently while on the other diets 

(4.4 Ñ 11.3 g/day, 11.5 Ñ 26.3 g/day, 0.6 Ñ 2.3 g/day while on the FFD, RD, and MD, respectively). 

No food containing soy was consumed across any of the diets. 

3.1.4. Dairy: 

The highest consumption of dairy was while on the FFD which was mainly sourced from 

cheese (410.0 Ñ 150.1 g/day), and milk (63.7 Ñ 80.8 g/day). The MD had the second-highest 
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consumption of dairy with an average of 358.7 Ñ 186.3 g/day of cheese, 95.2 Ñ 73.4 g/day of milk, 

and 16.4 Ñ 28.2 g/day of yogurt. In contrast, just 208.3 Ñ 208.3 g/day of cheese and 17.4 Ñ 6.6 

g/day of milk were consumed while on the KD, while no yogurt was consumed. An average of 

129.8 Ñ 133.5 g/day of cheese, 49.52Ñ 83.8 g/day of milk and no consumption of yogurt was 

recorded while on the RD (Table 3.1, Figure 3.2). 

3.1.5. Oils and solid fats: 

Fats that are naturally present in nuts, seeds, and seafood. Unhydrogenated vegetable oils, 

coconut oils, and the fat in avocado and olives (above the allowable amount) were recorded as 

ñoilsò which were highest while on the KD (52.1 Ñ 28.5 g), and MD (45.3 Ñ 21.5 g). The lowest 

level of oils was consumed with the FFD (17.9 Ñ 5.6 g). In contrast, solid fats (fats naturally present 

in meat, poultry, eggs, and dairy; hydrogenated/partially hydrogenated oils; shortening, palm, palm 

kernel, coconut oils; coconut meat, and cocoa butter), were highest with the FFD (58.3 Ñ 13.3 

g/day), and lowest with the RD (9.6 Ñ 5.7 g/day) (Figure 3.3). 

3.1.6. Beverages: 

The consumption of unsweetened drinks such as coffees were 441.3 Ñ 146.0 g/day while 

on the KD, 391 Ñ 96.5 g/day while on the MD, 393 Ñ 76.2 g/day while on the FFD and 264.9 Ñ 

73.7 g/day while on the RD. No other kinds of drinks such as teas or alcoholic beverages were 

consumed while on any of the four diets. 

3.1.7. Added sugars: 

The highest sugar consumption with an average of 55.0 Ñ 14.1 g/day of sugar was recorded 

while on the FFD. Expectedly, the lowest sugar consumption was with the KD (2.8 Ñ 7. 8 g/day) 

(Figure 3.3). An average of 297.5 Ñ 123.1 g/day of sugar in the form of sugary drinks were 

consumed while on the FFD which consisted of Coke and other sodas, milkshakes, and sweetened 

iced coffees and coffee creamers. The quantity of sugary drinks consumed for all other diets was 

zero. However, an average of 24.4 Ñ 6.6 g/day of sugar in the form of unsweetened fruit juice was 

consumed while on the MD. 
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Table 3.1 - The mean 14-d intake of consumed foods, beverages, and dietary supplements measured by 

weighed food across all dietary interventions 

Food 

Group Diet exposure 
FFD MD KD RD 

Fruits 

Intact fruits of 

citrus, melons, and 

berries (grapefruit, 

blueberry) (g/day) 

0.0 Ñ 0.0 88.3 Ñ 153.7 0.0 Ñ 0.0 35.6 Ñ 97.6 

Intact fruits; 

excluding citrus, 

melons, and berries 

(apple and banana) 

(g/day) 

0.0 Ñ0.0 404.4 Ñ 354.7 0.0 Ñ 0.0 235.9 Ñ 234.7 

Fruit juices (lemon 

and orange juice) 

(g/day) 

0.0 Ñ 0.0 152.6 Ñ 119.5 0.0 Ñ 0.0 3.8 Ñ 9.8 

Vegetables 

Dark green 

vegetables 

(broccoli, romaine, 

spinach, kale, 

parsley, other dark 

green leafy 

vegetables) (g/day) 

0.0 Ñ 0.0 19.8 Ñ 52.3 340.3 Ñ 478.2 184.4 Ñ 191.3 

Tomatoes and 

tomato products 

(g/day) 

29.9 Ñ 32.2 196.6 Ñ 156.4 108.3 Ñ 107.6 94.1 Ñ 144.3 

Other red and 

orange vegetables, 

excluding tomatoes 

and tomato 

products (sweet 

potato, red pepper, 

0.0 Ñ 0.0 150.2 Ñ 159.3 9.3 Ñ 31.9 102.5 Ñ 85.1 
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cabbage, carrots) 

(g/day) 

White potatoes 

(g/day) 
113.0 Ñ 83.3 29.6 Ñ 41.7 0.0 Ñ 0.0 0.0 Ñ 0.0 

Other starchy 

vegetables, 

excluding white 

potatoes (corn) 

(g/day) 

0.0 Ñ 0.0 24.7 Ñ 51.2 0.0 Ñ 0.0 45.7 Ñ 34.5 

Other vegetables 

not in the vegetable 

components listed 

above (onion, bell 

pepper, avocado, 

squash, garlic, 

green beans, 

cucumber and 

pickles, olives, 

brussels sprouts, 

sweet peas) (g/day) 

89.3 Ñ 25.5 363.7 Ñ 157.7 361.7 Ñ 301.0 201.2 Ñ 158.8 

Legumes (g/day) 0.0 Ñ 0.0 33.6 Ñ 70.4 0.0 Ñ 0.0 0.0 Ñ 0.0 

Grains 

Grains defined as 

whole grains and 

contained the entire 

grain kernel, the 

bran, germ, and 

endosperm (whole 

wheat bread) 

(g/day) 

0.0 Ñ 0.0 45.2 Ñ 56.2 0.0 Ñ 0.0 25.4 Ñ 19.7 

Refined grains that 

do not contain all of 

the components of 

the entire grain 

199.0 Ñ 35.4 92.7 Ñ 48.6 0.0 Ñ 0.0 87.9 Ñ 31.1 
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kernel (bun, 

spaghetti, couscous, 

white rice) (g/day) 

Protein 

Beef, pork, bison; 

excludes organ 

meat and cured 

meat (g/day) 

116.9 Ñ 38.4 2.5 Ñ 6.8 141.2 Ñ 82.3 5.5 Ñ 12.8 

Cured meat (bacon, 

bologna) (g/day) 
31.1 Ñ 23.5 0.0 Ñ 0.0 22.1 Ñ 10.8 5.4 Ñ 16.3 

Poultry (chicken, 

turkey) (g/day) 
0.0 Ñ 0.0 57.3 Ñ 63.8 55.4 Ñ 83.1 19.8 Ñ 34.1 

Seafood (fish and 

shrimp) (g/day) 
0.0 Ñ 0.0 150.6 Ñ 126.2 17.1 Ñ 45.2 69.5 Ñ 94.7 

Eggs (g/day) 4.4 Ñ 11.3 0.6 Ñ 2.3 55.7 Ñ 26.5 11.5 Ñ 26.3 

Peanuts, tree nuts, 

and seeds; excludes 

coconut (peanuts, 

sesame seeds and 

walnuts) (g/day) 

0.0 Ñ 0.0 2.1 Ñ 2.4 5.9 Ñ 12.1 28.4 Ñ 28.4 

Legumes computed 

as protein foods 

(beans, peas, and 

lentils) (g/day) 

0.0 Ñ 0.0 15.9 Ñ 33.4 0.0 Ñ 0.0 0.0 Ñ 0.0 

Dairy 

Fluid milk and 

cream (g/day) 
63.7 Ñ 80.8 95.2 Ñ 73.4 17.4 Ñ 6.6 49.5 Ñ 83.8 

Yogurt (g/day) 0.0 Ñ 0.0 16.4 Ñ 28.2 0.0 Ñ 0.0 0.0 Ñ 0.0 

Cheese (g/day) 410.0 Ñ 150.1 358.7 Ñ 186.3 208.3 Ñ 208.3 129.8 Ñ 133.5 
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Figure 3.1 - Bar charts of the averaged amount (g)/day of fruits, vegetables and grains consumed during 

each dietary intervention.  
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Figure 3.2 - Bar charts of the averaged amount (g)/day of protein and dairy consumed 

during each dietary intervention. 
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3.1.8. Meals 

An analysis of the ingredients for each meal consumed for each dietary intervention was 

also conducted. The food intake variables were then estimated by averaging the intake over 14 

days to derive the mean servings per day of each meal. A summary of the food groups, food items, 

and the average amount consumed with breakfasts, lunches, dinners, and snacks during each 

dietary intervention is presented in Appendix Tables 3A ï 3D. 

