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Abstract  
Background: Traditional dietary assessment methods such as food frequency 

questionnaires (FFQs), food diaries, and 24 h recalls are subject to misreporting. This 

has triggered nutritional research to consider nutritional biomarkers as an objective 

method to measure dietary intake. The investigation and promotion of healthy 

dietary patterns has increasingly gained importance to guide better dietary advice. 

Among the healthy dietary patterns, the Mediterranean diet has the strongest 

evidence to date in terms of its health benefits. 

Aim and objectives:  The present project aimed to investigate the metabolomic profile 

of a Mediterranean diet (MD) and to gain a better understanding of the blood 

biomarkers associated with it, to compare these with other biomarkers proposed in 

the literature, and to discover novel biomarkers of a healthy dietary pattern and of a 

MD in particular. Lastly, this project investigated the changes in the identified MD 

biomarkers during a 1-year intervention to promote MD adherence. 

Methods: Blood samples and dietary data from the Mediterranean diet in Northern 

Ireland (MEDDINI) intervention study and a list of 31 targeted plasma and serum 

biomarkers were used. Four experimental studies were undertaken (two laboratory 

based and two non-laboratory based) to achieve the above stated aims: i. A proton 

nuclear resonance analysis and ii. an LC-MS analysis based untargeted metabolomics 

study  were carried out analysing plasma samples from the MEDDINI patients, 

measuring their adherence to a MD diet through a previously validated 14-point MD 

score and dividing the patients according to low vs high MD adherence. Significant 

differences in biomarkers associated with these groups were analysed. iii. Biomarkers 

associated with a healthy dietary pattern were analysed by the application of K-

means cluster analysis to dietary data collected from the MEDDINI study. iv. Lastly, 

through the use of statistical methods, the changes in the untargeted MD identified 

biomarkers and the targeted biomarkers previously measured and quantified during 

the 1-year intervention were analysed and reported, as well relating the changes in 

adherence to the MD score to the change in biomarkers. 

Results: The NMR and LCMS studies (Chapters 2 and 3 respectively) revealed a list of 

12 biomarkers significantly associated with the MD score. Seven of these biomarkers 

were positively associated with MD: Citric acid, betaine, eicosapentaenoic acid (EPA), 
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lysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-18:1(9Z)/16:0)), Pectenotoxin-2 secoacid 

(PTX2SA), and xi-8-hydroxyhexadecanedioic acid) and 5 of these negatively 

associated: pyruvic acid, myo-inositol, mannose, (MG(0:0/16:1(9Z)/0:0), 

MG(0:0/20:3(5Z,8Z,11Z)/0:0)). The analysis of the targeted biomarker data also 

identified EPA, vitamin C and α-linolenic acid, as biomarkers significantly positively 

associated with the MDS.  Findings from the present study also showed citric acid, 

betaine, EPA, vitamin C and α-linolenic acid significantly associated with a healthy 

dietary pattern together with DHA, tyrosine, β-carotene and α-carotene. It further 

showed adrenic acid, osbond acid, cholesterol, dihomo-γ-linolenic acid (DGLA) and 

triglycerides were significantly associated with an unhealthy dietary pattern. Lastly, 

the markers citric acid, betaine, EPA, vitamin C, α-linolenic acid, LysoPC 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC (P-18:1(9Z)/16:0), PTX2SA, xi-8-hydroxyhexa decanedioic 

acid, MG (0:0/16:1(9Z)/0:0), MG-(0:0/20:3(5Z,8Z,11Z)/0:0), and myo-inositol 

significantly differed between the intervention timepoints. The former 9 markers 

showed a positive linear relationship with MDS while the latter 3 markers showed a 

negative linear relationship. Furthermore, the change in MDS and change in 

biomarker showed a positive relationship between baseline and 6 months and 

baseline and 12 months for vitamin C, citric acid, EPA, betaine, LysoPC- 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC (P-18:1(9Z)/16:0), PTX2SA, xi-8-hydroxyhexa- 

decanedioic acid. A positive and significant (p <0.05) correlation was found between 

change in MDS and change in vitamin C, EPA, LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0), 

PC (P-18:1(9Z)/16:0), and  PTX2SA between baseline and 6 months and EPA and 

LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0) between baseline and 12motnhs. 

Conclusions: Metabolomics is a powerful tool for the discovery of novel dietary 

biomarkers. Our findings revealed a panel of 14 putative MD biomarkers that could 

after validation be used as indicators of MD adherence. The present study also shows 

the use of cluster analysis to derive dietary patterns from dietary data, classify 

individuals according to their dietary pattern and find representative biomarkers of 

such diets. 
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Chapter 1. Literature Review 
Non-communicable diseases (NCD), including type II diabetes, cardiovascular 

disease, hypertension and some types of cancer, currently surpass half of the global 

burden of disease (1). According to the World Health Organisation (WHO), each year 

15 million people between the ages of 30 and 69 years die from an NCD; 

cardiovascular disease (CVD) accounts for the majority of NCD-related deaths (i.e. 

44% of them) (2). One of the global leading risk factors for NCDs, alongside tobacco 

use, is poor eating habits (3). Specifically, following an unhealthy dietary pattern, high 

in processed foods, saturated fats and sugars and low in dietary fibre, has been 

associated with an increased risk of NCD incidence, as it has been well demonstrated 

in previous literature (1,3,4). Findings from clinical trials demonstrate that nutrition 

modification and the adoption of healthier dietary patterns can lead to significant 

decline in NCD mortality (4,5). Indicatively, two European diets, the Mediterranean 

diet and the New Nordic diet, have been repeatedly highlighted for their health 

promoting effect and protective effect against NCDs (6,7). 

1.1 Mediterranean Diet: origin and food components 

The term Mediterranean Diet (MD) describes the traditional dietary habits of the 

countries (or areas of countries) bordering the Mediterranean sea, including Greece, 

Spain, Italy and Northern Egypt (8). Each of these areas, where MD was established, 

have developed their own preferences, ingredients and recipes and hence, variations 

in MD among countries exist (9). The MD is primarily characterised by high intake of 

fruits and vegetables, whole grains, fish, nuts, legumes, olive oil, moderate red wine 

consumption and reduced consumption of highly processed foods (e.g. sugar 

sweetened beverages, confectionary), processed meats and fast food (10,11). Others 

have defined MD as a plant-based cuisine using vegetables, fruits, cereals, nuts, and 

legumes, using substantial amounts of olive oil for their preparation, and a moderate 

intake of fish, seafood or dairy, and limited intake of meat and alcohol (primarily red 

wine)(8). It has been hypothesised that MD’s beneficial effect on protecting against 

chronic disease and prolonging the lifespan (as will discussed later) relies on the 

synergistic effect of its components (12,13).  
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Figure 0.1. Mediterranean diet model proposed in 2010 as a simplified and adaptable MD model for the 

different social and cultural contexts of different countries (17) 

The flexibility that MD offers has facilitated the adoption of the dietary pattern in 

other non-Mediterranean countries, as it has proved to be possible in a number of 

different countries such as the United States (US), the Netherlands and Australia (14). 

