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General Abstract 

The work undertaken in this thesis aimed to use a combined NMR and MS-based 

metabolomics approach to discover and validate nutritional biomarkers in a cohort of 

Northern Irish older adults. Serum, urine and saliva samples from 96 participants of 

the NIDAS dietary validation sub-cohort of the NICOLA study were collected, 

together with detailed dietary information (food diaries) and biometric data. These 

samples were aliquoted and separately processed on both a Bruker 600MHz Ascent 

(1H NMR spectroscopy) and a Waters TQ-S (a triple quadrupole Mass Spectrometer) 

paired to an Acquity UPLC, the latter of which also employing 4 Biocrates p180 kits 

for targeted analysis. After adjusting for known confounders, twelve biomarkers of 

interest for single foods remained across the three biofluids, six of these in serum, four 

in urine and two in saliva. Of all these, a specific subset of circulating 

phosphatidylcholines associated with the intake of milk and dairy products, and a 

group of salivary amino acids and derivatives which strongly correlated with meat 

were the findings of highest interest. This same metabolomics data was then used to 

model two dietary scores measuring three key aspects of complex diets: dietary 

composition, grouped by k-means clustering; a modified FDSK-11 DDS score, which 

tracks dietary diversity; and the E-NRF score, which tracks the intake of seven key 

nutrients to encourage in an older population and three to limit. VIP (variable 

importance in projection) plots of these models showed consistently different features 

across groups, with higher levels of amino acids and choline-based compounds in 

lower scores and “unhealthier” clusters much higher in meat and sweet foods. 

However, these multivariate models also validated poorly, although the saliva-based 

OPLS-DA (Orthogonal Projections to Latent Structures Discriminant Analysis) 

models showed better visual separation and appeared to be less overfit. 
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Together, these results show the benefits of a synergistic approach using multiple 

instruments towards biomarker discovery, the usefulness of metabolomics-based 

biomarkers as additional tools for the betterment of nutritional epidemiology studies, 

and the value of saliva as an under-utilized biofluid in metabolomics. Future work 

should focus on the validation of these biomarkers and models in larger and more 

heterogenous cohorts, with a specific focus on the creation of metabolomics-based 

multivariate approaches to modelling complex dietary patterns with better cross-

validation. 
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Chapter 1 

General Introduction 
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     1.1 Diet and Health 

     1.1.1 Nutrition and Public Health  

Nutrition unquestionably plays a major role in the maintenance of personal health, and 

consequently it is of great importance to public health. Multiple health conditions and 

diseases with high morbidity and lethality, such as cardiovascular disease, diabetes 

and several cancers, are closely related to dietary habits and other lifestyle factors 

(Casas et al., 2018; Wiseman MJ, 2019). Cardiovascular disease mortality and 

morbidity is estimated to account for 1 out of every 3 healthy years lost in Europe, and 

39% and 47% of all deaths in males and females respectively, with an overall 

estimated 4.1 million deaths in 2019 alone according to the World Health Organisation 

(Timmis et al., 2020). Deaths and incapacitations related to cardiovascular diseases 

also account for roughly 600 billion Dollars spent every year as direct or indirect costs 

in the United States alone (Dunbar et al., 2018). Similarly, the burdens of mortality 

and morbidity from cancer remain one of the greatest strains in the economies and 

healthcare systems of both developed and developing countries, with approximately 

9.8 million deaths in 2018 (Bray et al., 2018). The research connecting the incidence 

and fatality of many of these cancers to diet is ongoing and difficult to assess. Cancer 

is a heterogenous group of diseases with a high degree of variability in metabolic 

activity, even within established cancer disease types. However, even tumour strains 

not typically assumed to be closely associated with dietary habits have been observed 

to react differently to the intake and deprivation of different nutrients, such as the 

negative effects of saturated fat consumption on prostate cancer risk and progression 

(Di Sebastiano and Mourtzakis , 2014).  Closer associations between diet and cancer 

have also been suggested, with a high intake of alcohol and overly processed meat 

being the most consistent; the principal suggested causes of these associations are 



3 

 

increased oxidative cell stress and gut dysbiosis, and increased cytotoxicity and 

exposure to mutagenic compounds, respectively  (Key et al., 2020; Papadimitriou et 

al., 2021). 

The secondary effects of the modernized Western diet on the incidence and outcome 

of multiple other conditions are also important, but more difficult to quantify. 

Conditions like high blood pressure and diabetes are known to severely affect 

survivability of other conditions independently of whether causal links between them 

are being completely established. A well-known example of this phenomenon occurs 

in brain health and cognitive impairment, where secondary vascular damage resulting 

from diabetes, high blood pressure and hyperglycaemia is known to significantly 

worsen disease prognosis (Crane et al., 2013). This question of the secondary and often 

under-discussed consequences of the “Western diet” are of great interest and concern 

especially due to the increased prevalence of mostly preventable, overnutrition-related 

obesity and its associate pathologies in both developed and developing countries 

(Hruby and Hu, 2015). Similarly, viral and bacterial infections have been found to 

have their progression and outcomes modulated by dietary intake; with important 

micronutrients, such as zinc, playing important roles in the body’s response through 

inflammation (Gammoh and Rink, 2017). The permanent, baseline state of chronic 

inflammation throughout the body caused by obesity, brought on by an excess of 

adipose tissue and its systematic release of proinflammatory mediators such as TNF-

α, is well-known to aggravate these infections (Langley et al., 2016; Honce and 

Schultz-Cherry, 2019).  

However, despite strong evidence from both animal models and humans 

demonstrating the secondary risks of poor dietary habits and obesity on other heath 

conditions, the weight of these contributions when compared to other factors, such as 
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genetics and other lifestyle habits such as tobacco use and sedentarism, have remained 

difficult to analyse. 

While these nutrition-based challenges to public health were elucidated over time, our 

understanding of different diets and how they can impact lifestyle, positively or 

negatively, has also been greatly expanded in recent years by the use of new 

technologies. Molecular nutrition, a field that draws on aspects of molecular biology 

to better understand how individual nutrients and functional foods work, has led to a 

better understanding of not only macronutrients (the main components of most diets, 

mainly fats, proteins and carbohydrates) but also of micronutrients; individual dietary 

components that the body needs to perform specific functions. Some of these nutrients, 

such as iron, were already well-known (Institute of Medicine (US) Committee on the 

Prevention et al., 1993), but knowledge on their functions in cellular processes such 

as cell death and their interplay with other micronutrients for these individual 

processes, has been greatly expanded (Conrad and Proneth, 2020). Other seldom-

discussed micronutrients gained renewed attention and importance. For example, 

copper, which is rarely discussed in the context of a dietary element, has been focused 

on in recent years for its roll in immunity (T Cell proliferation and immunity) and, 

more significantly as an intervening agent in autophagy (Tsang et al., 2020). 

For influencing public health, however, much of the current attention lies in the 

researching of complex diets and dietary patterns, often within the broader context of 

lifestyle. The “Western diet” is among the most discussed as a causative factor in the 

current obesity epidemic (Kopp, 2019). A general definition of the Western-style diet 

is of a hypercaloric diet characterized by a high consumption of saturated and trans-

fats, sugars, and highly processed foods. Additionally, this diet is also defined by a 

low consumption of fruits, vegetables and inadequate dietary fibre. It is widely 
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believed that a Western diet promotes obesity and metabolic disease through a 

combination of a gradual accumulation of adipose tissue, mainly of white adipose 

tissue through the overconsumption of fats, such as linoleic acid (Massiera et al., 

2010). There is also a deprivation of essential micro- and macro-nutrients which can 

lead to cellular damage and promote systemic degeneration and failure, resulting in 

inflammation and chronic disease (Childs et al., 2019). In fact, by promoting stress in 

the organism through multiple biological processes, such as dysbiosis of the gut, 

inflammation and dysregulation of the immune system (processes which are also 

themselves connected), these nutritional habits are seen as accelerators of the aging 

process itself (Ribarič, 2012). 

This combination of over-nutrition and nutritional deprivation, paired with a sedentary 

lifestyle, is seen as a major contributor to the obesity epidemic being currently 

observed in both developing and developed countries. Precisely untangling and 

understanding the contributions of diet in the pathophysiology of obesity 

independently of other behaviours and lifestyle choices has remained difficult. Long-

term longitudinal studies are essential for adequately assessing the effects of nutrition 

on obesity and disease risk over time, but they are also far more sensitive to 

confounding by non-dietary lifestyle choices. For example, frequent consumption of 

carbonated sugary drinks and low consumption of fruits appear to correlate closely 

with sedentary behaviours (Fletcher et al., 2018), and less healthy dietary patterns 

(sugar, fat, fast food and meat; and less fish, fruits and vegetables). The Western Diet 

has been found to correlate with smoking in multiple cohort studies, and adequately 

adjusting for these confounding factors in other studies which are analysing diet 

exclusively has proven challenging  (Heydari et al., 2014; Suh et al., 2013). Genome-

wide association studies are aiding in this endeavour, however, by identifying genetic 
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loci associated with smoking/other behaviours in several populations (Erzurumluoglu 

et al., 2019; Matoba et al., 2019). These indicators of potential bias can then be better 

monitored in nutrition studies if genetic information is available. It will also allow for 

new cohorts, such as ones in Mendelian Randomization studies, to better study the 

contribution of these behaviours to physiological effects and diseases in which the 

Western Diet plays a part (Yuan and Larsson, 2019). 

 

     1.1.1.1 The Mediterranean Diet  

Several dietary patterns are being studied as healthier “alternatives” to the Western 

diet. Among these, the Mediterranean Diet (MD) is the most thoroughly investigated. 

It is defined as a dietary pattern rich in fruits, vegetables, whole grains and nuts, with 

a liberal consumption of olive oil and oily fish (the two major sources of fat in a diet, 

mostly polyunsaturated fatty acids) and rare consumption of meat and sweets. It has 

been defined and continuously studied since the middle of the 20th Century, when 

Ansel Keys’ Seven Countries Study first associated a high MD consumption with a 

decreased risk of cardiovascular events (Menotti A and Puddu PE., 2015), but the 

origins of the diet itself extend at least as far as the Middle Ages. It has become an 

important lifestyle cornerstone of Greece, Italy, and other countries in the 

Mediterranean Region, having been deemed by UNESCO as an Intangible Cultural 

Heritage of Humanity in 2013 (Altomare et al., 2013).  

Despite being originally circumscribed mainly to these countries at first, the popularity 

of this diet has resulted in it being adopted all over the World. However, the popularity 

and broad definition of this diet has also made studying its specific effects more 

challenging in different populations. There currently exist over 20 different scores 

which serve as putative metrics for MD consumption, originating from different 
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studies with different validities as proxies, which could explain some of the 

inconsistencies in exiting MD studies  (Zaragoza-Martí et al., 2018). 

In spite of this issue, the MD, and other aspects of the Mediterranean lifestyle, have 

been found to possess multiple health benefits, ranging from weight loss to anti-

inflammatory benefits that reflect in a decreased risk of cardiovascular and hepatic 

damage, improving resistance to and survivability in diabetes, hypertension, and other 

maladies. Interestingly, MD adherence  by mothers during pregnancy was also shown 

to influence the tendency for their children to gain weight later in life, suggesting that 

there are beneficial trans-generational epigenetic consequences for MD consumption 

in much the same way that WD consumption can cause long term damage in offspring 

(D’Innocenzo et al., 2019; Li, 2018). 

Several of the benefits of MD, however, are observable metabolically. A high 

adherence is associated with deceased blood pressure, lower CVD incidence, insulin 

resistance (although heavily dependent on  BMI) and a lower overall incidence of 

obesity and related incidents, in addition to multiple other reported benefits (Martini, 

2019; Park et al., 2017). Even though MD is usually studied as a complex dietary 

pattern rather than as a collection of smaller micro and macronutrients with smaller 

benefits, many of the positive effects of this diet are usually attributed to three of its 

main features. These are: Its prioritization of “good fats”, i.e. PUFAs, over saturated 

fats (usually in the form of olive oil and Omega-3 (ω-3) or similar fatty acids from 

fish), its abundance of fruits, vegetables and unprocessed whole grains when 

compared to sweets and refined sugars, and its encouragement of a moderate 

consumption of red wine as opposed to other alcoholic beverages. ω-3 PUFAs and 

similar fatty acids, such as eicosapentaenoic acid and docosahexaenoic acid 

(frequently found in oily fish), have a sizeable amount of molecular and 
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epidemiological evidence supporting their beneficial immunomodulatory effects, and 

their positive impact on CVD. This is mainly achieved through the several families of 

ω-3-derived metabolites known collectively as pro-resolving mediators and made 

easier by the fact that ω-3 fatty acids are easily up taken and incorporated by a variety 

of human cells.  (Gutiérrez et al., 2019; Lai et al., 2018).  

While ω-3 are only one of several classes of PUFAs consumed  in a balanced MD (a 

family which also includes small, healthy amounts of alpha linoleic acid,  

eicosapentaenoic acid and other n-3 long chain PUFAs from nuts (Marangoni et al., 

2007)). Many of the benefits of a moderate consumption of red wine are, by contrast, 

attributed to its relative abundance of flavonoids and anthocyanins (such as quercetin 

and its derived metabolites). These are a class of natural pigments which are well-

documented antioxidants of varying oral bioavailability but good intestinal absorption, 

mainly researched for their anti-aging and anticancer properties (Dragoni et al., 2006). 

The phenolic composition of each wine, as well as its concentration and characteristics 

vary widely based on multiple factors, mainly fermentation, but most red wines seem 

to have high concentrations of key beneficial compounds. Among these, the most 

important for human health and healthy ageing, and the most studied, seems to be the 

stilbene resveratrol. Originally viewed as a “magic bullet” for the prevention of aging, 

resveratrol has been isolated and studied in numerous clinical trials with quite mixed 

results (Weiskirchen and Weiskirchen, 2016). However, interest in this molecule has 

persisted, especially in preventing brain aging and age-related diseases in the elderly. 

As part of the MD, the contribution of resveratrol to its overall benefits has remained 

well-acknowledged, even though its effects are not considered as promising or 

sizeable as before (Silva et al., 2019). Its modulation of the gut microbiome (mainly 

in low-abundant bacteria), especially, is still of great interest and is being considered 
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as a target of potential dietary interventions in older persons, potentially to be 

complemented with physical activity to prevent diet-induced obesity and metabolic 

syndrome (Brandt et al., 2018; Chaplin et al., 2018). 

 

     1.1.1.2 The DASH Diet  

There are other, similar diets to the MD which are widely studied and used within a 

public health context with more targeted goals. The DASH (Dietary Approaches to 

Stop Hypertension) Diet, for example, has become an important staple of nutrition 

science since the original DASH cohort study was published by Appel et al. in 1997 

(Appel et al., 1997). It consists primarily of foods rich in essential macronutrients such 

as calcium, potassium, fibre, magnesium and protein in lieu of sodium, sugar and fat 

(i.e., it is rich in fruits, vegetables, nuts and legumes, and low on red meat and sweets). 

It differs significantly from the MD due to its wider exclusion of fats and 

carbohydrates rather than just unhealthy saturated and trans fats and processed sugars, 

but is similarly built on a strong foundation of fruits and vegetables. In the decades 

since its publication, and since the creation of DASH scores used to measure 

adherence via food frequency questionnaires, the DASH diet has been proven to work 

(lowering blood pressure and averting CVD) in several cohort studies across a variety 

of populations with hypertension or at increased risk of developing it. However, and 

despite being largely affordable and accessible within most developed countries, 

adherence in the general population to the DASH or similar diets remains very low  

(Steinberg et al., 2017). 
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     1.1.1.3 Other Diets and Dietary Scoring Methods  

The consumptions of other, more specialized, low-carb/high-fat diets (i.e. Ketogenic 

diet) and low-fat/high-carb diets are often compared for therapeutic reasons and 

(mainly) for reasons of weight loss. They both assume as a starting point that weight 

gain is primarily caused by dietary carbohydrates and fats, respectively. One of the 

few randomized controlled trials on dietary intake comparing the two concluded that 

there was no discernible advantage for one diet over the other, assuming both are 

isocaloric, in long-term (12 month) weight loss in a sample of over 600 overweight 

adults (Gardner et al., 2018). This lends credence to the notion that, irrespective of 

potential therapeutic benefits, a well-balanced low-calorie diet, preferably paired with 

healthy habits such as physical activities, is optimal for sustained weight loss. 

In fact, dietary diversity as a measure of dietary quality has become a useful tool in 

nutritional epidemiology in recent decades. A balanced diet has always been 

considered the standard dietary recommendation for a healthy lifestyle, and Dietary 

Diversity Scores (DDS) signalled a transition within the field of nutrition towards a 

tendency for studying complex dietary patterns as a whole, rather than just individual 

foods and nutrients for specific uses. These scores do have limitations;  a varied diet 

can nonetheless include a large assortment of nutritionally-inadequate foodstuffs, but 

recent adaptations of these scores focusing more on specific, micronutrient-rich 

dietary components rather than sheer variety count have found some success in 

addressing these shortcomings (Kuczmarski et al., 2019).  

A complementary way to score diet is to look specifically at nutrient-rich foods. 

Nutrient-rich Food (NRF) scores are considered complimentary to DDS scores, and 

they consist of sum of the daily recommended values of a set amount of essential 

nutrients (i.e. iron) after subtracting the excess recommended value of a set of nutrients 
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deemed detrimental when consumed above certain amounts (i.e. saturated fats). They 

provide information not on how varied a diet is in purely numerical terms, but how 

nutritionally dense it is in regards to the individual’s dietary requirements, giving a 

much more comprehensive view on whether that person is consuming an appropriate 

diet for their energy needs. They are also flexible, and it is possible to tailor and 

benchmark separate NRF scores to the dietary needs of separate populations and 

separate geographic regions for food availability (Kramer et al., 2019; Sluik et al., 

2015). Additionally, these scores can be combined with food pricing listings to 

identify nutritious foods at costs which are affordable for a large section of the 

population, making them a strong asset in dietary policymaking (Drewnowski, 2010).  

The main drawback in having such a versatile diet classification system is that this 

will result in an abundance of different NRF algorithms specialized for different uses, 

with different levels of efficacy. For example, these scores are mostly based either on 

100g, portion size or 100kcal, leading to great heterogeneity and disparities in 

effectiveness; models based on 100kcal portions were subsequently found to be more 

reproducible and robust to further experimentation on positive sub-scores, while the 

100g models seemed to be better for negative sub-scores (Drewnowski et al., 2008). 

Similarly, these scores can focus on a varied number of specific nutrients or foods to 

encourage (from 6 to 20), being easily identifiable upfront on this aspect (for example, 

NRF 15.3 will encourage the consumption of 15 different foods, and limit 3). 

However, the three nutrients to be discouraged are always broadly the same; saturated 

fats, sugars and sodium (although some specific, less complex scores do not 

discourage any food groups at all)  (Drewnowski and Richonnet, 2020; Sluik et al., 

2015). Some of the versatility of these scores can be seen by their focused updates, 

such as the flavonoid-updated NRF9.3, and the version of NRF8.3 with fruit and dairy 



12 

 

to better reflect the dietary needs of children (Drewnowski and Burton-Freeman, 2020; 

Drewnowski and Richonnet, 2020).   

It is also possible to further customize these scores in their consumption beyond 

individual nutrient groups. For example, a recent effort by Drewnowski and Fulgoni 

III has aimed to create novel hybrid NRF scores that incorporate food groups as 

defined by MyPlate into their formulation. While the traditional formulation for these 

scores is based on two sub-scores (NRF = NR – LIM, where NR is nutrients to 

encourage and LIM is nutrients to limit), this novel formulae have three (NRFxyz = 

NRx + MPy – LIMz, where MP are MyPlate food groups and x, y and z are the numbers 

of each component), demonstrating the versatility of these scores as dietary 

classification tools (Drewnowski and Fulgoni, 2020). 

Despite these multiple discrepancies in the construction and effectiveness of these 

scores, there have been efforts to standardize them and directly compare them for 

specific functions, such as this Sluik et al. study in which 15 scores were calibrated on 

and evaluated upon Dutch dietary guidelines (Sluik et al., 2015). 

In combination, nutrient density and dietary diversity scores (especially when used in 

combination and thoroughly-validated with other markers of dietary assessment) are 

powerful tools for defining and quantifying the positive and negative aspects of diets 

beyond the standard knowledge of what constitutes healthy and unhealthy foods. The 

precise nature of some of these scores can occasionally make their implementation 

challenging in the intended population depending on daily recommended dietary 

values, and nutrient-rich foods don’t always align with regional dietary 

recommendations, even leading to hybrid scores which attempt to conciliate both 

dietary recommendation models (Drewnowski et al., 2019).   
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     1.1.2  Health Benefits of Dietary Interventions 

A variety of nutritional interventions, including some randomized controlled trials 

(RCTs), has demonstrated the importance that diet can have in disease management 

and in the maintenance of health.  

Among the most well-known therapeutic dietary interventions is the use of the KD for 

the management of epilepsy, in which glucose restriction and an abundance of 

circulating ketones will affect both AMPA signalling and DNA methylation (Boison, 

2017). Several interventions have also proved effective in treating conditions of the 

gastrointestinal system. Crohn’s Disease and other forms of Irritable Bowel Syndrome 

have been successfully ameliorated with a variety of anti-inflammatory diets, mostly 

exclusionary (low-carb, semi-vegetarian, etc.), occasionally supplemented (high fibre 

and high ω-3) and hybrid (MD) (Lewis et al., 2017). Other interventions for Crohn’s 

are also incorporating probiotics to promote microbiome modulation (Peter et al., 

2020). The proximity of one’s dietary habits to immune function, often through the 

involvement of the microbiome, has similarly led to interventions targeting the 

management of autoimmune diseases. A series of separate interventions, focusing 

separately on ω-3, Vitamin D and turmeric supplementations, have shown some effect 

in the management of lupus (de Medeiros et al., 2019). 

In addition to managing congenital disorders or conditions brought on by accidents, 

infections or environmental exposures, dietary interventions have also proven 

effective at managing age and lifestyle-related conditions, such as CVD and cancer. 

In fact, the case for utilizing special diets as adjuvants for cancer therapies in clinical 

settings has gained significant traction in recent years, with a recent feature in the 

journal Science focusing on the promising leads for this type of application 

specifically (Kaiser, 2021). Recent developments in the field of ageing suggest that 
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diets focusing on some level of caloric restriction, mostly aiming to trigger autophagy, 

have therapeutic potential in managing age-related diseases. Currently, hypocaloric 

diets have seen success, in an adjuvant capacity, in helping to control multiple cancers, 

such as breast cancer as an adjuvant to hormone therapy (Caffa et al., 2020), and for 

ovarian cancer as an adjuvant for chemotherapy (Bauersfeld et al., 2018). This seems 

to work mostly through inducing autophagy. However, most of the studies analysing 

these diets are either preclinical or tested on very small cohorts (Castejón et al., 2020; 

Safdie et al., 2009).  It must be noted that the potential risks of intermittent fasting, 

such as excessive weight loss and nutrient deficiencies,  and other of other hypocaloric 

diets are relatively under-studied, and that more research in larger cohorts is needed 

before these diets are recommended for weight loss or therapeutic purposes (Stockman 

et al., 2018).  

For larger dietary RCTs in disease prevention, the PREDIMED (Prevención con Dieta 

Mediterránea) trial remains the largest and most important study of its kind. With 7447 

older (ages 55-80) participants, this multicentre study took place across Spain and 

verified the effectiveness of two variants of the MD; supplemented with either extra-

virgin olive oil or nuts, in preventing CVD (major cardiovascular event as an endpoint) 

when compared to a standard, low-fat (suggested) control diet. Both MD variants 

showed reduced hazard ratios for cardiovascular events when compared to controls 

(Estruch et al., 2018). Several sub-cohorts and smaller studies (and at least one planned 

follow-up/iteration) came out of PREDIMED, many analysing pre-specified 

secondary outcomes observed within the cohort. These include effect of MD on 

invasive breast cancer in women at a high risk of CVD, bodyweight and waist 

circumference, systematic inflammation from sarcopenic obesity (within the follow-

up cohort, PREDIMED-PLUS) and cognitive decline (Abete et al., 2019; Toledo et 
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al., 2015; Martínez-Lapiscina et al., 2013; Estruch et al., 2019). In addition to CVD, 

the MD and similar diets have shown some promise, through interventions, for 

managing NAFLD. The MD shows particular promise due to it being capable of 

increasing insulin sensitivity and reducing the amount of fat coating the liver even 

without weight loss, making it the most often-advised diet for NAFLD (Romero-

Gómez et al., 2017). 

The effect of diet on cognitive decline is of particular interest due to the current lack 

of any conclusive therapies for any diagnosable forms of dementia despite sizable 

investment over the years. Unfortunately, trials are still rare and oftentimes have 

negative outcomes (Marseglia et al., 2018; Soininen et al., 2017), although more 

numerous and thorough trials are either being undertaken or in their planning stages 

(Heffernan et al., 2019). The accepted correlations between diet/cardiovascular health 

and cognition are established both as an indicator during early adulthood of future 

disease and in old age as a strong indicator of cognitive performance. This remains 

true even after thoroughly adjusting for covariates, but the palliative and therapeutic 

potential of these dietary interventions needs to be further researched (McEvoy et al., 

2019; Samieri et al., 2018). 

 

     1.2  Present and Expected Trends 

     1.2.1  Quality of Life, Healthy Ageing and Societal Effects 

Despite the overall increase in worldwide life expectancy during the 20th and 21st 

Centuries, lifespan inequality remains an important public health concern (Kontis et 

al., 2017). Healthy life expectancy, sometimes informally referred to as “healthspan”, 

is defined as the number of years an individual is expected to live unencumbered by 

injuries, illnesses and other disabilities. It has become a topic of interest both for the 
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public health and biomed/biotech sectors in recent years. Novel strategies for the 

promotion of healthy ageing are being developed across disciplines, such as nutrition 

and genetics (Sato et al., 2017; Zhang et al., 2016). 

The world’s workforce has experienced a steady increase in average worker age due 

to increased participation of older persons in the modern job market. This gradual 

change in workforce demographics will potentially require major reworkings to 

employment hiring, training and general policy (Wandner et al., 2018). More 

importantly still, an older population can also present new challenges to national health 

systems, although the exact nature of these challenges for developed countries isn’t 

exactly known (Howse, 2012). Currently-observed strategies for the promotion of 

healthy ageing, both nutritional  and lifestyle-related are thus of extreme importance 

not only for the health of one of our most vulnerable demographics, but for the long-

term sustainability of public health systems as a whole (Marsman et al., 2018; McPhee 

et al., 2016).  

 

     1.3  Dietary Assessment 

Accurate and trustworthy dietary assessment is essential within the field of human 

nutrition, but it can be extremely challenging to undertake. The globalized network of 

food distribution has made diets increasingly complex, incorporating foods from 

different cultures, novel eating patterns, and novel micronutrients and contaminants. 

Food tampering and food security, intentional or driven by pollutants, have become 

greater concerns in nutrition due to the possibility of introducing novel agents to one’s 

diet , and even if discounting these concerns, similar products grown/manufactured in 

different countries to different nutritional standards have been shown to contain very 

different nutritional profiles (Liu et al., 2013). More recently, the timing of one’s meals 
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has also gained increased interest due to an increase in nutrition studies analysing how 

feeding times alter, and are altered by, the host’s circadian rhythms (Wehrens et al., 

2017). 

Additionally, most methods of dietary assessment tend to rely on self-reporting, 

introducing the potential of added biases, such as under-reporting of portions and 

selective reporting of food groups, from participants (Subar et al., 2015). However, 

the reporting methods for food intake and dietary patterns have been significantly 

refined, with questionnaires and surveys being developed and tailored specifically to 

minimise bias and to best fit specific study protocols. Novel technologies are also 

being slowly introduced to improve dietary assessment through the development of 

new, specialized tools. 

 

     1.3.1  Traditional Methods for Dietary Assessment 

     1.3.1.1  Food Diaries 

Food diaries are among the fundamental tools in nutrition epidemiology and clinical 

nutrition studies. Frequently used to record food intake over short periods of time, 

often a few days to a few weeks, and thus appropriate for shorter interventions or 

studies in which dietary intake only needs to be assessed for a specific time window. 

The diaries consist of highly detailed recordings of what the individual eats; the 

specific foods consumed, the portions consumed, methods of preparation and time of 

consumption are frequently recorded, with the diaries themselves usually being 

separated into meals (Ortega et al., 2015). These data can be subsequently processed 

into streamlined scores for analysis.  

Food diaries are frequently seen as a method of reference for dietary assessment, and 

possess numerous advantages over similar tools. Primarily, the fact that the recording 
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is done usually at the time of the meal results in much more accurate and detailed 

measures when compared to Food Frequency Questionnaires. Indeed, validation 

studies where the recorded intakes were compared to food meal weightings (taken 

discretely and without the implicit knowledge from the patient) found that the portions 

written down in the Food Diaries were acceptably accurate when compared to their 

objective proxies. This reproducibility was consistent across both sexes and 

throughout all age groups studied (ages ranged from 15 to 65), for both foods and 

individual nutrients. The main limitation of this validation being that it was performed 

in a reasonably controlled environment and not consistently in a more relaxed setting, 

where most meals are usually consumed.  (Crowe et al., 2018).  

The fact that Food Diaries, despite being accurate, remain a subjective form of input 

rather than an objective measurement of dietary intake remains one of its key 

limitations. While patients recording their meals in food diaries are unlikely to 

misremember what they ate, there are multiple smaller biases that can affect 

measurements, namely social desirability biases which can lead to under-reporting of 

portions or omission of specific food groups which are seen as less desirable for a 

healthy diet (Shim et al., 2014). Similarly, while effective at measuring an individual’s 

standard diet, diaries are not always effective at detecting rapid, significant dietary 

changes as a result of an intervention (Pears et al., 2012). 

These shortcomings have resulted in multiple efforts to improve and modernize these 

diaries by incorporating new technologies and tools. A potential evolution of the 

standard diary is the digitalization of food diaries in favour of the traditional paper 

models. Smartphones are particularly desirable, and several calorie counter tools (Easy 

Diet Diary) and full food diary applications, such as My Meal Mate (an automated 

dietary assessment tool) and FoodNow, are easily accessible from most modern 
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devices. Not all of these tools are suitable for academic use, but simple applications 

like FoodNow which simply perform as digitalized smartphone-based food diaries 

could prove useful in epidemiological studies (Carter et al., 2013; Pendergast et al., 

2017). 