Breakfasts 

During the dietary interventions, no fruits were consumed with breakfasts while on the 

FFD, KD, and RD. In contrast, the MD included fruit juices with breakfasts. No dark green 

vegetables were eaten with any breakfast across all diet groups. Red and orange vegetables were 

included with breakfasts while on the MD and FFD diets, but not on the KD or RD diets. Starchy 

vegetables and legumes were absent from breakfasts in all dietary interventions. Other types of 

vegetables such as avocados were consumed with breakfasts while on the RD and MD. Whole 

grains and refined grains were not part of breakfasts while on the KD. However, the FFD included 

refined grains, and the MD and RD included both whole and refined grains. Protein-rich foods 

were mostly consumed with breakfasts on the KD, primarily from cured meats (bacon) and eggs, 

Figure 3.3 - Bar charts of the average amount (g/day) of oils, fats and added sugars consumed 

during each dietary intervention. 
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with no nuts included. The FFD had the second highest protein intake with breakfasts, from meat, 

cured meat (sausages), and eggs, but no nuts. The breakfast protein during the RD was sourced 

exclusively from nuts (peanut butter). No protein foods like eggs, nuts, or meats were included in 

breakfasts on the MD diet. No milk or yogurt was consumed with breakfasts with any of the dietary 

interventions. However, cheese was a part of breakfasts on the MD, FFD, and RD, with no cheese 

consumed while on the KD diet. Additionally, added sugars were included in breakfasts while on 

the FFD, MD, and RD, but not on the KD diet. Table 3.2 represents a summary of the food groups 

consumed with breakfasts across all dietary interventions, and Figure 3.4 shows a PCA plot of 

breakfasts and their averaged constituents (micro, macro, and non-nutrients) showing the 

differences in breakfastsô composition across all diet groups. 

 

Table 3.2 ï The mean 14-d intake of consumed foods with breakfasts across all dietary interventions 

Food groups FFD MD KD RD 

Fruits (g/day) 0.0 Ñ 0.0 123.7 Ñ 133.5 0.0 Ñ 0.0 0.0 Ñ 0.0 

Vegetables (g/day) 8.4 Ñ 26.9 67.3 Ñ 100.8 0.0 Ñ 0.0 74.0 Ñ 121.0 

Grains (g/day) 62.4 Ñ 16.0 87.5 Ñ 47.4 0.0 Ñ 0.0 51.3 Ñ 16.7 

Proteins (g/day) 39.7 Ñ 16.3 0.0 Ñ 0.0 68.3 Ñ 10.4 28.4 Ñ 28.4 

Oils and fats (g/day) 18.9 Ñ 7.8 14.0 Ñ 10.0 17.6 Ñ 2.3 14.6 Ñ 9.1 

Dairy (g/day) 109.9 Ñ 67.4 339.5 Ñ 170.9 0.0 Ñ 0.0 77.7 Ñ 123.3 

Foods with added sugars (g/day) 3.0 Ñ 2.4 4.0 Ñ 1.9 0.0 Ñ 0.0 11.5 Ñ 12.2 
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Lunches: 

Fruit intake with lunch was the highest while on the MD and RD diets in the form of fruit 

juices, while no fruits or fruit juices were consumed with lunches while on the FFD and KD. Dark 

green vegetables were not consumed with lunches while on the FFD but were included in varying 

forms such as spinach and bell pepper for the RD, KD, and MD. Red and orange vegetables such 

as tomato and tomato products were part of lunches on all diets, with the highest intake while on 

the MD and the lowest while on the FFD. Starchy vegetables, primarily in the form of potatoes, 

were consumed with lunches on the FFD and MD, and other starchy vegetables such as corn were 

included while on the RD, but none were consumed on the KD. No legumes were included in 

lunches across all four diet interventions. Refined grains were consumed with lunches on the FFD 

and MD, and in smaller amounts on the RD, with no consumption during the KD. Protein 

consumption with lunches was highest during the KD, including beef and pork, poultry, seafood, 

and eggs, whereas the RD diet had the lowest meat consumption. The MD diet included protein-

rich foods such as meats, poultry, seafood, and nuts, while the RD featured a similar variety with 

smaller amounts. Dairy consumption during lunches was primarily in the form of cheese across all 

diets, with additional yogurt intake while on the MD. Added sugars were highest with lunches on 

the FFD, and minimal on the KD, RD, and MD. Table 3.3 represents a summary of the food groups 

Figure 3.4 - PCA plot of breakfastsô averaged micro, macro, and non-nutrients showing the differences 

in breakfastsô composition across all diet groups. 
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consumed with lunches across all dietary interventions, and Figure 3.5 shows a PCA plot of 

lunches and its averaged constituents (micro, macro, and non-nutrients) showing the differences 

in lunchesô composition across all diet groups. 

Table 3.3 - The mean 14-d intake of consumed foods with lunches across all dietary interventions 

Food groups FFD MD KD RD 

Fruits (g/day) 0.0 Ñ 0.0 12.7 Ñ 17.0 0.0 Ñ 0.0 3.8 Ñ 9.8 

Vegetables (g/day) 113.9 Ñ 64.0 190.0 Ñ 124.4 220.9 Ñ 142.7 212.6 Ñ 124.5 

Grains (g/day) 70.5 Ñ 5.0 24.4 Ñ 14.8 0.0 Ñ 0.0 33.4 Ñ 8.2 

Proteins (g/day) 64.9 Ñ 18.2 1.7 Ñ 2.8 134.4 Ñ 128.7 1.8 Ñ 5.5 

Oils and fats (g/day) 25.2 Ñ7.2 28.4 Ñ15.7 35.5 Ñ10.7 20.3 Ñ10.8 

Dairy (g/day) 207.0 Ñ 87.7 68.9 Ñ 67.0 160.6 Ñ 173.7 51.5 Ñ 108.1 

Foods with added sugars (g/day) 15.7 Ñ 12.8 0.05 Ñ 0.1 1.0 Ñ 2.1 0.4 Ñ 0.8 

 

Figure 3.5 - PCA plot of lunches averaged micro, macro, and non-nutrients showing the 

differences in lunchesô composition across all diet groups. 



76 

 

Dinners: 

No fruits or fruit juices were consumed with dinners while on the FFD or RD. However, 

some fruit juice was consumed with dinners while on the MD. The highest vegetable consumption 

with dinners occurred while on the MD, which included a variety of red and orange vegetables 

such as sweet potato and tomato, starchy vegetables such as corn, legumes, and other vegetables. 

Dinners with the KD and RD featured dark green vegetables such as spinach and zucchini, red and 

orange vegetables, and other vegetables such as avocado. The FFD had a significantly lower 

vegetable intake with only small amounts of red and orange vegetables sourced from tomato and 

tomato products, starchy vegetables sourced from potatoes, and other vegetables including onions 

and pickles. No grains were consumed with dinners on the KD. Refined grains were included in 

dinners while on the FFD and MD, and both refined and whole grains were consumed with dinners 

during the RD. Dinners with the KD had the highest protein intake with a variety of meat, cured 

meat, poultry, eggs, and nuts. Dinners with the RD had the second highest protein intake, sourced 

from poultry, seafood, and cured meat. The MD featured poultry, seafood, nuts, and legumes, while 

the FFD diet had the lowest overall protein intake, primarily from meat and cured meat. No yogurt 

was consumed for dinner on any of the diets. Dairy intake, in the form of cheese, was highest on 

the FFD, followed by the KD, with minimal consumption on the RD diet. The MD diet included 

both cheese and milk. Added sugars were most prevalent with dinners while on the FFD, with 

significantly lower intake during the other three diets. Figure 3.6 and Table 3.4 provide a detailed 

breakdown of the nutrient compositions of dinners across all diets. Table 3.4 represents a summary 

of the food groups consumed with dinners across all dietary interventions, and Figure 3.6 shows a 

PCA plot of the different dietary group dinners and their averaged constituents (micro, macro, and 

non-nutrients) showing the differences in dinner composition across all diet groups. 
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Table 3.4 - The mean 14-d intake of consumed foods with dinners across all dietary interventions 

Food groups FFD MD KD RD 

Fruits (g/day) 0.0 Ñ 0.0 8.5 Ñ 18.2 0.5 Ñ 1.6 0.0 Ñ 0.0 

Vegetables (g/day) 75.4 Ñ 73.5 471.9 Ñ 254.9 361.5 Ñ 210.4 332.1 Ñ 215.6 

Grains (g/day) 77.4 Ñ 42.4 24.5 Ñ 39.0 0.0 Ñ 0.0 23.8 Ñ 26.2 

Proteins (g/day) 55.4 Ñ 25.1 95.2 Ñ 62.8 149.5 Ñ 74.8 116.6 Ñ 45.4 

Oils and fats (g/day) 21.8 Ñ12.7 28.5 Ñ12.4 38.5 Ñ16.5 20.8 Ñ10.4 

Dairy (g/day) 122.3 Ñ 113.7 39.1 Ñ 125.6 67.4 Ñ 116.6 1.0 Ñ 1.9 

Foods with added sugars (g/day) 22.4 Ñ 19.9 3.3 Ñ 4.4 0.9 Ñ 2.0 1.7 Ñ 1.4 

 

 

Figure 3.6 - PCA plot of dinners averaged micro, macro, and non-nutrients showing the differences in 

dinnersô composition across all diet groups. 
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Snacks: 

No fruits were consumed with snacks while on the FFD and KD interventions. However, 

while on the MD, various fruits, including grapefruit, apples, and bananas as well as fruit juices, 

were consumed as snacks. The RD intervention also included grapefruit, apples, and bananas with 

snacks but in different quantities. The RD snacks had the highest vegetable intake, including red 

or orange vegetables such as carrots and other vegetables such as sweet peas. In contrast, the FFD 

and KD snacks had small amounts of vegetables. Snacks with the MD had the lowest vegetable 

intake, with only a small amount of avocado consumed. No grains were consumed with snacks 

while on the KD. However, refined grains were consumed with snacks while on the FFD and RD, 

and both refined and whole grains were consumed with snacks while on the MD. No proteins, such 

as meat, eggs, poultry, or seafood, were consumed with snacks while on the MD. Snacks while on 

the FFD included red meat, while the RD included eggs, and the KD included small amounts of 

cured meat (bacon) and eggs. The highest dairy intake with snacks occurred during the MD, with 

milk and cheese being consumed. Dairy intake with snacks during the FFD and RD included milk, 

while the KD had the lowest dairy intake, consisting of milk and cheese. No added sugars were 

consumed with snacks during the KD intervention, while added sugars were consumed with snacks 

during the FFD, RD, and MD interventions. Table 3.5 represents a summary of the food groups 

consumed with snacks across all dietary interventions, and Figure 3.7 shows a PCA plot of snacks 

and their averaged constituents (micro, macro, and non-nutrients) showing the differences in 

snacksô composition across all diet groups.  