1.1.2 MD Pyramid 

A pyramid was first used to display the nutritional recommendations for the 

American population in 1992 (15). Following the success of the model in helping 

people make healthy eating choices and, as the evidence base around the health 

benefits of following MD was expanding, the form of pyramid was adopted to 

represent the principles of MD (15). Over time, the MD pyramid was used with slight 

variations by not only the Mediterranean countries, but also worldwide, to 

encourage healthy dietary habits that will reduce the risk of chronic disease at a 

population level (16). In 2010 the Mediterranean Diet Foundation along with 

international nutrition experts developed a consensus position on a new revised 

representation for a general, unified and flexible MD pyramid (17). The 

recommendations included in the revised pyramid covered the frequency and the 

approximate quantities of the different food groups as part of MD, as seen in Figure 

1.1. 
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1.2 Mediterranean diet scores and application to measure MD adherence. 

The ever-growing research interest in MD led to the development of measures that 

assessed the adherence to a MD pattern (18–21).These measures addressed multiple 

dietary components associated with MD and the frequency and quantity of their 

consumption in order to assign a score value which reflects the degree of adherence 

to MD (22). Hence, they were useful tools in evaluating the level of agreement with 

a MD pattern and hence, its health benefits. Several of these scores have been 

developed in the last three decades with variable quality (22). 

The first score was created by Trichopoulou et al. in 1995 and consisted of 8 dietary 

components: monounsaturated: saturated fat ratio; ethanol intake; consumption of 

legumes; consumption of cereals; consumption of fruits; consumption of vegetables; 

consumption of meat and meat products; and consumption of milk and dairy 

products (18). One point was assigned for every MD-associated food whose intake 

was higher than the corresponding median value specific for sex, which was used as 

the cut-off point for each of these components. Despite the small population used in 

the study (N=182), it was observed than one unit increase in diet score was associated 

with a significant 17% reduction in overall mortality (18). In 2003, Trichopoulou et al. 

in a study with a larger sample from the Greek adult population (N=22,043) adapted 

the former index to include fish intake. The revised index comprised 9 food 

components rendering a 10-point scale ranging from 0 to 9 representing the lowest 

and highest adherence to MD respectively. Consumption of vegetables, legumes, 

fruits and nuts, cereal, and fish was considered beneficial. Hence, for each of these 

components 1 point was assigned if their intake was equal or higher than the sex-

specific median used as that component’s cut-off. Higher consumption of meat and 

meat products, and dairy products were considered harmful and so 1 point was 

assigned if their intake was below the sex-specific median for each of these 

components. Ethanol intake and the ratio of monounsaturated lipids to saturated 

lipids were also considered to assign an overall score of MD adherence (23).  

Additional scores published subsequently include a 9-item index designed by 

Martinez-Gonzalez et al., as well as the 14-item Mediterranean Diet Adherence 

Screener (MEDAS) (19,20). Both were developed within a Spanish population; these 

tools were not dependent on calculating a sex-specific median to assess each 
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individual component and, therefore, simplified the process of capturing an overall 

MD adherence score.  

Several indexes were designed to measure adherence to MD in diverse populations 

residing in non-Mediterranean countries (24). An example of utilising a MD 

adherence assessment tool in non-Mediterranean countries was the MEDDINI study, 

whereby 61 individuals who had previous CVD from a Northern European population 

adopted a MD for up to 12 months. MD adherence was assessed with the previously 

mentioned Martinez-Gonzalez 9-point index. Participants made changes to adopt a 

MD pattern and demonstrated a score increase of up to 2-3 points during the 

intervention (25). 

Another example of assessing compliance with MD in non-Mediterranean population 

is within the European Prospective Investigation into Cancer and Nutrition (EPIC), a 

large cohort study of 60+ adults in 9 European countries (Denmark, France, Germany, 

Greece, Italy, the Netherlands, Spain, Sweden and the United Kingdom). In EPIC the 

10-point scale MD score developed by Trichopoulou et al. was modified to account 

for the fact that the intake of monounsaturated fat from olive oil was not as high as 

in Mediterranean countries. Therefore, in the adapted score the sum of 

monounsaturated and polyunsaturated lipids was considered for the calculation of 

the lipid ratio. The study showed that an increase in the modified Mediterranean diet 

score was associated with lower overall mortality specifically, a two-unit increment 

corresponded to a statistically significant reduction of 8% (26). 

1.3 Mediterranean diet and health status 

The health protective effects of MD were first observed around the 1950s, when a 

low incidence of CVD was observed in Southern Italian regions. Since then, multiple 

studies have established and strengthened the evidence base around the health 

benefits of adhering to an MD (27–32).  

The first large-scale dietary intervention designed to assess the effects of the 

Mediterranean diet on cardiovascular disease prevention was the PREDIMED study. 

PREDIMED included 7,447 elderly subjects living in Spain at high cardiovascular risk 

and followed them over a period of 5 years. Subjects were assigned to an MD group 

supplemented with extra virgin olive oil, or an MD group supplemented with nuts, or 

a control group with a low-fat diet (11). Findings from PREDIMED demonstrate that 
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high levels of MD adherence are associated with a reduced incidence of type II 

diabetes, metabolic syndrome, hypertension, and a favourable CVD risk profile (i.e. 

lower BMI, lower fasting blood glucose concentration, and higher HDL-cholesterol 

concentration) (33–38). As the body of literature on MD and health grows, a number 

of systematic reviews have been published in the last decade. In 2013, a  systematic 

review and meta-analysis included 35 cohort studies completed to that date that had 

investigated the relationship between MD and health status (32). Their results were 

drawn from 4,172,412 subjects and showed that a 2-point increase in MD adherence 

was associated with a reduction of overall mortality (by 8%), reduced risk of CVD (by 

10 %) and cancer (by 4%). In 2017 an umbrella review of 35 observational studies 

(prospective, cross-sectional and case-control) and 16 randomised clinical trials 

(RCTs) investigated the relationship between adherence to a MD and overall health 

status, as determined by 37 different health outcomes (31). The analyses included 

data from 12,800,000 participants and overall results are consistent with the 

systematic review by Sofi et al (32). Findings from meta-analysis of both 

observational studies and RCTs showed a significant relationship between adherence 

to MD and a reduced risk of overall mortality and CVD incidence and mortality. Other 

significant health outcomes linked with a high level of MD adherence included a 

decrease in overall cancer incidence and type II diabetes.  