In addition to transposing paper diaries to a digital format, there have also been efforts 

to modernize them to become more user-friendly and less bias-prone. Electronic 

diaries like the Boden Food Plate are attempting to incorporate images and easy to use 

interfaces, which have produced promising results in replicating the paper model with 

lower time commitments and less reliant on the participant’s level of literacy for 

obtaining robust measures (Fuller et al., 2017).  

 

     1.3.1.2  Food Frequency Questionnaires 

Food Frequency Questionnaires (FFQs) are, overall, the most often and widely used 

dietary assessment tool in nutrition epidemiology, having been a staple of the field 

since the 1990s. They are superficially similar to food diaries in that they measure 

similar parameters, but do so in a different manner and for different periods. 

Quantitative FFQs generally aim to extract three types of information from a 

participant; the types/groups of foods consumed, the portions in which they are 

consumed and the frequency with which the participant consumes them. Studies 

aiming to analyse different dietary patters will inquire about separate food groups, and 

the FFQs will generally be tailored to the study in question. The existence of different 

dietary guidelines in separate countries means that questionnaires also often vary 

greatly between different populations (Wakai, 2009).  

FFQs can be semi-quantitative and purely qualitative, with the former giving a 

separate list of options as to how often each food is consumed, and the latter simply 
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asking whether a food group is consumed at all and not taking frequency into account. 

These simpler questionnaires can be advantageous because they require less 

engagement from the participant, and less-detailed FFQs have been shown to be valid 

and reproducible depending on the nature of the study, with even the more basic 

qualitative FFQs being effective for most food groups (De Keyzer et al., 2013; Lovell 

et al., 2017). 

However, this has also resulted in a wide array of different FFQs created for separate 

studies with different degrees of adequacy, and larger systematic reviews and meta-

analyses have shown that these FFQs are sometimes not optimally designed for the 

studies that employ them. For example, longer, more detailed FFQs will generally be 

more reproducible and better at capturing individual dietary patterns over time, but the 

fact that they require a larger time commitment and level of literacy might aggravate 

systematic errors, especially in younger populations (Kolodziejczyk et al., 2012; 

Molag et al., 2007). 

When compared to other forms of dietary assessment, FFQs have some advantages 

over FDs. Mainly, the fact that they retrospectively analyse dietary intake over a longer 

period gives a more complete picture of the participant’s diet, and is thus less sensitive 

to long-term shifts in dietary behaviour and has lower within-person variability. They 

are also less costly to run, less burdensome to participants, and easier to process than 

most FDs, making them desirable for very large epidemiological studies (Pérez 

Rodrigo et al., 2015). 

Conversely, since FFQs are used for retrospections of dietary patterns that reach back 

several months, thus forcing the participant to recall or estimate events which they 

might not properly remember, introducing both a high amount of potential random and 

systematic errors by the individual mis-estimating their dietary intake over a long 
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period of time. They also provide much less information than FDs, and may not be 

suitable to study macronutrient/micronutrient intake with very fine detail, although 

they are suitable to measure the relative exposure of interest for studying most diseases 

(Bennett et al., 2017). However, when adequately designed and implemented, FFQs 

can perform strongly even when compared to the gold standard of dietary assessment 

tools (Whitton et al., 2017). 

Similar to FDs, FFQs are also currently undergoing modernization through the 

incorporation of new technologies. Self-administered web-based FFQs have been 

tested with success in a university population, further reducing cost and necessary time 

engagement (González Carrascosa et al., 2011). Similarly promising results were also 

obtained when the tests were given to older children and early teenagers (Deierlein et 

al., 2019a). 

 

     1.3.1.3  24-hour Recalls 

24-hour Recalls (24HR) are more dynamic and personalized assessment tools than 

those discussed so far. They are one-to-one interviews performed between a nutrition 

professional and a patient, in which the patient is questioned on all the food and drink 

that they consumed over the last 24 hours. It is unique in that, despite still relying on 

subjective input from the patient, the inclusion of an interviewer allows for further 

questioning into any aspects of the self-reported data that is seen as unclear, 

unsatisfactory or worthy of being elaborated upon. These interviews can last from 

under 30 minutes to roughly an hour, and can be performed in sequential days. Indeed, 

records taken during the initial 24HR have been found to be under-representative of 

actual caloric and nutrient intake, with the following 2-3 interviews yielding more 

accurate results. This is mostly due to the fact that an individual’s diet tends to vary 
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significantly from day to day, and thus a wider time window is needed for proper 

dietary assessment (MA et al., 2009, p. 25; Yuan et al., 2018). 

24HR are significantly more time-consuming and costly to perform than FDs and 

FFQs, but they also provide much more detailed information than either.  In fact, 

24HRs are often used as calibrators for other dietary assessment tools (Freedman et 

al., 2017). 

There are, however, some disadvantages to this methodology in addition to increased 

cost and time requirements. Unlike FD, which are simple to input information in, and 

FFQs, which are standardized within a study, there is an added level of variability 

introduced by the interviewer. Indeed, there is a larger variability in the consistency 

of 24HRs when assessing diet when compared to FDs and FFQs, with reported 

inconsistencies in the quality of data obtained from this method across different sectors 

of the population. Another trial reported significant within-subject variance, despite 

an acceptable reported accuracy, again indicating that a single 24HR might not be an 

adequate method for assessing specific critical nutrients such as folate and calcium 

(Kahn et al., 1995; Shamah-Levy et al., 2016). These (as well as other) sources of error 

and bias could potentially be ameliorated by greater standardization of interviewing 

protocols (Gibson et al., 2017). The amount of resources, well-trained personnel for 

conducting the interviews and required number of follow-ups for adequate 

measurements of nutrient intake have made the standard 24HR a comparatively rare 

method for larger cohort studies, despite its proven effectiveness. 

However, and similarly to other dietary assessment methods, new technologies have 

been used to attempt to modernize 24HRs, with varying degrees of success. 

Incorporating basic telemedicine, interviews performed over the telephone have been 

demonstrated to perform comparably to face to face 24HRs, providing a promising 
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tool for dietary assessment and monitoring in more rural areas without easy access to 

public health centres (Bogle et al., 2001). More recently, smartphone and internet-

assisted 24HRs are being trialed, and automated 24 Hour Dietary Recalls (A24HRs) 

are becoming increasingly considered due to their reduced financial and time 

demands. A web-based automated recall has been proven to be effective in a diverse 

population of children and adults in Canada, with strong acceptance to, and acceptance 

of the online model, even though younger and older participants had difficulties in 

navigating parts of the interface (Yuan et al., 2018).  

A new A24HR, myfood24, has gained attention within the field in recent years (Carter 

et al., 2015). This Automated Recall has been shown through a series of studies to 

perform comparatively well with the traditional 60-minute interview, producing 

similar results (although still inferior to those obtained by the use of objective 

biomarkers) in a smaller amount of time for a general population. These were a smaller 

cohort of British adolescents, and a large clinical cohort consisting of 199 women 

suffering from gestational diabetes (Albar et al., 2016; Gianfrancesco et al., 2018; 

Wark et al., 2018, p. 24). It should be mentioned, however, that all these studies were 

performed by the team that originally developed this commercial application, and that 

more external validation studies would be desirable before expanding into widespread 

use.  

The use of digital images is also being incorporated in A24HRs for ease of use, by 

providing visual aides for each question and type of food. A clinical trial showed 

significantly improved performance between an image-assisted automated recall and 

the standard 24HR (although the differences from the objectively-measured intake 

values were also significant for both methods) (Kirkpatrick et al., 2016).  
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     1.3.2  The Challenges of Assessing Specific Demographics 

Dietary evaluation methods, especially those heavily reliant on input from the patient 

or participant, do not perform uniformly across all demographics. There are specific 

challenges which are inherent to specific groups of people, namely those with under-

developed or declining levels of cognition. The latter phenomenon affects a significant 

amount of the ageing population. Even though specific forms of mild to severe 

cognitive impairment (such as Alzheimer’s Disease) are extremely frequent, and 

expected to increase in incidence in the coming decades, there is a level of cognitive 

decline which is expected to occur in natural, non-pathologic ageing (Harada et al., 

2013; Kumar et al., 2021). These discrepancies in the ability to adequately assess the 

dietary intakes of both the youngest and oldest demographics of the general population 

are compounded by these demographics also deviating significantly from the general 

population in terms of their nutritional needs. In fact, young children will have a wide 

array of evolving nutritional needs from purely breast milk and formula (up to five 

months of age) to a high amount of both fruits/vegetables supplemented by a large 

amount of protein (13 years of age). Older individuals have needs which are easier to 

define, with many macronutrient and micronutrient deficiencies being directly 

resulting from, or attempting to ameliorate, the aging process (Leslie and Hankey, 

2015). Specifically, the gradual decrease in the levels of physical activity exerted by 

the general older population significantly decrease their recommended daily caloric 

intake. The rate at which older persons are able to metabolize specific nutrients is also 

potentially impaired, further reducing this recommended intake, and long-term effects 

from chronic age-related infection and medicinal drug consumption will similarly alter 

their metabolism through potential drug-nutrient interactions (Forum, 2010).  
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These very complex and specific dietary needs, paired with an increased difficulty in 

correctly assessing intake for these sections of the population, have led to the 

development of specialized questionnaires and tools that focus on one, or multiple of 

these factors in lieu of a more general screening.  

Several methods focusing on the dietary necessities of children have already been 

discussed in previous chapters; photo-assisted food diaries and food frequency 

questionnaires have demonstrated promise in ameliorating some of the limitations of 

administering these tests to children, especially if they are administered by adults 

(either health professionals, teachers or legal guardians) (Davison et al., 2018; 

Deierlein et al., 2019b). 

The limitations when performing dietary assessment on older persons are more 

difficult to improve. A significant proportion of older adults, even those with 

clinically-diagnosed cognitive impairments, live alone, which mostly precludes them 

from having the direct aid of a present third party in recording their data in a food 

diary or FFQ (Deierlein et al., 2019b). 

For this reason, 24HRs are being explored as a main way to assess homebound older 

adults on their nutritional intake and needs. The presence of a health professional and 

the tailoring of the interview on a patient-by-patient basis allows for more flexibility 

than that which is present in other tests, and some of the difficulties in regularly 

accessing/accompanying these individuals have also been mitigated by making these 

recalls partially digital without significant losses in accuracy or performance (Gregorič 

et al., 2019). 

However, some progress is also being made in adapting traditional tests to persons 

with some level of cognitive impairment. For example, the reliability of FFQs is much 

lower from the records of older persons than could be expected from the general 
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population (when compared to a gold standard of plasma markers), but most major 

macronutrients are able to be satisfactorily measured with enough accuracy to indicate 

risk of malnutrition (Bowman et al., 2011; Sun et al., 2010). Food diaries have 

similarly performed appropriately, accurately identifying older patients at risk of 

malnutrition while at home (Gariballa and Forster, 2008). However, similarly-

structured food diaries were also found to underperform significantly in obese elderly 

men, while performing adequately on individuals within a healthy weight range (Stea 

et al., 2014). This underlines the importance of pragmatic study design, and of utilizing 

the most appropriate tools for specific research questions, since even within a similar 

cohort it is possible to detect heterogeneously distributed sources of measurement bias. 

As expected, little to no discussion was found in the literature pertaining to 

administering non-supervised questionnaires to individuals with moderate to severe 

cognitive decline or dementia. Most of the methods for at-home dietary monitoring, 

assessment or assistance without direct accompaniment of a health/nutrition 

professional involve artificial intelligence or other forms of automation (Begum et al., 

2013). 

Taken as a whole, these measures are generally regarded as performing adequately 

when assessing the dietary intake of older individuals, but there is still a need for more 

advanced tools for nutritional evaluation of this growing sector of the population. 

Better methods could potentially help clear a lot of the doubts surrounding some of 

the finer details of how nutrition can impact the aging process, such as the direct 

effects of Vitamin D and protein on delaying age-related comorbidities. Some of these 

questions are currently being tackled with innovative study designs but nutritional 

biomarkers, especially those focused on MS-based omics technologies, are playing an 

increasingly important role in the field (Granic et al., 2018; Picó et al., 2019). 
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     1.3.3  Emerging Methods: The Case for Biomarkers 

     1.3.3.1  Clinical Omics Use: A Brief Summary and History 

Biomarkers (or biological markers) are defined as measures, which can be objectively 

measured, which can serve as adequate proxies or indicators of an organism’s 

pathological or physiological state.  

The term can be quite generally applied to any measure which can provide quantifiable 

clues to the state of an organisms, but in most recent developments in biology and 

medicine, biomarkers are generally “omics”-based (Hu et al., 2011).  

The OMICS family of technologies is expansive and complex, generally classifiable 

as either sequencing-based, namely DNA sequencing (Genomics) and RNA 

sequencing (Transcriptomics), and analytical chemistry-based (generally involving 

either Nuclear Magnetic Resonance or Mass Spectrometry), aiming for either the 

quantification of proteins (Proteomics) or small molecules/metabolites 

(Metabolomics). The latter tend to be much more indicative of, and reactive to, 

changes in an individual’s phenotype, making them more appropriate technologies to 

study lifestyle habits and the physiology and physiopathology of health and disease in 

clinical settings, since the human phenotype will produce changes in reaction to a 

variety of external stimuli (Rattray et al., 2018). 

Much like most known diseases, the consumption of most foods is accompanied by a 

set of alterations in one’s metabolism (Jones et al., 2012). These can manifest as 

biochemical changes detectable throughout human tissues and biofluids. This has 

resulted in a recent marked increase in the amount of studies and publications utilizing 

proteomics and metabolomics in clinical settings. Metabolomics technologies in 

particular have seen markedly increased uses in nutrition studies in recent years. 
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Adoption of these technologies has been met with several challenges in the field of 

nutrition, since metabolomics methodologies remain complex, and data analysis and 

interpretation remain extremely difficult due to the need to “disentangle” a complex 

web of human biochemical pathways. These are also expensive processes and difficult 

to scale up to large cohorts and clinical trials. 

These OMICS technologies have been popular for several decades; the end of the 20th 

and beginning of the 21st Century saw the development of these fields and their wide 

acceptance as potentially revolutionary tools for medical research. While MALDI-MS 

and the other technological advances that led to the inception of modern proteomics 

started taking shape in the 1980s (Fenn et al., 1989; Karas and Hillenkamp, 1988), 

modern metabolomics started taking shape roughly 2 decades later. This was mainly 

achieved through the use of NMR spectroscopic data to profile small molecules in 

living systems. The potential of this measuring tool to capture different chemical 

responses from said systems to different stimuli helped create the field of 

“Metabonomics”, which would later become Metabolomics in common scientific 

parlance (Nicholson and Lindon, 2008). 

Combined, these developments showed great promise for expanding the 

understanding of human health, and subsequently of medicine, leading to a revolution 

in biology and a gradual transformation of medicine.  

Proteomic and especially metabolomic markers have been less widespread in modern 

medicine than genomic ones, partly due to their closer proximity to phenotype and 

subsequent reliance in factors which are harder to measure and detect. Nevertheless, 

academic institutions and companies have made major advances with these markers 

in their aims to have them translate into clinical practice. Protein markers for cancer 

(such as ERCC1) have made progress in clinical trials, and many protein markers for 
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several conditions, such as inflammatory bowel disease, are currently being used for 

clinical diagnosis (Langhorst et al., 2008; Olaussen et al., 2006). However, these are 

mainly used in an adjuvant or secondary capacity, and are currently not accurate or 

precise enough to diagnose these conditions without the aid of more extensive, often 

invasive examinations. Metabolomics is a more emerging technology, but markers  are 

often used by private corporation for industries such as food suppliers, to verify food 

authenticity (Ch et al., 2021). As of this writing, there are no metabolomics markers 

given full FDA approval, except for the standard array of lipids and sugars which have 

been used to assess patient health and biometrics from before the modern concept of 

metabolomics was created. 

However, platforms which use metabolomics and general small molecule 

measurements as an auxiliary diagnostics tool in the clinic already exist. Notable 

companies to commercialize these, for NMR, include Labcorp, Vantera, and most 

significantly Nightingale. The latter of which has been optimized and semi- automated 

into an extremely high-throughput workflow to profile small molecules for large-scale 

studies, most significantly the UK Biobank (Julkunen et al., n.d.). 

Mass spectrometry-based methods have not reached this level of automation as of yet, 

although companies like Metabolon have existed for several years, and currently are 

able to profile several thousand analytes consistently (Ryals et al., 2007). Other 

companies, such as Biocrates, focus on increased throughput and access to a smaller, 

reproducible analyte pool through commercial kits (Trabado et al., 2017).Omics 

technologies, particularly when combined, have great potential for novel diagnostics 

and personalized medicine applications, including in the field of nutrition, where they 

could help elucidate the effects of both individual nutrients and complex nutrient 

mixtures (i.e. whole foods or meals) on the human body, as well as to better understand 
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food-genome and food-drug interactions. Metabolomics in particular has seen a recent 

uptick in interest, due to advances in high-throughput data generation, processing and 

the emergence of more established workflows, protocols and other tools, paired with 

an evolving interest in the concept of precision nutrition (Guasch-Ferré et al., 2018; 

Tebani and Bekri, 2019). 

     1.4  Technical Aspects of Metabolomics 

     1.4.1  Sample Collection and Treatment 

In order to reduce variability in results, there are steps which can be taken (from 

sample collection to data processing) irrespective of the type of the type of 

metabolomics work to be undertaken. Homogeneity must be ensured in sample 

collection and storage, with slightly-varying parameters depending on the type of 

sample to process. All sample types are generally affected by the nutritional status of 

the patient, making fasting sample collection ideal to reduce variability. Collection 

times, processing times and repeated freeze/thaw cycles are also known to alter the 

metabolic profile of samples, as is the choice of which additives and preservatives to 

store the samples with for maintaining their stability (Stevens et al., 2019). Blood-

based substances (serum and plasma, mainly) are also profoundly-changed by factors 

such as haemolysis, location the vein or artery from which they are collected and the 

type of tube they are stored in, with notable variation in lipid concentrations 

(Cruickshank-Quinn et al., 2018; Wolahan et al., 2019). Urine composition was altered 

by centrifugation and filtration (Stevens et al., 2019). In addition to fasting status, the 

timing aspect for saliva collection is particularly important due to a significant (15%) 

portion of salivary metabolites, mostly amino acids, showing circadian variability 

throughout the day (Gardner et al., 2020).  
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There are also general guidelines for running these samples which are independent of 

instrument choice. Batch effects are virtually inevitable with large sample sets, 

resulting in analytical drift. There are several methodologies for combatting this, from 

simple regression models to geometrical representation of the different batches 

undertaken to triangulate the batch drift and correct for it (Fages et al., 2013; Wehrens 

et al., 2016). The inclusion of “pooled” samples, or other quality controls, in each 

batch can serve as additional controls for instrument drift, when these are inserted 

periodically in the middle of the sample set. Sample randomization is also highly 

recommended. 

     1.4.2  Sample Processing and Equipment 

     1.4.2.1  Mass Spectrometry 

Mass spectrometry is one of the most widely-used platforms in analytical chemistry, 

biochemistry and chemical biology. Fundamentally, all MS-based platforms are 

structured similarly; a sample inlet or sample manager will introduce the samples into 

the MS device itself, an ion source will ionize the sample, a mass analyser will separate 

the ions, often in a vacuum, and a detector will count the resultant ions separately by 

their mass-to-charge (m/z) ratio. For metabolomics studies, triple quadrupole MS (TQ-

MS) are frequently employed. A MS apparatus is frequently preceded by a 

chromatographic apparatus, either liquid chromatography (LC – generally higher-

throughput), or gas chromatography (GC – better for detecting volatiles and 

derivatized fatty acids), to further separate complex samples before ionization.  

Alternatively, less complex samples can be injected directly, or flow injection analysis 

(FIA) can be used to complement LC/GC data (Nanita and Kaldon, 2016). Sample 

preparation methodologies vary significantly between MS protocols, depending on the 

tissue/fluid to be analysed, the instrument, and especially the kind of analyte to be 
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detected. However, the defining step of sample preparation procedures is metabolite 

extraction (Beltran et al., 2014).   

In addition to the instruments themselves, there is also a wide variety in the approaches 

used to run Mass Spectrometry-based metabolomics experiments. For complex 

mixtures analysed on a TQ-MS, single (SRM) and multiple-reaction-monitoring 

(MRM) procedures are often employed. These methods for targeted metabolomics use 

double mass selection, and take full advantage of the instrument’s layout; for SRM, 

the first quadrupole in the instrument will filter out all but a narrow mass window, 

which will then be fragmented in the collision cell, with the window for one of its 

supposed daughter ions analysed in the second quadrupole. MRM differs in that it 

cycles through several windows on both quadrupoles, allowing for the monitoring of 

a wider range of molecules. More accurate instruments allow for narrower, and thus 

more precise, mass windows. 

These methods require calibration with a known concentration of a labelled standard 

in order to quantify other molecules, with these standards generally being diluted 

multiple times and injected in order to plot detailed calibration curves. The ability to 

properly detect and quantify different analytes will be dependent on their limits of 

detection (LOD – the lowest concentration at which an analyte is detectable) and lower 

limits of quantification (LLOQ – the lowest concentration at which an analyte can be 

confidently quantified) – both need to be established for individual analystes by 

running several samples with known, low concentrations. 

Mass Spectrometry-based metabolomics kits, such as those produced by Biocrates, 

will include standard mixtures for a range of molecules, and be able to multiplex 

several analytes simultaneously in a set of different matrices, with pre-determined 

LODs and LLOQs for approved instruments (Nandania et al. 2018). 
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     1.4.2.2  Nuclear Magnetic Resonance 

Nuclear Magnetic Resonance (NMR) is the other main, complementary platform to 

MS in metabolomics. Unlike MS, it does not require ionizing the sample, and it is 

completely non-destructive, allowing for repeated acquisition cycles. However, it 

generally requires much larger sample volumes (Emwas et al., 2019). 

NMR involves the synchronization and resonance of nuclei for molecular 

identification and structural elucidation; all atomic nuclei have both mass and charge, 

and each subatomic particle in this nucleus will spin in its axis. In most nuclei, with 

an equal amount of protons and neutrons, these individual spins will cancel each other 

out, but isotopes (with 1H and 13C being the most frequently used in NMR) will have 

non-zero spins, giving them an angular momentum.  

For NMR spectroscopy, these spinning nuclei are aligned into a high or low energy 

status using a homogenous magnetic field, and subsequently perturbed with a radio-

frequency pulse. This disturbance will cause these select isotopes to resonate when 

they transition between nuclear energy levels, and this is the signal which is detected 

by a coil and can be interpreted after being Fourier transformed. The nuclei will 

subsequently relax, and this process can be repeated again (Thuduppathy and Hill, 

2004).  

The usefulness of these NMR spectra for structural elucidation comes from the 

shielding phenomenon, in which the spatial distribution of nuclei within a larger 

molecule will alter the transition energy and subsequently the signal produced by a 

molecule. This means that the NMR spectrum will not only show how many nuclei 

are in a molecule, but where they are located, and different chemical shifts in the 
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spectra will give further clues as to the chemical composition of the studied molecule 

(Dias et al., 2016).  

Annotation in NMR differs significantly from MS, although quantification still 

requires spiking with a known concentration of a standard analyte - Sodium 

trimethylsilylpropanesulfonate (DSS) is often used as a calibration standard (Morash, 

Sarker, and Rainey 2018). Instead of m/z ratios, NMR discriminates molecules based 

on chemical shift (proximity to more electronegative elements will de-shield and 

displace the signal farther downfield from the reference peak), peak splitting (peaks 

being split by the spin arrangements of neighbouring groups) and peak integration 

(single peaks from nuclei in equivalent positions in the molecule being compounded 

into larger peaks). For better sample identification, the use of multidimentional NMR 

can provide information on couplings between peaks across the entire molecule 

(Dufour, Evrard, and de Tullio 2015). 

Current approaches for analyte annotation and quantification in complex matrices 

include Bayesil, a fully-automated profiling tool which uses Bayesian statistics to 

identify and quantify known compounds based on their peak shapes (Ravanbakhsh et 

al. 2015). More specialized options, like Signature Mapping (SigMA), focus on 

quantifying much larger numbers of molecules in samples of a specific matrix (in this 

case, human urine) under very specific conditions (Khakimov et al. 2020). 

Other tools, such as ChenomX, allow for manual peak picking and quantification by 

allowing users to match peak shapes to the spectrum files themselves, with the option 

to then batch fit in larger datasets (Lipfert et al. 2019). It is a more involved procedure, 

but accommodates larger compound libraries, wider pH ranges, matrices and methods 

of sample preparation, while Bayesil’s options are generally narrower and pre-set. 
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     1.4.3  Data Analysis 

The number of software packages and workflows for treating and interpreting 

metabolomics data has steadily increased as the implementation of this technology has 

become more popular. Currently, a wide array of paid software such as SIMCA 

(Worley and Powers, 2013), and free R packages such as MetaboAnalyst (Chong et 

al., 2018), are freely-available and allow for the complete processing of the data. 

The statistical methodology employed has remained relatively constant and based on 

linear regression models; t-tests/Mann-Whitney u-tests/Willcoxon tests (for small, 

paired or unpaired non-parametric datasets) are most often used to identify simple 

differences in metabolite concentrations across two groups, and ANOVA/Kruskal-

Wallis/Friedman tests for more than two groups (Vinaixa et al., 2012). Classical 

multivariate linear regression in particular forms the basis of many of these methods, 

and consists of the following general formula 

y = B0 + B1X1 + ...+ BnXn + e 

Where y is the dependent variable, B0 the intercept, B1X1 and BnXn are the regression 

coefficients of the first and last independent variables respectively, and e is the error. 

However, many of these different tests are not robust against all possible limitations 

and violations of parametricity, such as an asymmetrical compound structure of the 

covariance matrix, very steep kurtosis, or missing data, meaning that an in-depth look 

at the data is always highly-recommended for optimal scaling and analysis (Di Guida 

et al., 2016; Schober and Vetter, 2018). 

 The same is true for multivariate analysis. In fact, a landmark 2015 review and tutorial 

published by Gromski et al. showed an extreme reliance within the field on PLS-DA 

in particular for supervised analysis, with PCA frequently preceding it for 

unsupervised classification (Gromski et al., 2015). PLS-DA still performs 
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comparatively or better than alternatives such as OPLS-DA in specific scenarios, such 

as paired analysis (Westerhuis et al., 2010), but the latter would be more appropriate 

in, for example, well-defined non-dependent groups with significant 

confounding/background noise which does not necessarily contribute to classification, 

making OPLS-DA less prone to overfitting in these circumstances (Worley and 

Powers, 2016). Overall, OPLS does not confer an inherent predictive advantage over 

PLS, and the best choice will largely depend on the data used (Tapp and Kemsley 

2009). Performance for both is also validated similarly, by repeated iterations with re-

sampling approaches such as cross-validation (separating the dataset into training and 

validation sets) and bootstrapping (repeated sub-sampling with replacement and re-

running the model). 

PLS and OPLS-DA methodologies also differ in other key ways. The loadings plots 

of each method requires different interpretations. OPLS-DA provides an immediate 

advantage in that it allows for the separation of the dataset’s variability into 

components directly related and orthogonal to the dependent variable, meaning that 

the loadings plot can be easier to interpret for aspects like within-class variance 

(Bylesjö et al. 2006).  

These methods are often complemented with receiver operating characteristic (ROC) 

curves, showing the performance of individual biomarkers by plotting true positive 

rates (sensitivity) against false positive rates (100-sensitivity) and integrating the area 

under this curve, which summarizes the performance of the desired biomarker or 

combination of biomarkers under these parameters (Bünger and Mallet 2016). VIP 

scores can also be used to see the influence of individual variables on a model’s 

performance. 
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Independently of the regression model chosen, Q2 and R2 metrics are used to evaluate 

the aptitude of the model in classifying these samples. R2 is valued between 1 and 0, 

and is classified by (1 – Residual Sum of Squares/Total Sum of Squares), meaning 

that the more the model deviates from the predicted regression line, the lower the R2 

value will be, marking it as a general “fit”. Conversely, Q2 is defined as (1 – Predictive 

Sum of Squares/Total Sum of Squares), meaning that it displays the predictive ability 

of the model beyond the dataset said model is trained on.  

In nutritional metabolomics in particular, clustering, a dimensional reduction 

technique long used in nutrition studies for identifying inherent structures in the data 

has also continued to be used and expanded upon. These approaches can be viewed as 

complementary to PCA/PLS models and could be seen as a form of validation for 

high-throughput metabolomics experiments (Heinemann, 2019).  

As the field became more widely adopted, it also became necessary to standardize the 

generation and presentation of metabolomics data, in order to ensure that direct 

comparisons and the creation of wider meta-data analyses was possible. Goodacre et 

al. drafted minimum reporting standards for metabolomics data, establishing the need 

to report a comprehensive workflow consisting of, at least, experimental design, 

deconvolution (when used) and data cleaning, and a comprehensive report of the 

statistical methods employed and how these methods and models were validated 

(Goodacre et al. 2007). Subsequently, a publication by Schymanski et al. elaborated 

upon the guidelines for reporting confidence. These range from Level 5; the lowest 

admissible level of confidence, comprised of only the exact mass of interest, to Level 

1; the exact structure of the compound (Schymanski et al. 2014). 
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     1.5 Epidemiological Study Design 

The nutrition sciences, and nutrition epidemiology in particular, rely heavily on 

observational studies using real-world data for the formation and study of most of their 

hypotheses.  

There are several advantages to doing this. While the study of individual foods and 

even complex dietary patterns can be studied using either method, the use of real-

world data is particularly essential for the purposes of public health. It is also possible 

to understand how these dietary habits relate to location, culture, age, gender and 

multiple other factors, which could also affect how interventions are designed.  