 

Table 3.5 - Mean 14-d intake of consumed foods with snacks across all dietary interventions 

Food groups FFD MD KD RD 

Fruits (g/day) 0.0 Ñ 0.0 698.1 Ñ 428.2 0.0 Ñ 0.0 371.6 Ñ 216.7 

Vegetables (g/day) 59.4 Ñ 98.8 15.1 Ñ 52.4 26.4 Ñ 53.3 91.0 Ñ 110.1 

Grains (g/day) 10.8 Ñ 21.8 21.1 Ñ 33.7 0.0 Ñ 0.0 7.4 Ñ 22.3 

Proteins (g/day) 10.2 Ñ 21.9 0.0 Ñ 0.0 12.3 Ñ 8.8 10.0 Ñ 24.8 

Oils and fats (g/day) 21.1 Ñ 11.8 4.4 Ñ 8.5 27.8 Ñ 8.7 5.3 Ñ 7.4 
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Dairy (g/day) 141.1 Ñ 165.5 169.9 Ñ 210.8 23.3 Ñ 21.4 49.5 Ñ 83.8 

Foods with added sugars (g/day) 36.0 Ñ 17.2 0.9 Ñ 1.5 0.0 Ñ 0.0 8.0 Ñ 13.8 

 

3.2. Diet analysis: calories, macro- and micro-

nutrients: 

In this section, a detailed summary of the caloric intake as well as the macro and micro-

nutrients consumed for each of the four diets is provided. This is broken down according to meal 

types (breakfast, lunch, dinner, snacks) and the daily average. The intent is to provide a measure 

of the composition of the foods consumed for these diets and to allow better chemical comparisons 

to be made with the metabolomic data and wearables data (described later). The caloric content, 

macro and micro-nutrient analysis was determined by comparing the weighed food consumption 

records with the ASA24 tables and calculating the nutrient profiles. Overall, the results obtained 

from this analysis showed that the daily energy received from the four diets was, on average, 

Figure 3.7 - PCA plot of snacks averaged micro, macro, and non-nutrients showing the differences in 

snacksô composition across all diet groups. 
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isocaloric (Table 3.6). An ANOVA analysis indicated that no statistically detectable difference was 

evident in terms of caloric consumption between the diets. Also shown in Table 3.7 is the average 

caloric content for each of the three meals (plus snacks) for each of the four diets. From this table, 

it is evident that the lowest calorie meal for the MD, KD and RD was snacks and breakfast for the 

FFD, and the highest calorie meal was lunch for the FFD, KD and RD and dinner for the MD. 

In addition to analyzing the total energy content, four other macronutrient features were 

analyzed, both on a daily basis and on an average meal basis (Tables 3.6, and 3.7). These 

macronutrients included protein, fat, carbohydrates, water, and sugar. The average amount of 

protein consumed per day was highest with the KD (94.7 Ñ 34.1 g/day), and lowest with the FFD 

(81.0 Ñ 17.7 g/day). The MD and RD had an average protein intake of 92.2 Ñ 13.3 g/day and 91.9 

Ñ 20.8 g/day, respectively. Each of the four diets exceeded the minimum Recommended Dietary 

Allowance (RDA) for protein intake, which is 46 grams per day [235]. In terms of meals, breakfasts 

with the KD had the highest protein intake (20.4 Ñ 2.6 g/day) while the lowest intake was with the 

RD (12.1 Ñ 3.6 g/day). Lunches with the highest protein intake were with the KD (55.9 Ñ 25.3 

g/day) while the lowest was with the RD (33.2 Ñ 10.0 g/day). Dinners with the KD had the highest 

protein intake (46.0 Ñ 19.8 g/day), and the lowest intake was with the FFD (26.6 Ñ 12.9 g/day). 

The average amount of fat consumed per day was highest with the KD (118.0 Ñ 43.6 g/day). The 

FFD had the second-highest average amount of fat intake at 97.5 Ñ 18.8 g/day. The MD and RD 

had lower levels of fat content (Table 3.6). In terms of meals, breakfasts with the FFD had the 

highest fat intake (25.2 Ñ 8.9 g/day) while the lowest intake was with the MD (13.4 Ñ 10.9 g/day). 

Lunches with the highest fat intake were with the KD (53.3 Ñ 21.8 g/day) while the lowest was 

with the RD (23.6 Ñ 14.5 g/day). Dinners with the KD had the highest fat intake (45.5 Ñ 19.0 

g/day), and the lowest intake was with the FFD (24.6 Ñ 15.9 g/day). (Note: the RDA of fats is 

marked as not determinable in the reference values provided by the government of Canada [235]). 

The average carbohydrate intake was at its lowest with KD (21.1 Ñ 11.2 g/day), and highest during 

MD (208.8 Ñ 54.9 g/day). The FFD and RD had middling levels of average carbohydrate intake at 

180.5 Ñ 28.1 g/day and 180.5 Ñ 28.1 g/day, respectively. All the diets except for the KD exceeded 

the RDA of 130 g/day for carbohydrates [235]. In terms of meals, breakfasts with the MD had the 

highest carbohydrate intake (61.8 Ñ 32.7 g/day) while the lowest intake was with the KD (1.4 Ñ 

0.2 g/day). Lunches with the highest carbohydrate intake were with the FFD (51.4 Ñ 21.6 g/day) 
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while the lowest was with the KD (10.9 Ñ 5.4 g/day). Dinners with the FFD had the highest 

carbohydrate intake (72.2 Ñ 37.9 g/day) and the lowest intake was with the KD (11.9 Ñ 6.0 g/day).  

  

Table 3.6 - A summary of the macronutrients across all diet groups 

Food groups FFD MD KD RD 

Energy (kcal/day)  1985.5 Ñ 106.3 1940.4 Ñ 104.3 1967.9 Ñ 136.5 1942.0 Ñ 66.6 

Protein (g/day)  81.0 Ñ 17.7 94.6 Ñ 13.3 94.7 Ñ 34.1 91.9 Ñ 20.8 

Total Fat (g/day)  97.5 Ñ 18.8 75.6 Ñ 24.0 126.2 Ñ 43.6 63.9 Ñ 11.9 

Carbohydrate (g/day)  180.5 Ñ 28.1 208.8 Ñ 54.9 21.1 Ñ 11.2 159.6 Ñ 38.9 

 

 

Table 3.7 - A summary of the average calorie intake (kcal/day) as well as average daily protein, 

fat, carbohydrate and added sugars intake across each diet type for different meals (breakfast, 

lunch, dinner, and snacks) 

 Meal FFD MD KD RD 

E
n
e
r
g
y
 
(

k
c
a
l

/
d
a
y
)

 Breakfast  431.0 Ñ140.7 439.2 Ñ 241.0 304.4 Ñ 40.6 349.2 Ñ 129.9 

Lunch  688.4 Ñ 194.5 525.3 Ñ 159.2 747.4 Ñ 296.6 591.5 Ñ 176.7 

Dinner  534.0 Ñ 329.8 619.0 Ñ 159.2 641.9 Ñ 172.9 609.4 Ñ 113.8 

Snack 454.1 Ñ 313.1 354.9 Ñ 223.7 277.9 Ñ 95.5 384.7 Ñ 183.5 

P
r
o
t
e
i
n
 
(
g
/
d
a
y
)

 

Breakfast  19.1 Ñ 9.0 18.7 Ñ 8.5 20.4 Ñ 2.6 12.1 Ñ 3.6 

Lunch  35.0 Ñ 10.3 39.4 Ñ 8.3 56.0 Ñ 25.3 33.2 Ñ 10.0 

Dinner  26.6 Ñ 12.9 34.1 Ñ 12.4 46.0 Ñ 19.8 33.4 Ñ 6.5 

Snack 12.1 Ñ 9.6 9.8 Ñ 8.2 2.8 Ñ 3.2 6.9 Ñ 9.0 

T o t a l
 

F a t
 

( g / d a y ) Breakfast  25.2 Ñ 8.9 13.4 Ñ 10.9 23.5 Ñ 3.2 17.2 Ñ 9.4 
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The average daily consumption for 56 micronutrients was determined from the weighed 

food records for each of the four diets. Nutrients were assessed in relation to the DRIôs [235] to 

determine whether they exceeded the recommended or required levels throughout each diet. These 

are presented in Tables 3.8, 3.9 and 3.10, and Figures 3.8 and 3.9. 

The FFD exhibited several significant deviations from the Dietary Reference Intakes 

(DRIs). Fiber intake was notably low at 7.3 Ñ 1.8 g, which is significantly below the recommended 

25-38 g per day. Calcium intake, at 893.7 Ñ 226.9 mg, fell close to the DRI range of 1000-1200 

mg for adults. Iron intake at 13.5 Ñ 2.3 mg was slightly below the DRI for women, which is 18 

mg. Magnesium intake of 160.9 Ñ 33.6 mg was considerably lower than the DRI of 310-420 mg. 