1.4 Biomarkers and dietary assessment 

Nutritional epidemiology is the subdiscipline of epidemiology which studies the 

relationship between diet and disease. It provides data from nutritional studies which 

is  used by Public Health organisations to offer better dietary advice, improve public 

health policies, and prevent NCDs (39). Nutritional epidemiology relies on dietary 

assessment to provide accurate and reliable dietary data (40,41), however, a good 

understanding of diet and health outcomes is only possible if accurate assessment of 

dietary intake is put into practice (42,43) . To date, numerous authors agree this still 

remains a challenge (40–48). Different methods of dietary assessment are available 

and the choice should be made considering the purpose of the study and the 

strengths and weaknesses of each method (47). Food frequency questionnaires 

(FFQs), food diaries, and 24 h recalls are examples of self-reporting methods 

traditionally and commonly used in the assessment of dietary intake. These have 
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been a cornerstone in assisting advances in nutritional research  since decades ago 

up to the present moment (49). However dietary data is not easy to obtain (44). 

Different factors affect this, among them: the high amount of food choices available 

to consumers, the variability of human diet preferences (45), participants’ perception 

of food portions, misreporting because of memory, lack of literacy, lack of 

engagement and enthusiasm after a period of time, or simply a desire from the 

participant to appear compliant with a healthy diet (45,46). FFQs are very widely used 

due to being easier to complete, however in small to medium sized studies with 

motivated participants food diaries have shown to be an optimal method (44), 

although these are still prompted to bias as participants may eat less or choose to eat 

simpler foods on recording days  (44,45).  

These limitations have triggered nutritional research to consider nutritional 

biomarkers as an objective method to measure dietary intake (50).  

1.4.1. Dietary biomarkers and classification. 

In general terms,  biomarkers are any substance or process in the body fluids such us 

blood, urine, or saliva, which are measurable and whose response can be used as a 

measure of outcome or disease (51). To date the most commonly used biofluids are 

urine, and serum and plasma from blood samples (52). More specifically, dietary 

biomarkers are any substance that can serve as an indicator of food or drink intake, 

or as an indicator of a resultant substance from the metabolism of dietary 

constituents and, this way, help predict the nutritional status of an individual (45). 

These can be single metabolites, or a combination of metabolites, which show a 

response after intake of a specific food or food group and hence reflect the 

consumption of such food (7). Due to the fundamental link between diet and health, 

numerous nutritional studies have focused on the search of both dietary and health 

biomarkers (7,53–55). Furthermore, researching dietary and health biomarkers may 

help to better understand the association between diet, lifestyle or other 

environmental variables (54). These studies have however reported the lack of a 

generally accepted classification for biomarkers that will help to better communicate 

their use and application (53)(54). Taking this need into consideration, Gao et al. 

recently defined a classification scheme for biomarkers related to food intake based 

on their intended use. According to the authors, it is the intended use that best 
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determines the classification of a given biomarker (54). This classification 

differentiated 6 distinct biomarkers subclasses:  

- Food compound intake biomarkers:  They are indicators of intakes within a 

well-defined timeframe. These compounds may be nutrients or non-nutrients 

i.e. other chemical compounds present in food. Examples of biomarkers from 

this group are urinary potassium used to assess the dietary potassium intake 

over a period of 24 h, or non-nutrients such as toxicants present in foods. 

Plant metabolites such as phenolics, simple terpenes or others may fall under 

this category.  

- Food or food component intake biomarkers: They are used to measure 

recent or average intakes of specific food groups or food components, e.g.: 

proline betaine to measure citrus fruit intake.  

- Dietary pattern biomarkers: They are a set of food or food components 

intake biomarkers that reflect the average diet of an individual. They are used 

to distinguish between different dietary habits or to highlight the relative 

adherence to a pre-defined diet such as Mediterranean or Nordic diets. 

Examples of putative biomarkers reflecting these diets are EPA and citrate for 

the former (56) and DHA and hippuric acid for the latter. 

- Food compound status biomarker: They represent the current nutritional 

status of a nutrient or food compound, e.g. homocysteine as an indicator of 

folate deficiency. 

- Effect biomarkers: They are used to monitor changes in biochemical, 

physiological or psychological state as a response to nutritional exposures, 

e.g. blood pressure or fasting glucose levels. 

- Health state biomarkers: They include the ‘classical’ susceptibility and host 

factor assessment biomarkers related to known individual health risks. For 

example, the changes in total, LDL and HDL cholesterol 

Figure 1.2 shows the steps followed in the search of dietary biomarkers from the 

beginning of the intervention or observation study to the use of the biomarker. 
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As mentioned, comparing biomarkers to traditional dietary assessment methods, the 

former provides unbiased, quantitative measures of previous dietary exposures (50). 

While the potential of biomarkers to replace traditional methods has been 

highlighted (57,58) several authors have  reported that the number of validated 

biomarkers is still very limited and they can only complement rather than replace 

such methods (49,52,59–62). Nevertheless biomarkers combined with traditional 

approaches  can potentially strengthen the validity and robustness of nutritional data 

(49,60,62). To date only a few dietary biomarkers have been validated and are well 

established. Among these are urinary sodium and potassium concentrations for salt 

Dietary interventions/Observational studies 

Dietary assessment data: 
Food diaries, FFQ, 24 h 

recall 

Biological samples: 
Blood/Urine 

Phenotype 
information 

Metabolomics data 

 
Statistical analysis 
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Figure 0.2. Workflow of nutritional research approaches for biomarker discovery. 
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and potassium intake (54), total nitrogen for protein intake (7), urinary fructose and 

sucrose for sugar intake (63), proline betaine for citrus fruit intake (64), and n-3 fatty 

acids for oily fish intake (49). Among fish intake biomarkers, DHA and EPA have been 

validated and clearly recognised as biomarkers of usual fish intake (65), and used to 

validate FFQs for fish intake assessment (66). Putative biomarkers have been found 

for a number of different foods such as salmon, brassica, wholegrain cereals, 

raspberry, coffee, onions, and red meat (64,67). However, the importance of 

validating such biomarkers has been remarked (67).  Gibbons and Brennan carried 

out a review, which reported the high number of identified dietary putative 

biomarkers, but the lack of validation approaches carried out to solidly establish such 

biomarkers.  The use of urinary biomarkers and the lack of serum and plasma 

biomarkers in cohort studies was also highlighted in this review  (64).  