 

     1.5.1 Study Design and Cohort Selection 

     1.5.1.1 Non-randomized studies 

Observational, non-randomized studies can broadly be split into three subgroups: 

cohort studies, case-control studies, and cross-sectional studies. Cohort studies are the 

most straightforward and frequent of these, and are characterized by following a single 

cohort of patients over an extended period of time, noting their exposure to specific 

medications, habits and environmental factors (such as diet) while monitoring their 

health and other pre-specified parameters. Retrospective studies, a subgroup of cohort 

studies, are characterized by their analysing a set of past occurrences in a cohort (both 

the nutritional intervention/exposure and the outcome of said intervention will have 

occurred previously to the start of the study), and characterizing the outcomes and 

their relationships to measured parameters retrospectively, as opposed to prospectively 

(Song and Chung, 2010).  
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There are several landmark cohort studies in the field of nutrition, and most of them 

seem to be prospective in nature, although retrospective cohort studies could help 

answer essential questions if designed well, assuming the extensive data required for 

their undertaking is available (Lee et al., 2017). For example, the Nurse’s Health 

Studies, which are among the most celebrated and discussed observational studies in 

modern medicine, are comprised of a series of three prospective cohort studies of 

increasing size (although other, smaller studies, including case-control studies, were 

performed within these cohorths) (Bao et al., 2016). 

By contrast, case-control studies are a much closer approximation to the standard 

controlled trial design, although without direct intentional exposure or the same level 

of bias control (Tenny et al., 2021). In nutrition, these studies are popular to assess the 

relationship between diet (often together with other habits) and the incidence of either 

pre-cancerous conditions and varied cancers, or diseases with a known or likely 

nutritional component (Galli-Tsinopoulou et al., 2009; Lionetti et al., 2020; Lyu et al., 

2003).  

Lastly, cross-sectional studies, as the name implies, accompany a mixed cohort 

intending to represent a cohort of the general population, or a sub-section of the 

population. Separate cross-sectional studies will have different inclusion and 

exclusion criteria that will best fit the question being asked of the study, the exposure 

factors being measured and the outcome(s) under analysis. 

 

     1.5.1.2 Randomized studies 

RCTs remain the gold standard for assessing the therapeutic potential of an 

intervention, but the design and nature of nutrition studies make conducting RCTs in 

nutrition very difficult. For example, double-blinding a meal is almost impossible 
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(assuming the meals are not over-processed to alter their appearance, with the 

exception of equal meals supplemented with different micronutrients), and the 

introduction of a “placebo” in a nutrition study is similarly difficult (Staudacher et al., 

2017). RCTs are also expensive and difficult to run for extended amounts of time, 

making it so that these shorter and more intervention-based trials are not always the 

best tools for evaluating the prolonged effects of food on the body.  

Diets are also inherently complex and change (sometimes sharply) over time, and these 

factors are also harder to assess through short interventions. Currently, both 

observational and interventional studies in nutrition are abundant, although the field 

is still largely dominated by the former, and there is frequent disagreement between 

both types of studies (Maki et al., 2014; Satija et al., 2018).  

 

     1.6 Biomarkers in Health, Disease and Nutrition 

     1.6.1 Use of Blood Serum and Plasma 

Serum and plasma biomarkers are defined as measurable substances, the 

concentrations of which in the blood of an individual will change in response to a 

specific stimulus (or set of stimuli) or disease, to the point that they could be used as 

reliable and reproducible indicators of that disease state across the population and in 

different environments. 

Blood serum, i.e. the components of human blood excluding any clotting factors, is 

one of the most often-used biofluids for biomarker detection. The composition of 

plasma is virtually identical to serum, with the exception that it also includes the 

aforementioned clotting factors (mainly fibrinogen). It can be collected with relative 

ease (although it still requires an invasive procedure, unlike other biofluids), and its 

rich proteome, lipidome and metabolome, as well as its continuous circulation 
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throughout all of the body’s major organs and tissues, make it an ideal candidate for 

detecting alterations in a variety of systems within the human body. This, combined 

with the fact that several organs and tissues have relatively unique molecular signals 

downstream of their epigenome, has allowed for the development of targeted 

approaches for detecting organ-specific biomarkers of damage and disease (Zhou et 

al., 2016, 2020). 

The versatility of metabolomics as a field when compared to its upstream ‘omics’ 

counterparts (especially due to its proximity to phenotype) makes it particularly 

promising in measuring the effects of specific behaviours and exposures in the human 

body. This, together with the fact that most nutrients are absorbed directly into the 

blood from the intestine, makes blood-based metabolomics a powerful tool for 

discovering biomarkers for food intake. 

 

     1.6.1.1 Serum and Plasma Metabolomics in Nutrition 

The utility of human serum and plasma for analysing the nutritional status and 

assessing the dietary habits of individuals has been known of and explored for several 

decades. However, usually this has involved the use of methods that are low-

throughput methodologies and measure relatively few parameters. The potential for 

analysing blood sugar by both chemical and enzymatic methods was present and being 

regularly published on as early as the 1940s-1950s (Bersi, 1976; Haunz and Keranen, 

1951). Despite this, serum glycaemia became an important tool in clinical medicine 

mostly since the invention of the blood glucose strip in 1965 by a team at the Ames 

Company. The accurate at-home use of this technology was then achieved with the 

invention of the Dextrometer around 1980, vastly expanding the clinical and 

monitoring potential of this technology (Hirsch, 2018). Subsequently, metabolites 
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involved with glyacemia and insulin resistance, such as 25-hydroxyvitamin D3, 

became the target of attention by the scientific community, and in time interest in the 

blood metabolome grew (Scragg et al., 1995, p. 25). 

However, the true impact of diet and other habits on serum composition has only 

begun to be fully understood more recently, through the advent of nutritional 

metabolomics. A 2020 study revealed that not only is diet one of the key determinants 

of the serum concentrations of several metabolites, but that nutrition and its interaction 

with the human microbiome are the principal, defining factors of the serum 

metabolome. The microbiome itself, which produces its own metabolites, has also 

recently been discovered to be primarily influenced by environment rather than by 

host genetics (Bar et al., 2020; Rothschild et al., 2018). 

This is despite the overall great short-term stability of the human serum metabolome 

to different stimuli; with the vast majority of metabolites (1291 out of a detected 1438) 

not variating significantly over 4 weeks (Agueusop et al., 2020). Variability is 

dependent on the intensity of the stimuli and stress to the patient’s organs, as other 

studies have shown more significant fluctuations under more straining conditions 

(Maher et al., 2016). This is especially useful for nutrition studies which, as was 

previously-discussed, benefit from continuous monitoring over long timespans. 

Metabolomics also has the added benefit of potentially bridging the causation gap 

between nutrition and putatively nutrition-related diseases, such as Type 2 diabetes 

and heart disease, through comprehensive analyses of the biochemical pathways 

known to be involved in these conditions, often as a part of a thorough systems biology 

approach (Jones et al., 2012; Rosato et al., 2018).  

In practical terms, the incorporation of blood metabolomics in nutrition studies is 

becoming more common, across both individual foods and complex diets. One recent 
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example of the former from Wedekind et al. was the EPIC processed meat sub-cohort, 

in which a subsection of the EPIC cohort volunteers (12 healthy participants overall) 

undertook a short intervention. In this intervention, the participants consumed 

processed meat products for 3 days, and both blood and urine were collected 

afterwards for profiling. Subsequently, the results from this trial were then verified in 

a larger subsection of the EPIC cohort (Wedekind et al., 2021). Curiously, the major 

predictors for processed meat intake in this study were pepper alkaloids, due to the 

frequent inclusion of pepper as an ingredient during the processing and manufacturing 

of these meat products, rather than any derivatives or metabolic by-products of the 

meat itself. This not only serves as a strong example on how putative biomarkers of 

food intake don’t need to be associated with the principal constituents of the consumed 

food, but also on how complex dietary patterns might make the identification of the 

intake of single foods more complicated when relying on a single set of metabolites. 

In this case, there would be a risk of confounding if the participants had a diet rich in 

other pepper seasoned products. The use of robust metabolite panels could provide an 

elegant solution to such a problem. 

Another sub-section of the EPIC cohort followed a similar protocol, but focused on 

direct by-products of the digestion and digestion of both red and processed meat (more 

specifically pork) and yielded more generalized putative biomarkers, namely (in 

plasma) the acylcarnitne C18:0 (stearic acid) (Wedekind et al., 2020a). Carnitine and 

its acylated forms are both well-known metabolic by-products of meat (C18:0 in 

particular is known to be present in several meat fats), and are essential for the 

transport and oxidation of fatty acids to the mitochondria. This makes them strong and 

logical meat biomarkers, but at the same time, their ubiquitous nature could result in 
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low specificity if used individually, again reinforcing the need for metabolite panels 

even when dealing with single nutrients or single foods (Valsta et al., 2005). 

These studies tend to be more straightforward than those aiming to find metabolomics 

markers of complex diets. Circulating biomarkers are often (but not always) either 

present to some extent in the food itself, or are adducts or derivatives of larger 

molecules.  Occassionally markers may correlate negatively with the consumption of 

the food in question, in which case a more complex pathway analysis could be required 

to understand the underlying mechanisms.  

However, as previously established, both nutrition studies in general and nutritional 

metabolomics studies in particular are becoming increasingly focused on complex 

dietary patterns rather than individual foods. Specific metabolic signatures have been 

established as indicative of several measures and scores pertaining to dietary quality 

(Playdon et al., 2017). For complex diets, several of the previously-discussed studies 

(both interventional and observational) have incorporated serum or plasma 

metabolomics either as a fundamental aspect of the study or are sub-studies. Most 

notably, PREDIMED has yielded several separate sub-studies, after the main study 

was published, in which serum metabolites are associated with the Mediterranean 

Diet. The most recent and complete of these studies discovered a panel of 67 plasma 

metabolites (mostly lipids – particularly acylcarnitines – and amino acids) relating 

with the complete diet in a subsection of 1859 PREDIMED volunteers. It then verified 

them in a larger, combined sub-cohort (6868 participants) of the landmark Nurse’s 

Health Study (with participants from both Cohort I and Cohort II), and the Health 

Professionals Follow-up Study (an all-male complement study to the Nurse’s Health 

Study). This metabolic signature was also significantly associated with a reduced 
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incidence of cardiovascular events, irrespective of other lifestyle and genetic risks   (Li 

et al., 2020).  

This was a culmination of the extensive metabolomics work done in this study, as the 

large sample size of PREDIMED also allowed the teams running the cohort to further 

stratify the groupings within the study, discovering and validating biomarkers for 

individual components of the Mediterranean Diet. These biomarkers include a set of 

13 plasma metabolites which were mainly lipid species, potentially due to the impact 

of ethanol (red wine) consumption on lipid metabolism (Hernández-Alonso et al., 

2019). Different panels of metabolites discriminated the amount of protein intake, but 

whether these were sourced from animal or plant products, with only a slight overlap 

in the metabolite panels (Hernández-Alonso et al., 2020). Numerous studies within the 

cohort have focused specifically on disease biomarkers for cancer and cardiovascular 

diseases. Notably, a search for coffee biomarkers in a large cross-sectional sub-cohort 

of the study yielded no reliable or reproducible markers, but the publication of these 

results serves as a positive indicator of the transparency of PREDIMED (Papandreou 

et al., 2019). Altogether, this comprises a uniquely robust and consistently-validated 

body of work from PREDIMED, underscoring the benefits of the Mediterranean diet 

and its food:metabolite relationships. 

Despite the lack of other large randomized clinical trials on nutrition and 

metabolomics on the scale of PREDIMED, there has been a significant increase in 

interest in the area over the past decade. Other prominent blood biomarkers for 

different whole diets coming from large cohort studies notably include the Twins UK 

cohort, a large cohort comprised of over 3500 female twins. In it, 601 metabolites were 

detected in fasting blood samples, and matched with 71 food groups. This resulted in 

73 novel associations (including trans-4-hydroxyprolline with meat intake, and 
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branched-chain amino acids and medium-chain fatty acids correlating with self-

reported consumption of wine) and 107 validated associations from previous studies 

in women exclusively (Pallister et al., 2016). 

Interestingly, a multi-ethnic cohort of pregnant women with the same aim of finding 

dietary pattern associations with specific metabolic signatures showed that, while 

there were strong dietary biomarkers which overlapped across the three cohorts, there 

was significant variation for the quality of the dietary prediction conferred by these 

metabolites. This depended on the ethnic background of the sub-cohort (de Souza et 

al., 2020), indicating that while there is a large number of confounding factors which 

might limit the application of these biomarkers in the general population, some of 

these biomarkers are extremely robust against them. Stratified biomarker panels could 

also be a solution to this variability. 

More complex, but lower-powered approaches are also being trialled in the search for 

blood biomarkers of food intake. One study involves 21 adults consuming the same 

three different diets in sequence in a controlled feeding protocol. Fasting blood 

samples were collected and metabolomic profiling conducted for each diet. The aim 

was to discover dietary biomarkers by analysing metabolite changes within the same 

individuals across a period of time, in what is known as a “cross-over” trial design  

(Esko et al., 2017). This approach was possible because of the high reactivity of the 

blood metabolome to a change in diet. Several metabolic adaptations were observed 

in blood after prolonged exposure to specific diets (Albu et al., 2010). The postprandial 

blood metabolome has proven to be a rich source of putative biomarkers (Pimentel et 

al., 2017). 

In this research area the analysis of serum has expanded significantly in the last five 

years. In 2020, 275 out of all 1073 papers published on serum metabolomics concerned 
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nutrition and food research). Large cohort studies are alrady deing undertaken such as 

the PopGen cohortwith 849 participants (Langenau et al., 2020).. 

 

     1.6.2 Urine Analysis 

The proposed advantage of urine over serum relates to the frequent filtration of the 

plasma by the kidneys. Over 100 litres is filtered daily and so metabolic changes 

potentially may be detected rapidly. Collection is non-invasive and can be repeated  

frequently, and there are comparatively few volume limits. As renal filtration is 

intended to remove pollutants and excess metabolites to sustain health and 

homeostasis it has rich potential for detecting disease biomarkers.  Urine is also 

relatively free of larger proteins and macromolecules that usually require sample 

preparation steps to remove. It is also inherently sterile, and safer to handle than blood, 

saliva or human tissue samples, and it chemically complex, with over 2600 metabolites 

identified to date (Bouatra et al., 2013). 

One key difficulty is the need to account for differing hydration levels in persons 

providing the samples. Hydration levels and the glomerular filtration rate will 

obviously determine the metabolite concentrations in urine. The easiest and most 

frequently-used methodology for controlling for this variable involves simply 

normalizing each metabolite to the measured concentration of creatinine, because 

theoretically creatinine is dispersed uniformly. This is a potential source of error 

because glomerular filtration is affected by disease and metabolic irregularities enough 

as to impact on metabolomic data. Alternatives have been developed, such 

normalising to the total ion current (i.e. the combined signal from all mass 

spectrometer channels) of each individual sample (Miller et al., 2019). It may also be 

possible to collect urine samples at specific times to validate the excretion rate of each 
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participant (Waikar et al., 2010). Such alternatives reduce error but are labour-

intensive, and may not be practical depending on the design and resources available 

for a study. Creatinine ratios remain the most widely used means of correction. 

 

     1.6.2.1 Urine Metabolomics in Nutrition 

Urine is frequently used in nutritional metabolomics studies due to its aforementioned 

traits. There is a steady increase in publications, and their application in nutrition and 

food research are increasing in proportion. However, overall there are far fewer studies 

using urine compared with serum/plasma (537 publications in 2020, compared with 

2122 for serum/plasma). The earliest nutrition studies using urine metabolomics 

mostly concern environmental hazards and food safety (e.g. heavy metal toxicity), and 

the earliest food biomarker studies were performed in animals (Lafaye et al., 2003).  

The PREDIMED study identified urine biomarkers of Mediterranean diet. Metabolites 

related to carbohydrate or fat metabolism or the consumption of pulses (glutamine, 

dimethylamine, and products of choline metabolism) were discovered in 98 non-

diabetic participants and 50 PREDIMED participants (Madrid-Gambin et al., 2017; 

Vázquez-Fresno et al., 2015). One of these studies proposed creatinine as a biomarker 

of Mediterranean diet, which may relate to greater creatine/creatinine metabolism. 

Given patients had no renal insufficiency problems and that data were normalised by 

TIC or flow adjustments,  the above observation is plausible. 

A subsequent study normalised metabolites concentration to the total integral and used 

a two-step data processing approach to identify complex dietary patterns in a cohort 

of 567 participants. This involved pre-clustering by sequential analysis, and then 

performing hierarchical clustering.  Two separate dietary patterns were defined within 

the cohort broadly classified as “healthy” or “unhealthy”(with a preponderance on 
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consumption of processed foods and energy drinks). Urine metabolites strongly 

predicted diet classification (94%). Here again, creatinine was a major determinant of 

the “unhealthy” cluster, even after normalization (Gibbons et al., 2017). If creatinine 

were deemed to be an important nutritional biomarker this would encourage the 

adoption of novel normalization approaches for urine metabolites. 

A 2020 study has shown that urinary metabotypes can be created indicating a 

participant’s specfic responses to foods (Garcia-Perez et al., 2020). Also a 

metabolome-wide association study attempted to correlated metabolic traits to 

nutrition choices in a very large cohort , but the increased variability of the 

metabolome when compared to the genome made it very challenging (Brennan and 

Hu, 2019). Additionally, the level of data sharing and open science required to 

adequately conduct GWAS studies has not yet been achieved with metabolomics, and 

even in the much more open field of genomics, data sharing and openness has declines 

in recent years (Burt and Munafò, 2021). 

A small RCT published in 2010 by O’Sullivan et al. showed that habitual dietary 

patterns pertaining to the consumption of meat and vegetables were reliably reflected 

in the urine and plasma metabolome of patients.  

A more recent study by Wedekind et al. also shows the pairing between a circulating 

metabolite as a putative biomarker and its breakdown products in urine. Circulating 

levels of piperine in the blood served as a strong biomarker of salami intake, while 14 

separate m/z values posteriorly discovered to be breakdown products of piperine were 

discovered in urine (Wedekind et al., 2021). 
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     1.6.3 Saliva Analysis 

The saliva metabolome is relatively unexplored  with more studies of the salivary 

proteome and microbiome having been undertaken (Gardner et al., 2020). Saliva is a 

clear, viscous liquid primarily composed of water, mucus and specific enzymes such 

as lysozyme and amylase (Tiwari, 2011). The oral cavity as a specialized microbiome 

which is connected with the gut microbiome (Olsen and Yamazaki, 2019). It Large-

scale metabolomics studies with saliva have not yet been undertaken and for dedicated 

protocols exist. The collection methods for saliva varies more widely than that of other 

biofluids (Rogers et al., 2007). The advantages of saliva are that collection is non-

invasive, and as a biofluids it is very readily available. The lack of methodological 

standardisation and way of accounting for factors such as oral hygiene pose a lot of 

potential problem. There will be a high degree of interplay between oral exposure 

factors, the oral microbiome, the oral metabolome and host genetics, much of which 

is yet to be established (Hsiao et al., 2018). 

Some metabolomic studies with saliva have been undertaken, but most are <100 

participants and focus on diseases of the oral cavity, such as  oral cancers (Gardner et 

al., 2020). Two of the largest studies concern the development of biomarkers for 

Alzheimer’s disease with 474 and 1246 participants. These studies employed FUPLC-

MS and proposed that sphinganine-1-phosphate, ornithine and phenyllactic acid as 

disease biomarkers (Liang et al., 2016, 2015). A third correlated phenylpropionate and 

phenylacetate levels to the severity of periodontitis (Liebsch et al., 2019). 

Novel mass spectrometry ionisation methods are also being investigated for measuring 

metabolites in saliva (Wijnant et al., 2020). 

The discipline is rapidly evolving and novel, more sensitive methodologies for 

analysing not only whole-mouth saliva but also different niches and surfaces in the 
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oral cavity for low concentrations of specific metabolites. However, a lot of these tools 

are still not widely-available, and research on the biofluid still lags behind serum and 

urine, with only a few studies published yearly and mainly focusing on oral hygiene 

and disease (Hyvärinen et al. 2021). 

 

     1.6.3.1 Saliva Metabolomics in Nutrition 

There are very few metabolomics studies analysing saliva with only 90 papers 

mentioning the subfield at all in in 2021 according to PubMed, and of these only 14 

in nutrition research.  

A meta-analysis of studies discovering dietary biomarkers regarded the quality of 

evidence as “very poor”. In fact, that same review determined that, for Type 2 diabetes, 

only glucose was a suitable biomarker for meta-analysis, and even then results were 

heterogenous and bias-prone  (Logan et al., 2020). Other salivary metabolome studies 

in nutrition looked primarily at either oral health and hygiene and specific deficiencies, 

as related to diet, rather than exclusively at dietary biomarkers (Karjalainen et al., 

1997; Zare Javid et al., 2014), or focusing on specific molecules or families 

(Bondonno et al., 2015; Higashi et al., 2008; Leggott et al., 1986; Turnlund et al., 

1990). Some studies looked at a wider range of molecules, such as vitamins and amino 

acid panels, and one study by Mejean et al looked at broader correlations between 

different diets and dietary composition, but the use of NMR/MS-based methodologies 

remained rare (Jacob et al., 1987; Khoo et al., 2018; Méjean et al., 2015). 

Overall, the number of publications using salivary metabolomics for nutrition were 

much narrower in scope. There is also a need for greater standardisation in analytical 

and data processing protocols for this biofluid.  
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     1.6.4 Current Standards in Nutritional Metabolomics 

There is a diverse group of small molecules currently being employed by large cohorts 

and other studies for the assessment of food intake and nutritional status. These 

notably include circulating and urinary caffeine for coffee intake, proline betaine for 

fruit intake, especially for citrus, and acylcarnitine for meat (Hang et al., 2019; Lloyd 

et al., 2011; Wedekind et al., 2020b). A critical, comprehensive review by Rafiq et al. 

identified a further 66 metabolites with consistently reproduced results across a range 

of observational studies and trials (Rafiq et al., 2021). 

The largest and most influential studies of this kind include Holmes et al., 2008, which 

pioneered the use of large-scale molecular exploration for biomarker discovery, and 

focused on diet and blood pressure markers (Holmes et al. 2008). One of the cohorts 

explored therein, INTERMAP, was further explored for dietary markers and 

establishment of separate molecular phenotypes across a wide range of populations – 

most remarkably for sodium intake, and the mechanism of its associations with CVD 

(Chan et al. 2017). Similarly, HELIX focused on profiling the urine and serum 

metabolome at an early age, and discovered key phosphatidylcholines associated with 

fish and meat intake, and the UK Twins and EPIC cohorts were similarly instrumental 

in the discovery of milk and fruit/vegetable consumption respectively (Lau et al. 2018; 

Pallister et al. 2017; Zheng et al. 2020). 

Additionally, metabolomics has also helped clarify associations between previously-

know molecules and the diets they serve as biomarkers to. In particular, polyphenols 

are now much more completely understood as biomarkers of certain fruits, berries and 

red wines, and are their local/systemic effects on gut health; and the same has 

happened to polyunsaturated fatty acids as markers of fatty fish intake and their effects 

on heart health (Cueva et al. 2017; Akbaraly et al. 2018). 
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Novel biomarkers entering this space will need to be thoroughly validated. The main 

concerns in this aspect pertain to reproducibility and validity across cohorts, but not 

exclusively. A report drafted by Dragsted et al. elaborated on a consensus-based 

validation procedure that focuses on 8 points; dose and time-response, plausibility, 

robustness, reliability and stability, analytical performance and inter-laboratory 

reproducibility (Dragsted et al., 2018). Adequate response profiles will allow direct 

quantification of foods through dietary intake, while reliable and longitudinally stable 

molecules which are capable of being properly quantified and reproduced across 

multiple laboratories ensure that these biomarkers can be employed in diverse 

populations and study designs. 

 

     1.7 Project Aims 

NICOLA is a longitudinal cohort of Northern Irish older adults, which aims to closely 

monitor 8500 people over the age of 50 as they age. It was designed to be as complete 

and multidisciplinary as possible in its approach to understanding the process of 

ageing in Northern Ireland in particular, and as such recorded multiple factors beyond 

the scope of this Thesis (diet). These include socioeconomic factors such as 

employment, marital status, education, region and financial status, in addition to 

biometric and biomedical parameters (i.e. mental health, blood pressure, mobility, eye 

and hearing health, physical function, body composition, cardiovascular health, 

molecular and biochemical markers, medical history, etc.). The impact of these factors 

in cognition, disease, mortality and quality of life comprise the main goal of this cohort 

(Neville et al., 2021). 

NIDAS was constructed as a representative sub-sample of NICOLA, meant to focus 

on dietary intake specifically by collecting food diaries in addition to the food 
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frequency questionnaires employed in the wider cohort. The male:female ratio of 

participants (balanced) was representative of the wider cohort, but NIDAS participants 

were slightly older on average, with close to 60% of participants being over 65, when 

compared to under 50% in NICOLA). Participant diets were also similar, with a high 

meat, dairy (with a preference for low fat milk), sweet food/snack, tea/coffee and 

cereal consumption, prevalence of sunflower and rapeseed oils for cooking, and low 

consumption of fish. The principal differences across the cohorts were a lower 

consumption of fruit and vegetables and the fact that NIDAS participants had no 

known health conditions at the time of enrolment, while metabolic disease was 

represented in NICOLA.This PhD project endeavours to apply metabolomic profiling 

methods to serum, urine and saliva to assess a person’s food intake and the relationship 

between metabolites and diet. Participants were from the dietary validation cohort of 

NICOLA and samples and dietary information were obtained at two time points 6 

months apart. Metabolomic profiling involved a combination of 1H-NMR and targeted 

LC-MS/MS. 

 

The 4 main goals were to: 

1. discover metabolite biomarkers associated with the intake of particular 

foods or food types 

2. examine whether participant food patterns clustered naturally, and if there 

metabolic signatures for these 

3. use healthy eating indices to assess the overall quality of diets, and then to 

assess whether these were associated with particular metabolomic signatures 

4. compare the utility of each biofluid analysed   
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Chapter 2 

Discovery of Serum Metabolite Biomarkers of 

Food Consumption and Dietary Patterns 

  



56 

 

Abstract 

This study profiled serum samples from NIDAS, a dietary validation sub-cohort of the 

NICOLA (Northern Irish Cohort for the Longitudinal Study of Aging) study using a 

combined NMR and LC-MS metabolomics methodology. The aim was to discover 

biomarkers of individual foods and/or dietary patterns. Serum and food diaries were 

collected from 86 participants (with a further 71 samples taken at 6 months follow-

up). Correlation of metabolites with individual food types was performed by Spearman 

rank correlation followed by false-discovery rate correction. Participants were 

grouped either according to: the composition of their diet (k-means clustering), dietary 

diversity (DDS), or diet nutrient richness (E-NRF). Eight serum metabolites were 

significantly positively associated with intake of either dairy (principally lysoPC a 

C20:3), vegetables (PC aa C42:2), meat (choline) or fruit (principally acetic acid). 

Multivariate analysis (PCA) found that the serum metabolome overall did not readily 

distinguish the dietary composition, dietary diversity, or diet nutrient richness, further 

OPLS-DA analysis inidicated a number of individual metabolites linked to these 

parameters. Larger and more heterogenous studies are necessary to affirm their 

effectiveness in the context of a more diverse population. 
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     2.1 Introduction  

Metabolomics focuses on the identification and quantification of small molecules in 

biological samples, often using Nuclear Magnetic Resonance (NMR) and Mass 

Spectrometry (MS) methodologies (Amberg et al., 2017). The ability of these 

techniques to accurately, reliably and simultaneously quantify hundreds or thousands 

of different chemical signals in a sample has proven useful for both biomarker 

detection and more complex pathway analyses; and has shed new light on previously 

unknown biological processes (Liu and Locasale, 2017). It has provided new ways of 

validating or corroborating data from other sources, a particularly interesting 

development has been the application of multi-omic systems biology methods within 

the field of nutrition (Guasch-Ferré et al., 2018; Guijas et al., 2018).  

The most discussed limitation within nutrition research is the heavy reliance on self-

reported data from human participants. Information obtained from food diaries and 

food frequency questionnaires, are usually pivotal for making nutritional assessments 

and for determining whether a subject has remained compliant with dietary criteria 

(Subar et al., 2015). This means that most studies contain an element of inherent bias. 

The under-reporting of portions in food diaries and general misreporting of consumed 

food items in both diaries and questionnaires (occurring both intentionally and 

unintentionally) is well noted in the literature (Gibson et al., 2017; Goode et al., 2021). 

Therefore,  one potential application of metabolomics techniques could be to obtain a 

biochemical fingerprint from each person, in order to corroborate their self-reported 

values (Guasch-Ferré et al., 2018). Such integrity issues with self-reported data are 

especially prominent in older populations, where factors such as reduced cognitive 

function may affect the reliability of data (de Vries et al., 2009). 
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 Indeed, the discovery of strong, reproducible biomarkers of dietary intake in older 

populations is worthy goal, not only because diet and lifestyle play key roles in healthy 

ageing, but also because it enables the investigation of metabolites linked both with to 

diet but also healthy ageing phenotypes. New healthy aging strategies are especially 

important in the current climate, where the world’s population is aging at an increasing 

rate, and over 60s are expected to reach 22% of the total population by 2050 (Kanasi 

E et al., 2016). For example, novel strategies for  promoting  healthy aging and 

delaying biological aging include the increased dietary intake of metabolites such as 

spermidine, urolithin A and NAD+ precursors (Madeo et al., 2018; Martens et al., 

2018; Ryu et al., 2016). An adherence to healthier dietary patterns, such as 

Mediterranean Diet and DASH, has also been linked not only to an increased lifespan, 

but also to increased “healthspan” (more healthy years independently of overall 

lifespan) (Berendsen et al., 2017; Campanella et al., 2021; Wickramasinghe et al., 

2020). 

Measurement of these dietary biomarkers would need to be adequately quantifiable in 

minimally-invasive samples for comparison across subjects. Blood serum is a 

particularly promising biofluid due to its low inter-subject variability in parameters 

such as pH and osmolality, making results easier to process and more comparable with 

other studies.   

However, there remain challenges for implementing this because there is a need for 

consistency in sample preparation, instrument setup and and data analysis. Targeted 

metabolomics workflows, such as the AbsoluteIDQ p180 kit (manufacturer by 

Biocrates), offer potential solutions. Kits sucha as these minimise and standardise 

sample preparation,  and reproducibility between laboratories for serum and plasma 

studies has been demonstrated (Siskos et al., 2017). The disadvantage is that kits 
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typically analyse fewer analytes. Combining analytical techniques is one stratey for 

increasing metabolite coverage (Bhinderwala et al., 2018; Marshall and Powers, 2017; 

Zeki et al., 2020). 