Potassium intake was also low at 1887.8 Ñ 515.6 mg, far below the recommended 2600-3400 mg. 

Conversely, sodium intake significantly exceeded the recommended limit, with an intake of 3541.4 

Ñ 625.1 mg compared to the advised maximum of 2300 mg. Zinc and selenium intakes exceeded 

their respective DRIs, with values of 13.5 Ñ 3.2 mg and 104.6 Ñ 20.6 Õg. Vitamin C intake was 

significantly low at 19.8 Ñ 11.5 mg, far below the recommended 75-90 mg. Intakes of thiamine, 

riboflavin, niacin, and vitamin B-6 were within or above the DRI ranges, indicating a sufficient 

intake of these B vitamins (Table 3.8). 

The MD presented a contrasting nutrient profile. Fiber intake was at the lower end of the 

DRI (25-38 g/day), with an intake of 24.9 Ñ 12.6 g. Calcium intake was below the DRI (1000-

1200 mg/day) at 804.1 Ñ 215.2 mg. Iron intake of 10.9 Ñ 3.9 mg was lower than recommended for 

Lunch  37.6 Ñ 10.0 32.2 Ñ 14.6 53.3 Ñ 21.8 23.6 Ñ 14.5 

Dinner  24.6 Ñ 15.9 30.6 Ñ 8.7 45.5 Ñ 19.0 26.3 Ñ 12.0 

Snack 22.5 Ñ 13.0 5.7 Ñ 8.9 18.0 Ñ 9.3 6.4 Ñ 7.4 

C
a
r
b
o
h
y
d
r
a
t
e
 

(
g
/
d
a
y
)

 

Breakfast  32.4 Ñ 8.2 61.8 Ñ 32.7 1.4 Ñ 0.2 40.2 Ñ 16.7 

Lunch  51.4 Ñ 21.6 34.2 Ñ 13.0 10.9 Ñ 5.4 49.2 Ñ 19.6 

Dinner  72.2 Ñ 37.9 60.2 Ñ 20.3 11.9 Ñ 6.0 27.8 Ñ 23.3 

Snack 67.5 Ñ 44.8 72.8 Ñ 39.4 2.9 Ñ 2.6 46.7 Ñ 27.6 
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women. Magnesium intake met the DRI at 362.1 Ñ 106.2 mg, and potassium intake significantly 

exceeded the DRI at 3704.9 Ñ 1241.9 mg. Sodium intake was exceedingly high, at 5259.8 Ñ 2489.1 

mg, well above the recommended limit. Zinc intake met the DRI at 8.6 Ñ 1.7 mg, and selenium 

intake exceeded the DRI at 142.2 Ñ 33.9 Õg. Vitamin C intake was significantly high at 285.1 Ñ 

176.9 mg, surpassing the DRI. Thiamine, riboflavin, niacin, and vitamin B-6 intakes were all above 

their respective DRI ranges, indicating robust intake levels of these essential vitamins (Table 3.8). 

The KD showed a different distribution of nutrients. Fiber intake was significantly low at 

8.6 Ñ 6.4 g, well below the DRI of 28-35 g/day. Calcium intake was notably insufficient at 558 Ñ 

258 mg. Iron intake was insufficient for women at 9.4 Ñ 5.9 mg. Magnesium intake was low at 

225.1 Ñ 163 mg, and potassium intake was near the lower end of the DRI at 2495.4 Ñ 1167.2 mg. 

Sodium intake was high at 3259.9 Ñ 1442 mg, exceeding the recommended limit. Zinc intake met 

the DRI at 11.2 Ñ 3.8 mg, and selenium intake exceeded it at 139.8 Ñ 54.5 Õg. Vitamin C intake 

met the DRI at 79.1 Ñ 73.8 mg. Thiamine, riboflavin, niacin, and vitamin B-6 intakes were all 

above their respective DRI ranges, indicating sufficient intake levels of these vitamins (Table 3.8). 

The RD also had notable deficiencies and excesses. Fiber intake was below the DRI at 19.7 

Ñ 2.8 g. Calcium intake was significantly low at 432.4 Ñ 219.3 mg. Iron intake was significantly 

below the requirement for women at 8.4 Ñ 2.3 mg. Magnesium intake was low at 253.9 Ñ 36.7 mg, 

and potassium intake was below the DRI at 2402.3 Ñ 357.3 mg. Sodium intake was moderately 

high at 2523.8 Ñ 787.4 mg, exceeding the recommended limit. Zinc intake was below the DRI at 

6.3 Ñ 1.7 mg. Selenium intake exceeded the DRI at 104.6 Ñ 42.5 Õg. Vitamin C intake met the DRI 

at 84.5 Ñ 47.7 mg. Thiamine intake was slightly below the DRI at 1.0 Ñ 0.3 mg, while riboflavin, 

niacin, and vitamin B-6 intakes met or exceeded the DRI ranges (Table 3.8). 

Caffeine intake was highest in the KD (159.8 Ñ 50.5 mg), followed by the FFD (122.4 Ñ 

57.5 mg) and the MD (122.2 Ñ 52.9 mg), with the RD having the lowest intake (115.6 Ñ 66.1 mg). 

Theobromine intake was present in the FFD (56.1 Ñ 36.5 mg) and the RD (16.4 Ñ 33.6 mg) but 

was absent in the MD and KD. The intake of caffeine across all diets was within the general safety 

guidelines which suggest that up to 400 mg per day is considered safe for most adults (Table 3.8).  
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Table 3.8 - Average daily intake of other components of food for each of the dietary interventions 

Nutrients (per day) FFD MD KD RD 

Caffeine (mg/day) 122.4 Ñ 57.5 122.2 Ñ 52.9 159.8 Ñ 50.5 115.6 Ñ 66.1 

Theobromine (mg/day) 56.1 Ñ 36.5 0.0 Ñ 0.0 0.0 Ñ 0.0 16.4 Ñ 33.6 

Fibre, total dietary (g/day) #1  7.3 Ñ 1.8 24.9 Ñ 12.6 8.6 Ñ 6.4 19.7 Ñ 2.8 

Calcium (mg/day) #2 893.7 Ñ 226.9 804.1 Ñ 215.2 558 Ñ 258 432.4 Ñ 219.3 

Iron (mg/day) #3 13.5 Ñ 2.3 10.9 Ñ 3.9 9.4 Ñ 5.9 8.4 Ñ 2.3 

Magnesium (mg/day) #4 160.9 Ñ 33.6 362.1 Ñ 106.2 225.1 Ñ 163 253.9 Ñ 36.7 

Phosphorus (mg/day) #5 1104.9 Ñ 265.8 1696.1 Ñ 368.9 1211.4 Ñ 481.9 1190.5 Ñ 519.8 

Potassium (mg/day) #6 1887.8 Ñ 515.6 3704.9 Ñ 1241.9 2495.4 Ñ 1167.2 2402.3 Ñ 357.3 

Sodium (mg/day) #7 3541.4 Ñ 625.1 5259.8 Ñ 2489.1 3259.9 Ñ 1442 2523.8 Ñ 787.4 

Zinc (mg/day) #8 13.5 Ñ 3.2 8.6 Ñ 1.7 11.2 Ñ 3.8 6.3 Ñ 1.7 

Copper (mg/day) #9 0.8 Ñ 0.2 1.4 Ñ 0.4 0.8 Ñ 0.6 0.9 Ñ 0.1 

Selenium (Õg/day) #10 104.6 Ñ 20.6 142.2 Ñ 33.9 139.8 Ñ 54.5 104.6 Ñ 42.5 

Vitamin C (mg/day) #11 19.8 Ñ 11.5 285.1 Ñ 176.9 79.1 Ñ 73.8 84.5 Ñ 47.7 

Thiamine (mg/day) #12 1.6 Ñ 0.3 1.6 Ñ 0.6 1.2 Ñ 0.7 1.0 Ñ 0.3 

Riboflavin (mg/day) #13 1.4 Ñ 0.3 1.7 Ñ 0.3 1.9 Ñ 0.6 1.3 Ñ 0.5 

Niacin (mg/day) #14 21.7 Ñ 4.3 26.4 Ñ 7.9 21.8 Ñ 10 26 Ñ 10.6 

Vitamin B-6 (mg/day) #15 1.1 Ñ 0.4 2.5 Ñ 0.7 1.9 Ñ 1.1 1.6 Ñ 0.4 

Folate, total (Õg/day) 280.0 Ñ 45 377.8 Ñ 106.3 287.5 Ñ 188.7 357.9 Ñ 126.5 

Folic acid (Õg/day) 145.9 Ñ 24.2 102.1 Ñ 61.8 0.0 Ñ 0.0 92.3 Ñ 49.4 

Folate, food (Õg/day) 134.1 Ñ 35.3 275.8 Ñ 128.1 287.5 Ñ 188.7 265.7 Ñ 100.7 

Folate, DFE (Õg DFE/day) 

#16 
382.1 Ñ 57.2 449.3 Ñ 110.8 287.5 Ñ 188.7 422.6 Ñ 151.6 
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Choline, total (mg/day) #17 240.3 Ñ 77.4 355 Ñ 57.1 561.3 Ñ 187.9 259.4 Ñ 124.3 

#1 - All four diets were below the AI levels for fibre (25 g/day). However, the MD was significantly 

higher and closer to this level. 