1.4.2. Considerations for the study of biomarkers of dietary patterns 

To study the relationship between diet and health, past research has focussed on the 

effect of specific nutrients, however research has proved that this approach does not 

reveal enough information about overall diet and that the synergistic effect of dietary 

exposure should be used to better understand this relationship (12,68).   

Studying the relationship between dietary patterns and health has become a key goal 

in nutritional research (7,45,54). Hu reported a number of useful important reasons 

to focus on the relationship of dietary patterns and health in lieu of single nutrients  

(68):   

1) Human diet is a complex combination of inter-correlated components. People 

do not eat one single food but consume a diet in which components interact 

with each other.  

2) Some foods and nutrients may affect (enhance or reduce) the response of 

others and should be observed in combination rather than separately.  

3) One nutrient alone may have a response too small to be detected, whereas a 

combination of nutrients may increase this same response so that it can 

measured.  

4) When a wide number of foods or nutrients are analysed, significant 

associations may appear by chance and one nutrient maybe be significantly 

associated to more than one response without having a real association with 
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such response. Furthermore, adjusting for multiple correlations may not 

remove the confounding effects  (68).  

This way an increasing number of studies are focussing on biomarkers of dietary 

patterns (45). These consist of a set of food biomarkers, which are able to 

differentiate subjects following different dietary patterns, and are indicative of high 

adherence to such dietary patterns (7) 

1.5 Metabolomics in the search of biomarkers of dietary patterns 

The concept “Precision Nutrition” has recently emerged referring to the combination 

of nutrition and omics technologies with the goal of increasing the knowledge about 

the mechanisms that link diet to health and disease, and this way take more effective 

steps towards the prevention of the latter (69). Among these ‘omic’ technologies, 

metabolomics is a key tool for assessing the nutritional status of an individual, a 

technology capable of providing a complete picture of all metabolites in a body 

fluid (70). Metabolomics is a discipline that refers to analytical chemistry approaches 

and that is dedicated to the global study of small molecules called metabolites in 

cells, tissues and biofluids at a given time (71). It is a key tool for the discovery of 

novel biomarkers (70) which have revolutionized nutritional research allowing an 

unbiased approach and examination of biofluids metabolites (both nutrients and 

non-nutrients) (72).  

The application of metabolomics into nutritional research has permitted the 

identification of a constantly expanding number of dietary biomarkers. Numerous 

studies have applied metabolomics to identify dietary pattern biomarkers (70,73–75) 

with direct measurements. Defined methods are used to measure dietary adherence, 

such as, dietary indexes (which include diet scores described previously), factors, and 

cluster analysis (68). The present thesis used the first and latter methods to 

investigate of biomarkers of adherence to dietary patterns. Two main technologies 

are most commonly applied in nutritional metabolomics, these are:  proton nuclear 

magnetic resonance (1H NMR) and liquid chromatography mass spectrometry. The 

main differences between these two approaches rely on their sensitivity, sample 

processing requirements, and metabolite coverage, but both technologies present 

different advantages and weaknesses (61) and the application of both combined may 

provide a better picture of the human metabolome profile (76–78). The general order 
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of steps in a metabolomic study after study design and sample collection will be 

sample analysis using one or more analytical tools, data extraction, statistical 

analysis, identification and biological interpretation. Figure 3 maps the general steps 

from sample collection to biomarker identification and the commonly used 

technologies in the field of metabolomics. Regardless of the technology used, these 

general steps will be used in all metabolomics study in the stated order. The following 

sections will focus on the NMR and LC-MS approaches for biomarker identification. 

 

Figure 0.3. Workflow of general steps of a metabolomics analysis (44) 

 

1.5.2. 1H-NMR based metabolomics 

1H NMR is a robust, reliable, technology for the identification and quantification of 

compound constituents which has been widely used for metabolite identification in 

biological fluids (79) Compared to other methods, it shows the advantages of 

requiring minimal sample processing which helps for a faster analyses , 1H-NMR is a 

non-destructive technique and allows samples to be recovered for further analysis. 

Furthermore, one its main advantages is that it provides both quantitative and 

structural metabolite information. This increases confidence when identifying novel 

biomarkers (80). However it presents the limitation of low sensitivity compared to 

LC-MS. In a given biological sample, 1H NMR detection and quantification shows a 

coverage of 30–100 different and more abundant metabolites, whereas High-
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resolution LC-MS allows the detection of ≤10,000 features depending on the platform 

and method (61). A picture of an NMR instrument is shown in Figure 1.4. One-

dimensional (1D) 1H-NMR has been the cornerstone for many years in biomarker 

research, and continues being used currently. A majority of published 1H- NMR based 

metabolic studies use 1D proton spectra followed by statistical which are then 

followed by pattern recognition methods (81). After NMR data is collected, it is 

prepared for multivariate analysis, for this a series of steps take place: baseline 

correction, alignment and binning. A number of packages may be used that 

automatically perform these steps and process raw 1NMR spectra such ‘Bayesil’ or 

‘Batman’ (82). 

 

Figure 0.4. View of a 600 MHz nuclear magnetic resonance spectrometer at Beaumont Health, Michigan, USA 

 

1.5.2. Statistical analysis 

Before proceeding into univariate and multivariate analysis data normalisation and 

scaling is carried out. Data normalisation, scaling and univariate and multivariate 

analysis are common steps in the data analysis of 1H NMR and LC-MS Sample 

Normalisation is required to reduce systematic variation, and facilitate the statistical 
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analysis and the data  interpretation (83). This helps make the profiles comparable to 

each other by taking into account metabolite dilution (84), which represents an 

important step especially in samples where water intake may change metabolite 

concentration and an accurate metabolite quantification is required (85). 