The present study combined NMR and UPLC-MS/MS to discover serum metabolites 

linked to the  intake of specific food types of 86 Northern Irish older adults which may 

potentially serve as food biomarkers. The study also assessed the extent to which 

serum metabolites reflect the overall diet of participants. All participants were part of 

NIDAS, a dietary validation sub-cohort of NICOLA (The Northern Ireland 

Longitudinal Study of Ageing). NICOLA is also a free-living cohort, which allowed 

us to test study complex dietary patterns in healthy older subjects under real-life 

conditions, which also allowed us to determine whether more complex dietary patterns 

were associated with metabolic fingerprints in serum.  The diversity and the nutrient-

richness of each participant’s diet was calculated using established scoring systems 

and relationships between the scores generated and the serum metabolome was 

examined. 

 

     2.2 Materials and Methods 

     2.2.1 Participant Selection and Diary Collection 

The composition of the 94-person sub-cohort NIDAS (the Northern Ireland Dietary 

Assessment Study) was intended to be a representative sample of the NICOLA cohort 

but with the criterion than participants had no underlying medical conditions. The data 

from 86 NIDAS participants (43 male, 43 female) were used for this study, as a sample 

of convenience based on the number of available serum samples. All participants were 

over the age of 50 at the time of collection, and none were older than 93 years (mean 

68+/-8.11).All partcipants had a sedentary lifestyle, as uniformly self-reported. . 
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Informed consent was obtained for all participants to be part of the study and for their 

results to be used in further research.  Ethical approval for the study was obtained from 

the School of Medicine, Dentistry and Biomedical Sciences Ethics Committee, 

Queen’s University Belfast. Participants were asked to complete a four-day food diary 

(over two-week days and two weekend days). It consisted of everything they had eaten 

over that four-day period, including portion sizes and method of preparation. Diaries 

were obtained at two time points 6 months apart.  

 

     2.2.2 Sample Collection and Storage 

Blood samples were collected from participants up to 2 weeks after the collection of 

dietary data. Samples were consistently obtained from the antecubital vein and under 

an 8-hour fast conditions to ensure maximum standardisation. Serum was obtained by 

centrifugation and stored at -80C until analysis. For LC-MS/MS and NMR analysis 

serum aliquots were analysed in a randomised order for each analytical technique.  

A total of 157 serum samples from 86 participants [M=43, F=43] (86 baseline; 71 

follow-up [M=36, F=35])) were collected. The samples collected and processed from 

NIDAS for this study were samples of convenience, i.e., all samples available when 

the experimental aspect of this study began were processed. 

 

     2.2.3 Dietary Data Processing 

Food diaries and medical/biometric information were inputted in Nutritics by nutrition 

researchers working with NICOLA (Version 9, Nutritics, Dublin, Ireland), a 

specialized nutrition analysis software, for ease of access outside of the university’s 

premises.  
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The agreement of separate raters within this data was compared using weighted kappa, 

Pearson’s correlations and Tukey mean-difference/Bland-Altman plots using either 

SPSS (Version 25, SPSS Inc, Chicago, IL, USA) or STATA (Version 12, StataCorp, 

College Station, Texas, USA). 

 For dietary analysis individual foods consumed were classified into a set of groups 

and sub-groups. The averaged consumption across the four days recorded in the food 

diary was calculated for each of these.  

A total of 42 food component variables were recorded, including 36 food groups (i.e. 

19 base descriptions of food groups, and 17 sub-groups, e.g. grain/wholegrain) These 

were: fruit; fruit juice; vegetables (raw tabled separately); potatoes (fries/crisps tabled 

separately); legumes; nuts (including seeds); olive oil; rapeseed oil;fish (friend and 

oily fish tabled separately); shellfish; meat (red, processed, poultry, rabbit and meat 

substitutes tabled separately); cereals (wholegrain tabled separately); dairy products 

(butter/margarine, cream, cheese and yoghurt tabled separately); eggs; alcohol (hard 

liquor and wine tabled separately); sweets (sweet drinks tabled separately); coffee; tea; 

and fermented foods. An additional four parameters referred to preferential 

consumption of certain food groups over others: wholegrain breads, rice, pasta and 

cereals preferred over white; the use of olive/rapeseed oil as one’s main cooking fat; 

the use of olive-based spreads as one’s main spreads and the preferential consumption 

of rabbit meat and fowl over red and processed meat products. The final two 

parameters pertained to the frequency at which two specific food types were 

consumed; alcohol (in days per week) and sweet beverages (how many were 

consumed per day, on average). 
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Where any food group or question was null or negative for more than 25% of the 

participants it was excluded from the analysis.  A full breakdown of this can be seen 

below (Table 1).  

Table 1: Table showing the range and exclusion of measured food groups for this study. 
 

 

     2.2.4 Calculation of Clusters and Dietary Scores 

K-means clustering was used in SPSS to create dimensionally-reduced dietary groups, 

in order to assess the dietary patterns of participants (after 25% exclusion). Principal 

Component Analysis (PCA) within SPSS was subsequently used to verify these 

clusters.  
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Two distinct dietary scores were obtained for each participant. These were a dietary 

diversity score (DDS) and an Elderly-Nutrient Rich Food Score (E-NRF) score. The 

DDS was  a modified version of the “Kyoto” FDSK-11 Diversity Score first elaborated 

by Kimura et al. (Kimura et al., 2009). The original method considered 11 groups 

(grain, fish, shellfish, meat, eggs, milk, beans, potatoes, vegetables, fruits (inc. nuts), 

and seaweeds). The uncommon consumption of seaweed in NIDAS meant that this 

was excluded. A score of 1 was attributed to a participant if they consumed one of the 

relevant food groupings, in any quantity in their 4-day food diaries. 

E-NRF scores (first described by Kramer et al. YEAR) examines the consumption of 

nutrients contained within foods (Berendsen et al., 2019). For each food (normalized 

by 100Kcal), two separate scores are calculated. NR7 comprises of 7 nutrients to be 

encouraged (protein, fibre, calcium, magnesium, potassium, vitamin D, and folate). 

LIM3 comprises 3 nutrients to be limited (saturated fats, sodium, and sugars). NR7 

and LIM3 were calculated by dividing the amount of each nutrient present in 100Kcal 

by the recommended daily value for the same nutrient, and multiplying the resulting 

value by 100. A score for each food was then calculated by subtracting LIM3 from 

NR7. Foods that exceeded the recommended daily values for any single nutrient per 

100Kcal were treated as having only met this limit to avoid fortified foods or 

supplements from skewing the scores. 

The final score for each food was then multiplied by the amount of said food consumed 

by the participant, and all the adjusted scores for all foods were then normalized again 

by the averaged daily calories consumed by the participant (divided over four days, 

and then by 2000Kcal portions). This ensured that participants consuming more 

calories weren’t counted as having a more diversified diet. 
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E-NRF scores were based on UK dietary guidelines (not EFSA/HCNL/NNR 

guidelines used in the original report (Berendsen, Kramer, & de Groot, 2019)). These 

were: 53.3g/d protein for males and 46.5g/d for females, 30g/d fibre, 200μg/d folates, 

10μg/d vitamin D, 700mg/d calcium, 300mg/d magnesium for males and 270mg/d for 

females, 3500mg/d potassium, <11% of daily food energy from saturated fatty acids, 

<2400mg/d sodium, and <5% of daily food energy from sugars. 

 

     2.2.5 LC-MS/MS Analysis 

Targeted metabolomics analysis was performed using a commercially-available and 

validated specialized kit, the AbsoluteIDQ p180 (Biocrates, Innsbruck, Austria). Data 

was acquired together with postdoctoral researchers at Beaumonth Hospital (Royal 

Oak, Michigan) in a single run, and quality controlled and processed by myself. 

Quantification was manually performed in Masslynx. 

 Kits were run according to the manufacturer’s instructions. Briefly, a 10µL blank, 3 

zero samples, 7 calibration standards and 5 quality control samples (QC1, QC2 and 

QC3, with QC2 being repeated and inserted twice more among the samples), along 

with 10µL from 80 serum samples in randomised order, were individually pipetted 

into a 96-well filter provided with the kit. Filters were dried using a using a positive 

pressure processor (Waters, MA, USA). Phenylisothiocyanate (50µL; 5%) solution 

was added to filters incubated for 20 minutes (to derivatise biogenic amines and amino 

acids). The filter plate was dried again for 60 min. Afterwards, an extraction solution 

(300µL; 5mM ammonium acetate in methanol) was applied for the extraction of 

metabolites. The plate was centrifuged and agitated (700 rpm; 30 min) to elute 

metabolites into the 96-well plate for analysis. Eluents were diluted in water for 

UPLC-MS analysis or with the provided solvent for flow injection analysis (FIA). A 
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Waters TQ-S coupled with an Acquity UPLC (Waters, MA, USA) was used to analyse 

samples. Data were quantified and verified using MassLynx (Waters, MA, USA) and 

MetIDQ Software (Biocrates, Innsbruck, Austria). A total of 185 metabolites were 

measured using this method.  

For quality control, metabolites which (for over 25% of samples) measured below 

their kit-specific LOD and LLOQ or above their ULOQ for serum, as widely reported 

by publications such as Viallon et al., were discarded (Viallon et al., 2021). These 

metabolites were eight in total; Hydroxypropionylcarnitine, Propenoylcarnitine, cis-

4-Hydroxyproline, Carnosine, Dopamine, Phenylethylamine, PC ae C30:1 and PC ae 

C38:1. This gave us a metabolite coverage for the kit of 95.6%, which is within the 

parameters of previous benchmarking studies performed with this kit (Siskos et al., 

2017).  

 

     2.2.6 NMR Analysis 

All serum samples underwent filtration before analysis to remove proteins and other 

macromolecules. Filters (Amicon Ultracel; 0.5 ml; 3 KDa cut-off) were first pre-

incubated overnight in deionized water. Filters were centrifuged (4C; 12,000g; 20 

min) to clear residual glycerol (a preservative used in filters) and minimise sample 

cross-contamination. Blood serum (350µL) was pipetted into filters and centrifuged 

(4C; 13,000g; 30 min). A buffer solution was separately prepared (11.667 M DSS 

(disodium-2,2-dimethyl-2-silapentane-5-sulphonate); 730 mM imidazole and 0.47% 

NaN3). Afterwards, 228l filtered serum, together with 28l deuterium oxide (D2O) 

and 24l buffer solution were added and vortexed 200l portions were then transferred 

automatically to 3mm Shigemi tubes. During data acquisition, samples were stored at 

4◦C in a Samplejet autosampler (Bruker-Biospin, Billerica, MA, USA) before being 
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individually inserted into a 600MHz Bruker ASCEND HD spectrometer coupled to a 

TCI cryoprobe (Bruker-Biospin, Billerica, MA, USA). An initial short scan was 

conducted to manually adjust  shimming when necessary  128 transients were acquired 

for each following 16 dummy scans. DSS served as an internal standard for peak shape 

quality control, to ensure adequate data acquisition and quantification, as well as for 

chemical shift referencing. Samples were phase and baseline-normalised and 

quantified using Bayesil (University of Alberta, Alberta, CAN), an online browser-

based application designed for the identification and quantification of a custom set of 

metabolites, picked out of an internal library, directly from the free induction decay 

(FID) folder (Ravanbakhsh et al., 2015).  

The custom library for serum quantification consisted of 46 metabolites (plus DSS). 

These were; 1-Methylhistidine,  2-Hydroxybutyric acid, Acetic acid, Betaine, 

Acetoacetate, Carnitine, Creatine, Citric acid, Choline, Ethanol, D-Glucose, Glycine, 

Glycerol, Formate, L-Glutamic acid, Hypoxanthine, Tyrosine, L-Phenylalanine, L-

Alanine, L-Proline, L-Threonine, L-Asparagine, Isoleucine, L-Lysine, L-Serine L-

Lactic acid, Aspartate, L-Ornithine, Pyruvic acid, Succinate, Urea, 3-Hydroxybutyric 

acid, L-Arginine, Creatinine, L-Glutamine, L-Leucine, Malonate, Methionine, 

Isopropyl alcohol, Valine, Tryptophan, Acetone, Isobutyric acid, Methanol, Propylene 

glycol and Dimethyl sulfone. None of these were discarded for poor analytical 

performance. 

There was an overlap on 20 of these metabolites with the p180 kit (Carnitine, Glycine, 

Tyrosine, Isoleucine, Aspartate, Creatinine, Methionine, Valine, Tryptophan, 

Ornithine, Arginine, Leucine, Glutamine, Alanine, Phenylalanine, Proline, Threonine, 

Asparagine, Lysine, Serine).  Inter-methodology consistency and variance between 

were examined. Average values were typically taken where variance was low (<50%). 



67 

 

Wherever variance was large (>50%) the method which provided the most 

biologically plausible values was used. None of the overlapping metabolites had a 

variance greater than 13%. 

 

     2.2.7 Statistical Analysis – Univariate Statistics 

Normality of distribution was tested using Shapiro-Wilk. Skewness was assessed 

using -1<S<1 and S<2E  (where S is the absolute value of the skewness and E the 

error) -, as was homogeneity of variance and kurtosis. A visual analysis of distribution 

plots was conducted to assess heteroscedasticity.  The appropriate correlation 

methodology (Spearman’s rank order correlation coefficient for non-parametric 

variables; Pearson correlation coefficient for parametric variables) was selected and  

applied. Results were then manually corrected for age, BMI and gender by excluding 

any metabolite that correlated with age or BMI, or which differed by gender ((Mann-

Whitney U). Age, sex, BMI and month of sample collection were additionally 

corrected for using partial correlations. Analysis was undertaken using SPSS (Version 

25; SPSS Inc, Chicago, IL). False discovery rate (FDR) corrected p-values (referred 

to as q-values) were obtained using the Benjamini-Hochberg procedure (Benjamini 

and Hochberg 1995). This was done using the  p.adjust(my_data$Raw.p, method = 

"BH") function in base R 4.2.2  (R, R Core Team). Food groups and food scores were 

also split into 2 groups at their median, in order to define “high” and “low” 

consumption thresholds for receiver-operating characteristic (ROC) and multivariate 

analyses. 

ROC analysis was undertaken usingMetaboAnalyst v5.0 for every food-metabolite 

interaction of interest to assess biomarker performance. The dataset was further 
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divided into male and female participants to determine if any gender-specific 

biomarkers existed.  

 

     2.2.8 Statistical Analysis – Multivariate Statistics 

If more than one putative biomarker was discovered for a single food group 

combinations of these were explored using step-wise multiple linear regression 

(SPSS). 

Using the groupings created for high/low scores on DDS and E-NRF, we then 

performed Principal Component Analysis (PCA) and Orthogonal Projections to Latent 

Structures Discriminant Analysis (OPLS-DA) on each food scoring system separately, 

and generated Q2 and R2 values (for explained variation and goodness of fit) for 100 

iterations of each model. Variable importance in projection (VIP) plots were also 

generated to identify the important features for separation. 

Due to having collected repeated serum samples in a non-controlled study, the 

preceding analyses (both univariate and multivariate) were performed twice; once 

treating each collection as a separate datapoint (with the mentioned controlling for 

time of collection), and once averaging out food consumption and metabolite 

concentration across the six- month time gap.  

 

     2.3 Results 

     2.3.1 Food Metabolite Correlations 

Seven food groups were consistently consumed across all participants (exclusion 

criteria of 75%, i.e. foods not consumed by at least 75% of the sub-cohort were not 

considered for further analysis). These were fruit, vegetables, meat, cereals, dairy, 
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sweet foods (including drinks) and coffee. All food groups and metabolite 

concentrations were determined to be non-normally distributed (p>0.05) and 

Spearman’s r found that there were 253 significant (p<0.05) food-metabolite 

correlations (out of 1421 possible correlations). After FDR correction (q<0.05) 35 

significant correlations remained with, the majority of which were for dairy. A 

minimum correlation coefficient (r) threshold was set at 0.25 and correlations 

confounded by age, BMI, gender were removed, ultimately leading to 9 biomarkers. 

These were: 3 dairy biomarkers (lysoPhosphatidylcholine (LPC) a C20:3 

(p=0.000109, q=0.0213), PC aa C32:1 (p=0.000122, q=0.0213), and LPC a 16:1 

(p=0.000242, q=0.0243));  3 fruit biomarkers  (acetic acid (p=0.000191, q=0.0243), 

PC a C38:2 (p= 0.001, q=0.0464) and PC aa C42:2 (p=0.001, q=0.0464)); 1 vegetable 

biomarker (PC a C42:2 (p=0.00018, q=0.0243)); 1 biomarker of sweet foods 

(propylene glycol (p=0.000469 ,q=0.0331)), and 1 meat biomarker (choline 

(p=0.000235, q=0.0243)). 

To account for smaller, cumulative variations; p-values adjusted for age, sex and 

month of collection (using partial correlations) were also reported for these 9 

food:metabolite correlations (Table 2). Two of these remained significant after 

adjustment (Phosphatidylcholine aa c42:2 and acetic acid, both for fruit consumption). 

An additional set of partial correlations including the BMI of the participants, 

performed separately because BMI values were not available for all participants, had 

a similar outcome. 95% confidence intervals were calculated with SPSS syntax based 

on Bonett and Wright (Bonett and Wright 2000). 
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Table 2: Table showing the adjusted correlation coefficients and significance of each 

food:metabolite pairing, when adjusted for Age and sex and sequentially including month of 

collection and BMI, respectively. 

 

 

Scatterplots were produced for each correlation revealing very few outliers. To further 

assess the strength of these associations data were separated into baseline and 6 month 

time points, with regression lines and R2 values shown (Figure 1). This showed that 

both collection times followed similar trends, albeit with slightly different correlation 

coefficients. Correlations of sweets with propylene glycol and fruit with acetic acid 

are less apparent due to extreme outliers. Plots showing all outliers can be inspected 

in Supplementary Figure 1. All correlations remained significant after averaging out 

the two collection times per individual (Supplementary Figure 2) (dairy and LPC a 

C20:3 (r=0.342, p=0.001); dairy and PC C32:1 (r=0.395, p=0.000164); vegetables and 

PC aa C42:2 (r=0.272, p=0.011); fruit and acetic acid (r=0.282, p=0.009), meat and 

choline (r=0.216, p=0.045); dairy and LPC a C16:1 (r=0.337, p=0.002); sweets and 

propylene glycol (r=-0.263, p=0.014); fruit and PC ae C38:2 (r=0.346, p=0.001); fruit 

and PC aa C42:2 (r=-0.319, p=0.003)). AUC analysis was calculated on 

metaboanalyst, using groups representing “high” and “low” consumption of each food 

visually binned at the median in SPSS. 
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Figure 1: Month-separate scatterplots (White – month 0, Black – month 6) of all significant 

food:metabolite correlations. A – Dairy and Phospatidylcholine aa C32:1 (Linear R2 month 1 – 0.207, 

month 2 – 0.054; AUC – 0.642); B – Dairy and lysoPhospatidylcholine a C20:3 (Linear R2 month 1 

– 0.124, month 2 – 0.070; AUC – 0.592); C – Dairy and lysoPhospatidylcholine a C16:1 (Linear R2 

month 1 – 0.098, month 2 – 0.093; AUC – 0.632); D – Meat and Choline (Linear R2 month 1 – 0.062, 

month 2 – 0.055; AUC – 0.643); E – Fruit and Phospatidylcholine ae C38:2 (Linear R2 month 1 – 

0.087, month 2 – 0.025; AUC – 0.596); F – Vegetables and Phospatidylcholine aa C42:2 (Linear R2 

month 1 – 0.051, month 2 – 0.018; AUC – 0.664); G – Fruit and Phospatidylcholine aa C42:2 (Linear 

R2 month 1 – 0.049, month 2 – 0.014; AUC – 0.627); H – Sweets and Propylene glycol (Linear R2 

month 1 – 0.024, month 2 – 0.035; AUC – 0.617); I – Fruit and Acetic acid (Linear R2 month 1 – 

6.87E-4, month 2 – 0.005; AUC – 0.619). 

 

Due to well-established metabolic differences between males and females, the cohort 

was then split by sex and all univariate tests were run again. No significant correlations 

were found in males after correcting for multiple comparisons using the Benjamini-

Hochberg method. One food:metabolite correlation was found in females, after 

adjusting and correcting 127 initially significant correlations. This potential biomarker 

was also not present in the original unseparated dataset; Dairy:Phosphatidylcholine aa 

C34:4 (P=0.000023, R=0.0359, AUC=0.757), with a final r of 0.452 and a p-value of 

0.000041 after adjusting for age and month of collection using partial correlations 

(0.426 and 0.001 when including the incomplete adjustment with BMI). 
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An analysis of some biomarker candidates identified in other studies was also 

performed. Namely, the metabolites hydroxysphingomyelin C14:1 (SM-OH-C14:1) 

and  diacylphosphatidylcholine C28:1 (PC-aa-C28:1) as biomarkers of milk intake, as 

identified by Pallister et al., and several identified by Lau et al. for multiple foods – 

PC ae C38:6, PC ae C30:0, PC aa C38:0, PC aa C30:0 and  (again) PC aa C28:1 for 

dairy; PC ae C40:6, PC ae C38:6, PC ae C38:5, PC aa C38:6 and PC aa C38:0 for 

sweets; and   PC ae C38:5, PC ae C36:5 and PC ae C36:3 for meat (Pallister et al. 

2017; Lau et al. 2018). Results of this analysis can be seen below in Table 3. 

 

Table 3: Table showing the correlation coefficients and significance of the reanalysed biomarkers. 

 

 

     2.3.2 Correlations of Combined Dairy Biomarkers 

Stepwise multiple regression analyses were undertaken to examine whether 

combining PC aa C32:1, LPC a C20:3 and LPC a C16:1 could improve correlations 

with dairy consumption. The resulting model excluded LPC a C16:1, and a final linear 

regression model with PC aa C32:1 and LPC a C20:3 (r=0.422, Adjusted R 

Square=0.168, Std. Error of the Estimate=114.37 and a Durbin Watson value of 1.799) 
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and an accompanying set of ANOVA values (Sum of Squares=437282 , Residual Sum 

of Squares=2014666, F=16.71, p=2.7E-7). F values remained high (16) in the 

completed model, and the Durbin-Watson statistic was within accepted parameters. 

However, the standard error of the estimate was extremely high (114) . A plot of 

Standardized Prediction Value against the Standardized Residuals is shown in 

Supplementary Figure 3. A different vertical spread in different areas of this graph 

shows that the variance of the residuals is not constant throughout the entire 

regression, which would make the data heteroscedastic.  

 

     2.3.3 Dietary Pattern Classification by k-means Clustering 

One participant (number 52) was an extreme outlier had to be excluded from this 

analysis. Stable clusters which converged in under 10 iterations were obtained for k=2, 

with higher levels of k resulting in more asymmetrically-populated clusters or no 

convergence.  

These two clusters were unevenly populated, with a 125:32 data-point ratio. 

Vegetables, meat and sweet foods were significantly different across both clusters, 

with Cluster 2 showing a comparatively high intake of these three food groups. The 

values for these clusters can be seen below in Figure 2, and the ANOVA table for 

these clusters can be seen in the supplementary materials (Supplementary Table 1). 

For the confirmatory PCA, the Scree Plot obtained for the dietary dimension reduction 

PCA indicated that three components could be extracted in the final model. The final 

three diets could be generally classified as; a “healthy” diet very rich in fruits, rich in 

vegetables and cereals and low in sweets, meat and alcohol; a diet very high in coffee 

and dairy and very low in cereals and vegetables, and an “unhealthy” diet extremely 
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rich in potatoes and sweet foods. A detailed table showing the pattern matrix of these 

diets can be seen in Supplementary Table 2. 

 

Figure 2: Final Cluster Centres for both clusters created with K-means. Cluster 1 has 125 elements 

and Cluster 2 has 32. Zscore Variables: Blue – Fruit. Yellow – Vegetables. Purple – Meat. Red – 

Cereals. Brown – Dairy. Green – Sweets. Dark Blue – Coffee. 

 

This clustering analysis was then repeated with follow-up diary entries averaged with 

baseline entries as individual datapoints. Meat remained significantly different across 

both clusters, but other food groups clustered differently. Final cluster centers for the 

averaged data can be seen in Supplementary Figure 4, and the corresponding ANOVA 

table can be seen below as Supplementary Table 3.  

Overall, these clustered dietary patterns are generally representative of those seen in 

other studies. Healthier diets high in fruit and vegetables tend to be lower on alcohol 

and sweets, and these dietary staples are often widely correlated with poorer health 

outcomes (Brunner et al., 2008). 

 



75 

 

     2.3.4 Metabolite profiles associated with composition, 

dietary diversity and nutrient-richness 

DDS and E-NRF scores were calculated for each individual and for all food diary 

follow-ups (n=157). The distribution of these scores was 5<S<10 (S.D. of 1.14) and -

37.25<S<45.12 (S.D. of 9.94), respectively. Correlation testing found that DDS and 

E-NRF were poorly associated (Kendall’s Tau, r=0.177, p=0.002).   

Multivariate models showed no discernible separation between both Clusters, and 

between a high and low DDS score (divided at the median) suggesting that neither the 

clusters obtained nor dietary diversity imprint a metabolic fingerprint on serum. E-

NRF models performed moderately better, but permutation values indicate that there 

is overfit in the model (Figure 3).  

VIP plots for OPLS-DA models derived from k-means, DDS and E-NRF (Figure 4) 

revealed metabolites explaining observed separation. For DDS carnitines (mainly 

decanoylcarnitine and octanoylcarnitine) were uniformly higher in the low DDS 

group. For E-NRF, lysine was the feature principally exaplaining separations, but also 

a series of amino-acids (namely kynurenine, arginine and serine) and succinate, all 

being uniformly higher in the high E-NRF group. Clusters were a combination of these 

two trends, with higher carnitine content determining membership into the 

“unhealthy” second cluster, while also including higher amino acids (especially lysine 

and valine). 
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Figure 3: Unsupervised and supervised models of the serum metabolome when comparing Cluster 

1, Cluster 2,  high vs. low DDS scores and high vs. low E-NRF scores. A – Cluster 1 vs Cluster 2 

PCA plot. B – Cluster 1 vs Cluster 2 OPLS-DA plot (P1R2X=0.0373, P1R2Y=0.107, P1Q2=-0.155, 

O1R2X=0.303, O1R2Y=0.194, O1Q2=-0.0917). 100 permutations of this model resulted in an 

average R2Y of 0.3 (p=0.16) and an average Q2 of 0.-0.247 (p=0.69. C – High vs low DDS scores 

PCA plot. D – High vs low DDS scores OPLS-DA plot (P1R2X=0.0681, P1R2Y=0.0975, 

P1Q2=0.0204, O1R2X=0.329, O1R2Y=0.127, O1Q2=0.0131). 100 permutations of this model 

resulted in an average R2Y of 0.224 (p=0.56) and an average Q2 of 0.0335 (p<0.01 (0/100 

permutations)). E – High vs low E-NRF PCA plot. F – High vs low E-NRF OPLS-DA plot 

(P1R2X=0.0625 P1R2Y=0.0547, P1Q2=0.00165, O1R2X=0.313, O1R2Y=0.214, O1Q2=-0.0979). 

100 permutations of this model resulted in an average R2Y of 0.296 (p=0.18) and an average Q2 of 

-0.0962 (p=0.17). 
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Figure 4: VIP plots showing the main features responsible for the OPLS-DA plots obtained for both 
dietary scores. A – VIP plot for the k-means Clustering OPLS-DA. B – VIP plot for the DDS OPLS-DA. 
C – VIP plot for the E-NRF OPLS-DA. 

 

Further models were also constructed utilizing the averaged clusters, scores and 

metabolite values for participants across the two collection points where available, and 

these models performed similarly and were less overfit than the initial models. 

(Supplementary Figure 5). VIP plots for these models (Supplementary Figure 6) 

showed different classes of metabolites being highlighted in the high DDS group, with 

phosphatidylcholines being consistently higher. Lysine remained the highest-ranked 

metabolite in the high E-NRF group, but the rest of the plot highlighted different 

compounds, with 2-Hydroxybutyric acid, alanine and ethanol being consistently 

higher. VIP plots for the new clusters were also different. 

Overall, even for the cluster data, metabolome-based models did not perform well. R2 

and, most importantly, Q2 values were universally low and in some instances negative, 

meaning that the model performed worse than random chance. Some of this can 

potentially be explained by difficulties in appropriately separating groups based on 

dietary scores, which are not inherently linearly separable and may thus compromise 

model performance. 
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     2.4 Discussion 

This investigation examined serum metabolite levels and the dietary intake of 

participants from the NIDAS sub-cohort.  The aims were to uncover metabolite 

biomarkers of food intake and to assess the relationships between the serum 

metabolome and the characteristics of a person’s diet. It should be noted that NIDAS 

is an observational cohort and intake was not entirely balanced. For example, 

consumption of white pasta and rice was preferred over wholegrain alternatives 

(<20%), 60% of participants reported eating chips weekly, and sweet foods were 

consumed at least once a week by 94% of participants. Average oily fish consumption 

was low at 9.28g (0.08 portions per person per day). Fruit and vegetable consumption 

was below recommended levels (an average 295g per day, or, roughly 3.7 out of a 

recommended 5 portions)  and average meat consumption was 127g. These values are 

similar to standard, met-rich Western Diets (Cena and Calder 2020).A combined dual 

method metabolomics approach was undertaken using NMR and LC-MS/MS for 86 

individuals (both at baseline and at 6 months follow-up). Two timepoints were 

collected  so that potential seasonal variability in diet was captured. However, several  

significant food groups had missing values of 80-90%, making any imputation efforts 

limited in their effectiveness – for consistency across the study, a general 25% 

exclusion criteria was adopted.  

The first aim of the study was to identify potential food biomarkers by correlating 

metabolites with the consumption of individual food types, and this was performed 

using Spearman rank correlation accompanied by a false-discovery rate correction. 

Eight potential biomarkers of food intake were identified including dairy, vegetables, 

meat and fruit. One metabolite had a negative association with the intake of sweet 

foods. Potental confounding was minimised firstly, by eliminating any metabolites 
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associating with age, gender or body mass, and secondly, by adjusting any remaining 

food:metabolite correlations for age, gender and body mass.   