#2 - None of the diets passed the RDA levels of calcium (1000 mg/day) 

#3 - None of the diets passed the RDA levels of iron (18 mg/day) 

#4 - All the diets except for the MD were below the RDA for magnesium (310 mg/day) 

#5 - None of the diets passed the RDA levels of phosphorus (700 mg/day) 

#6 - All the diets except for the MD were below the AI of potassium (2600 mg/day) 

#7 - All the diets were above the AI of sodium (1500 mg/day) 

#8 - All the diets except for the RD were above the AI for zinc (8 mg/day) 

#9 - The FD and the KD were below the RDA for copper (0.9 mg/day) 

#10 - All the diets were above the RDA for selenium (55 Õg/day) 

#11 - The vitamin C levels were lower than the RDA levels (75 mg/day) during the FFD and significantly 

higher during the MD 

#12 - All the diets except for the RD were above the RDA levels for thiamin (1.1 mg/day) 

#13 - All the diets were higher than the RDA for riboflavin (1.1 mg/day) 

#14 - All the diets were higher than the RDA for niacin (14 mg/day) 

#15 - All the diets except for the FFD were higher than the RDA for vitamin B-6 (1.3 mg/day) 

#16 - The FFD and the KD were lower than the RDA of folate (400 Õg/day) ï DFE: Dietary Folate 

Equivalents 

#17 - All the diets except for the KD were below the AI levels of choline (425 mg/day) 
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Figure 3.8 - This figure presents the daily intake of various nutrients across all diets: Fast Food Diet 

(FFD), Mediterranean Diet (MD), Ketogenic Diet (KD), and Regular Diet (RD). Each subplot represents 

a specific nutrient with bars showing the intake values for each diet. The red dotted line indicates the 

Recommended Dietary Allowance (RDA) where applicable. 
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The FFD showed significant variations in daily vitamin and carotenoid intake. Vitamin B-

12 intake was high at 6.3 Ñ 1.8 Õg, significantly exceeding the DRI of 2.4 Õg. In contrast, daily 

vitamin A intake was low at 274.1 Ñ 108.9 Õg RAE (Retinol Activity Equivalents), below the 

recommended 700-900 Õg. Daily retinol intake was similarly low at 252.4 Ñ 107.6 Õg. Daily 

carotenoid intakes, such as beta-carotene (267.5 Ñ 89.5 Õg) and alpha-carotene (3.4 Ñ 1.2 Õg), were 

minimal. Daily lycopene intake was relatively higher at 3752.2 Ñ 3832.6 Õg.  

The MD showed significantly higher daily intakes of carotenoids and vitamins (Table 3.9). 

Daily beta-carotene intake was high at 7632.8 Ñ 7185.9 Õg, and alpha-carotene intake was 88.4 Ñ 

60.4 Õg. Daily vitamin A intake met the DRI at 966 Ñ 595.6 Õg RAE. Daily vitamin E intake was 

close to the DRI at 13.8 Ñ 6.1 mg, and daily vitamin K intake significantly exceeded the DRI at 

144.5 Ñ 154.6 Õg. However, daily vitamin D intake was below the DRI at 10 Ñ 5.6 Õg.  

For the KD, daily vitamin A intake was significantly high at 1449.3 Ñ 1675.5 Õg RAE, 

exceeding the DRI. Daily beta-carotene intake was also notably high at 12504.2 Ñ 20113.2 Õg. 

Daily vitamin E intake was close to the DRI at 13.6 Ñ 6.9 mg, and daily vitamin K intake 

significantly exceeded the DRI at 1143 Ñ 1897.2 Õg. Daily vitamin D intake was below the DRI at 

6.9 Ñ 7.2 Õg.  

In the RD, daily vitamin A intake met the DRI at 831.3 ± 481.5 µg RAE. Daily beta-

carotene (7137.3 ± 4188.1 µg) and alpha-carotene (1992.4 ± 1535.3 µg) intakes were higher than 

the FFD but lower than the MD and KD. Daily vitamin E intake was below the DRI at 10.4 ± 2.8 

mg, while daily vitamin K intake exceeded the DRI at 248.5 ± 136.4 µg, and daily vitamin D intake 

was below the DRI at 7.3 ± 8 µg (Table 3.9). 

 

Table 3.9 - A summary of the average daily vitamin intake from foods for each of the four dietary 

interventions 

Nutrients (per day) FFD MD KD RD 

Vitamin B-12 (Õg) #1 6.3 Ñ 1.8 5.8 Ñ 2.2 5.3 Ñ 2.1 3.3 Ñ 2.2 

Vitamin A, RAE (Õg _RAE) #2 274.1 Ñ 108.9 966 Ñ 595.6 
1449.3 Ñ 

1675.5 
831.3 Ñ 481.5 
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Retinol (Õg) 252.4 Ñ 107.6 313.2 Ñ 50.7 395.2 Ñ 130.6 152.2 Ñ 132.2 

Carotene, beta (Õg) #3 267.5 Ñ 89.5 7632.8 Ñ 7185.9 
12504.2 Ñ 

20113.2 

7137.3 Ñ 

4188.1 

Carotene, alpha (Õg) #3 3.4 Ñ 1.2 88.4 Ñ 60.4 264.5 Ñ 591.7 
1992.4 Ñ 

1535.3 

Cryptoxanthin, beta (Õg) 10.4 Ñ 7.2 344.8 Ñ 343.6 27.7 Ñ 19.6 35 Ñ 36.7 

Lycopene (Õg) 3752.2 Ñ 3832.6 8558.2 Ñ 7269.2 
1968.4 Ñ 

1954.8 

9238.4 Ñ 

19412.9 

Lutein + zeaxanthin (Õg) 242.8 Ñ 149.1 3457 Ñ 3632.8 
24419.2 Ñ 

44186.3 

3161.8 Ñ 

2234.4 

Vitamin E, alpha-tocopherol 

(mg) #4 
4 Ñ 1.2 13.8 Ñ 6.1 13.6 Ñ 6.9 10.4 Ñ 2.8 

Vitamin K, phylloquinone 

(Õg) #5 
48 Ñ 15.1 144.5 Ñ 154.6 1143 Ñ 1897.2 248.5 Ñ 136.4 

Vitamin D (D2 + D3) (Õg) #6 1.5 Ñ 1.4 10 Ñ 5.6 6.9 Ñ 7.2 7.3 Ñ 8 

#1 - All the diets were above the RDA levels of vitamin B-12 (2.4 Õg/day) 

#2 - The FFD was lower than the RDA levels of vitamin A (700 Õg/day) 

#3 - No dietary recommended intakes are established for beta-carotene or other carotenoids. 

#4 - All the diets (especially the FFD) were below the RDA levels of vitamin E (15 mg/day) 

#5 ï the FFD was lower than the AI levels for vitamin K (90 Õg/day) 

#6 ï All four diets were below the RDA levels for vitamin D (15 Õg/day) 
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The FFD was characterized by a high daily intake of cholesterol (253.9 Ñ 83.4 mg), 

approaching the upper limit of the recommended 300 mg/day. Daily saturated fatty acid intake was 

also high at 33.7 Ñ 8.3 g, whereas daily intakes of monounsaturated (38 Ñ 8.5 g) and 

polyunsaturated fatty acids (18 Ñ 3.6 g) were relatively balanced but did not align with the 

recommendation to keep these as low as possible.  

The MD showed a moderate daily cholesterol intake of 262 Ñ 94.1 mg. Daily saturated 

fatty acid intake was lower than in the FFD and KD at 18.3 Ñ 4.7 g (Table 3.10). Daily 

monounsaturated fatty acid intake was high at 34.8 Ñ 16 g, consistent with the characteristics of 

the MD. Daily polyunsaturated fatty acid intake was moderate at 15.2 Ñ 3.9 g.  

Figure 3.9 - This figure displays the daily intake of several micronutrients across four dietary patterns: 

Fast Food Diet (FFD), Mediterranean Diet (MD), Ketogenic Diet (KD), and Regular Diet (RD). Each 

subplot represents a specific micronutrient, with bars indicating the intake values for each diet. The red 

dotted line signifies the Recommended Dietary Allowance (RDA) where applicable. 
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For the KD, daily cholesterol intake was significantly high at 664.1 ± 226.2 mg, far 

exceeding the recommended limit. Daily 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 ± 16.6 g, and daily 

polyunsaturated fatty acid intake was also relatively high at 30.5 ± 17.8 g (Table 3.10).  

The RD had a daily cholesterol intake of 157.8 ± 164.1 mg, which was within the 

recommended limit. Daily saturated fatty acid intake was lower than the FFD and KD at 14.6 ± 

3.4 g. Daily monounsaturated fatty acid intake was 26.7 ± 5.2 g, and daily polyunsaturated fatty 

acid intake was 17.9 ± 6.9 g, indicating a more balanced lipid profile compared to the FFD and 

KD. Overall, the MD and RD showed a more balanced intake of lipids compared to the FFD and 

KD, with lower levels of saturated fats and moderate levels of monounsaturated and 

polyunsaturated fats (Table 3.10).  