Normalisation alters data distribution such that a Gaussian distribution is achieved, 

and transformation (i.e. standardization) procedures help rescale the data or help 

reduce batch-effects (85). Scaling steps are essential in order to take into account the 

fact that metabolite levels can range over many orders of magnitude. In order to 

avoid the situation where the highest peaks are the most influential in the 

multivariate data models, the scaling step is crucial (78).  Online software, such as  

Metabonalyst allows the normalisation, scaling and univariate and multivariate 

analysis of 1H-NMR and LC-MS without having to download multiple complex, 

expensive software packages. The most commonly used multivariate statistical 

methods for visualising metabolomic datasets are principal component analysis 

(PCA), partial least-squares discriminant analysis (PLS-DA) and Orthogonal 

Projections to Latent Structures Discriminant Analysis (OPLS-DA) (86). For univariate 

analysis, depending on the number of groups of the study a T-test or analysis of 

variance (ANOVA) can be performed to find significant features between groups (87). 

For multivariate analysis the approaches used can be divided into two main 

categories: supervised and unsupervised data analysis. The goal of unsupervised data 

analysis is to obtain an overview of the data and to identify any underlying trends in 

the dataset. PCA allows the reduction of a large number of variables to a smaller 

number of principal components. These principal components are linear 

combinations of the original variables. The data are then visualized on a scores plot, 

which plots the data according to the principal components. Samples with similar 

metabolic profiles appear close together on the scores plot. In this manner, it is 

possible to identify trends and outliers in the dataset (88). Supervised techniques 

require a priori knowledge of the class membership and are used to identify spectral 

signals that are different between groups or classes (86).  

In 1H-NMR and LC-MS based metabolomics the most popular unsupervised methods 

are PLS-DA and O-PLS-DA (78). PLS-DA models maximise the covariance to the class 
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variable and the corresponding loading plot of the PLS-DA model is used to identify 

variables differing between the classes (78,89). A key drawback of using PLS-DA 

models is the risk of over fitting the data; hence it is imperative to validate all models. 

Cross-validation and permutation testing are means of validating the model (90). 

OPLS-DA is an extension of PLS-DA which is based on splitting the variations of the 

variables into 2 parts: the variation correlated to the response, and the variation 

uncorrelated to the response. Separation of the variation in this way aids the 

interpretation of the model and the identification of the important variables (78). The 

OPLS loadings are usually visualised using and S-plot derive from OPLS-DA which 

usually aids metabolite identification. The S-plot shows both the covariance and 

correlation between the metabolites and the classes created in the model. Hence, 

the S-plot helps in identifying the statistically significant features in the model (91). 

Metaboanalyst offers the loading plots from the PLS-DA model, where the most 

influential data points are located on the outmost areas along the direction of 

separation (Figure 5). Comparable to the S-Plot, Metaboanalyst also offers a 

significant feature OPLS-DA derived plot that visualises the variable influence of 

individual metabolites in the OPLS-DA model. Equally it combines the covariance and 

correlation loading profiles. Again, the most significant features are located on the 

outmost areas of the represented line (Figure 6) 

 

Figure 0.5.  Screenshot showing a PLS-DA loading plot of the first two components. The circles indicate the 
most influential data points located on the outmost areas along the direction of separation as 
identified in the corresponding score plot. 
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Figure 0.6. Example of the significant feature plot that visualises the variable influence in O PLS-DA model. Plot 
carried out using the software Metaboanalyst 4.0. Features on the outmost areas correspond to the 
most significant metabolites. 

Following these steps, mapping of the important metabolites onto metabolic 

pathways aids biological interpretation of the data. For the structural identification 

and confirmation of significant features, the resulting spectrum should be matched 

against a reference compound library, which contains the “signatures” of each 

relevant metabolite. For 1H NMR data interpretation, software packages such as 

‘Bayesil’ or ‘Batman’ may be used to carry out for this providing identification of 

selected significant features whose metabolic pathway can be studied now. For both 

1H NMR and LC-MS data consultation online databases such as HMDB and FooDB may 

help with biological interpretation. An overview of the steps involved in NMR-based 

metabolomics can be seen in Figure 1.7 

1.5.3. LC-MS based metabolomics 

High-resolution LC-MS, on the other hand, is widely known for being a more sensitive 

technique compared to 1H-NMR (10 to 100 times less sensitive). As well as their 

metabolite coverage number mentioned earlier, 1H-NMR provides information from 

metabolites with concentrations >1 μM, while LC-MS can identify metabolites at 

concentrations of >10 to 100 nM (92). A view of an UPLC attached to a MS Orbitrap 

instrument is depicted on Figure 1.8. 
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Figure 0.7. An overview of the steps involved in an NMR-based metabolomics study. Following samples 
collection the NMR data is acquired, processed and converted into a data matrix suitable for statistical 
analysis and mapping of the important metabolite (78). 

LC-MS is particularly suitable for identifying metabolites that may be present in very 

low concentrations. Hence it is becoming more popular and used in both 

metabolomics studies as well as in dietary biomarker studies (61). It presents, 

however, limitiations. Among them: i. It cannot cover all metabolite classes. Hence 

different types of chromatography should be used according to identify different 

types of metabolites. For example, for polar metabolites hydrophilic interaction 

chromatography is used and for non-polar metabolites reverse phase metabolites is 

used. ii. LC-MS is capable of detecting thousands of features; however, metabolite 

identification remains a challenge. The number of identified metabolites depends on 

the software package used and varies considerably between them. It has been 

reported that the percentage of overlap between the MS peaks (from the same raw 

data) detected by different software packages ranges only between 50-70%. iii. The 

absolute quantification of the identified metabolites is difficult and requires the 

purchase of standards which are expensive (61). 
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Figure 0.8. View of a UPLC-MS Orbitrap at Beaumont Health, Michigan, USA 

Raw data from MS instruments must undergo several processing steps before they 

can be statistically analysed and compared. These steps involve the removal of 

adducts, peak identification and peak alignment, spectral deconvolution (necessary 

for handling overlapping peaks and fragments originating from the same metabolite), 

compound identification, and multivariate statistical analysis (common to NMR) 

(61,93). Figure 1.9 shows the general flow steps for analysing biological samples from 

sample acquisition to data interpretation. 
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Figure 0.9. An overview of the steps involved in an LC-MS based metabolomics study. Following samples collection the LC-MS data is acquired, processed and converted into a data matrix 

suitable for statistical analysis. Following this, mapping of the important metabolites onto metabolic pathways aids biological interpretation of the data (78). 
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1.6. Application of LC-MS and NMR in the identification of dietary biomarkers 
 

Numerous studies have described the application of metabolomics for the discovery 

of novel dietary biomarkers (57),(70,73–75). This has generated a body of knowledge 

in this area for the identification of food and dietary biomarkers. To date a number 

of databases have emerged to aid the identification of metabolites and store the 

available information about identified metabolites. Examples of these databases are 

the human metabolite database (HMDB), which includes 114,100 empirical and in 

silico compounds and it is readily available online, MyCompoundID,  the METLIN 

database, the FooDB database, and MassBank of North America (MoNA) (94) 

Yet, the number of identified food metabolites is too small in comparison with those 

non identified (94).  Most raw foods contain >10,000 different compounds, yet the 

average number of compounds covered in a food composition database is <1000 

compounds per food item (61). The NMR or MS/MS spectra available on current 

databases is insufficient to allow accurate compound identification. Increasing the 

number of metabolomics studies will generate more authentic spectra that can be 

made available in food-specific databases and allow this way the identification of 

more food compounds (61) . 