The two strongest observed food:metabolite associations were between dairy intake 

and serum levels of LPC a C20:3 and PC aa C32:1. These metabolites are closely-

related, and it is interesting to note that a third related metabolite associating with dairy 

was LPC a C16:1. Neither LPC a C20:3 nor PC aa C32:1 have been previously 

reported as a dietary biomarker for dairy, but there is biologically-plausible reasons to 

support their validity. Phosphatidylcholines are major components of cell membranes 

and dairy fat, and important molecules for cell signalling.  LPC a C16:1 (C24H48NO7P) 

is the only one of these compounds to have previously been singled out as a potential 

biomarker of dairy, with a study by Petersen et al. having discovered that it was 

associated with an increase in dairy consumption over a 3 month period in a diabetic 

patient cohort (Petersen et al., 2017). This metabolite was also postitively associatated 

with diastolic blood pressure (Petersen et al., 2017). A higher concentration of LPC a 

C16:1 was also found in the serum of infants fed formula with added dairy goat 

protein, suggesting usefulness with an increased range of dairy products (Uhl et al., 

2015). 

LPC a C20:3 (C28H52NO7) and PC aa C32:1 (C40H78NO8P) are yet to be described as 

either constituents of dairy products, or as plausible biomarkers of dairy. Curiously, 

LPC a C20:3 was found by Rohnisch et al. to positively correlate with aggressive 

prostate cancer risk, in a study that also found that dairy consumption correlated with 

incidence of this disease (Röhnisch et al., 2020). PC aa C32:1 has previously been 

linked to an increased risk of serum glycine and Type 2 diabetes, and to fructose-rich 

diets, but no known link to dairy has been established as of this writing (Floegel et al., 

2013; Gonzalez-Granda et al., 2018). More controlled studies on the biochemical 
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pathways of this metabolite would be required before establishing its usefulness as a 

dairy biomarker. 

This suggests that dietary glycerophosphiolipids, mainly the three described here, 

could be used to verify consumption of dairy products in population studies. 

Furthermore, detailed studies into the metabolism of milk and dairy products by the 

human gut microbiome could further refine these biomarkers. 

Other PC molecules appear to be potential biomarkers.  For example, PC aa C42:2 

correlated strongly with vegetable intake even after confounder adjustment, and the 

AUC performance of this biomarker was the highest detected in this investigation. 

However, this metabolite also correlated, though weakly, with fruit intake, and the fact 

that fruit and vegetable consumption are closely correlated with each other creates 

some uncertainty on which is the exact source of this serum marker, or whether an 

unmeasured and uncontrolled variable is contributing to serum PC aa C42:2 

concentrations in this cohort. Unfortunately, this metabolite has not yet been 

unreported as a constituent or biomarker of either food type. However, the wider 

family of phosphatidylcholines is a known set of anti-inflammatory compounds, 

indicative of metabolic stress when present in low concentrations (Treede et al., 2007). 

PC ae C38:2 is a potential biomarker of fruit intake. 

Choline correlated well with the intake of meat, and the fact that meat is a major 

dietary sources of choline provides plausibility for this finding (Wiedeman et al., 2018; 

Zeisel and da Costa, 2009). However, it should be emphasised that such an association 

has yet to be reported in population studies. There is also lack of specificity to this 

association beacuse choline is not exclusively found in meat  although chicken liver 

and meat appear to be the richest potential sources for choline (Zeisel and da Costa, 

2009).  Foods such as eggs, fatty fish and selected grains such as quinoa are also rich 
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in choline. In the present study, meat was much more frequently consumed than eggs 

or pulses. Choline is also an essential nutrient, heavily involved in the regulation of 

several physiological processes – this makes it inherently risky to use as a nutritional 

biomarker in isolation, due to the possibility of reverse causation due to a variety of 

factors. 

The only inverse association observed in the study was propylene glycol with intake 

of sweets and sweetened beverages. On the surface this finding is difficult to explain 

given that propylene glycol is often used as a sweetener/food additive. However, given 

that there are many exogenous sources of this metabolite (e.g. electronic cigarettes, 

breads, cosmetics and even indoor air in certain settings) this association lacks 

specificity and credibility (Choi et al., 2010; Jacob et al., 2018; Lim et al., 2016). 

Gender is a major contributing factor to the circulating metabolome as several studies 

have shown (Bell et al., 2021; Krumsiek et al., 2015).  Within the NIDAS cohort 

roughly half of all measured metabolites significantly differed between men and 

women. This is higher than those observed in the literature (35% for the Krumsiek 

study). However, there were differences in the methods used for quantifying 

metabolites across studies; Krumsiek used untargeted LC-MS metabolomics in a much 

larger cohort of 1756 individuals which are not exclusively senior, as opposed to the 

current study (Krumsiek et al., 2015). Sex differences in metabolite profile also seem 

to become more pronounced at older ages (Bell et al., 2021).  For this reason the 

dataset was divided by gender and analyses repeated to determine if any were gender-

specific. Unfortunately, the resulting analysis appears underpowered. Of the eight 

potential biomarkers initially identified for each gender only one (in females) 

remained significant after false-discovery rate correction. This potential biomarker of 

dairy intake (PC aa C34:4) was not among the previously shortlisted metabolites from 
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the whole cohort, PC aa C34:4  performed extremely well across all measured 

parameters, with a higher r and AUC. In the EPIC cohort, this metabolite was found 

associated with an increased BMI, but no association has as of yet been made between 

it and dairy fat/dairy consumption in males or females (Carayol et al., 2017). A sex-

specific approach to nutrition biomarker discovery could potentially be more useful in 

a wider population-wide context, especially since studies which consider these sex 

differences have a better predictive ability when studying the interplay between 

nutrition and disease (Song et al., 2018).  

A multiple regression model constructed for dairy consumption demonstrated that a 

metabolite panel combining PC aa C32:1 and LPC a C20:3 performed modestly better 

at predicting dairy consumption than PC aa C32:1 alone (sum of squares  improvement 

from 14% difference explained  to 17.8%). 

This study also successfully-validated several dairy biomarkers discovered in other 

studies – namely, SM-OH-C14:1, PC aa C28:1, PC ae C30:0 and PC aa C30:0. These 

metabolites not showing up in the original analysis can be at least partially explained 

as a set of false negatives due to the Benjamini-Hochberg multiple comparisons 

correction test. Other biomarkers of sweet foods and meats failed to validate, which is 

possibly due to smaller sample size, a different composition of these wider food groups 

(i.e. types of meats produced), and the fact that these studies were conducted on 

different population demographics. 

Beyond individual food types this investigation extended into a more holistic 

evaluation of the diets of NIDAS participants. We examined the composition, 

diversity and nutrient-richness of their overall diets. The average diversity score was 

7.53, which compares unfavourably to the original Kimura paper, in which the mean 

score was 9.9±3.0, although the older population in this original paper being Japanese 
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makes direct comparisons difficult (Kimura et al., 2009). The average E-NRF score 

for participants was 4.52, fairly low when compared to the two original papers by 

Berendsen and Kramer, with average scores between sexes and populations ranging 

from 7.2 to 12.3 between separate Dutch and Polish populations (Berendsen et al., 

2019; Kramer et al., 2019). It was noted that E-NRF was potentially impacted by the 

fact that nutrient tables within the Nutritics database do not distinguish between added 

or total sugars (Kramer et al., 2019; Streppel et al., 2014). 

Unsupervised analysis by PCA showed no visible separation between any of the 

analysed groups, and subsequent OPLS-DA analysis also showed limited separation 

and low model validation with high model ovefit. This suggests that despite there there 

being significant differences in the levels of select metabolites across these groups (as 

detected by the VIP plots to these OPLS-Das), the effect of these complex dietary 

patterns on the overall serum metabolome is limited.  

Dietary composition, as determined by k-means clustering, produced two clusters with 

pronounced differences across a range of metabolites. Cluster 1 was closer matched 

with “healthier” dietary patterns despite it being associated with lower vegetable 

intake, due to Cluster 2 featuring participants with a very high intake of meat and 

sweet foods. Cluster 1 was heavily associated with circulating levels of specific 

acylcarnitines (namely carnitine, valerylcarnitine, butyrilcarnitine, 

anpropionylcarnitine). This association with low levels of carnitine was present in 

measurements quantified both by NMR and LC-MS. Similarly, other acylcarnitines 

(Decanoylcarnitine, Octanoylcarnitine and Hexadecanoylcarnitine) were less 

abundant in participants with a higher DDS score, while participants with higher E-

NRF scores had lower circulating amino acids (Lysine, Arginine) and Kynurenine, a 

Tryptophan metabolite. Interestingly, clusters and scores made with the averaged data 
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also featured lower circulating amino acids in patients with healthier dietary habits; 

the healthier averaged cluster was associated with lower Valine and Lysine, as well as 

carnitine, and higher E-NRF scores matched with lower Lysine and Alanine levels, 

demonstrating a consistent association across the three measurements of healtyh 

dietary patterns with lower circulating amino acids and acylcarnitines.  

These two molecule classes have several potential explanations and physiological 

consequences. Both the averaged and un-averaged clusters associated with these 

metabolites were associated with a higher intake of meat, a trend which has been 

previously demonstrated in epidemiological studies and trials mainly due to meat 

being a rich source of protein (Schmidt et al., 2016; Wedekind et al., 2020). The link 

between these molecules and dietary diversity and nutrient richness is less clear. 

Higher circulating levels of acylcarnitines have been broadly associated with a higher 

risk of atrial fibrillation and other serious cardiovascular events (especially in persons 

already at risk) (Smith et al., 2020; Strand et al., 2017), while circulating kynurenine 

and related metabolites have been associated with several neurological and 

autoimmune diseases (Chen and Guillemin, 2009). Circulating Valine has also been 

proposed as a biomarker of Type 2 Diabetes (Liao et al., 2019), and as one of the 

branched chain amino acids, its excessive intake and accumulation have been linked 

to an increased risk of depression, gout, and several metabolic and age-related diseases 

(Baranyi et al., 2016; Flores-Guerrero et al., 2018; Mahbub et al., 2017). This is 

potentially due to its ability to promote mTORC1 activity (Saxton and Sabatini, 2017; 

Takahara et al., 2020). 

However, this assessment has some limitations. Primarily, the observational nature of 

the study makes it so that causality cannot be established between dietary intake and 

circulating metabolite levels. The very limited intake of specific foods across the 
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NIDAS sub-cohort, such as fish (a major source of protein; especially relevant to our 

cluster-based models) also suggests that validation studies for these biomarkers 

performed in larger, more diverse cohorts is also desirable.  Lastly, the comparatively 

low number of participants enrolled and biometric parameters collected means that the 

statistical analyses employed could be inadequately powered, thus suggesting that 

validation efforts in larger, more diverse cohorts are highly desirable. 

Conversely, this design also has the advantage of accurately reflecting the real-world 

dietary habits of a Northern Irish older population, as opposed to an intervention which 

would assess more simplified diets over a shorter period of time. This study of 

prolongued food habits makes the biomarkers discovered herein more likely to be 

applicable in other real-world settings, and our use of standardized protocols similarly 

makes scaling up into studies with larger populations straightforward. 

Our study is the first we are aware of to assess whether a relationship exists between 

a person’s dietary diversity/nutrient-richness and their overall metabolomic profile. 

The multivariate models developed were were not highly discriminative for either the 

diversity or the nutrient-richness of a person’s diet, and model over-fitting was 

observed. Models developed for dietary composition (as determined by K-means 

clustering) performed most poorly, but metabolite associations of interest across 

clusters and groups were still observed. 

In conclusion, this investigation has uncovered a number of potential biomarkers for 

validating human dietary intake. LPC a C20:3 and PC aa C32:1 performed particularly 

well as biomarkers for dairy intake and have high biological plausibility, while 

Choline also correlated well with meat intake. PC aa C42:2 correlated with the intake 

of both fruits and vegetables separately, but the precise mechanisms behind this 

association require further research. Our serum metabolomics dataset also proved 
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unable to adequately model dietary composition, diversity and nutrient richness, but 

metabolite signatures (namely lower circulating amino acids and acylcarnitines in 

healthier diets) remained consistent across the entire cohort and warrant further 

investigation. 
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     2.5 Supplementary Figures 

 
Supplementary Figure 1: Month-separate close-up visualizations for the two Figure 1 scatterplots 
with the most significant outliers. A – Sweets and Propylene Glycol, B – Fruit and Acetic Acid. 

 

 
Supplementary Figure 2: Scatterplots on the averaged values of all significant food:metabolite 

correlations. A – Dairy and Phospatidylcholine aa C32:1 (Linear R2 – 0.241); B – Dairy and 

lysoPhospatidylcholine a C20:3 (Linear R2 – 0.150); C – Dairy and lysoPhospatidylcholine a C16:1 

(Linear R2 – 0.143); D – Meat and Choline (Linear R2 – 0.078); E – Fruit and Phospatidylcholine aa 

C38:2 (Linear R2 – 0.102); F – Vegetables and Phospatidylcholine aa C42:2 (Linear R2 – 0.031); G 

– Fruit and Phospatidylcholine aa C42:2 (Linear R2 – 0.059); H – Sweets and Propylene glycol 

(Linear R2 – 0.035); I – Fruit and Acetic acid (Linear R2 – 6.32E-4). 
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Supplementary Figure 3: Scatterplot showing standardized predicted values plotted against 

standardized residuals. Clustered dots or other patterns can be indicative of heteroscedasticity in the 

data. 

 

Supplementary Table 1: ANOVA table - Mean square, F-statistic and Significance of the 

differences all 7 food groups across both clusters. 
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Supplementary Table 2: Pattern matrix of the dietary pattern PCA for NIDAS participants. 

 

 

 

Supplementary Figure 4: Final Cluster Centres for both clusters created with K-means from 

averaged dietary data. Cluster 1 has 74 elements and Cluster 2 has 11. Zscore Variables: Blue – Fruit. 

Yellow – Vegetables. Purple – Meat. Red – Cereals. Brown – Dairy. Green – Sweets. Dark Blue – 

Coffee. 
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Supplementary Table 3: ANOVA table - Mean square, F-statistic and Significance of the 

differences all 7 food groups across both clusters, created with averaged food diaries. 
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Supplementary Figure 5: Unsupervised and supervised models of the serum metabolome, 

calculated with averaged dietary data, when comparing Cluster 1, Cluster 2,  high vs. low DDS scores 

and high vs. low E-NRF scores. A – Cluster 1 vs Cluster 2 PCA plot. B – Cluster 1 vs Cluster 2 

OPLS-DA plot (P1R2X=0.0483, P1R2Y=0.121, P1Q2=0.0229, O1R2X=0.264, O1R2Y=0.376, 

O1Q2=-0.0595). 100 permutations of this model resulted in an average R2Y of 0.497 (p=0.08) and 

an average Q2 of 0.-0.0366 (p=0.05). C – High vs low DDS scores PCA plot. D – High vs low DDS 

scores OPLS-DA plot (P1R2X=0.0548, P1R2Y=0.131, P1Q2=0.00936, O1R2X=0.31, 

O1R2Y=0.262, O1Q2=0.0329). 100 permutations of this model resulted in an average R2Y of 0.393 

(p=0.29) and an average Q2 of 0.0423 (p=0.02). E – High vs low E-NRF PCA plot. F – High vs low 

E-NRF OPLS-DA plot (P1R2X=0.038, P1R2Y=0.141, P1Q2=-0.356, O1R2X=0.314, 

O1R2Y=0.207, O1Q2=-0.0825). 100 permutations of this model resulted in an average R2Y of 0.347 

(p=0.54) and an average Q2 of -0.439 (p=0.88). 
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Supplementary Figure 6: VIP plots showing the main features responsible for the OPLS-DA 
plots obtained for both dietary scores, calculated with the averaged dietary data. A – VIP plot 
for the k-means Clustering OPLS-DA. B – VIP plot for the DDS OPLS-DA. C – VIP plot for the E-
NRF OPLS-DA. 
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Chapter 3 

Discovery of Urine Metabolite Biomarkers of 

Food Consumption and Dietary Patterns 
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Abstract 

Urine is an accessible biofluid whose chemical composition is affected by diet. This 

chapter conducted targeted LC-MS and untargeted NMR-based metabolomics to 

identify biomarkers of individual foods and dietary patterns. Urine and food diaries 

were collected from 87 participants of the NIDAS cohort (with a further 31 samples 

taken at 6 months follow-up). Correlation of metabolites with individual food types 

was performed by Spearman rank correlation followed by false-discovery rate 

correction. Participants were grouped either according to: the composition their 

dietary (k-means clustering), dietary diversity (DDS), or diet nutrient richness (E-

NRF). Four putative food biomarkers were identified. These were: trigonelline (r= 

0.376; q=3.4E-5), an established biomarker of coffee intake; mandelate (r= 0.339; 

q=2.15E-4), a novel strong performing coffee intake biomarker, and α–aminoadipic 

acid (r= 0.205; q=0.028) a novel potential biomarker of dairy intake. A negative 

association between valerylcarnitine and intake of vegetables (r= -0.285; q=0.002) was 

also identified. Multiple regression of coffee biomarkers failed to demonstrate that 

they had increased accuracy as a panel. Multivariate analysis (OPLS-DA) found that 

the urine metabolome did not readily distinguish the dietary composition, dietary 

diversity, or diet nutrient richness, but it did shortlist metabolites linked to these. 

Larger trials will be needed necessary to validate the biomarkers uncovered here which 

could be used in nutritional epidemiology studies. 
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     3.1  Introduction 

As a biofluid, urine contains many by-products and breakdown metabolites from 

multiple physiological processes, some of which relate to health, lifestyle and disease 

status of an individual. Its non-invasive and straightforward collection procedure has 

made it particularly appealing. The chemical richness of urine has both positive and 

negative aspects for its use in metabolomics studies. Although it is a sterile source of 

thousands of potential molecules of interest, it also makes is an extremely complex 

chemical matrix to analyse. However, sustained efforts in classifying the human urine 

metabolome and in optimising the process of extracting chemometric data has enabled 

high-throughput analysis metabolomics of urine (Bouatra et al., 2013; Takis et al., 

2017; Trimigno et al., 2019). Urine has also proven to be exceptionally sensitive to 

drug and nutritional intake in particular, with the use of mass spectrometry to detect 

breakdown products of drug use being now a hallmark of both criminal and sports 

science (Li et al., 2013; Ramoo et al., 2016). Its sensitivity to nutritional choices has 

driven a strong interest in this biofluid within the field of nutrimetabolomics 

(Reisdorph et al., 2020). 

Nutrimetabolomics is a sub-field of metabolomics which pertains to the identification 

of small molecules in biological samples, with the specific intent of finding 

biomarkers of food intake, either for single nutrients and foods or to more complex 

diets (Ulaszewska et al., 2019). It is part of a new set of tools being developed for the 

accurate assessment of dietary intake and compliance, and it is widely seen as means 

of correcting unintended biases in nutrition research. For example inaccurate portion 

and composition measurements, omissions, and other limitations tend to limit the 

effectiveness of traditional studies (Cook et al., 2000; Eldridge et al., 2018; Harnly, 

2016). The incorporation of this metabolomics toolset (often using urine) into the 
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design of modern nutrition studies has yielded several classes of potential dietary 

biomarkers to date. These biomarkers have great potential implications for public 

health; by working as objective chemical signatures for specific foods, they can both 

serve as strong validators of traditional self-reported assessment methods, such as food 

frequency questionnaires and food diaries, as well as assisting in establishing causative 

and direct relationships between dietary patterns and specific health outcomes by 

uncovering and analysing new biochemical pathways (Brennan and Hu, 2019; 

Guasch-Ferré et al., 2018; Jones et al., 2012). 

These biochemical proxies should also make validation and replication of established 

nutrition studies more feasible and easier to conduct. However, there is a need for 

further protocol standardization, both for experimental procedures and statistical 

analysis, to ensure that results are adequately comparable across separate studies and 

trials, which often differ in methodologies and endpoints (Jones et al., 2012). 

Standardized methods have the added benefit of further simplifying and expediting 

the workflow, due to the long and arduous process of extracting meaningful 

information using untargeted metabolomics. The creation of metabolomics kits,  

which aim to consistently quantify list of metabolites in multiple sample types, is 

starting to improve standardisation and in future it will make comparisons between 

studies more feasible (Hampel et al., 2019; Schmidt et al., 2015). 

In nutrition research, difficulties the accurate measurement of dietary intake in older 

subjects has made specialized dietary assessment tools/biomarkers highly desirable 

this age group, especially given the ageing global population (Ogura and Jakovljevic, 

2018; Zhang et al., 2017). Such tools could improve our understanding of how 

nutritional behaviours can manifest as benefits in humans. Foods like dairy products 

and coffee are of particular interest here, since they are both known to have anti-aging 
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effects. Similarly, complex dietary patterns have been shown to influence age-related 

diseases like cancers and metabolic dysregulations, so metabolomics-based tools to 

better assess these patterns would be similarly useful (Devers et al., 2016; Pietrocola 

et al., 2014; Poole et al., 2017; Trammell et al., 2016; White et al., 2014). 

This study accessed urine samples and dietary/medical data from NIDAS, a dietary 

validation study from with the NICOLA (a longitudinal study of older adults from 

Northern Ireland) cohort. The aim was to discover and validate novel biomarkers of 

food intake by through the application of LC-MS/MS and 1H-NMR metabolomics 

methodologies. A second of the study was to assess to what extent the urine 

metabolome reflects the overall diet of participants. To this end, we calculated scores 

for both the diversity and the nutrient-richness of each participant’s diet for each 

timepoint. Relationships between urine metabolites and these scores were then 

assessed.  

 

     3.2  Materials and Methods 

     3.2.1  Participant Selection and Diary/Sample Collection 

The NIDAS (Northern Ireland Dietary Assessment Study) sub-cohort was chosen as 

representative of the wider NIDAS cohort, with the additional qualifier that 

participants were healthy/had no medical conditions or were deemed to be at severe 

risk at time of testing and sample collection. At the time of the study commencement, 

samples and four-day food diaries (encompassing two weekdays and two weekend 

days, thus encompassing dietary changes during weekends) were available for a total 

of 87 participants (45 males, 42 females). These diaries contained complete 

information on all the foods consumed by participants over this period, including the 

methods of preparation for each meal and weighted portions for each food. Follow-
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ups had been performed for 31 of these participants (16 male participants and 15 

female participants), in which a second set of four-day food diaries and urine samples 

were collected 6 months after the original visits. Participants had a mean age of 68.3 

years, with the oldest participant being 54 and the oldest 93. None of the participants 

recorded any routine physical activity and were thus considered to have a sedentary 

lifestyle. Study design and sample and data collection took place between June 2015 

and October 2018. 

Informed consent from the participants, as well as ethical approval from the Ethics 

Committee of the School of Medicine, Dentistry and Biomedical Sciences, Queen’s 

University Belfast were obtained. Permission was also granted from the study 

administrators, for the authors of this study to have access to anonymised dietary 

records outside of university premises. 

118 fasting urine samples were collected from all participants, in the period 

immediately following dietary data collection. Additionally, medical information and 

basic biometrics were collected from all participants at both points. Samples were 

aliquoted and stored at -80 C, in order to minimize chemical alterations, until they 

were needed for metabolomics testing.  Before analysis, two separate aliquots of every 

sample were separately randomized for each separate analytical method (one for the 

NMR and one for the mass spectrometry workflow), in order to minimize systematic 

operator and equipment-related errors. 

 

     3.2.2  Dietary Data Processing 

Food diaries and medical/biometric information were annotated into version 9 of 

Nutritics, a specialized nutrition analysis software, for ease of access and analysis. The 

agreement of separate individuals within this data was compared using weighted 
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kappa, Pearson’s correlations and Tukey mean-difference/Bland-Altman plots. These 

preliminary analyses were performed using both IBM SPSS (version 25) and STATA 

(version 12).  

These food diaries were individually analysed, and foods were then separated into a 

total of 36 non-exclusive groups. Subsequently, this data was used for both biomarker 

discovery and metabolic fingerprinting of patients using their urine metabolome.  

For biomarker discovery through univariate analysis, all food groups which were not 

consistently consumed by at least 75% of the participants across both timepoints were 

excluded from further analysis. After this exclusion, 8 groups remained; fruit 

(including fruit juices), vegetables and legumes, meat, cereals, dairy, sweets 

(including sweetened drinks), coffee and tea. 

For metabotyping, two separate dietary scores were calculated for each food diary, 

each reflecting an aspect of healthy diet; dietary diversity and nutrient richness. The 

Dietary Diversity Score (DDS) chosen was a modified version of the Japanese FDSK-

11 score, also known as the “Kyoto” score as elaborated by Kimura et al. (Kimura et 

al., 2009). The typical Northern Irish diet as observed in the food diaries of our 

participants did not include seaweed, so this food group was removed, resulting in a 

10-point system consisting of grain, fish, shellfish, meat, eggs, beans, milk, 

vegetables, potatoes and fruits. This score does not take quantities into consideration, 

and thus a point was attributed to a participant if they consumed any of these foods in 

any measured quantity over the four days recorded in the food diaries. 

The nutrient-rich score selected for this study was the Elderly Nutrient-Rich score (E-

NRF), originally designed by Kramer et al. in 2019, due to its close adherence to the 

nutritional needs of the elderly. The scores were elaborated as described in both papers 

by the original group (Berendsen et al., 2019; Kramer et al., 2019), adapted to UK 
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dietary guidelines. In summation, each 100Kcal portion of each individual food was 

attributed an E-NRF score, comprised of the sum of two sub-scores, NR7 and LIM3. 

NR7 is the sum of the amounts of 7 nutrients to be encouraged present in each food; 

protein, fibre, calcium, magnesium, potassium, vitamin D and folate, multiplied by 

100. LIM3 is an equivalent score focusing on three nutrients to limit; saturated fats, 

sodium and sugars. If any food exceeded the daily recommended intake for any one 

of these nutrients (as per UK guidelines -53.3g/d protein for males and 46.5g/d for 

females, 30g/d fibre, 200μg/d folates, 10μg/d vitamin D, 700mg/d calcium, 300mg/d 

magnesium for males and 270mg/d for females, 3500mg/d potassium, <11% of daily 

food energy from saturated fatty acids, <2400mg/d sodium, and <5% of daily food 

energy from sugars), this amount was limited at the recommended intake, to prevent 

fortified foods and beverages such as coffee from disproportionately affecting a 

person´s score. The score for each food was then multiplied by the amount consumed 

by each participant, and the sum of the scores for each food in each food diary served 

as the score for the participant when the diary and sample was collected. Similarly, in 

order to avoid a more calorically-dense diet being confused with a more dense one, all 

the scores were normalized to 2000kcal portions after the average scores for the four 

recorded days were calculated. 

 

     3.2.3  NMR-based Sample Analysis 

For the NMR workflow, the allocated aliquots were slowly defrosted by being 

transferred to a 4 C refrigerator unit 6 hours before being handled, with all 

subsequent experimental procedures being undertaken with all samples stored in a 

cooling block. While samples were defrosting, 100ml buffer solution (11,667mM 

DSS, 0.47%NaN3 and 730mM imidazole) was prepared. The final samples for NMR 
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analysis consisted of 228ml of homogenized, unfiltered urine, vortexed with 24 l 

buffer solution and 28 l deuterium oxide (D2O). 200 l of these mixtures was then 

individually pipetted into Shigemi glass tubes (3mm), using an automated method to 

ensure minimal contamination and homogenous volumes across separate samples. The 

sample rack was then placed inside a Samplejet autosampler (Bruker-Biospin, 

Billerica, MA, USA), which stored all samples at a temperature of 4◦C during the 

remainder of the experimental procedure. Samples were then individually removed 

from the rack and inserted into a 600MHz Bruker ASCEND HD spectrometer (Bruker-

Biospin, Billerica, MA, USA), coupled with a TCI cryoprobe for temperature 

maintenance during data acquisition. A short set of 12 scans was obtained for each 

sample in order to manually adjust shimming and other parameters, to best fit the 

subsequent scans to each sample’s physical properties.  

Once these parameters were defined, data was acquired for each sample by collecting 

128 transient scans, preceded by 16 dry scans. Chemical shift referencing was done 

using the 1mM DSS peak present in every sample, which was also used for quality 

control based on its peak shape. Analysis and quantification of NMR peaks was 

performed wholly with ChenomX version 8.4 – Professional Suite (Chenomx Inc, 

Edmonton, Canada). Each sample file was individually baseline and phase-

normalized, and then batch fit in sets of 10 to an internal library of roughly 100 

metabolites known to be consistently quantifiable by NMR in urine. Each spectrum 

was then manually checked for adequate fitting and subsequently integrated and 

quantified. After 5 spectra were quantified in this manner, the remaining spectra were 

batch-normalized, and then each individual peak was subsequently manually checked, 

for fit. After individual checks, 63 metabolites were found to occur in more than 75% 

of the samples, thus deeming them adequate for further statistical analysis. This 
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included creatinine, which was used to normalize all metabolite concentrations to 

account for excretion rate. 

These metabolites were; 1-Methylnicotinamide, 2-Hydroxyisovalerate, 2-

Hydroxyvalerate, 3-Aminoisobutyrate, 3-Hydroxybutyrate, 3-Hydroxyisovalerate, 3-

Indoxysulfate, Acetamide, Acetate, Acetoacetate, Acetone, Adenine, Alanine, 

Anserine, Caffeine, Carnitine, Choline, Citrate, Creatine, Creatinine, Dimethyl 

sulfone, Dimethylamine, Ethanolamine, Formate, Galactose, Glucose, Glucuronate, 

Glycine, Glycolate, Guanidoacetate, Hippurate, Histamine_A, Imidazole, Indole-3-

lactate, Isobutyrate, Isoleucine, Lactate, Malonate, Mandelate, Methanol, 

Methylguanidine, Methylmalonate, Methylsuccinate, N,N-Dimethylglycine, O-

Acetylcarnitine, Propylene glycol, Pyridoxine, Pyruvate, Succinate, Threonine, 

Thymine, Trigonelline, Trimethylamine, Trimethylamine-N-Oxide, Urea, Urocanate, 

Valine, Cis-aconitate, p-Cresol, Trans-Aconitate, π-Methylhistidine, and τ-

Methylhistidine. 