 

Table 3.10 - A summary of the average daily fatty acid intake from foods across each of the four diet 

types 

Nutrients (per day) FFD MD KD RD 

Cholesterol (mg/day) 253.9 Ñ 83.4 262 Ñ 94.1 664.1 Ñ 226.2 157.8 Ñ 164.1 

Fatty acids, total SFA (g/day) #2 33.7 Ñ 8.3 18.3 Ñ 4.7 30.6 Ñ 9.6 14.6 Ñ 3.4 

4:0, Butanoic acid (g/day) #2 0.1 Ñ 0.2 0.2 Ñ 0.2 0.2 Ñ 0.2 0.1 Ñ 0.2 

6:0, Hexanoic acid (g/day) #2 0.1 Ñ 0.1 0.1 Ñ 0.1 0.2 Ñ 0.1 0.1 Ñ 0.1 

8:0, Octanoic acid (g/day) #2 0.2 Ñ 0.1 0.2 Ñ 0.1 0.1 Ñ 0.1 0.1 Ñ 0.1 

10:0, Decanoic acid (g/day) #2 0.4 Ñ 0.2 0.5 Ñ 0.3 0.3 Ñ 0.2 0.2 Ñ 0.1 

12:0, Dodecanoic acid (g/day) #2 0.5 Ñ 0.2 0.5 Ñ 0.1 0.5 Ñ 0.2 0.4 Ñ 0.4 

14:0, Tetradecanoic acid (g/day) 

#2 
2.8 Ñ 0.9 1.6 Ñ 0.5 1.9 Ñ 0.8 0.9 Ñ 0.6 

16:0, Hexadecanoic acid (g/day) 

#2 
19 Ñ 4.5 11.1 Ñ 3.1 19.3 Ñ 6.2 9.3 Ñ 1.9 
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18:0, Octadecanoic acid (g/day) 

#2 
9.3 Ñ 2.3 3.4 Ñ 0.9 7.8 Ñ 2.7 2.8 Ñ 1 

Fatty acids, total MUFA (g/day) 

#3 
38 Ñ 8.5 34.8 Ñ 16 46.9 Ñ 16.6 26.7 Ñ 5.2 

16:1, Hexadecenoic acid, 

undifferentiated (g/day) #3 
1.8 Ñ 0.5 1.1 Ñ 0.5 2 Ñ 0.6 1.1 Ñ 0.6 

18:1, Octadecenoic acid, 

undifferentiated (g/day) #3 
28.9 Ñ 9.8 32.7 Ñ 15.4 44.6 Ñ 16.7 24.6 Ñ 5.2 

20:1, Eicosenoic acid, 

undifferentiated (g/day) #3 
0.3 Ñ 0.1 0.6 Ñ 0.2 0.6 Ñ 0.4 0.5 Ñ 0.3 

22:1, Docosenoic acid, 

undifferentiated (g/day) #3 
0.1 Ñ 0 0.2 Ñ 0.3 0.2 Ñ 0.4 0.3 Ñ 0.3 

Fatty acids, total PUFA (g/day) #4 18 Ñ 3.6 15.2 Ñ 3.9 30.5 Ñ 17.8 17.9 Ñ 6.9 

18:2, Octadecadienoic acid 

(g/day) #4 
15.4 Ñ 3.2 12.1 Ñ 3.4 25.8 Ñ 15.4 15.5 Ñ 7.1 

18:3, Octadecatrienoic acid 

(g/day) #4 
1.9 Ñ 0.4 1.7 Ñ 0.6 3.7 Ñ 2.5 1.2 Ñ 0.4 

18:4, Octadecatetraenoic acid 

(g/day) #4 
0.1 Ñ 0 0.1 Ñ 0.1 0.1 0.1 Ñ 0.1 

20:4, Eicosatetraenoic acid 

(g/day) #4 
0.1 Ñ 0 0.1 Ñ 0.1 0.4 Ñ 0.2 0.1 Ñ 0.1 

20:5 n-3, Eicosapentaenoic acid 

[EPA] (g/day) #4 
0 0.3 Ñ 0.3 0.1 Ñ 0.3 0.3 Ñ 0.4 

22:5 n-3, Docosapentaenoic acid 

[DPA] (g/day) #4 
0 0.1 Ñ 0.1 0.1 Ñ 0.1 0.1 Ñ 0.1 
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22:6 n-3, Docosahexaenoic acid 

[DHA] (g/day) #4 
0 0.6 Ñ 0.4 0.3 Ñ 0.5 0.5 Ñ 0.6 

#1 - The RDA for saturated fatty acids, trans fatty acids and dietary cholesterol is as low as possible while 

consuming a nutritionally adequate diet. 

#2 ï Saturated Fatty Acids (SFA) 

#3 ï Monounsaturated Fatty Acids (MUFA) 

#4 ï Polyunsaturated Fatty Acids (PUFA) 

3.2.1. Healthy Eating Index (HEI) 

The ASA24 results were further analyzed by calculating the Healthy Eating Index (HEI) 

for each diet based on the micro and macronutrients consumed during the dietary periods using 

the Canadian 2019 Healthy Eating Guidelines [97]. The code for this calculation is provided in 

Appendix 3E. Interestingly, the FFD received no points for any of the components defined in the 

HEI guideline. The HEI has 10 components: 1) fruits and vegetables, 2) whole grain foods, 3) 

grain foods ratio, 4) protein foods, 5) plant-based protein foods, 6) sugary foods and beverages, 7) 

the ratio of unsaturated fat to saturated fats, 8) the percentage of energy received from saturated 

fats, 9) the percentage of energy intake from free sugars and 10) sodium consumption. The other 

three diets received full points for consumption of fruits and vegetables (component 1). None of 

the diets received any points for the consumption of whole grain foods (component 2). However, 

the MD received the maximum number of points for the consumption of grain foods ratio. On the 

other hand, the KD did not receive any points for the consumption of grain foods (component 3). 

The MD, KD and RD received full points for overall consumption of protein foods 

(component 4). However, none of the diets met the criteria for receiving points for plant-protein 

consumption (component 5). Full points for component 6 were given to the MD, KD and RD diets 

that had very little-to-no consumption of sugary drinks and the main beverages consumed were 

unsweetened low-fat milk, and unsweetened tea or coffee. Components 7 and 8 are related to fat 

consumption. The ratio of unsaturated fat to saturated fats, and the percentage of energy received 

from saturated fats defined whether the diets received full marks for these components or not. The 

MD and RD received full marks for these components, while KD did not pass any of the HEI 

criteria for fat consumption.  
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The percentage of energy intake from free sugars determined whether a given diet was 

qualified to receive full points for component 9, and three diets (MD, KD, and RD), received the 

maximum points for this component. Finally, for component 10, points were given to the diets that 

had adequate consumption of sodium based on the daily calorie intake. Only the MD received the 

marks for this section. In the end, all the components were summed to calculate a HEI score for 

each of the diets. The FFD had an HEI of zero as it did not receive any points for any of the 10 

components. The KD had an HEI of 45, while the RD and MD had an overall score of 60 and 70, 

respectively. The maximum HEI score achievable is 100. In conclusion, the MD scored the highest 

for HEI among all four diet groups while the FFD scored the lowest. Table 3.11 shows the 

distribution of scores for each component across all interventions. 

 

 

Table 3.11 ï The Healthy Eating Index components across all interventions 

Components FFD MD KD RD 

1. Fruits and vegetables 0 20 20 20 

2. Whole grain foods 0 0 0 0 

3. Grain foods ratio 0 5 0 0 

4. Protein foods 0 5 5 5 

5. Plant-based protein foods 0 0 0 0 

6. Sugary foods and beverages 0 10 10 10 

7. The ratio of unsaturated fats 

to saturated fats 
0 5 0 5 

8. E% from saturated fats 0 5 0 5 

9. E% from free sugars 0 10 10 10 

10. Sodium consumption 0 10 0 0 

Healthy Eating Index 0 70 45 55 
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3.3. Physiological measurements: weight, BMI, and 

percent body fat estimation: 

General anthropometric information, including weight (in kilograms or kg), was measured 

daily to track any weight loss or gain during the dietary interventions. Body weight (kg) was 

measured daily at the beginning of the day, upon waking up and before having breakfast. In 

addition, body mass index (BMI), and percentage of body fat were calculated on a daily basis to 

have a better understanding of gross physiological effect of diets on my body. A general summary 

of the mean and variations of my diet-induced body weight, BMI and percent body fat is presented 

in Figure 3.10. Based on one-way ANOVA, there was at least one pair of diet-induced average 

body weight changes that were significantly different (p = 1.42 E-18) (Figure 3.10). In particular, 

the most significant difference between diet-induced body weight changes was between the FFD 

and the KD with a difference of 2.3 kg (p =2.2156E-14) between the end of the FFD and the end 

Figure 3.10 - Summary and comparison of the body weight (kg, A), BMI (B) and percent body fat 

estimation (C) measured during each diet period. Lowest weight and the highest variation in weight 

throughout the diet was observed during the KD (over the last 10 days), with the highest weight in the FFD. 

Similar pattern was observed for the BMI compared between the groups. Highest variations in percent 

body fat estimation were observed during the MD and KD, and the least variation was observed during RD 

(p-value Ò 0.05 Ÿ *, p-value Ò 0.01 Ÿ **, p-value Ò 0.001 Ÿ ***, p-value Ò 0.0001 Ÿ ****) 
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of the KD. In general, my body weight exhibited very minimal fluctuations while on the FFD 

(mean Ñ SD = 57.50 Ñ 0.30), the MD (mean Ñ SD = 57.03 Ñ 0.45), and the RD (mean Ñ SD = 57.40 

Ñ 0.20) diets. However, there was a significant drop in body weight (~2 kg) observed within the 

first few days of the KD (mean Ñ SD = 56.10 Ñ 0.75) (Figure 3.11). Note that the weight loss was 

maintained until the last day of the KD (Figures 3.10 and 3.11). The lost weight was regained 

within 2-3 weeks after completing the KD intervention.  