In metabolomics, there are 2 types of approach: targeted and untargeted. Targeted 

metabolomics focuses on a specific group of predefined metabolites such us fatty 

acids, amino acids, phytochemicals, etc. It is usually hypothesis driven aiming to 

answer specific predefined biochemical question (50). This approach presents the 

advantage of being  time and cost effective, therefore, several epidemiological 

studies have relied on targeted approaches alone (52). Untargeted approaches, 

however, can detect thousands of unknown metabolites, and are usually not 

hypothesis driven aiming to profile the global metabolome, provide information on 

novel biomarkers and biological pathways relevant in the studied field (95). It is, 

however a more expensive approach, and generates higher volumes of data with 

more complex statistical methods for interpretation (52). The complexity of the 

biofluid composition adds another challenge to untargeted metabolomics. Using one 

metabolomics platform alone will not cover the wide range of metabolites and their 
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structural features in a specific sample. It is for this reason that different authors have 

recommended the use of more than one metabolomics platform, e.g. combined used 

of LC-MS and NMR, in order to cover a higher number of identified metabolites.  

Figure 1.10 shows an example of the metabolomics analysis of human cerebrospinal 

fluid. In this case 3 different platforms were used: gas chromatography (GC), LC-MS 

and NMR (44). The present study identified a gap in the literature for studies 

generating more comprehensive datasets by combining more than one 

metabolomics technique.  

 

 

Figure 0.10. An example of the overlap of the use of different analytical techniques analysing the human 

cerebrospinal fluid metabolome. Metabolomics as a Tool in Nutrition Research (44). 

The ultimate goal of using dietary biomarkers within the context of dietary patterns 

will be to classify individuals into certain patterns or to confirm adherence/non-

adherence to certain predefined scores. The discovery of new biomarkers is a current 

goal in nutritional metabolomics research in an attempt to profile diet as a preventive 

tool, and for managing diseases. Several dietary patterns have been studied in the 

context of nutrition metabolomics, including vegetarian and lactovegetarian diets, 

omnivorous diet, Western dietary patterns, prudent dietary patterns, Nordic diet, 

and Mediterranean diet (96).  

While further work is needed for better classification of subjects’ dietary patterns, 

some studies have not only demonstrated a link between dietary patterns and 



23 

 

metabolomic profiles but have promisingly classified subjects into different dietary 

patters based on biomarkers (97). Vázquez-Fresno et al. was able to classify 

participants between a MD and a low fat diet based on their metabolome with a 

96.94% of correct classification (73). The characteristics of this study are further 

detailed in section 1.8. Andersen et al. applied untargeted UPLC-qTOF-MS to 

differentiate and characterise the urine metabolome of subjects who followed a New 

Nordic Diet (NND) or an Average Danish Diet (ADD) for 6 months. A total of 214 urine 

samples from 181 subjects were used to build a multivariate model to distinguish 

between both diets.  High intake of fish, fruit and vegetables was reflected in the 

metabolites associated to the NND. These were trimethylamineN-oxide, hippuric 

acid, hydroquinone-glucur-onide, (2-oxo-2,3-dihydro-1H-indol-3-yl)acetic acid and 

3,4,5,6-tetrahydrohippurat. The identified features characterizing the ADD diet were 

associated to heat-treated foods e.g. pyrraline, chocolate e.g. theobromine, citrus 

and limonene e.g. proline betaine. A higher number of metabolites were associated 

to ADD than to NND, this was due to lower compliance to NND and seasonal variation 

of NND food groups (98). The model built was able to differentiate between the 2 

dietary patterns with a 19% of misclassification error. Likewise, in the urine 

metabolome, although in this case ¹H-NMR was used, García-Perez et al. found 

metabolites significantly associating to 4 different diets which aligned or contrasted 

with the WHO eating guidelines of increased intake of fruit and vegetables, dietary 

fibre, whole grains and reduced intake of fats sugars and salt. In particular, Diet 1 

(higher consumption of the healthiest food groups) was the most aligned with the 

guidelines while Diet 4 (higher consumption of the least healthy food groups) was the 

least aligned.  Nineteen healthy participants completed the four different dietary 

interventions, which lasted for 72 h each separated by 5 days. Using untargeted 

metabolomics, their results showed a significantly higher concentration of 

metabolites associated to healthier foods in Diet 1 than in Diet 4. These were 

hippurate, (N-acetyl-) S-methyl-L-cysteine-sulfoxide, dimethylamine, and 

trimethylamine N-oxide (TMAO), and 1-methylhistidine and 3-methylhistidine which 

were reported as markers of  fruit and vegetable, cruciferous vegetables, fish, and 

oily fish intake respectively. Diet 4, however, was characterised by a higher 

concentration of metabolites associated with red meat intake (O-acetylcarnitine, 
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carnitine, and creatine) and sugars (glucose). The multivariate models were based on 

the urinary metabolomic profiles. The percentage of successful classification was not 

reported, however the resulting metabolomic profiles were validated in 2 

independent epidemiological datasets (57). Looking at the distinctive plasma 

metabolites (n=172) associated to 3 dietary patterns which differed in their 

macronutrient composition: low fat (60% carbohydrate, 20% fat, 20% protein), low 

glycaemic index (40% carbohydrate, 40% fat, 20% protein), and very-low 

carbohydrate (10% carbohydrate, 60% fat, 30% protein). Based on the 3 metabolites 

profiles, Esko et al. constructed a model capable of correctly identify the dietary 

pattern with a 95.2% accuracy. Among the identified metabolites were 

diacylglycerols and triacylglycerols, branched-chain amino acids, and markers 

reflecting metabolic status (99). 

These examples highlight the two-fold use of metabolomics in the context of dietary 

patterns, identifying biomarkers of specific dietary patterns and classifying 

individuals based on such patterns.  