     3.2.4  LC-MS/MS-based Sample Analysis 

Two AbsoluteIDQ p180 kits (Biocrates, Innsbruck, Austria) were used for Mass 

Spectrometry-based targeted metabolomics analysis. 120 samples were processed in 

total by this method, with each 96-well plate holding 80 samples together with the 

require standards, blanks and calibration curve wells. As such, to process the complete 

sample set, a full plate and half of another plate were used, with the remaining wells 

of the latter containing samples not run in this protocol, which kept the plate 

adequately balanced. The kit was run according to the manufacturer’s instructions, 

with the exception of a higher sample volume in the initial pipetting (20µL over two 

pipetting instead of a single pipetting of 10ul) to assure measurable concentrations of 

specific metabolites. In summary, the first two columns on each plate was occupied 
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by, in order, a double blank well, 3 PBS “zero” samples, 7 calibration curve wells in 

ascending order of concentration, and three quality control standards (QC1, QC2 and 

QC3), with 2 additional quality control samples being inserted among the remaining 

82 wells. All serum samples were appropriately randomized. 10µL from each sample 

were pipetted into their respective filter on the specialized plate cover provided with 

the kit, and then dried for 15 minutes on a positive pressure processor (Waters, MA, 

USA). This process was then repeated, and the samples were dried for a further 30 

minutes. Once dried, the process of derivatizing amino acids and biogenic amines in 

the sample was undertaken by pipetting a solution of 5% phenylisothiocyanate (50µL) 

over each filter, which was then left to incubate for 20 minutes, and subsequently left 

to dry for a further 60 minutes. The process of extracting the metabolites was 

performed by pipetting 300µL of a specialised extraction solution (5mM ammonium 

acetate in methanol) into each filter and centrifuging the plates at 700rpm for 30 

minutes, thus forcing the contents of each filter into its respective well by centrifugal 

force. The plates were then gently agitated to homogenise the contents of each well. 

A Waters TQ-S coupled with an Acquity UPLC (Waters, MA, USA) was used for the 

analytical portion of this assay. MS-grade water was used to dilute the eluted 

metabolites for the UPLC-MS portion of the analysis, and the solvent provided with 

the kit was used to dissolve the elutes for the FIA component. All data was quantified 

using the TargetLynx module of MassLynx (Waters, MA, USA), which was also used 

for quality control, and MetIDQ (Biocrates, Innsbruck, Austria). 125 metabolites were 

identified and appropriately quantified across all samples through this method. Before 

any further statistical analysis was conducted, the metabolite concentrations obtained 

by both NMR and LC-MS were normalized by creatinine concentration, thus 

controlling for the different excretion rates and dilution levels in each sample. None 
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of the quantified metabolites overlapped with those successfully obtained through 

NMR quantification. 

 

     3.2.5  Univariate Statistics 

All the data from the food diaries, NMR and LC-MS metabolite concentrations as well 

as additional biometric measurements and medical information were compiled into a 

single table for ease of analysis. All data was then assessed in IBM SPSS version 25 

(SPSS Inc, Chicago, IL) with the Shapiro-Wilk test to verify whether it complied with 

the assumptions required to perform parametric tests. The appropriate correlation test 

(in this case a Spearman’s correlation, due to the majority of the data violating the 

assumption of normality – homogeneity of variance, kurtosis and in some cases 

heteroscedasticity) was then performed to test for direct correlations between the 

consumption of specific food groups and creatinine-normalized metabolite 

concentrations. Due to the relatively low participant and sample count, and the 

possibility of underestimating the effects of residual confounding when testing 

potential biomarkers discovered in this study on larger cohorts, any metabolite that 

significantly correlated with age, BMI or sex (tested by a Mann-Whitney U Test) was 

excluded from further analysis, and these factors were adjusted for in other metabolites 

using partial correlations. The Benjamini-Hochberg procedure was used to control for 

false discovery rates, which was done using R (R Core Team, 2020). 

A series of validation tests were also performed on biomarkers of fruit intake 

discovered by Lau et al. These were; Glutamine, Leucine, Acetylornithine, Alanine 

and Hippurate (Lau et al., 2018) 

Using MetaboAnalyst v4.0, and separate food groups split into high and low 

consumption groups using the visual binning option in SPSS, receiver-operating 
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characteristic (ROC) curves were created for all putative biomarkers deemed 

significant by Spearman’s correlation, in order to test their specificity and sensitivity. 

The cohort was then split between males and females, and the all preceding tests were 

repeated in order to attempt to find sex-specific biomarkers of food intake.  

 

     3.2.6  Multivariate Statistics 

Using normalized zScores (i.e., standardized standard deviations from the mean 

value), so as to prevent a single variable from having a disproportionate influence on 

the model, we performed k-means clustering on the 8 food groups used in univariate 

calculations, to observe if consumption of these individual foods clustered naturally.  

Subsequently, all putative biomarkers with common food groups were tested together 

as a single metabolite panel, still in SPSS, using step-wise linear regression.  

In MetaboAnalyst, after adequately scaling and transforming the data (all data was 

sum-normalized, auto-scaled and log-transformed), and utilizing mean-separated 

high/low groupings for both the clusters, DDS and E-NRF scores, PCA (Principal 

Component Analysis) and OPLS-DA (Orthogonal Projections to Latent Structures 

Discriminant Analysis) plots were constructed. R2 and Q2 values were generated for 

the supervised OPLS-Da plots with bootstrapping through 100 iterations, which 

together with the PCA plots were used to observe the goodness of fit and variation of 

the models. Important metabolite features for each group were recorded with VIP 

plots.  

The preceding univariate and multivariate analyses were subsequently repeated while 

averaging initial and follow-up samples as a single individual when available.  
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     3.3  Results 

     3.3.1  Food-metabolite Correlations 

All food groups were non-normally distributed (Shapiro-Wilk test (p>0.05)). 

Therefore, a total of 1504 potential interactions between food groups and metabolite 

concentrations (8 food groups x 188 metabolites) were analysed using Spearman’s 

Rho. Of these 161 were significant (p<0.05). After exclusion of metabolites based on 

participant age, BMI and gender, just four correlations remained (q<0.05, r>0.25). 

These correlations were: coffee consumption and trigonelline (q=3.79E-6, r=0.514), 

dairy consumption and alpha-aminoadipic Acid (q=0.029829, r=0.350), coffee 

consumption and mandelate (q=0.034028, r=0.343), and an inverse correlation 

between vegetable consumption and velerylcarnitine (q=0.03951, CC=-0.337). These 

correlations were further adjusted for age, sex, month of collection and BMI using 

partial correlations (Table 4). BMI was not recorded for all participants, so adjustment 

for age, sex and month was the reported value.  

Table 4: Table showing shortlisted food biomarkers with adjustments for false discovery rates and 

age, sex and BMI respectively, ranked by BH-adjusted q-value. Only metabolites significantly 

correlating with a food group (q<0.05, CC>0.25) are shown. 
 

 

These four food-metabolites correlations followed similar trends at each collection 

timepoint (baseline and month 6; Figure 5 – regression lines and R2 values also 

shown). Averaging of data from each time-point demonstrated that trigonelline 

continued to significantly correlate with coffee consumption, indeed performing better 
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(q=1.73E-5, r=0.565). None of the other putative biomarkers retained significance, but 

this may be a factor of reduced statistical power (Supplementary Figure 7).  

 
Figure 5: Food-metabolite correlations at each collection timepoint.  (Open circles and dotted line 

– Month 0, Closed circles and solid line – Month 6). A – Coffee and Trigonelline (Linear R2 month 

1 – 0.212, month 2 – 0.023; AUC – 0.691); B – Coffee and Mandelate (Linear R2 month 1 – 0.177, 

month 2 – 0.025; AUC – 0.585); C – Vegetables and Valerylcarnitine (Linear R2 month 1 – 0.058, 

month 2 – 0.221; AUC – 0.649); D – Dairy and Alpha-Aminoadipate (Linear R2 month 1 – 0.014, 

month 2 – 0.279; AUC – 0.71). 

 

Trigonelline was further identified as the sole putative biomarker in the sex-separate 

biomarker analysis, after correcting for multiple comparisons with the Benjamini-

Hochberg method (q=0.013, r=0.552, AUC=0.738). 

Out of the previously-discovered fruit biomarkers from the literature, only Hippurate 

(p=0.003, r=0.273) showed significance. Glutamine (p=0.719, r=-0.033), Leucine 

(p=0.3, r=-0.096), Acetylornithine (p=0.487, r=0.065) and Alanine (p=0.904, r=0.011) 

showed no statistical significance. 

 



108 

 

     3.3.2  Correlations of Combined Coffee Biomarkers 

The two putative biomarkers discovered for coffee consumption (trigonelline and 

mandelate), were combined using stepwise multiple regression analysis. The final 

linear regression model had an R value of 0.423 and an adjusted R squared of 0.165. 

The Std. error of the estimate for this model and its Durbin-Watson value were 311.77 

and 1.251, respectively. Sum of squares and residual sum of squares of the 

accompanying ANOVA in SPSS were 2439281 and 13617268 respectively (F=12.55, 

p=0.000012). Plotting the regression standardized predicted values against the 

regression standardized residuals, shown below (Supplementary Figure 8), shows a 

noticeable clustering of values, demonstrating that the standardized residuals in this 

model are consistently lower on average for lower predicted values, potentially 

signifying heteroscedasticity in this model and making its implementation unsuitable. 

 

     3.3.3  Clustering of Diets through K-means 

The K-means clustering model was found to converge on its final cluster centres after 

10 iterations. Attempts to model the data into 3 or more clusters did not converge. An 

ANOVA applied to the Zscores (measures of standard deviations from the mean) from 

all the individual food groups across the two clusters demonstrated that the differences 

between each cluster’s Mean Squares was highly significant (p<0.005) for all food 

groups, with the exception of cereals and coffee, which were non-significant 

(p=0.0.057 and 0.063, respectively) (Supplementary Table 4).  Both clusters also had 

a similar size, with 61 participants falling in Cluster 1 and 57 in Cluster 2. Cluster 1 

encompassed dietary habits considered less healthy; low consumption of fruits and 

vegetables clustered with a high consumption of meat and sweets, with high coffee 

consumption also falling into this group. Cluster 2 showed a high consumption of 
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fruits and vegetables clustering with low meat consumption and a very high intake of 

tea. High dairy and high cereal intake were non-significantly associated with Cluster 

1 and Cluster 2 respectively. A detailed diagram can be seen in Figure 6. Multivariate 

models using these clusters to separate metabolomics data had low predictive value 

and poor validation (Figure 7 – A/B). 

 
Figure 6: Final Cluster Centres for both clusters created with K-means. Cluster 1 has 61 elements 

and Cluster 2 has 57. Zscore Variables: Blue – Fruit, including juice; Yellow – Vegetables and 

legumes; Red – Meat; Purple – Cereals; Brown – Dairy; Green – Sweets and sweetened drinks; Dark 

blue – Coffee; Pink – Tea. 
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     3.3.4  Metabolite Differences Across High and Low 

Dietary Densities and Nutrient Richness 

DDS and E-NRF scores, calculated for all 118 individual food diaries, were weakly 

correlated with one another (Kendall’s Tau; r=0.212, p=0.02). Mean score values for 

DDS and E-NRF were 7.53+/-1.145 and 4.55+/-9.45, respectively. 

Unsupervised and supervised multivariate models generated using metabolite 

concentrations showed considerable overlap in groups with high or low dietary 

diversity, as defined by median-binned DDS scores. The results for high or low 

nutrient richness were similar albeit with slightly improved separation, as defined by 

median-binned E-NRF scores (Figure 7 – C/D/E/F). This indicates that dietary 

diversity or nutrient richness (as encompassed within these scores) are not well 

reflected within the urine metabolites measured here.  
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Figure 7: Unsupervised and supervised models of the urine metabolome when comparing Dietary 

composition (Clusters 1&2), Dietary Diversity (high vs. low DDS) and Nutrient Richness (high vs. 

low E-NRF). A – Cluster 1 vs. Cluster 2 PCA plot. B – Cluster 1 vs. Cluster 2OPLS-DA plot 

(P1R2X=0.0979, P1R2Y=0.127, P1Q2=-0.0245, O1R2X=0.326, O1R2Y=0.0977, O1Q2=-0.08). 

100 permutations of this model resulted in an average R2Y of 0.225 (p=0.81) and an average Q2 of 

-0.0776 (p=0.06). C – High vs. low DDS scores PCA plot. D – High vs. low DDS scores OPLS-DA 

plot (P1R2X=0.0517, P1R2Y=0.13, P1Q2=-0.202, O1R2X=0.329, O1R2Y=0.131, O1Q2=0.123). 

100 permutations of this model resulted in an average R2Y of 0.261 (p=0.63) and an average Q2 of 

-0.0798 (p=0.13). E – High vs. low E-NRF scores PCA plot. F – High vs. low E-NRF scores OPLS-

DA plot (P1R2X=0.818, P1R2Y=0.0711, P1Q2=-0.0628, O1R2X=0.327, O1R2Y=0.190, 

O1Q2=0.0117). 100 permutations of this model resulted in an average R2Y of  0.261 (p=0.43) and 

an average Q2 of -0.0745  (p=0.06). 
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VIP plots obtained from the resulting OPLS-DA plots identified the most influential 

metabolites in distinguishing persons with high or low DDS/E-NRF scores (Figure 

8).   The majority of these were phosphatidylcholines with diacyl groups and several 

were shortlisted as being important in distinguishing both high or low DDS and E-

NRF, all Phosphatidylcholines. These were: PC aa C34:1, C34:2, C36:1, 36:2, 36:3, 

36:4, and PC ae C34:2.  These metabolite groups were significantly different to that 

obtained when measuring the difference between Cluster 1 and Cluster 2 

(Supplementary Figure 9), which were mostly comprised of carnitines and amino 

acids. However, 3 metabolites were identified after being flagged in previous 

groups; PC aa C34:2 and C36:2, and Methionine (also identified in the E-NRF 

plots). 

 
Figure 8: VIP plots showing the main features responsible for the OPLS-DA plots obtained for 

clusters and both non-averaged dietary scores. A – VIP plot for the k-means clustering OPLS-DA.  

B – VIP plot for the DDS OPLS-DA. C – VIP plot for the E-NRF OPLS-DA. 
 

 

To ascertain the robustness of these observations, the scores and metabolite 

concentrations were averaged for each individual who participated both at baseline 

and month 6. Since the majority of participants scored 7 and 8 for DDS meant that it 

it was not impossible to equally divide averaged values at the median. PCA and OPLS-

DA analysis of the averaged E-NRF scores performed similarly to non-averaged data 

(Supplementary Figure 9). However, the VIP plots, shortlisted lysine, glucose, 

histamine, two sphingomyelins and some phosphatidylcholines as being influential. 

Metabolites which were commonly shortlisted for averaged and non-averaged data 
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were: PC aa C32:0, C34:1, C36:1, PC ae C34:1 and C36:1, and a single sphingomyelin 

– SM C16:0. Averaged dietary data also clustered similarly (Supplementary Figure 10 

and Supplementary Table 5), although the VIP plots for this data differed, being 

populated primarily by phosphatidylcholines which were higher in the “unhealthy” 

Cluster 1 (Supplementary Figure 11). 

 

     3.4  Discussion 

Urine is an accessible biofluid and its chemical composition is known to be altered by 

a person’s diet (Kim et al., 2021). Urinary metabolite profiling has identified 

biomarkers of individual foods within complex diets, with some of these markers 

belonging to key foods (Playdon et al., 2016). For example, a recent proof of principle 

study identified biomarkers of individual foods representative of a DASH-style diet, 

with panels potentially screening for the diet as a whole (Reisdorph et al., 2020). 

Randomized cross-over trials have also demonstrated the possibility of differentiating 

the urinary metabolic profiles of patients when looking at broad diets (mainly DASH 

and Mediterranean) using untargeted metabolomics (Garcia-Perez et al., 2017; 

Vázquez-Fresno et al., 2015). More recently, comprehensive profiling of the urinary 

metabolome has categorised participants’ diets (healthy/unhealthy, vegan/omnivore), 

and indicated that these have stability over time (Lindqvist et al., 2021; Posma et al., 

2020). 

This study utilised well-established and reproducible protocols for metabolite 

quantification in order to identify biomarkers of individual foods and dietary patterns. 

A targeted mass spectrometry kit-based was selected for its demonstrated reliability 

(Siskos et al., 2017), and this was combined with an NMR methodology to maximise 

metabolite coverage (Bhinderwala et al., 2018).  Urine and food diaries were collected 
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from 87 participants of the NIDAS cohort along with a further 31 samples taken at 6 

months follow-up.  

The first major objective of the study was to identify potential food biomarkers by 

correlating metabolites with the consumption of individual food types, and this was 

performed using Spearman rank correlation accompanied by a false-discovery rate 

correction. Of the four food:metabolite associations identified the strongest was 

between coffee consumption and urinary trigonelline, which had a substantially higher 

correlation coefficient than all other putative biomarkers, and a q-value which was 

orders of magnitude lower. Trigonelline is an alkaloid which is found in several foods 

but is especially known to be found in large quantities in coffee beans, and is one of 

the compounds responsible for giving coffee its characteristically-bitter taste. In fact, 

trigonelline is a well-known and widely reported urinary biomarker of coffee (Lang et 

al., 2011; Rothwell et al., 2018). This study is, to the authors’ best knowledge, the first 

time where this particular biomarker has been reproduced in a population on the island 

of Ireland or the United Kingdom. Different populations of different age ranges have 

significantly different dietary habits and diets, demonstrating that trigonelline in 

particular is robust enough to be reliable despite the typical variabilities. Trigonelline 

remained a significant correlator even when time points were averaged or when the 

cohort was sub-divided by gender.  

This study also identified mandelate (a carboxylic acid) as a putative biomarker for 

coffee consumption for the first time. The biological plausibility of this observation is 

less clear. Mandelate is often synthesised from bitter almond extract and found in urine 

as a by-product of styrene degradation (Mohamadyan et al., 2019). It has not yet been 

directly associated with any known coffee components. However, styrene has been 

identified in green coffee beans (de Melo Pereira et al., 2019; de Oliveira Junqueira et 
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al., 2019), and is also a known contaminant of cinnamic acid, a popular flavour 

compound extracted from cinnamon bark (Warhurst and Fewson, 1994). Styrene is a 

toxin, oxidized in the liver and further processed (hydrated into phenylethanediol, then 

further oxidised), with mandelate as one of its by-products, which is then excreted via 

urine (Korn et al., 1984). The implication is that by-products of styrene contamination 

could be responsible for higher levels of mandelate in the urine of NIDAS participants. 

Mandelate performed much more poorly than trigonelline, although a multiple 

regression model comprising of both compounds outperformed them individually.  

Alpha-aminoadipic acid, a lysine intermediate, was the best-performing novel 

biomarker. Its association with the consumption of dairy products is plausible given 

that it has been consistently detected in raw milk from cows at several stages of 

lactation (Klein et al., 2010). Alpha-aminoadipic acid has been heavily implicated in 

the past to be a strong indicator of diabetes risk for up to 12 years before disease onset, 

as part of a nested case-control study within the Framingham Heart Study (Wang et 

al., 2013). It has been shown that this metabolite lowers fasting glucose and enhanced 

insulin secretion in vitro and in vivo, and is thus proposed to be part of a compensatory 

mechanism that starts to upregulates its expression even before the disease becomes 

detectable (Wang et al., 2013). Dairy-rich diets have been consistently associated with 

a decreased in T2D risk, most noticeably with low-fat dairy products, but this effect is 

still present in medium and high-fat foods such as cheese. While the effects of both 

dairy consumption and treatment with this metabolite seem to alleviate diabetes, its 

use as both a biomarker of diabetes risk and dairy intake would create a contradiction 

(Alvarez-Bueno et al., 2019). As such, this lack of specificity likely may make it a 

broad or conditional biomarker for dairy consumption. 
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Valerylcarnitine was the sole negative correlation observed (with vegetable intake), 

also performing more poorly than other putative biomarkers across most parameters. 

No known direct associations, positive or negative, between valerylcarnitine and 

vegetable consumption are known as of yet. 

The study also replicated a fruit biomarker from the literature (Hippurate), but failed 

to replicate 5. A likely cause of this is a combination of different intake of individual 

fruits, a much smaller sample size than the original study, and a different demographic 

being studied (children in the original study, older adults in NIDAS). 

Due to the structural similarities between some of these compounds and their 

precursors/intermediates/derivatives, such as alpha-aminoadipic acid and lysine,  and 

the manual annotation method used for this project, certainty in compound 

identification is not absolute. Techniques such as 2D NMR are thus recommended for 

replication attempts and follow-up studies. 

The second major objective of the study was to establish whether urinary metabolite 

profiles reflected the dietary patterns of individuals. To this end, three parameters 

encompassing dietary data were adopted. Participants were grouped either according 

to: the composition their dietary composition (k-means clustering), their dietary 

diversity (DDS), or the overall nutrient richness of their diet (E-NRF). 

Multivariate analysis of participants grouped by these parameters did not separate at 

all in a PCA plot and separated quite poorly even after supervised OPLS-DA analysis. 

This remained the case even after various treatments of the data altering the 

normalisation, scaling and transforming and to used averaged/non-averaged values. 

Our interpretation of this is that the overall metabolomic profile of urine of NIDAS 

participants shifts very minimally in response to diet. Dietary differences of 
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individuals are likely to manifest as specific but not widespread urinary metabolite 

differences.   

Therefore, the VIP plots from OPLS-DA analysis were more insightful in 

understanding how dietary patterns impacted urinary metabolites. In terms of dietary 

composition the “healthier” Cluster 2 was associated with lower levels urinary 

excretion, and higher urinary excretion of certain phosphatidylcholines of amino acids 

and carnitines. This potentially may be explained by the higher meat consumption of 

Cluster 1 which is a major source of choline and carnitine derivatives. It is interesting 

that there was some overlap in the metabolites shortlisted as differing by dietary 

diversity and nutrient richness scores. Here, there was an over-representation of 

various phosphatidylcholine species, all of which tended to be higher at when dietary 

diversity/nutrient richness were lower. Part of this can be explained by a general over-

representation of these phospholipids in our identified metabolite pool, as they 

comprise roughly half of all species identified via the p180 kit. However, the 

consistent association between lower dietary quality and a higher phosphatidylcholine 

intake/expression is also validated by previous research linking intake of these 

molecules to higher all-cause and CVD mortality in a general population (Zheng et 

al., 2016). 

This observational study is not without its limitations. The design lacked any groups 

defined a priori which meant that much of the multivariate data analysis was 

performed ad hoc and was thus more prone to bias.  Normalization of all urine 

metabolites to creatinine, as used here, is a standard approach in accounting for 

differing glomerular filtration rates. However, this is not always ideal, because the 

viability of creatinine as a surrogate is heavily impacted by kidney function, and 

changes in creatinine clearance are a well-known consequence of ageing (Barzilay et 
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al., 2021). Other normalisation methods such as specific gravity adjustment or 

probabilistic quotient normalization were not an option in this study due to the 

methods of urine sample collection and metabolite quantification used (Rosen Vollmar 

et al., 2019). Another disadvantage of urine analysis is its variable pH, and since pH 

can influences molecular ionisation in mass spectrometry and spectral acquisition in 

NMR spectroscopy. All samples were buffered for this study, but it was not possible 

to determine specific pH values before analysis, which could influence measurements.  

The fact that NIDAS is a cross-sectional, observational study also has its advantages. 

These putative biomarkers will theoretically be more robust for use in a public health 

setting, since they are less sensitive to the residual confounding caused by other parts 

of the exposome than biomarkers discovered in trials that filter out or control for these 

parameters. They should be detectable under more strenuous conditions, and in 

datasets presenting a much higher rate of background noise.  

In conclusion, this study confirmed that trigonelline is a robust urinary biomarker for 

coffee intake, in a free-living Northern Irish population of older men and women.  

Mandelate is a novel but comparably weaker biomarker of coffee consumption. Alpha-

aminoadipic acid is a novel non-invasive biomarker for dairy intake. The reasons for 

the negative association observed between valerylcarnitine and vegetable 

consumption are not clear and require further investigation. Furthermore, it is now 

clear that urine metabolite profiles do not accord well with general research-based 

measures of dietary composition, dietary diversity or nutrient richness. The makes it 

unlikely that urine sampling could in future be used as an indicator for such 

parameters.  
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     3.5  Supplementary Figures 

 
Supplementary Figure 7: Scatterplots on the averaged values of all significant food:metabolite 

correlations. A – Coffee and Trigonelline (Linear R2 – 0.163); B – Coffee and Butenylcarnitine 

(Linear R2 – 0.101); C – Coffee and Glucuronate (Linear R2 – 0.055). 

 

 

Supplementary Figure 8: Scatterplot plotting regression standardized predicted values against 

regression standardized residuals. 

 

Supplementary Table 4: Mean square, F-statistic and significance for all individual food groups 

across both clusters. 
 

 



120 

 

 

 
Supplementary Figure 9: A and B: Unsupervised and supervised models of the averaged urine 

metabolome when comparing high vs. low averaged E-NRF scores. A – PCA plot. B – OPLS-DA 

plot (P1R2X=0.0324, P1R2Y=0.0868, P1Q2=-0.119, O1R2X=0.368, O1R2Y=0.234, O1Q2=-0.064, 

O2R2X=0.120, O2R2Y=0.225, O2Q2=0.187). 100 permutations of this model resulted in an average 

R2Y of 0.546 (p=0.29) and an average Q2 of 0.00317 (p=0.03). C – VIP plot showing the main 

features responsible for the OPLS-DA plot. 

 

 
Supplementary Figure 10: Final Cluster Centres for both clusters created with K-means on 

averaged dietary scores. Cluster 1 has 67 elements and Cluster 2 has 20. Zscore Variables: Blue – 

Fruit. Yellow – Vegetables. Red – Meat. Purple – Cereals. Brown – Dairy. Green – Sweets. Dark 

Blue – Coffee. Pink – Tea. 
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Supplementary Table 5: Mean squares, F-Statistics and Significance (ANOVA) for all 8 food 

groups across both dietary clusters (averaged).  

 

 

 
Supplementary Figure 11: A and B: Unsupervised and supervised models of the averaged urine 

metabolome when comparing Cluster 1 vs. Cluster 2 using averaged dietary data . A – PCA plot. B 

– OPLS-DA plot (P1R2X=0.0843, P1R2Y=0.209, P1Q2=-0.206, O1R2X=0.314, O1R2Y=0.0996, 

O1Q2=0.0955). 100 permutations of this model resulted in an average R2Y of 0.309 (p=0.51) and 

an average Q2 of -0.111 (p=0.13). C – VIP plot showing the main features responsible for the OPLS-

DA plot. 
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Chapter 4 

The Potential of Metabolite Profiling of Saliva to 

Determine Food Intake or Dietary Characteristics 
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Abstract 

Despite its ease of collection saliva is a relatively unexplored biofluid in nutritional 

metabolomics. The current study assessed 40 saliva specimens each of which had 

associated dietary data. Samples and data were collected from 20 individuals at two 

timepoints. Samples were profiled by a combined NMR and LC-MS/MS methodology 

which measured a total of 200 small molecule metabolites. Metabolomic data was then 

interrogated for either: i): food biomarkers of single foods by correlation of metabolite 

concentrations against intake, or ii) relationships between metabolite profiles and 

dietary composition (k-means clustering), dietary diversity (DDS), or diet nutrient 

richness (E-NRF). Two amino acids (aspartate (r= 0.659; q=0.000009) and citrulline 

(r= 0.557; q= 0.000344)) were shortlised as promising putative biomarkers of meat 

intake, which after combinating in a multiple regression model performed even better 

(r= 0.751). Multivariate modelling was then used to consider how salivary 

metabolomic profiles of participants related to the composition, diversity and nutrient-

richness of their diet. A supervised modelling method (OPLS-DA) readily 

distinguished saliva samples on each of these criteria and the most influential 

metabolites were shortlisted. In conclusion, it is clear that metabolite profiling of 

saliva has potential for  tool for the study of dietary diversity and nutrient richness. 
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     4.1  Introduction 

Saliva, unlike most other biofluids, has been the subject of relatively few 

metabolomics studies, especially in the field of nutrition (Gardner et al., 2020). In fact, 

very few studies dedicated exclusively to the saliva metabolome in response to 

separate diets and food biomarker discovery in saliva could be found on PubMed at 

time of writing, with the exception of salivary alteration studies on diet standardization 

and the mastication of specific foods, with the former reporting a negative result 

(Pentikäinen et al., 2019; Walsh et al., 2006).  The main exception to this were two 

studies looking at the association between dietary patterns and metabolic signatures in 

the saliva of children; one contrasting the diets of children with eating difficulties, and 

one looking at African children with celiac disease, and the changes undertaken in 

salivary composition when they consume a gluten-free diet (Ercolini et al., 2015; 

Morzel et al., 2017). In-depth studies on the saliva metabolome of healthy adults/older 

adults and its association with dietary habits remain rare and mostly unpublished at 

present. 

However, detailed protocols for both nuclear magnetic resonance spectroscopy 

(NMR) and mass spectrometry (MS) analyses of saliva are slowly becoming available 

(Gardner et al., 2018; Wijnant et al., 2020), and more studies are examining salivary 

biomarkers for health conditions and disease states. This is despite it being the most 

readily-available, least invasive and easiest to collect human biofluid. This is likely 

because biofluids, such as serum, urine and cerebrospinal fluid, are more routinely 

collected for clinical reasons, and as a result standardised protocols for metabolite 

extraction, storage and analysis are more established. 

There are multiple advantages for using saliva in the field of nutritional metabolomics. 

It is a mixture of the separate secretions from multiple glands of the oral cavity and 
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also comprises gingival crevicular fluid which is a serum transudate (Gardner et al., 

2020). Furthermore, the oral cavity has its own distinct microbiome, which is 

modulated  by several factors such as oral hygiene and, most importantly, nutrition 

(Kato et al., 2017). Obviously, the actions of this microbiome will contribute 

significantly to the metabolite composition of saliva. The proximity of saliva to the 

exposome makes it potentially unseful metabolomics studies aiming to understand the 

effects of particular habits or environmental factors (e.g. food and nutrients) on human 

health. 