 

Since my body weight varied between the different diet groups, so too did my BMI. Using 

one-way ANOVA, at least one pair of average BMIs was deemed to be significantly different (p 

=1.7381E-18) (Figure 3.10). In particular, there was a statistically significant difference between 

the BMI of the FFD and the KD with a difference of 0.3 BMI units (kg/m2) (p =3.8247E-13). The 

highest BMI was observed while on the FFD, and essentially the same BMI was maintained while 

on the MD and RD. However, my BMI levels were lower while on the KD and by the end of the 

KD (19.41 Ñ 0.27). A similar pattern in percent body fat estimation was seen, and a statistically 

significant difference was detected between the diet groups (p = 2.9632E-4). As before, the largest 

difference in body fat was between the FFD and the KD with a difference of 1% at the end of both 

Figure 3.11 - Body weight (kg) variations during each diet. Note: the FFD (fast food diet) was the first 

diet followed by the MD (Mediterranean diet), then the KD (ketogenic diet) and finally my RD (regular 

diet). Please refer to Figure 2.1. 
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diets (p =3.0419E-4). The highest body fat percentage was with the FFD (mean Ñ SD = 22.69% Ñ 

0.66), and the lowest was with the KD (22.11% Ñ 0.95).  

3.4. Blood pressure (BP): 

BP remained in the normal range throughout all four diet treatments. Based on one-way 

ANOVA, there was at least one pair of diet-induced average systolic (SYS) BP that was statistically 

different (p = 5.8705E-4). In terms of the BP change, the FFD intervention induced an average 

SYS BP value that was 4.2 points higher than the RD-induced value (p = 0.0024). No significant 

differences were found between the average diastolic (DIA) BP among the four diet groups. A 

summary of the BP measurements across all diets is provided in Table 3.11. The FFD had the 

highest SYS BP value upon waking up in the morning, and the RD showed the lowest SYS BP 

value in the morning (difference of 9.6 points with a p = 8.2174E-5). Apart from the FFD, a general 

increase in the BP was observed after eating breakfast (Table 3.11). Furthermore, an ANOVA test 

revealed that there was a significant difference between the SYS BP values among the diet groups 

after breakfast (p = 0.0014), and no significant differences were observed between the diet groups 

in terms of the DIA BP after breakfast consumption. In addition, no significance was detected in 

the measured SYS and DIA BP after lunch or after dinner. The measured BP value before going to 

bed and at the end of the day of each diet revealed a significant average SYS BP difference between 

at least one pair of average SYS BP measurements in the diet groups (p = 0.0117). The FFD had 

the highest SYS BP values (111.0 Ñ 6.10), while the RD led to the lowest SYS BP values (104.3 Ñ 

4.29) at the end of the day. No significant differences were observed between the DIA BP values 

measured before going to bed. A general summary of the mean and variations of my diet-induced 

daily average BP, and the BP values measured in the morning, after breakfast, and at the end of the 

day is presented in Figure 3.12. It is worth noting that the BP measurements did not have an exact 

time during the days as wake up time and the times of meal consumption varied from one day to 

another. 
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Table 3.12 - A summary of the measured BP values for the four different diets at different times of the day 

highlighting the significant difference seen using one-way ANOVA 

BP measurement time FFD MD KD RD 

SYS (daily average) 

*** 

108.5 Ñ 3.12 106.49 Ñ 2.40 104.83 Ñ 2.36 104.17 Ñ 3.22 

DIA (daily average) ns 73.80 Ñ 1.06 74.00 Ñ 2.46 73.79 Ñ 2.34 72.97 Ñ 2.04 

Morning SYS **** 110.21 Ñ 6.28 107.64 Ñ 4.70 104.5 Ñ 5.45 100.62 Ñ 3.78 

Morning DIA ns 75.96 Ñ 4.31 74.86 Ñ 5.78 75.86 Ñ 3.23 72.92 Ñ 3.09 

After breakfast SYS 

*** 

107.79 Ñ 4.28 108 Ñ 3.46 103.14 Ñ 3.72 103.31 Ñ 4.92 

After breakfast DIA ns 72.57 Ñ 5.85 73.79 Ñ 3.24 72.43 Ñ 6.07 72.23 Ñ 3.83 

After lunch SYS ns 104.79 Ñ 4.28 107.5 Ñ 6.39 104.5 Ñ 5.03 106.50 Ñ 7.55 

After lunch DIA ns 74.21 Ñ 3.14 74.86 Ñ 4.20 73.36 Ñ 2.84 75.23 Ñ 5.20 

After dinner SYS ns 108.71 Ñ 5.38 103.79 Ñ 4.59 105.5 Ñ 5.65 105.08 Ñ 4.21 

After dinner DIA ns 74.57 Ñ 5.49 73.93 Ñ 5.18 73.93 Ñ 5.64 72.15 Ñ 6.09 

Night SYS **
 

111.00 Ñ 6.10 105.5 Ñ 4.26 106.5 Ñ 5.59 104.31 Ñ 4.29 

Night DIA 
ns 72.29 Ñ 4.23 72.57 Ñ 4.65 73.36 Ñ 3.20 72.31 Ñ 3.71 

p-value > 0.05 Ÿ ns, p-value Ò 0.05 Ÿ *, p-value Ò 0.01 Ÿ **, p-value Ò 0.001 Ÿ ***, p-value Ò 0.0001 Ÿ **** 
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3.5. Body temperature (BT) (ÁC): 

My BT varied slightly across the dietary interventions. It ranged from 36.30 ÁC to 37.81 

ÁC while on the FFD, 36.20 ÁC to 37.80 ÁC while on the MD, 36.44 ÁC to 37.87 ÁC while on the 

KD, and 36.20 ÁC to 37.84 ÁC while on the RD, excluding the temperatures recorded during 

exercise. The one-way ANOVA test performed on the average daily BT values (ÁC) did not reveal 

any statistically significant differences in BT between different diet interventions. In terms of the 

Figure 3.12 - Summary and comparison of the significantly different blood pressure (BP) values (SYS 

or systolic) measured during each diet period. As there were no significant differences in the diastolic 

(DIA) BP for any of these times, these DIA differences were excluded from this figure. p-value Ò 0.05 

Ÿ *, p-value Ò 0.01 Ÿ **, p-value Ò 0.001 Ÿ ***, p-value Ò 0.0001 Ÿ **** 
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most evident diet-induced BT change, the KD intervention had an average BT that was 0.12 ÁC 

higher than the RD-induced values. More specifically, the highest average BT was observed while 

on the KD at 37.04 ÁC Ñ 0.15 ÁC. The second highest BT was observed while on the FFD (36.99 

ÁC Ñ 0.10), and then MD (36.96 ÁC Ñ 0.12). The lowest average BT was observed while on the RD 

(36.91 ÁC Ñ 0.16). An overview of the BT changes measured throughout the day and for each diet 

is provided in Figure 3.13. While averages and variations in BT are modestly revealing, the 

longitudinal profile of BT changes is somewhat more interesting. Among all four diets, there was 

an expected drop in temperature while sleeping (between 0:00 to 8:00 hrs) and a corresponding 

increase in BT while awake. However, between the diets, there were differences over the extent 

and duration of the temperature drop. The KD had the highest average sleep temperature (36.81ÁC 

Ñ 0.18) while the FFD had the shortest low-temperature duration (~3 hrs), while the MD had both 

the lowest average sleep temperature and the longest low-temperature duration (36.76ÁC Ñ 0.20, 

~5 hrs) (p = 0.183). During the waking period, the RD had the lowest average temperature 

(37.05ÁC Ñ 0.07) while the KD had the highest average temperature (37.18ÁC Ñ 0.10) (p = 0.03). 

These BT differences (during waking and sleep), and temperature durations appear to correlate 

well with BG, sleep duration, mood, and mental performance, as will be discussed later. 

  

Figure 3.13 - A comparison of the body temperature (BT) values (ÁC) measured during the diets. The 

overall variations throughout a day, in addition to the mean, upper and lower interquartile are marked for 

each data group. On average, the lowest BT (ÁC) was observed during the MD and the highest was 

observed during the KD. The highest variation from the mean BT (ÁC) was marked during the RD and the 

lowest variation was observed during the FFD. 
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Because my BT was being continuously monitored, it was possible to look at how other 

factors such as meal consumption, exercise, menstrual cycle, or mental testing affected it. Overall, 

it was found that BT changes did not provide a clear indication of when a meal or snack was 

consumed, as other factors such as room temperature and the level of physical activity at that 

moment would more significantly affect BT. On the other hand, it was possible to track the 

occurrence and duration of any exercise with BT. Over the course of each diet (~10 exercise or 

walking periods) BT changes had a sensitivity of 0.9 and specificity of 0.9 for detecting physical 

activity for the diets (using a threshold of 37.3 ÁC) (Figure 3.14). However, over the course of each 

diet (15-25 mental test periods), BT changes did not show a significant change across any diet 

groups with regard to intense mental testing. 

Figure 3.14 - Sensitivity and specificity of the body temperature (BT) monitor during 

exercises. A: ROC curves and area under the curve for the FFD, B: ROC curves and area 

under the curve for the MD, C: ROC curves and area under the curve for the KD, and D: 

ROC curves and area under the curve for the RD 
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3.6. Blood glucose (BG) (mmol/L): 

The one-way ANOVA analysis on the BG datasets revealed a significant difference 

between mean glucose values for at least two of the diet-induced measurements (p<0.05). The FFD 

intervention led to an average BG level that was 1.27 mmol/L higher than the KD-induced values 

(p =3.4568E-8). In addition, the Brown-Forsythe test and Bartlett's test showed significant 

differences between the standard deviations. Overall, the highest average BG levels were observed 

while on the FFD (6.42 Ñ 0.49 mmol/L). The MD and RD with average BG levels of 6.11 Ñ 0.36 

mmol/L, and 5.97 Ñ 0.32 mmol/L, respectively, were slightly lower. On the other hand, the KD 

had the lowest average BG levels (5.15 Ñ 0.17 mmol/L). An overall depiction of the BG data as 

measured throughout the day and across diets is presented in Figure 3.15.  