Further applications of metabolomics exist in this context (68). One that has also 

been shown to assist in this purpose and is of growing interest in nutritional 

metabolomics  is the application of cluster analysis for biomarker of dietary patterns 

(68). This approach is further described in the following section. 

1.7 Cluster analysis application for the discovery of biomarkers of dietary 
patterns 
Section 1.6 cited different approaches to study dietary patterns.  By categorising 

individuals with the use of dietary indeces or scores, as has been described in section 

1.2, or as also used in this field, through the use of cluster analysis. The main 

difference between the first and the second one is that dietary scores and indeces 

are previously set up and require a previous knowledge of a `healthy' diet. These are 

“a priori” methods that establish a series of conditions to categorise individuals’ diet. 

Cluster analysis, however, is an “a posteriori” method where the dietary patterns are 

derived from eating patterns through statistical modelling of previously collected and 

available dietary data (100,101). Clustering methods used in nutritional epidemiology 

separate individuals into exclusive groups, which are then used as categorical 

variables in research. Cluster analysis aims to create homogenous groups by 
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maximising the Euclidian distance between the cluster centres and minimising the 

distance between the individuals around the centre of their closest cluster (102).  

A key advantage of cluster analysis over predefined scores is that it eliminates the 

subjectivity attached to this method when designing the components of the score 

and when establishing the necessary cut-off points that classify individuals in one 

group or another. The resulting eating patterns which use cluster analysis are based 

on the absolute amount of food consumed from the different food groups taken into 

consideration. Therefore, the nature of this method is quantitative rather than 

qualitative (68). Although there is not a gold standard in the number of clusters  and 

the number and format of the dietary variables, there is, however, a degree of 

subjectivity in this regard, which in most cases is determined by the author. 

Important criteria to take into consideration is that the derived clusters should 

maintain a balanced sample size and be nutritionally meaningful (103). Among the 

cluster analysis algorithms, K-means analysis is the most commonly used (103,104). 

It is an iterative, non-hierarchical method whose aim is to obtain the highest distance 

between clusters (104). Different studies have used K-means cluster analysis to 

derive dietary patterns (105,106) and have used those to build associations with 

markers of health and disease (107,108). K-means analysis has shown to be an 

effective approach to derive dietary patterns from nutritional data (109). It has also 

shown great promise in finding novel dietary biomarkers of dietary intake when 

combined with metabolomics (108). This was observed in a dietary intervention study 

carried out by O’Sullivan et al. who applied K-means cluster analysis to dietary data 

from 160 Irish healthy participants combining targeted biomarker data from a panel 

of plasma fatty acids measured with gas chromatography (GC) and untargeted urine 

metabolites measured with 1HNMR. K-means cluster analysis derived 3 distinct 

clusters which were reflected in the plasma fatty acids and metabolites identified. 

Furthermore, the authors highlighted that plasma fatty acid profiles could, in fact, be 

used as potential biomarkers of habitual dietary pattern intake  (108).  

Gibbons et al. used cluster analysis to develop a model for classification of people 

according to distinct dietary patterns using metabolomic data. Metabolomic data and 

dietary data from 567 individuals was used. Application of cluster analysis identified 

2 clusters corresponding to 2 dietary patterns, one characterised by a higher intake 
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of fruit and vegetables, fish and cereals and the other characterised by processed 

foods, meat products, snacks and high energy drinks. Among the identified 

metabolites, betaine and citrate were significantly higher in cluster 1 and creatinine 

and N-acetylglutamate in cluster 2. Their model was successfully validated in an 

independent cohort which revealed a percentage of misclassification of only 6% (109) 

 

Although these studies are very good examples of the potential of cluster analysis to 

study the metabolome of dietary patterns, to date, the application of K-means cluster 

analysis in metabolomics studies with the goal of finding novel dietary biomarkers is 

still scarce and should be expanded in a wider number of studies to help explore this 

potential (108,109) . 

1.8 Biomarkers of adherence to a Mediterranean Dietary Pattern 

Metabolomics has delineated the profiles of a number of usual dietary patterns such 

as low carbohydrate diet, high or low fat, and low glycaemic index (110). However 

while some studies have attempted to describe the metabolomic profile of a 

Mediterranean diet, the number is still relatively small in comparison with 

metabolomic studies of general dietary patterns (56,110). 

 

It has been reported that the beneficial effects of MD lie in the synergistic effects of 

all its food components combined (111,112). It is true as well that MD components 

have shown a positive effect on health separately, such us the proved benefits of high 

intake of fruit and vegetables, olive oil and fish (113). Whether it is due to a few 

separate components of the MD or the combination of food groups present in MD 

should still be confirmed (114). In any case, it is well known that foods may have 

synergistic and antagonistic effect and the study of dietary patterns will allow the 

capture of both. Furthermore, MD is a recognised traditional healthy dietary pattern 

(8) with proven benefits for human health (115), and for this reason it is beneficial to 

explore biomarkers associated with it (113). 

On this basis, different studies have used metabolomics to research the metabolome 

associated to a MD. These have look at dietary biomarkers, biomarkers of nutritional 

status, and biomarkers of health state biomarkers. The main and more recent ones 

were described here. Table 1 summarises the studies outlined below. These were 
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characterised by different conditions and approaches, using a longitudinal or cross-

sectional design, a targeted or untargeted approach, and blood, urine or even faecal 

samples. 

Two main MD untargeted metabolomics studies used LC-MS to measure blood 

biomarkers. These  were the Reduction of the Metabolic Syndrome in Navarra-Spain 

(RESMENA) intervention study (116), and the study carried out by Playdon et al. 

which studied 4 dietary patterns, among them the alternate Mediterranean Diet 

Score (aMED) (117). Both of them were longitudinal with a follow up of 2 and 6 

months in the former and up to 3 years in the latter.  

The RESMENA study profiled the plasma metabolome of 72 subjects with at least 2 

features of metabolic syndrome (MetS) comparing 2 dietary patterns, one based on 

a MD and a control diet in accordance with American Heart Association guidelines. 

The study found significant differences between the 2 diets after 2 months of the 

intervention which corresponded with the learning period. Their findings showed 

that plasma lipids were the metabolites more affected by the intervention, in 

particular, phospholipids and lysophospholipids. The phosphatidylcholine PC (P-

18:1/20:3) was significantly higher in the MD group (p = 1E10−4) and the most 

discriminative metabolite between the 2 diets, accompanied by LysoPC (20:5) (p = 

0.001), EPA (p = 0.004) and LysoPC (22:6) (p = 0.009). These significant associations 

were not found when comparing both diets after 6 months of the intervention which 

suggested a lack of compliance with MD from subjects after the second month of the 

intervention. A significant decrease in palmitic acid plasma levels was observed at the 

end of the 6 months intervention compared to baseline (p = 0.023) (116).  