The field of nutrition, and nutritional epidemiology is increasingly incorporating 

metabolomics into studies. It could potentially be very useful for biomarker discovery 

and gaining a functional understanding of the effects nutrients and dietary patterns in 

human health (Guasch-Ferré et al., 2018; Jones et al., 2012). Biomarkers in particular, 

if well validated, can serve as objective biochemical proxies for dietary intake, which 

is normallymeasured in patients using food frequency questionnaires and food diaries. 

These more established methods of dietary assessment, whilst effective, can be biased 

and less quantitative (Naska et al., 2017). Biomarkers could be used in tandem with 

these tools to reduce biase and remove subjectivity.  

This study used a combination of untargeted (NMR) and targeted (UPLC-MS, using 

a Biocrates AbsoluteIDQ p180 kit) metabolomics to discover potential dietary 

biomarkers in saliva samples from the Northern Irish NICOLA cohort. There were 20 

participants, 11 male and 9 female, all aged between 55 and 81 years old. The design 

of the NICOLA cohort as an observational, cross-sectional study also allowed for the 

study of the consumption of both individual food groups as parts of more 

comprehensive diets, indicating, with some limitations, that these biomarker 

candidates could be used to help assess the dietary composition of a general 
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population. In addition to individual biomarkers of food intake, OPLS-DA models 

were effective at distinguishing the metabolic signatures of low and high dietary 

diversity and nutrient richness. Sample preparation and analytical methodologies were 

performed similarly to the methodologies discussed in Chapters 2 and 3. 

To the best of our knowledge this is first time that the Biocrates p180 kit has been 

applied to human saliva, and although the size sample size is relatively modest, it is 

one of a few metabolomics studies to yet examine saliva in the field of human 

nutrition.    

 

     4.2  Materials and Methods 

     4.2.1 Dietary and Biometric Data 

NIDAS (Norther Ireland Dietary Assessment Study), a nested dietary validation 

cohort within NICOLA, Northern Ireland’s longitudinal study of ageing, is composed 

of 94 healthy older adults (over 50s, all under 93). 20 NIDAS participants (11 males 

and 9 females, aged between 55 and 81 years) were selected in a sample of 

convenience. These participants provided detailed medical and biometric information, 

dietary information (including methods of preparation and portion sizes) in the form 

of four-day food diaries detailing the period preceding their house calls, and biofluid 

collection. Saliva was collected from these participants was collected. 

This process was repeated once more with one additional house visit, after a period of 

six months had elapsed, in which the same samples and information were collected 

again. The first collection and follow-up varied between individuals, with the visits 

beginning in June of 2015, and the study concluding in October of 2018.  

All food diary entries were collected and processed before metabolomics analyses 

were undertaken. Both STATA (v12, StataCorp, College Station, Texas) and IBM 
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SPSS (v25, SPSS Inc, Chicago, Illinois) were used to compare the data using Bland-

Altman plots, Pearson’s Correlations and Weighted Kappa. Dietary and biometric 

information was thentranscribed to the Nutritics platform (v9, Nutritics, Dublin, 

Ireland) for ease of access, and subsequently used to simplify the complex dietary 

intake portions into manageable groups. These groups were unchanged from the 42 

groups recorded as part of chapter 2 After excluding any potential food groups which 

were not widely consumed by the participants (at least 25%), six groups remained; 

cereals, dairy, fruits and vegetables, meat, sweets, and coffee. The low granularity of 

these groups was chosen in favour of more specific groups due to the limited sample 

size. 

For later multivariate dietary assessment, both k-means clustering and the same two 

dietary scores, accounting for dietary diversity and density of nutrients essential for an 

older population, were used as in Chapter 2 and Chapter 3. These being the FDSK-11 

score first described by Kimura et al. (modified into a 10-point scale due to the 

exclusion of the “seaweed” group in the original score, which was not consumed 

frequently enough in the NIDAS sub-cohort to be included (Kimura et al., 2009). The 

final score was calculated by attributing a single point to a participant if they consumed 

grains, fish, shellfish, meat, eggs, milk, beans, potatoes, vegetables and fruit in any 

quantity in the 4 days the diary was recorded, up to a maximum score of 10. This was 

done irrespective of the quantity consumed. 

This E-NRF score, focusing on 7 nutrients to encourage (protein, fibre, calcium, 

magnesium, potassium, vitamin D and folate) and 3 to limit (fats, sodiums and sugars) 

was used to score each 4-day diary, in order to ascertain how closely each participant’s 

dietary habits met their main nutritional needs (Kramer et al., 2019). A single deviation 

was made from the original publication describing the score; UK healthy eating 
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guidelines for all 10 nutrients (53.3g/d protein for men/46.5g/d for women, 30g/d 

fibre, 200μg/d folates, 10μg/d vitamin D, 700mg/d calcium, 300mg/d magnesium for 

men/ 270mg/d for women, 3500mg/d potassium, <11% daily food energy from 

saturated fatty acids, <2400mg/d sodium, and <5% daily food energy from sugars) 

were used instead of the EFSA guidelines used by Kramer et al. This was done in order 

to better represent the dietary habits and needs of a UK-based older population 

specifically. The equation used, adapted from Kramer et al., can be seen below. 

 

NR7100kcal  →  ∑i=1−7(Nutrienti/RDVi)*100 

 

LIM3100kcal → ∑i=1−3(Nutrienti/MDVi)*100 

 

E-NRF100kcal → NR7-LIM3 

 

In summary, after an initial quality control step in which foods with values exceeding 

the RDV/MDVs of these nutrients were capped at these maximums, each individual 

food was given a fixed E-NRF score, calibrated for a 100kcal portion. Subsequently, 

the score for each food was multiplied by the amount consumed by each participant 

(averaged, from the 4-day food diary), and these scores were then tallied up. Lastly, 

the final scores were normalized to 2000kcal for all participants in order to avoid 

scoring more calorically-dense, but not nutrient-dense, diets higher. 

 

     4.2.2 Sample Processing 

Saliva samples were then aliquoted and stored at -80C until they were processed. All 

40 (20 baseline and 20 follow-up) samples processed were slow-thawed and aliquoted 
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twice, with one aliquot being used for the LC-MS workflow and the other for NMR. 

For each workflow, the order samples was separately randomized. Before being 

processed, each saliva sample was filtered in order to remove proteins and other large 

macromolecules which were of no interest to the study. This was done with Amicon 

Ultracel filters, 0.5ml capacity and with a cut-off point of 3 Kilodalton. These filters 

were cleaned of any glycerol residue, a potential interferent with the metabolomics 

analysis, before being used to treat samples.  

The filtering process was achieved by immersing all the filters in 2000ml deionized 

water, and leaving them under continuous agitation overnight. The filters were then 

washed again in deionized water and centrifuged for 20 minutes (12,000g, 4C). A 

350μL aliquot of saliva was then pipetted into the filter. The filters were then 

centrifuged again for 30 minutes under the previously-set conditions, and the filtrate 

was collected for each individual sample. 

 

     4.2.3 UPLC-MS/MS Workflow 

For the LC/MS workflow, a single p180 kit was used to process all 40 samples in 

randomized order for targeted analysis. The kits were run according to manufacturers’ 

specifications, and in conjunction with the urine samples. In brief, 10µL aliquots from 

all 40 saliva samples were pipetted in a set, previously-randomized order into their 

determined spots on the specialized 96-spot lid provided with the kit. A blank, 3 “zero 

samples” consisting solely of internal standards solution, 7 calibration standards in 

increasing order of concentration, and 3 quality control standards (1, 2 and 3) were 

pipetted, in this order, before the samples, with an additional QC2 standard being 

inserted every 20 samples. The filters, together with a new 96-well plate, were then 

placed onto a positive pressure processor (Waters, MA, USA), and a derivatizing 
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solution of 5% phenylisothiocyanate (50µL) was added to each filter. Incubation time 

totalled 20 minutes, followed by a period of 60 minutes where the samples were dried. 

300µL ammonium acetate in methanol was then applied to each filter to facilitate 

metabolite extraction, and the plate was then centrifuged (700rpm, 30 minutes) in 

order to force the metabolite elutes to flow into their respective wells. This solution 

was submitted to both UPLC-MS and FIA analysis, the latter of which being 

performed with an added solvent and through direct injection into the mass 

spectrometer. A Waters TQ-S (Waters, MA, USA) was used to run the kit, together 

with an Acquity UPLC, and both MetIDQ (Biocrates, Innsbruck, Austria) and 

MassLynx (Waters, MA, USA) were used for data verification and Quantification. Out 

of a maximum 182 metabolites potentially detectable via the p180 kit, 161 produced 

a systematic signal across all samples, while metabolites which failed to produce a 

signal in more than 25% of samples were immediately discarded.  

 

     4.2.4 NMR Workflow 

For the NMR workflow, a previously prepared buffer solution which consisted of 

730mM imidazole, 0.47% NaN3 and 11,667 disodium-2, 2-dimethyl-2-silapentane-5-

sulphonate (DSS) was used for the final mix. This mixture was prepared from each 

individual sample, and consisted of 228l saliva filtrate, 24l buffer solution and 28l 

deuterated water (D2O) to ease spectrum processing. DSS was used specifically for 

referencing chemical shifts and for ensuring overall quality control of each sample. 

Each mix was then thoroughly homogenized, and a 200l volume of each mixture was 

individually transferred to an NMR glass tube (3mm Shigemi) using an automated 

procedure. Each tube was then individually handled and cleaned to ensure 

homogeneity, and then stored in a rack of a Samplejet autosampler (Bruker-Biospin, 
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Billerica, MA, USA) at 4oC for acquisition. Each sample was then sequentially 

inserted and acquired into the TCI cryoprobe-coupled NMR spectrometer (Bruker 

ASCEND 600MHz spectrometer; Bruker-Biospin, Billerica, MA, USA). The 

automated acquisition protocol for each sample collected 256 scans after an initial run 

of 32 dry scans. Spectra were then individually verified by hand and reacquired 

manually if automated acquisition yielded abnormal or poorly shimmed data. 

The Professional Suite of ChenomX version 8.4 (ChenomX, Edmonton, Canada) was 

used to base-normalise, phase-normalise and quantify the spectra. A sample post-

processed saliva spectrum can be seen in Figure 9. 

 

Figure 9:  Sample saliva NMR spectrum from the NIDAS sub-cohort, as viewed in the ChenomX NMR 

Suite 9.0 Processor platform. 
 

A list of 60 plausible metabolites known to be found in saliva and detectable by NMR 

methodologies was curated in-house and subsequently batch-fit to all spectra, which 

were then manually adjusted and verified individually. From these, a total of 41 

separate metabolites were positively identified and quantified across all samples. 

Two metabolites, Citrate and Glucose, overlapped with those detected by LC-MS, 

resulting in a total of 200 analytes to be statistically treated. Citrate values were 

comparable across both platforms, but LC-MS values were significantly lower than 
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expected. Due to the kit not being optimized for saliva, the NMR values were chosen 

for both. A full list of these metabolites can be seen in Supplementary Table 6. 

 

     4.3 Statistical Analysis 

     4.3.1 Univariate Statistics 

Using SPSS, both the dietary and metabolomics data were checked to determine 

whether they violated any of the assumptions for the running of parametric tests 

(especially normality and homogeneity of variance). Normality was visualized 

graphically using boxplots in SPSS and using the significance value of a Shapiro-Wilk 

test performed for each variable. In accordance with the parametric or non-parametric 

nature of the data, a Spearman’s Rank Order Correlation or a Pearson’s Correlation 

was performed, respectively, to assess the relationship between each food group and 

each metabolite concentration. Results were controlled for sex, age, month of 

collection and BMI. This was done using partial correlations. Throughout all stages of 

testing, false negative (Type II) errors were controlled for using the Benjamini-

Hochberg procedure utilizing the baseline version of R (3.5.1). Baseline and adjusted 

scatterplots of all significant correlations were both produced in SPSS. 

Next, also utilizing SPSS, visual binning as performed on all recorded food groups in 

order to divide each one into two groups of equal size, with each approximating low 

and high consumers of each specific food product. These groups were then uploaded 

to the MetaboAnalyst platform and used to create receiver-operating characteristic 

(ROC) curves to test the sensitivity and specificity of each metabolite of interest as a 

putative biomarker in distinguishing between high and low consumers of each specific 

food.  
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These tests were subsequently repeated with the male and female participants of the 

cohort separated, and once again while having the 20 follow-up diary entries and 

metabolite values being averaged into their baseline counterparts. 

 

     4.3.2 Multivariate Statistics 

From each original food consumption group, a normalized Zscore (subtracting the 

mean of all scores from each individual parameter and dividing it by the group’s 

standard deviation) was created in SPSS. These normalized scores were then used to 

dimensionally reduce these groups into the putative complex dietary patterns of 

participants utilizing k-means clustering, by observing which separate food groups 

showed potential associations by clustering together. A maximum of 10 iterations for 

the convergence of all cluster centres was established when running the test. 

Subsequently, still in SPSS, biomarker candidates for single food groups were tested 

in combination using a step-wise multiple regression model.  

Data was then imported to MetaboAnalyst, where it was log-transformed, auto-scaled 

and sum-normalized. Both dietary scores were then separated into “high” and “low” 

scores by their means, and used to construct both PCA and OPLS-DA plots. 

Supervised (OPLS-DA) plots were bootstrapped for 100 iterations, and the resulting 

convergence of R2 and Q2 values was used to assess predictive power and goodness 

of fit. 

A second set of analyses woth averaged values was then undertaken, similarly to the 

final step performed for the univariate analysis of this dataset. 
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     4.4 Results 

     4.4.1 Univariate Food-metabolite Correlations 

A total of 1200 correlations were tested (product of 6 food groups and 200 metabolites) 

using Spearman’s Rho. After adjusting for false discovery rates with the Benjamini-

Hochberg method, two significant correlations remain, both for meat consumption. 

These were aspartate (r=0.59, q=0.0448) and citrulline (r=0.585, q=0.0448). These 

remained significant after adjusting for age, sex, month of collection and BMI 

(observable in Table 5). Adjustment for BMI was incomplete due to missing values, 

so the previous adjustment (age, sex, month of collection) was reported. 

 

Table 5: Table showing food:metabolite asssociations adjusted for false discovery and participant 

age, sex, month and BMI. Only significant putative markers (q<0.05, CC>0.25) are shown. 

 

 

Both correlations were positive, and baseline and follow-up samples followed a 

similar trend. Visually representing these correlations as time-segregated scatterplots, 

with month-separated regression lines and R2 values also reported (Figure 10) also 

shows a similar, consistent distribution for both, though Citrulline is more 

heterogenous (with a significantly lower R2 value for the baseline samples) and has 

one significant outlier. 
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Figure 10:  Month-separate scatterplots (White and dotted line – Month 0, Black and solid line – 

Month 6) of both significant food:metabolite correlations. A – Meat and Aspartate (Linear R2 month 

1 – 0.555, month 2 – 0.473; AUC – 0.758); B – Meat and citrulline (Linear R2 month 1 – 0.093, 

month 2 – 0.499; AUC – 0.848). 

 

Upon analysing the correlations after averaging the baseline and follow-up values, the 

r values of these correlations increased, but the correlations did not remain significant 

after FDR, potentially due to decreased statistical power (Aspartate – q=0.454, 

r=0.641; Citrulline – q=0.404, r=0.693). Scatterplots for these averaged correlations 

can be seen in Supplementary Figure 12. Two additional non-significant 

food:metabolite correlations (Meat:Glycine – q=0.404, r=0.669; Coffee:Citrate – 

q=0.404, r=0.663). No biomarkers were discovered or validated in the sex-separated 

analysis. 

 

     4.4.2 Correlations of Combined Meat Biomarkers 

Citrulline and Aspartate were then combined into a single metabolite panel for 

prediction meat intake, using step-wise multiple regression. The R value of this model 

was 0.751, resulting in an R2 of 0.565 (adjusted for 0.541). The accompanying 

ANOVA table in SPSS also showed a sum of squares of 213596 and a residual sum 

of 164616 (F=24, p=2x10E-7). A plot of this model (standardized values vs their 

residuals) can be seen in supplementary figure 13. Points are not homogenously 
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distributed, but clustering is not immediately apparent, showing that the model can be 

valid albeit underpowered. 

 

     4.4.3 K-means Clustering 

The k-means model converged into its final cluster centers within the established 10 

iterations. However, only 3 of the 6 food groups clustered (meat, dairy and sweets, all 

clustering together in cluster 1) were shown to be significantly different across both 

clusters. Cluster 1 had higher intake of meat (230.02±112.02 compared with 

97.03±67.63), dairy (287.15±130.18 compared with 138.61±100.13) and sweets 

(276.82±199.51 compared with 105.86±75.75), while Cluster 2 had higher intake of 

fruits and vegetables (306.92±178.87 compared with 240.49±117.48), cereals 

(198.79±128.42 compared with 173.97±87.86) and coffee (321.60±309.67 compared 

with 310.75±484.52). The full results of this ANOVA can be seen in Supplementary 

Table 7. A bar graph displaying the final cluster centers can be seen in Figure 11. 

 

Figure 11:  Final Cluster Centres for both clusters created with K-means. Cluster 1 has 10 elements 

and Cluster 2 has 30. Zscore Variables:  Blue – Fruits and vegetables. Red – Meat. Green – Cereals. 

Orange – Dairy. Yellow – Sweets (including sweetened beverages). Turquoise – Coffee. 
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Upon averaging the baseline and follow-up diaries, these food groups clustered 

similarly, but with only meat differing significantly across clusters. A tendency 

towards low coffee, sweets and dairy consumption clustered with low meat intake in 

Cluster 1. The complete ANOVA results and cluster centers of these averaged values 

can be observed in Supplementary Table 8 and Supplementary Figure 14, respectively. 

 

     4.4.3 Multivariate Analysis 

The DDS and E-NRF scores were not correlated among themselves (p=0.620, r=0.06 

using Kendall’s Tau). Mean values for these scores were 7.375 and 4.8916 for DDS 

and E-NRF respectively. These scores were mean-separated and, together with the 

clusters, were then used to assess the reactivity of saliva to different nutritional 

parameters/choices using metabolomics. Both unsupervised (PCA) and supervised 

(OPLS-DA) were created (Figure 12). 
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Figure 12:  Unsupervised and supervised models of the salivary metabolome when comparing 

Dietary composition (Clusters 1 vs. 2),  Dietary Diversity (high vs. low DDS scores) and Nutrient 

Richness (high vs. low E-NRF scores). A – Cluster 1 vs. Cluster 2 PCA plot. B – Cluster 1 vs. Cluster 

2OPLS-DA plot (P1R2X=0.071, P1R2Y=0.295, P1Q2=-0.106, O1R2X=0.226, O1R2Y=0.402, 

O1Q2=0.1). 100 permutations of this model resulted in an average R2Y of 0.697 (p=0.11) and an 

average Q2 of -0.00588 (p=0.1). C – High vs. low DDS scores PCA plot. D – High vs. low DDS 

scores OPLS-DA plot (P1R2X=0.0537, P1R2Y=0.217, P1Q2=-0.0325, O1R2X=0.237, 

O1R2Y=0.351, O1Q2=-0.343, O2R2X=0.167. O2R2Y=0.142, O2Q2=0.158). 100 permutations of 

this model resulted in an average R2Y of 0.71 (p=0.83) and an average Q2 of -0.218 (p=0.48). E – 

High vs. low E-NRF scores PCA plot. F – High vs. low E-NRF scores OPLS-DA plot 

(P1R2X=0.0377, P1R2Y=0.328, P1Q2=-0.157, O1R2X=0.173, O1R2Y=0.394, O1Q2=0.0877). 100 

permutations of this model resulted in an average R2Y of  0.722 (p=0.05) and an average Q2 of -

0.0694  (p=0.16). 
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OPLS-DA plots showed that the salivary metabolite profiles could be separated 

through these metrics, but validation was uniformly poor. Clusters achieved the worst 

separation, potentially due to the unequal distribution of participants by cluster. DDS 

and E-NRF both performed better, although both their corresponding PCAs and cross-

referenced Q2 values indicating that these supervised models were overfit. This all 

suggests that saliva is a strong candidate for metabolomic profiling of nutritional 

patterns, but that the current study was underpowered to result in conclusive 

observations. 

The VIP plots for these multivariate models can be seen in Figure 13, showing the 

metabolites with greatest influence on the separation of the supervised models.  

 

Figure 13:  VIP plots showing the main features responsible for the OPLS-DA plots obtained for 

clusters and both dietary scores. A – VIP plot for the k-means clustering OPLS-DA.  B – VIP plot 

for the DDS OPLS-DA. C – VIP plot for the E-NRF OPLS-DA. 

 

Here, distinctions can be observed between all 3 sets of models. For both scores, 

phosphatidylcholines (and, occasionally, amino acids) were largely responsible for the 

distinctions between groups, although this class com compound was largely 

upregulated in participants with high DDS scores, while higher E-NRF scores resulted 

in lower expression of these molecules. Several molecules were flagged for both 

scores, all Phosphatidylcholines, namely C34:2, C34:3, C36:4, C38:4, C38:5 and 

C38:6. Separation across clusters was driven by different compounds, mainly dimethyl 
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sulfone and two Acylcarnitines; C5-DC (C6-OH) – Glutarylcarnitine, and C6 (C4:1-

DC) – Hexanoylcarnitine, although two of these metabolites were also flagged in the 

DDS VIP plot; Phosphatidylcholine aa C34:1 and C36:1. 

It was not possible to repeat these tests with averaged dietary intakes across both time-

points for DDS scores, as these scores were all amolst homogenous (6-8 range) when 

the food diaries were averaged. Both averaged clusters (supplementary Figure 15) and 

E-NRF scores (Supplementary Figure 16) performed significantly better than their un-

averaged counterparts, with k-means clustering performing the best, although 

validation was still unsatisfactory. The layout of the VIP plots were also significantly 

different, with Glycine, Octadecadienylcarnitine and PC aa C36:5 being responsible 

for separation in clusters (although this was expected, as the clusters themselves are 

different), and Choline, PC ae C40:4 and Sphingomyelin SM C26:1. However, there 

is some overlap between the averaged and non-averaged VIP plots; Glycine and 

Proline were present in both k-means VIPs, and PC aa C34:2, C34:3, C38:6 being 

present in both E-NRF VIPs.  

 

     4.5 Discussion 

This chapter examined saliva as a promising but extremely uninvestigated biofluid for 

determining a person’s food intake or dietary habits. Metabolomic profiling of saliva 

scientific literature is rare, particularly in nutrition research and  as yet there is no 

consensus about which methodologies are the optimal (Logan et al., 2021). 

In this study, a thoroughly-validated and reproducible kit for mass spectrometry 

profiling of metabolites. The coverage of this kit was supplemented by an NMR-

spectroscopy metabolomics protocol with manual metabolite verification against an 

in-house list. The intention was to maximise the number of metabolites measured 
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across chemical classes and capture compounds of both low and high abundance in 

saliva. A total of 40 samples were analysed in this way; 20 collected as baseline 

measurements, and 20 more at follow-up. 

Above all there was a tendency for metabolite features to relate strongly to a person’s 

meat consumption. Consumers greater meat intake consistently had enriched levels of 

amino acids in their saliva. Despite the limited amount of participants, there was a 

strong correlation between the consumption of meat products and saliva levels of 

aspartate and citrulline. Furthermore, glycine, a known constituent of meat (Alves et 

al., 2019), performed similarly whenever the data from the two time points was 

averaged. Meat is rich in glycine, although serum glycine is lower in people with high-

meat diets, no studies have as yet examined whether at saliva glycine could be a 

nutritional biomarker (Alves et al., 2019). The strong linear meat-aspartate 

relationship was visually obvious and their correlation was only improved by 

averaging of data. In this respect, citrulline differed. Correlation at baseline and 

follow-up were not as uniform and there were two significant outliers across citrulline 

measurement. The two participants in question did not have consistently higher or 

lower concentrations across all other metabolites, and therefore they were not 

excluded. It is intriguing that Aspartate and citrulline are metabolically linked via the 

Urea cycle (Barmore et al., 2021). 

In a futher analysis aspartate and citrulline data were combined and tested in step-wise 

multiple regression model which showed that performace was further improved. The 

sum of squares of the model indicates that more of the variance in meat consumption 

between participants seems to be explained by a combined aspartate and citrulline 

panel, compared with either metabolite being used individually. The standardized 

residuals plot was not homogenous, although it did not show areas with obvious 
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clustering, suggesting that the model is valid despite the modest number of 

participants. 

Aspartate is a non-essential amino acid, a product of the transamination of 

oxaloacetate by the enzyme aspartate transaminase, and an essential participant in the 

processes of gluconeogenesis and the urea cycle (Barmore et al., 2021).  No studies 

have as yet considered aspartate as a nutritional biomarker of meat, although peptides 

derived from meat are known to contain aspartate, and in fact, meat is a major source 

of dietary aspartate in some populations (Górska-Warsewicz et al., 2018; Wu et al., 

2016). Oral aspartate, potentially a breakdown product of meat peptides, could 

represent a salivary biomarker of this food. Other factors, however, must be 

considered. For example, higher saliva levels of aspartate aminotransferase have long 

been proposed as an indicator of poor oral hygiene and periodontal disease (Totan et 

al., 2006) and there will be a need to control for such variables in future studies. 

Similarly to aspartate, no studies have focused on citrulline as a biomarker of meat 

intake, although in a small trial it also has been linked to poor oral hygiene (Masoudi 

Rad et al., 2014). Citrulline is also obtained by consumption of of other foods, most 

notably watermelon, which was not consumed to any extent by NIDAS participants  

(Aguayo et al., 2021; Curis et al., 2007). Meat is not known to contain large amounts 

of citrulline, although different meats (especially white meats, such as turkey) contain 

arginine, which is converted into citrulline during the synthesis of nitric oxide (Mori 

and Gotoh, 2004).  

There were no significant metabolite:food correlations wht the the cohort was divided 

into males and females, which is unsurprising given the low sample number.  

A second objective of this study was to relate saliva metabolite profiles to a persons 

dietary characteristics. Groups of different dietary composition were created by 
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performing K-means clustering of dietary intake data. This generated generated two 

dietary clusters. These reflected lower (Cluster 1) or higher (Cluster 2) intake of meat, 

dairy, sweets and coffee, and also higher (Cluster 1) or lower (Cluster 2) consumption 

of fruit and veg and cereals. Unfortunately, the clusters were unbalanced, with 10 

datapoints in Cluster 1 and 30 in Cluster 2. Data averaging of the 2 collection times 

led to a perfectly balanced outcome with two clusters of 10, albeit of smaller sample 

size.  Other dietary characteristics that were examined were dietary diversity (DDS) 

and nutrient-richness (E-NRF). For all of these dietary characteristics unsupervised 

multivariate analysis did not readily distinguish groups based on their metabolite 

profiles. However, a supervised methodology (OPLS-DA) did generate visually 

separable groups, and (using variable importance in projection (VIP) scores) a shortlist 

of discriminating metabolites was generated.  

 A ‘less healthy’ diet composed of higher consumption of meat, dairy and sweets, and 

lower fruit, veg and cereal intake (Cluster 2) had higher saliva levels of dimethyl 

sulfone. This is a non-specific nutrient found in multiple foods, although saliva levels 

of this metabolite have been associated with greater risk of dementia, which suggests 

that it arose from poor oral hygiene and changes in the diets and oral microflora of 

patients (Figueira et al., 2016). Choline, a serine derivative known to be enriched in 

meat products, was lower in participants with higher E-NRF scores, and this was 

consistent across both averaged and un-averaged scores (Wiedeman et al., 2018).  

Similarly, higher E-NRF scores (non-averaged) were associated with higher salivary 

concentrations of alanine, an amino acid which plays an important role in shuttling 

ammonium ions from the skeleton muscle to the liver. Limited conclusions can be 

drawn from higher salivary alanine levels alone, but modified alanine 

aminotransferase activity can be an indicative of a risk modifier for both liver disease 
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and salivary gland injury (Vinod et al., 2018). Arginine, another amino acid, was 

associated with a higher dietary diversity. This molecule has become increasingly 

linked to a healthier oral microflora and carie prevention, with arginine 

supplementation even being considered as a possible retardant for cavity 

formation(Nascimento, 2018; Zheng et al., 2017). A potential causative link between 

a diverse diet and salivary arginine concentrations cannot be excluded, but there is 

also the possibility that participants with more diverse diets could have better oral 

hygiene, thus making these these two factors not directly correlated. 

Phosphatidylcholines were the most numerous metabolites identified across all VIP 

plots, but patterns were inconsistent across dietary behaviours. Higher E-NRF scores 

and membership to the “healthier” Cluster 2 were consistently associated with lower 

levels of salivary phosphatidylcholines in the un-averaged data while, conversely, 

these molecules were positively associated with  higher DDS scores. In the averaged 

dietary data, membership to the “healthier” cluster was associated with lower levels 

for these metabolites (despite them not being the main features of the VIP plot), while 

averaged E-NRF scores had no set pattern between high and low. These metabolites 

are well-studied in other biofluids, but literature on their role in saliva is limited; 

salivary phosphatidylcholine acyl-alkyls have been shown to be decreased in instances 

of pathogenesis, such as Alzheimer’s Disease, while the lysophosphatidylcholine to 

phosphatidylcholine ratio seems to be much increased in the saliva of smokers (Adibi 

et al., 2018; Marksteiner et al., 2019). Indeed, the phosphatidylcholines associated 

with a higher E-NRF score using averaged data were all acyl-alkyls, while diacyls 

were associated with a lower score. However, no other such distinctions were observed 

across the other VIP plots. 



145 

 

Looking exclusively at the scores derived from averaged dietary data, the main 

differences were across clusters, with lower glycine, valine and proline being higher 

in the “healthier” Cluster 1. All three amino acids perform important functions in the 

human body, and glycine in particular has been observed to be more abundant in the 

saliva of older persons, but other associations with health outcomes and disease states 

are limited (Tanaka et al., 2010). Meat intake, which is much higher in the second 

averaged cluster (and indeed the biggest differentiating factor between the two 

clusters) is likely the cause for these different amino acid concentrations. 

These discrepancies, especially in the levels of salivary phosphatidylcholines, across 

the averaged and non-averaged data can potentially be attributed to low statistical 

power, as the averaged dataset was comprised of only 20 samples. 