While averages and variations in BG are quite revealing, the longitudinal profile of BG 

changes is also quite interesting. Among all four diets, there is a general drop in BG levels while 

sleeping (between 0:00 to 8:00 hrs) and a corresponding increase in BG while awake and eating. 

However, between the diets, there are significant differences over the extent and duration of the 

glucose drop. The KD had the most modest drop in BG while the MD had the shortest low-glucose 

duration (while sleeping). While sleeping, the FFD had the most significant drop in BG while the 

RD had the longest low-BG duration (~ 0.9 mmol/L, ~4.5 hrs). During the waking period, the KD 

had the lowest BG while the FFD had the highest average BG (6.35 mmol/L Ñ 0.47 while on FFD, 

Figure 3.15 - A visual summary of the variations in BG levels (mmol/L) across all diet groups. The 

overall variations throughout a day, in addition to the mean, upper and lower interquartile, are marked for 

each data group. On average, the lowest BG levels were measured during the KD, while the FFD caused 

the highest BG levels. The MD and RD had more similar variations and average in BG. 
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and 5.24 mmol/L Ñ 0.37 while on the KD, p = 2.3032E-7). Figures 3.16 and 3.17 illustrate the BG 

variations during sleep across all dietary interventions. These BG differences (during waking and 

sleep), and low/high BG durations appear to correlate well with BT, sleep duration, mood, and 

mental performance, as will be discussed later. 

  

Figure 3.17 - Boxplots illustrating the mean, upper, and lower interquartile of nighttime BG changes during 

sleep. p-value Ò 0.05 Ÿ *, p-value Ò 0.01 Ÿ **, p-value Ò 0.001 Ÿ ***, p-value Ò 0.0001 Ÿ **** 

Figure 3.16 - Nighttime BG variations across all four dietary interventions 
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Because my BG was being continuously monitored, it was possible to look at how other 

factors such as meal consumption, exercise, menstrual cycle, or mental testing affected it. In 

particular, it was found that my BG would consistently spike within 20 minutes after eating a meal 

or snack and reach the maximum postprandial BG within an hour after the meal (Figure 3.18). The 

rise over baseline post-prandially was greatest with the FFD (38.85%) and lowest with the KD 

(21.11%). While on the MD and KD, it was highest after breakfasts (51.94%, and 22.35%, 

respectively) and lowest after snacks (27.90%, and 20.37% respectively). While on the FFD, the 

rise over baseline post-prandially was highest after dinners (49.52%) and lowest after breakfasts 

(26.99%), while with the RD, it was highest after lunch (36.77%) and lowest after dinner (29.80 

%) (Figure 3.18). In terms of using BG to predict meal or snack consumption over the course of 

each diet (~40 meals, ~25 snacks), BG changes had a sensitivity of 0.9 and specificity of 0.9 for 

FFD (using an elevation over baseline of 20%) but only a sensitivity of 0.5 and specificity of 0.8 

for KD (using an elevation over baseline of 20%).  

It was also possible to track the occurrence and duration of any exercise event via BG. 

Over the course of each diet (~10 exercise or walking periods), BG changes had a sensitivity of 

0.8 and specificity of 0.8 for the MD (using an optimal cutoff of 5.35), but only a sensitivity of 0.6 

and specificity of 0.6 for the KD (using an optimal cutoff of 4.95) (Figure 3.19). Additionally, over 

the course of each diet (14 mental test periods), BG changes did not show significant variations 

between the testing and non-testing periods. 

Through BG monitoring, it was also possible to identify which foods led to the largest 

changes in BG. I found that high-sugar foods/beverages, such as soft drinks (Coke) and milkshakes 

consumed while on the FFD, led to a rise over baseline (BG level before meal consumption) of 3.7 

mmol/L and 4.1 mmol/L respectively, and orange juice consumed during the MD led to a rise over 

baseline of 4.7 mmol/L (Figure 3.20). These beverages consistently caused the largest increases in 

BG levels (my normal range of BG level was between 3.9 and 10 mmol/L). Foods such as bananas 

and mixed vegetables (carrots and sweet peas) resulted in an increase in the BG (an average rise 

over baseline of 2.13 mmol/L and 1.6 mmol/L respectively) (Figure 3.20). Interestingly, the 

consumption of high glycemic-index foods such as rice, bread, pasta, potatoes, and other 

carbohydrate-rich foods did not lead to a detectable elevation in BG. 
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Figure 3.18 - The average percentage of rise of blood glucose (BG) over baseline after each meal 

consumption during the dietary interventions. 
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Figure 3.19 - Sensitivity and specificity of the blood glucose (BG) monitor during exercises. A: ROC curves 

and area under the curve for the FFD, B: ROC curves and area under the curve for the MD, C: ROC curves 

and area under the curve for the KD, and D: ROC curves and area under the curve for the RD. 
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Figure 3.20 ï Average rise in blood glucose (BG) levels (mmol/L) above baseline after 

consumption of specific foods. 
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3.7. Heart rate (HR) (bpm): 

HR in beats per minute (bpm) was monitored every minute of each day using a Fitbit 

smartwatch. The average daily HR (with both active and resting) dropped over the length of the 

MD intervention (from 82.08 Ñ14.42 bpm to 64.41 Ñ 8.57 bpm). This trend is highly significant 

compared to the other diet groups (p = 0.0012). On the other hand, the KD had an average daily 

HR that was 6.97 bpm higher than the MD-associated values (p = 0.0017). The KD intervention 

led to the highest average daily HR (79.41 Ñ 5.61 bpm). A slight increase in the average daily HR 

was observed during the first few days of the KD diet (74.32 Ñ 17.94 bpm on day one and 92.53 Ñ 

12.17 bpm on day 5). However, a modest downward trend was evident throughout the rest of the 

KD intervention (79.62 Ñ 15.51 bpm on day 14). The FFD registered the second-highest daily HR 

at 77.03 Ñ 3.39 bpm. The RD and MD had the lowest daily HR values among all diet groups (74.11 

Ñ 4.43 bpm, and 72.44 Ñ 4.92 bpm, respectively). A visual representation of the HR variations 

throughout the day and across the diets is presented in Figure 3.21. 

Figure 3.21 - The average daily heart rate (HR, in beats per minute, bpm) variations across all diets from 

the beginning of the diet period until the final day. A significant decreasing trend was observed for the 

HR values measured during the MD, and overall, MD had the lowest HR levels in comparison to the 

other diets. The KD increased the HR within the first few days and this increased level was maintained 

until the end of the diet period. The FFD and RD had fluctuations during the diet period which was 

within the normal range of my HR variations. 
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In addition to the comparison of the average daily HR changes throughout the dietary 

interventions, it is also possible to compare the average resting HR across diets. This comparison 

showed a significant difference between at least one pair of diet-induced HR across the four diets 

(p = 0.012) (Figure 3.22). The decreasing trend during the MD was also observed with the average 

daily resting HR (Figure 3.22). In terms of the most evident difference in diet-induced resting HR, 

the KD had an average resting HR that was 4 bpm higher than the RD-associated values (p = 

0.012). Overall, the KD had the highest average resting HR throughout the diet period at 68.93 Ñ 

2.37 bpm. On the other hand, the RD had the lowest average resting HR (mean Ñ SD = 64.85 Ñ 

1.99 bpm). The FFD and MD had resting HR between those values of 65.50 Ñ 2.74 bpm, and 65.00 

Ñ 5.80 bpm, respectively.  

Figure 3.22 - Boxplot displaying the distribution of the resting heart rate (HR) measurements (in 

beats per minute, bpm) for different groups. The median HR for each group is indicated by a black 

line, and the means are highlighted by the red line. p-value Ò 0.05 Ÿ *, p-value Ò 0.01 Ÿ **, p-value 

Ò 0.001 Ÿ ***, p-value Ò 0.0001 Ÿ **** 
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While averages and variations in HR are modestly revealing, the longitudinal profile of HR 

changes over the course of the day was potentially more revealing. As might be expected, among 

all four diets, there was a consistent drop in the HR while sleeping and a corresponding increase 

in the HR while awake and eating. However, between the diets, there were significant differences 

over the extent and duration of the HR depression. I had the most modest drop-in HR during sleep 

while on the RD, while the MD had the shortest low-HR duration (Figure 3.23). The FFD had the 

most significant drop in HR while the RD had the longest low-HR duration (~12 bpm, ~5 hrs). 

During the waking period, the MD had the lowest HR while the KD had the highest average HR 

(78.67 bpm Ñ 6.10 versus 86.92 bpm Ñ 5.24, p = 9.3795E-4) (Figures 3.23 and 3.24).  

  

Figure 3.23 - A visual summary of the variations in heart rate (HR) levels (bpm) across all diet groups. 

The overall variations throughout a day, in addition to the mean, upper and lower interquartile, are 

marked for each data group. On average, the lowest HR levels were measured during the MD, while the 

KD caused the highest HR levels. HR levels during the RD was close to the MD, while FFD showed 

higher HR levels. 


























































































































































































































































































































































































































































































































































































































































































