To the best of our knowledge, this is the first nutrimetabolomic investigation of saliva  

in a free-living population. It is also one of the first studies to profile the saliva 

metabolome by combining NMR and LC-MS/MS-based workflows. It has revealed 

that the composition of saliva is influenced by diet and highlighted metabolite 

concentration changes which are associated with particular dietary characteristics The 

resulrs are not completely conclusive, but are promising given the small sample size.  

Two putative markers for meat intake, aspartate and citrulline, have been discovered 

which could be readily measured in saliva. The investigation has shown that 

multivariate models of salivary metabolite data can distinguish between persons of 

differing dietary composition, diversity and nutrient-richness. Validation of these 

models consistently sub-optimal and larger sample sizes will be needed to support and 

strengthen the association obseverved here. 

There are some limitation with the present study. The low sample size, coupled with 

the large number of analysed variables, means that the study is likely underpowered. 
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This precluded the application of linear mixed models and similar more complex 

statistical approaches, which would help to estimate variable co-dependencies and 

their influence within the final model. The free-living nature of the observational 

cohort provides a realistic perspective in the challenges for nutrimetabolomic 

investigation in the community. However, this also provides the limitation that 

groupsing must be created a posterioriwith high/low intake of particular foods and 

thresholds for scores being defined after being calculated. It meant that the 

multivariate models run had groups with greater inherent variability which impacts on 

the validation of models. 

Metabolomics studies investigating saliva generally remain rare, but this is 

particularly the case in the field nutrition. This study therefore paves the way for more 

investigations which can take advantage of relatively easy sample collection and 

preparation of saliva specimens. Saliva plays a key role in the initial digestion of food 

(Gardner et al., 2020), and it is a biofluid with an active and variable microbiome will 

impact its metabolite composition. There are signs that there is a growing interest in 

profiling saliva, and that there is potential for novel discoveries and an improved 

understanding of the functional importance of saliva. 

In conclusion, aspartate and citrulline are strong biomarker candidates for meat intake, 

with both being biologically plausible and connected to biological functions known to 

be affected by meat consumption, such as the urea cycle. Complex dietary patterns 

appear to be reflected in the metabolite composition of human saliva, but further 

validation in adequately powered trials and larger cohort studies will help our 

understanding of whether collecting and analysing saliva can improve nutritional 

epidemiology. 

 



147 

 

4.6 Supplementary Figures 

Supplementary Table 6: Full list of the detected salivary metabolome in samples from the NIDAS 

cohort, including each metabolite’s HMDB number and method of detection. 
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Supplementary Figure 12:  Averaged scatterplots of both significant food:metabolite correlations. 

A – Meat and Aspartate (Linear R2 – 0.410); B – Meat and citrulline (Linear R2 – 0.480). 

 

 

Supplementary Figure 13:  Scatterplot of the multiple regression model built with Aspartate and 

Citrulline to predict meat consumption. Standard error of the estimate – 66.701. Durbin-Watson – 

1.926. 

 

Supplementary Table 7: Mean square, F statistic and significance obtained from the accompanying 

ANOVA to the k-means clustering algorithm applied to the six main food groups. 
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Supplementary Table 8: Mean square, F statistic and significance obtained from the accompanying 

ANOVA to the k-means clustering algorithm applied to the six main food groups, after averaging 

diary entries. 

 

 

 

Supplementary Figure 14:  Final Cluster Centres for both clusters created with K-means from 

averaged data. Zscore Variables:  Blue – Fruits and vegetables. Red – Meat. Green – Cereals. Orange 

– Dairy. Yellow – Sweets (including sweetened beverages). Turquoise – Coffee. 
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Supplementary Figure 15:  Unsupervised and supervised models of the averaged saliva 

metabolome when comparing Dietary Composition (Clusters 1 vs. 2). A – PCA plot. B – OPLS-DA 

plot (P1R2X=0.139, P1R2Y=0.506, P1Q2=-0.32, O1R2X=0.214, O1R2Y=0.361, O1Q2=0.00149, 

O2R2X=0.126, O2R2Y=0.0861, O2Q2=0.0458). 100 permutations of this model resulted in an 

average R2Y of 0.953 (p=0.06) and an average Q2 of 0.367(p=0.03). C – VIP plot showing the main 

features responsible for the OPLS-DA plot. 

 

 
Supplementary Figure 16:  Unsupervised and supervised models of the averaged saliva 

metabolome when comparing Nutrient Richness (high vs. low E-NRF scores). A – PCA plot. B – 

OPLS-DA plot (P1R2X=0.0447, P1R2Y=0.647, P1Q2=-0.349, O1R2X=0.218, O1R2Y=0.175, 

O1Q2=0.189, O2R2X=0.227, O2R2Y=0.0637, O2Q2=0.0465). 100 permutations of this model 

resulted in an average R2Y of 0.885 (p=0.77) and an average Q2 of -0.113 (p=0.49). C – VIP plot 

showing the main features responsible for the OPLS-DA plot. 
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Chapter 5 

General Discussion 
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     5.1  Summary of Findings 

This thesis aimed to assess the utility of metabolite profiling of serum, urine or saliva 

for assessing the diet of older persons, and it employed the NIDAS sub-cohort to do 

this. Two complementary metabolomics workflows were conducted on each biofluid, 

and three different dietary scoring/clustering systems were applied. There were two 

main outputs: i) the correlation of individual metabolites to individual food types, and 

ii) the identification of metabolite signatures of more complex dietary patterns. 

Univariate analysis identified correlations between food intake and the concentrations 

of specific metabolites in each biofluid, and then potential confounding by other 

recorded variables was evaluated. In an additional post-hoc step, biomarker 

concentrations in low, medium, and high consumers of individual foods were more 

directly compared through a one-way ANOVA. With the exception of salivary 

citrulline, urinary valerylcarnitine and serum acetic acid, all biomarkers were 

significantly different (p<0.05) between lowest and highest consumers. All of these 

biomarkers also showed equal variance (tested by both a Brown-Forsythe analysis and 

a Welch test) with the exception of serum propylene glycol.  

It was also examined whether potential biomarkers had improved specificity when 

used in panels, when combined using step-wise multiple regression. Multivariate 

analysis and separate dietary scoring methods then assessed whether overall dietary 

composition (calculated using k-means clustering), diversity (using an established 

Dietary Diversity Score) and nutrient richness (using E-NRF, a nutrient-rich score 

developed to reflect the needs of an older population) impacted on the metabolite 

composition of the analysed biofluids. This process was performed twice, first using 

individual participant datapoints, and then using averaged duplicate measurements 

collected six months apart (to reduce the potential for seasonal fluctuation). All aims 
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were successfully achieved, although the quality of observed associations and 

modelswere inconsistent across biofluids and scoring systems.   

Our three-step discovery process yielded nine putative biomarkers of food intake (with 

six still being valid after adjusting for known confounders) in 157 serum samples from 

86 participants. A combined panel of two of these biomarkers performed better at 

predicting dairy consumption. The models based on k-means clustering and dietary 

scoring often did not show separation and statistical validations were poor. 

As a biofluid urine performed comparatively poorer than for serum, with four 

biomarkers (two for coffee, one of them being a validation of a previously-discovered 

biomarker) discovered in 118 samples from a total of 87 NIDAS participants. 

Attempts to create a combined metabolite panel were not successful due to the high 

heteroscedasticity in the data. Cluster and score-based models showed better 

separation when visualized when compared to serum, especially the averaged scores 

for the E-NRF score, but attempts to validate these models were still unsuccessful. 

Lastly, two biologically-plausible amino-acids were identified as putative biomarkers 

of meat intake from 40 saliva samples, from a group of 20 participants. These 

biomarkers also functioned better as a panel, and multivariate models using clustering 

and scores showed significant separation. Statistical validation was generally better 

for saliva than for both other biofluids, especially in the case of averaged datapoints. 

However, the R2 values obtained were relatively weak, and insufficient to demonstrate 

conclusively that these models based on saliva are a true representation of a person’s 

dietary habits. 

Despite these differences across the three sample types, directly comparing the 

performance of these biofluids and their aptitude for metabolomics-based 

fingerprinting studies is challenging to extrapolate from these samples alone. For 
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example, there are slightly different sample preparation procedures needed for each 

biofluid (especially urine, which was not filtered and required care with buffering, due 

to its lower and more variable pH). In addition to this, the number of both the samples 

and the metabolites detected in each sample type differed widely. The discovery of 

fewer putative biomarkers and the increased fit of the created models was closely 

associated with the available sample size of each biofluid, as might be expected for 

reasons of lower statistical power and higher overfit. 

Furthermore, the sample distribution of the three biofluids was too heterogenous to 

create a subset for direct comparison between all three, as urine was collected 

primarily at month 0 and urine and saliva both were not available for many of the same 

participants. However, it was possible to directly compare serum and saliva, from the 

same participants and with both samples averaged to minimize any possible 

pseudoreplication. 

Figure 14 (A and B) below shows the PCA and OPLS-DA plots developed using 

averaged data across serum and saliva for 16 participants, specifically participants 52, 

53, 56, 57, 58, 61, 63, 69, 71, 72, 73, 80, 81, 82, 86 and 88, chosen due to them having 

both month 0 and month 6 data for both biofluids. 

Validation for both models is still sub-optimal, suggesting that the data could be 

overfit.  In contrast, the fit of the saliva-based models (Figure 5.1C and D) after 100 

permutations shows that these perform much better despite being the least-tested 

biofluid using Biocrate p180 kits. Saliva was also the only biofluid out of the three 

analysed that doesn’t have a standardised workflow for this kit. A similar model for 

serum and urine, performed only for samples collected at month 0 from a different 

subset of 80 participants, showed no significant difference across the two biofluids.   
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Figure 14:  Unsupervised and supervised models for serum and saliva created with averaged data 

from 16 participants: A – Serum PCA. B – Serum OPLS-DA: P1R2X=0.147, P1R2Y=0.431, 

P1Q2=0.171, o1R2X=0.255, o1R2Y=0.381, o1Q2=-0.195, Q2 after 100 permutations =-0.0232 

(p=0.43), R2 after 100 permutations =0.812 (p=0.63); C – Saliva PCA. D – Saliva OPLS-DA: 

P1R2X=0.0624, P1R2Y=0.43, P1Q2=-0.192, o1R2X=0.312, o1R2Y=0.351, o1Q2=0.00116, 

o2R2X=0.191, o2R2Y=0.126, o2Q2=0.113, 100 perm Q2=-0.078 (p=0.55), 100permR2=0.907 

(p=0.82). 

 

This reinforces earlier conclusions in this thesis that, despite the increased difficulty 

in processing salivary data, saliva is a severely under-utilized biofluid in the field of 

metabolomics, with great potential to assist in the classification and validation of 

dietary patterns in nutritional epidemiology.  

Overall, the work presented in this thesis demonstrates clear potential for these 

biofluids in biomarker discovery using novel complementary analytical workflows, 

and there is potential for these to be higher throughput  and more reproducible. 

The unique subset of NIDAS led to other additional conclusions. Dietary diversity was 

lower than expected, and scores were relatively homogenous. This was partially due 
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to a consistently low consumption of fish and shellfish products across the entire 

cohort. One of the criteria for being eligible to participate in NIDAS was an absence 

of known health conditions. The elevated concentrations of specific metabolites in 

some of these samples (particularly, extremely high concentrations of urinary glucose 

in two participants, and not correlating with the intake of any individual foods) 

suggests that some study participants could unknowingly have metabolic disturbances.   

 

     5.2  Findings in the Context of the Current Literature 

This thesis makes significant contribution to the field of nutritional metabolomics. To 

the authors’ knowledge, it is the first project to present a multi-fluid approach in 

metabolomics to dietary composition, diversity and nutrient richness while employing 

a combined NMR and mass spectrometry methodology. Univariate statisticals 

approaches are similar to those used in other published work, mostly relying on 

multiple comparison-corrected correlation coefficients. With these methods, a urinary 

biomarker of coffee intake (trigonelline) was validated. Furthermore, novel, 

biologically plausible biomarkers were discovered across all biofluids.  

Biomarkers were largely unreported in the literature (with the exception of trigonelline 

in coffee), but are entirely plausible. Our reported meat biomarkers were circulating 

levels of choline and two salivary amino acids, which align well with known markers 

of meat and protein-rich diets, which are rich in amino acids, ferritin and lipid 

metabolites (Cuparencu et al., 2019; Wittenbecher et al., 2015). 

The two amino acids proposed as meat biomarkers, namely aspartate and citrulline, 

are curiously linked by the urea cycle, where they are condensed into 

argininosuccinate by the enzyme argininosuccinate synthetase, in a key step in the 

body’s conversion of ammonia to urea for later excretion. This process takes place 
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primarily in the liver, so literature on the presence of these amino acids in saliva is 

comparatively scarce, as are the salivary levels of othermetabolites which intervene in 

this cycle. 

Similarly, circulating phosphatidylcholines, lysophosphatidylcholines and other 

glycerophopsholipids and derivatives are extremely plausible within the current 

literature for dairy biomarkers, which consists primarily of fatty acids (especially 

C15:0 – pentadecanoice acid and C17:0 – heptadecanoic acid) and 

phosphatidylcholine compounds (Imamura et al., 2018; Münger et al., 2018; Pranger 

et al., 2019). 

This higher abundance of these molecules in participants who consumed more dairy 

products (primarily dairy fat, although we were unable to specify this due to 

insufficient detail being recorded in some food diary entries) is explainable based on 

the composition of the MFGM (milk fat globule membrane), which is very rich in 

assorted phospholipids and sphingolipids (Fontecha et al., 2020). 

This study also attempted to validate biomarkers found in the literature, with 

inconsistent results. Positive associations, like serum dairy and PC ae C30:0, did not 

have enough statistical power to originally pass the Benjamini-Hochberg test, but their 

reanalysis confirms their suitability as biomarkers of food intake used in diverse 

populations. Biomarkers which failed to validate could potentially be explained by the 

current study’s lower sample size and different demographics. In the case of the two 

Schmidt et al. papers (with a comparable number of samples) looking at the urinary 

metabotyping of different diets in the EPIC cohort, this could have also been caused 

by the cohort’s increased homogeneity, since both studies focused primarily on male 

participants (Schmidt et al., 2015; Schmidt et al., 2021). 
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A unique and defining attribute of this thesis’ compared with other longitudinal 

metabolomics studies was the multivariate approach undertaken. While OPLS-DA is 

well-established in chemometric analyses with large numbers of analytes, the majority 

of metabolomics studies have well-defined control and intervention arms before the 

experiments are run and the data is analysed (Antonelli et al., 2019; Bylesjö et al., 

2006). This is challenging in nutrition research, due to a lack of true “placebos” even 

in intervention studies, although these still tend to have control groups (Ryan et al., 

2013). 

Some longitudinal studies have also found use in performing secondary, more 

specialized nested studies within the original cohort to generate additional data, but 

this is not possible in the current thesis due to the relatively low number of participants 

in NIDAS.  However, this work, having generated complex dietary scores and 

spreadsheets of metabolite concentrations, could serve as a starting point to similar 

large projects should more participants of the NICOLA cohort to be profiled in this 

manner. For example, controlled interventions with set hypotheses for biomarker 

response. 

This study is also noteworthy within the field of nutritional metabolomics due to its 

focus on both individual nutrients and multiple complex dietary scores. These scores 

showed a lower dietary diversity and slightly-lower nutrient richness in the Northern 

Irish diet when compared to the original publications (Dutch, Polish and Japanese 

populations). Unfortunately, these scores have not been widely-used enough in 

different populations to enable a more thorough comparison.   

The field of nutrition as a whole has long evolved to study complex dietary patterns 

over single food intake and micronutrient concentrations, since the effects of these 

smaller elements on human health are understood to be greater in combination and act 
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synergistically. In fact, the full scope of an individual/group’s interaction with their 

food environment and its impact on health remains challenging to research, interpret 

and report on (Vitolins and Case, 2020). At the time of writing, most studies analysed 

for the current thesis have been primarily focused on discovering biomarkers or 

metabolite panels for foods rather than metabolic signatures associated with global 

nutritional habits. Exceptions to this tend to focus on well-studied dietary patterns such 

as the Mediterranean Diet or DASH. More recently a significant cross-sectional study 

nested within two major cross-sectional cohorts (Nurse’s Health and Health 

Professionals Follow-up) which aimed to profile a plasma lipid signature for healthy 

dietary habits as measured by the Alternative Healthy Eating Index (Asemi et al., 

2014; Bagheri et al., 2020; Li et al., 2020). 

Similarly, and despite the proven benefits of this combined profiling methodology, the 

majority of published metabolomics studies (including in nutritional metabolomics) is 

still mainly focused on a single analytical technique. For example, the overwhelming 

majority of such studies (over 2/3 of metabolomics studies from the last 5 years 

available on Pubmed) employed only mass spectrometry. Less than 10% of overall 

metabolomics publications published over the same time period mention both of these 

techniques, making the current thesis relatively novel.  

However, more recently, the evolution within the field of nutritional metabolomics 

towards more complex diets and experimental methodologies is becoming noticeable. 

Some recent studies have looked at discriminating simpler dietary profiles using both 

of these analytical methods in unison. A recent study by Schmidt et al. successfully 

discriminated vegetarians, from primary meat-eaters and from fish-eaters using the 

same targeted p180 kits as the current thesis coupled with NMR measurements 

(Schmidt et al., 2021). Interestingly, this study was an expansion of a previous 
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landmark paper by the same authors on the EPIC cohort, which exclusively used the 

kits on patient plasma (Schmidt et al., 2015). This effectively more than doubled the 

metabolite signatures recorded for the study and showed very limited overlap between 

the metabolites detected by each instrument, thus clearly showing the benefit of this 

approach. 

Lastly, even though direct comparisons between biofluids was extremely limited in 

this thesis, its encompassing of three sample types is also novel. Most published 

metabolomics studies focus primarily on a single fluid for biomarker discovery or 

metabolic fingerprinting. Serum and plasma-based studies still make up the bulk of 

new metabolomics publications, with urine and faeces being much less common, and 

less than 1% of all new metabolomics studies profiling saliva. In nutritional 

metabolomics, the use of saliva as a matrix is extremely uncommon, and represents an 

area that is ripe for new discoveries (Logan et al., 2021). 

The main exception to this are larger cohort studies, but many of these handle the 

complexity of these datasets by separately analysing and publishing nested studies. 

The previously-mentioned EPIC cohort has extensively used both blood and urine-

based metabolomics workflows for dietary profiling and facilitating the connections 

between nutrition and health, more specifically cancer (Perez-Cornago et al., 2021; 

Zamora-Ros et al., 2016). Two other significant examples are the PREDIMED trial 

and the Three Cities cohort study, both looking at the impact of Mediterranean Diet 

on health. PREDIMED has remained the largest trial of a nutritional intervention and 

its effects on metabolism, and has been the principal source of urine and blood-based 

biomarker candidates for both individual constituents of the Mediterranean Diet and 

for the diet as a whole, using both LC-MS and 1H NMR (Hernández-Alonso et al., 

2019; Madrid-Gambin et al., 2017; Papandreou et al., 2019; Vázquez-Fresno et al., 
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2015). The Three Cities cohort has performed similar work and nested interventions 

in an observational cohort, and have recently published one of the first examples of 

high-throughput, mass spectrometry-based molecular screening for dietary 

fingerprinting in saliva, although they identified protein markers rather than small 

molecules (Chambon et al., 2021). 

While not focused specifically on nutrition, the Lau et. al. (2018) study from the 

Human Early-Life Exposome Project is worth mention for being closest in design to 

this thesis, as it combined 1H NMR and p180 kit approach to profiling multiple 

lifestyle factors. None of the putative dietary biomarkers flagged from the six cohorts 

that comprised this study were replicated in this thesis, as was expected due to the 

large differences in sample size and particularly cohort demographics (Lau et al., 

2018). 

The NICOLA cohort has over 8500 older adults enlisted. While only 96 were profiled 

by the NIDAS study as part of this thesis (and in an incomplete fashion due to missing 

samples), the results were promising enough to suggest that some degree of follow-up 

of the wider cohort is warranted, similar to the previously-discussed cases.  

However, he more limited data currently available for the wide NICOLA cohort, 

especially dietary data (FFQs are available, rather than food diaries) would restrict 

dietary validation efforts, barring more data collection or a nested intervention within 

NICOLA. External validation of these biomarkers in another cohort could alsp be 

employed before attempting to link these metabolites to any health outcomes for this 

cohort. 

 



167 

 

     5.3  Thesis Strengths and Limitations 

The different design aspects of this study have several advantages (and also 

limitations) compared with similar studies in this field. The complementary analytical 

chemistry techniques and standardized approach employed throughout the three 

sample types enabled a direct comparison between biofluid subsets. This level of 

standardization would also make scaling the study up to a larger sub-population within 

the NICOLA cohort more straightforward and time-efficient compared with more 

disparate or purely untargeted metabolomics workflows. The dietary and lifestyle data 

taken from the wider cohort, although less detailed, would enable further modelling 

and biomarker validation.  

Likewise, the cohort is comprised of a free-living population, making the studied diets 

truly representative of those consumed by the older population of Northern Ireland. 

Free-living cohorts are also arguably better for capturing the long-term effects of 

dietary habits (Crichton et al., 2012). 

These last two aspects of the study can also be seen as potential disadvantages. The 

lack of a control group, even of matched controls using low/high DDS and E-NRF 

scores (due to the relatively low number of participants profiled) makes it impossible 

to establish clear causation or higher-quality correlations between consumption of a 

specific food and the concentration of one or more metabolites. Causation is not 

strictly necessary when working with nutritional biomarkers – for example, read meat 

intake has been shown to be associated with smoking, so biomarkers of smoke intake 

could potentially be used as effective meat biomarkers (together with self-reported 

mutritional data) in select populations despite essentially being latent variables (Pan 

et al., 2012). This does, however, limit the potential use of these biomarkers in systems 

biology approaches. The relatively-high interval between diary and sample collection 



168 

 

(up to 2 weeks) also means that less longitudinally-stable markers could be 

misrepresented. 

There are also differences in the composition of the NIDAS sub-cohort when 

compared to the wider NICOLA cohort; as previously discussed, NIDAS participants 

were slightly-older on average and all completely sedentary – this is especially 

relevant since creatinine, the metabolite used to normalize the urine data, is associated 

with aging. Some dietary discrepancies with the wider cohort were also noted – 

namely that average consumption of fruits and vegetables was lower, with much fewer 

participants completing their “5 a day”. Data on confounding factors was also 

incomplete (i.e., BMI was only available for some participants) or missing altogether 

(medical history, smoking status, etc…). Most significantly, all NIDAs participants 

had no reported comorbidities (although some might still be present), in contrast to the 

baseline rates of known age-related disease in NICOLA. 

The number of potential confounding factors provided was also limited to participant 

age, sex and BMI (physical activity was also provided, although participants were 

uniformly sedentary), while other factors such as smoking status and medical history 

were not available for analysis.  

Lastly, the p180 profiling kits, whilst highly-reproducible, measures a comparatively 

small proportion of the total metabolome. The more recently available Quant500 kits, 

or well-validated in-house metabolite libraries, would be preferable for follow-up 

studies. 

Bayesil, the targeted approach used for NMR spectral quantification in serum suffers 

from a similar problem, essentially limiting the number of analytes that can be 

measured in the samples in this manner. Manual peak-picking is also liable to miss 

some features, especially If these have low relative abundance or the matrix is 
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complex, such as Proline Betaine and 2-furoylglycine, a promising urinary coffee 

biomarker which was not detected  in the current sample set (Heinzmann et al. 2015) 

Approaches such as the previously-discussed automated profiling tool SigMA remedy 

this by focusing on a single biofluid and containing expanded libraries, and should 

thus be considered for follow-up studies. Individually pH-balancing each sample 

(rather than adding a set amount of buffer) and running spiked samples to establish 

LOD/LLOQ would also increase NMR workflow robustness. 

 

     5.4 Further Work Required 

NICOLA is one of the few cohorts of its type and size simultaneously looking at 

multiple omics technologies and their potential at characterizing the aging process in 

a real-world setting. For example, in its use of epigenetics for linking aging with 

lifestyle habits (Fiorito et al., 2019). Conversely, NICOLA is also limited by its lack 

of highly-detailed food diaries for the entire cohort-wide, and uneven sample 

collection; i.e., saliva samples not being collected outside of NIDAS, and follow-up 

samples not being available for most participants. Despite this, there are several 

options for potential next steps within the cohort for biomarker discovery, validation, 

and metabolite-outcome associations.  

As previously discussed, nested interventions within NICOLA, both for biomarker 

validation and novel marker discovery are also a potential next step, and the use of 

biomarkers discovered or validated through these means could subsequently be scaled 

up to the rest of the cohort with more confidence. It is quite common to incorporate 

this workflow in nutrition-based metabolomics studies, and while they are more 

targeted and invariably result in a narrower set of results (potentially one specific food 

or diet), metabolite set enrichment analysis would allow for detailed breakdowns of 
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each individual pathway affected by the nutritional habit of interest. This could further 

be integrated with other omics techniques already being undertaken on NICOLA 

participants for a comprehensive systems biology approach to nutrition research. 

Another area of future investigation is workflow specialization, particularly for saliva, 

which is still novel within the field of nutritional metabolomics. The saliva pilot study 

performed for this thesis yielded promising data despite low participant number and 

non-optimised kits (160 of the 200 saliva features were from mass spectrometry 

analysis despite the fact that the p180 is not tailored to this biofluid). So the 

development of tailored specific protocol and a specialized library is an enticing 

possibility. 

A more holistic approach to the validation of these biomarkers could also yield more 

interesting results. The understanding of metabolites purely as intervenients in 

anabolic and catabolic reactions has evolved significantly over the last 10 years to 

accommodate new knowledge of their roles as key intermediates and signaling 

regulators in health and disease (Chouchani, 2022; Taylor et al., 2021). Most 

interesting is the potential plasticity and system-wide interaction of these metabolic 

networks, best exemplified by the recent discovery of a novel mechanism which 

substitues phenylalanine for tryptophan in protein synthesis when the latter is depleted 

in cancer cells (Pataskar et al., 2022).  

Lastly, and most importantly, is the validation of these results in external cohorts. 

Environmental factors local to Northern Ireland are potential conditioners to the 

extrapolation of these biomarkers and metabolic fingerprints to other populations.  

Currently, one follow-up effort is being undertaken on this thesis. A set of roughly 90 

urine samples from 30 participants (baseline and 2 follow-ups) enrolled in a fruit and 
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vegetable-focused intervention coordinated from Newcastle, Australia are currently 

being processed in one of our partner laboratories in Michigan.  

A second collaboration with an intervention study from Wageningen is currently under 

discussion, and the dietary score formulae and metabolomics data produced for this 

study are also already being used as starting points for another study within the cohort, 

looking at micronutrient values. 

 

     5.5 The Bigger Picture: Public Health and Patient Care 

Implications 

These biomarkers and fingerprints have key implications for the diets of older adults. 

Primarily, this thesis suggests that self-reported data in this age group is reflected in a 

small subset of key metabolites, present in both blood serum and more easily-available 

urine and saliva, although the overall metabolic profiles of these participants with 

distinct diets are not noticeably different. 

Thus, a combined approach to nutritional data collection using metabolomics, food 

diaries and food frequency questionnaires could be useful for future studies looking at 

the role of nutrition in healthy ageing. Better, more accurate biomarkers will also result 

in more accurate assessment and improved monitoring of individuals’ responses to 

different foods and diets. 

In regards to studying the relationship between diet and health, or diet and disease 

progression, some of these biomarkers have been previously-flagged as molecules of 

interest. Choline, which we identified as correlating with meat intake in serum, is an 

extremely well-established essential nutrient, the absence of which also being a 

trademark of multiple diseases (Zeisel and da Costa, 2009). Conversely, aspartate, 

which we also identified as a meat biomarker but in saliva, has been shown via a 
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mendelian randomization study to have an inverse association with ischemic heart 

disease. This study focused on genetically-predicted values based on variants, but also 

considers the putative benefits of dietary supplementation (Zhao et al., 2019). 

By further building on and improving on the study of these molecules, and creating 

better quality biomarkers, it will be possible to better understand how nutrition impacts 

these diseases as well as other health outcomes. This can also potentially influence 

future nutritional guidelines, and potentiate better nutritional trials which can monitor 

patients more accurately. 

As previously-mentioned, no direct causality can be established from the current study 

on how these biomarkers can link nutrition with disease progression or recession, but 

it instead comprises a wider, ongoing body of work that is continually developing 

novel tools and biomarkers for public health, clinical nutrition and healthy ageing. 

 

     5.6 Conclusions 

In conclusion this thesis delineates and validates a combined metabolomics protocol 

for extracting and processing NMR and UPLC-MS/MS data from multiple biofluids, 

and applied it to a longitudinal study looking at the nutritional habits of older adults. 

Viable biomarkers were discovered for all three biofluids analysed, with serum having 

the highest number of identified compounds, followed by urine and saliva. This cannot 

fully be ascribed to a particular sample type being more likely to yield better results 

with our protocol, as sample number was heavily correlated with an increased number 

of putative biomarkers. This suggests that increased statistical power played a role in 

the differences seen across biofluids. 

A total of twelve (fifteen pre-adjustment) biomarkers of individual foods were 

discovered across the three fluids, six in serum, four in urine and two in saliva. All had 
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different degrees of biological plausibility, with phosphatidylcholines in dairy and 

amino acids and derivatives in meat being the most highly plausible. 

Multivariate models created for each biofluid did not adequately model the complex 

dietary habits measured (dietary composition via k-means clustering of individual 

foods, diversity via the modified FDSK-11 DDS score, and nutrient richness via the 

E-NRF score), potentially due ad-hoc groupings for these dietary scores and overall 

low participant numbers. However, VIP plots from these models still showed 

significant differences between clusters and scores, with generally higher choline, 

phosphatidylcholine and amino acid concentrations in less ’healthy’ clusters and lower 

scores. It was also possible to directly compare an equal number of serum and saliva, 

concluding that saliva data modeled better overall. 

These biomarkers, after further validation, can serve as useful tools to be used 

alongside self-reported dietary data in larger, free-living cohort studies, especially 

those aiming to better understand how nutrition can impact aging and age-related 

diseases. Follow-up studies should also aim to profile a larger number of participants 

to better model the metabolic fingerprints of complex diets. They should also consider 

interventions to generate causal data, enabling the advancement of systems biology 

approaches as applied in nutrition epidemiology. 
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