The 4 dietary indexes by Playdon et al. compared (the Healthy Eating Index (HEI), the 

alternate Mediterranean Diet Score (aMED), the WHO Healthy Diet Indicator (HDI), 

and the Baltic Sea Diet (BSD)), by exploring the serum metabolites associated to 

them. The study analysed the correlations of 1316 metabolites identified in 1336 

healthy Finnish male smokers from the Alpha-Tocopherol, Beta-Carotene Cancer 

Prevention (ATBC) study cohort. Intake of vegetables, fruit, nuts, whole grains, fish, 

red and processed meat, ethanol and monosatured/saturated fat ratio (M:S) was 

used for assessing adherence to aMED . Twenty one metabolites significantly (r-

range: −0.30 to 0.20; P = 6 × 10−15 to 8 × 10−6) associated with the aMED, among them 
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4 amino acids, 1 carbohydrate, 2 co-factors or vitamins, 11 lipids, and 3 xenobiotics. 

The aMED index was also associated with metabolites correlated with the score 

adherence components: fruit, vegetables, whole grains, fish, and unsaturated fat. 

Metabolic pathway analysis showed 9 pathways were associated with higher aMED 

scores, among them the lysolipid pathway and the essential PUFA. Interestingly their 

findings were consistent with the RESMENA study. Like in RESMENA, the study also 

found a major role of lipids, in particular, lysophospholipids to be discriminant 

metabolites of the aMED index (117).  

The main untargeted metabolomic studies using 1H-NMR measuring urine 

biomarkers were carried by Vázquez-Fresno et al. (73), González-Guardia et al. (118), 

and Almanza-Aguilera et al. (119). The 3 studies were subsets of the PREDIMED study. 

The first one was a longitudinal study (3 year follow-up), the second a 1 month cross-

over between diets and the third a cross sectional study.  

Vázquez-Fresno et al compared a MD with a control diet, although in this case. 

Ninety-eight participants at high CVD risk followed a MD supplemented with either 

extra virgin olive oil (EVOO) (n=41) or nuts (n=27), or followed a control low-fat diet 

(n=30) and samples were analysed at baseline, 1 and 3 years timepoints. Discriminant 

metabolites between the MD and the control diet were 3-hydroxybutyrate, citrate, 

and cis-aconitate (related to the metabolism of carbohydrates); creatine and 

creatinine; the amino acids proline, N-acetylglutamine, glycine, branched-chain 

amino acids, and derived metabolites; the lipids oleic and suberic acid, and the 

microbial co-metabolites phenylacetylglutamine and p-cresol (73).  

González-Guardia et al. studied the metabolome profile of 10 participants (age ≥65 

years) who all followed a MD, MD supplemented with coenzyme Q10, a high 

saturated fat diet and high carbohydrate low fat diet supplemented with n-3 fatty 

acids for a period a 1 month each. Their results showed 2 discriminant metabolites 

between the MD supplemented with coenzyme Q10 group and the high saturated fat 

diet group with urine concentrations of hippurate being significantly higher in the 

former and phenylacetylglycine significantly higher in the latter (118).  

Lastly Almanza-Aguilera et al. compared the metabolome associated to high (n=56) 

and low (n=63) MD adherence. Their findings showed 34 metabolites significantly 

differing between the 2 groups, among them proline betaine and 
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phenylacetylglutamine were significantly higher the high MD group, and metabolites 

related to glucose metabolism (glucose, lactate and succinate) were significantly 

lower in the Low MD group. The metabolites derived from gut microbiota 4-

hydroxyhippurate, 4-hydroxyphenylacetate, dimethylsulfone, 3-(3-hydroxyphenyl)-

3-hydroxypropanoate (HPHPA), p-cresol and phenylacetylglutamine (PAGN), were 

significantly higher in the high MD group. A multimetabolite model for MD adherence 

was created, with three of them namely PAGN, p-cresol and 4-hydroxyphenylacetate. 

Model validation results showed PAGN had 85.7% and 68.4% specificity and 

sensitivity, respectively while p-cresol and 4-hydroxyphenylacetate showed values 

between 66% and 84% in this parameter. The global microbial model had a sensitivity 

and specificity higher than 90% and a AUC (ROC) of 97% (119).  

Accumulating evidence supports adherence to MD to improve the microbiota and 

hence positively impact the immune system (110). The adoption of MD diets has 

potential  for restoring gut microbiota functionality in obese patients suffering from 

dysbiosis (120). Microbial metabolites associated to MD adherence were also found 

by De Filippis et al. after analysing the gut microbiota metabolome of 153 subjects 

using faecal samples. MD adherence was assessed with 11-point score dividing 

subjects into tertiles. Results showed a higher concentration of short chain fatty acids 

concentrations increased as MD adherence increased. Discriminant metabolites 

were the butyrate, propionate and acetate with significantly (p<0.05) higher 

concentrations in the highest MD group adherence (121).
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Table 0.1. Studies evaluating Mediterranean dietary pattern adherence and metabolomics profile 

Reference Study design, n of participants Dietary pattern Biofluid Approach 
Analytical 

Technique 
Biomarkers identified 

(104) 

Randomized, controlled, trial, N = 
72 (with high BMI and at least 2 
features of Mets.  
End points: 2 and 6 months. 
2-months intervention period and  
4-months self-control period 

MD pattern (n = 47)  versus 
Control diet (based on the 
American Heart Association 
guidelines) (n = 45) 

Plasma 
Untargeted 
metabolomics 

LC-QTOF/MS 

 

Phosphatidylcholine PC (P-18:1/20:3) LysoPC 
(20:5), EPA and LysoPC (22:6) significantly higher 
in the MD group compared to Control group after 
the 2-month intervention.  
Palmitic acid significantly decreased after the 6-
month intervention.  

(73) 
 

Randomized, controlled, N = 98, 1 
and 3 years of follow-up end points 
Participants recruited from  the 
PREDIMED study had at least three 
cardiovascular risk factors  

-MD supplemented with extra 
virgin olive oil (n = 41) ---MD 
supplemented with nuts (n = 
27)  
-Control low-fat diet (n = 30) 

Urine  

 

Untargeted 

metabolomics 

1H NMR 

 

MD groups: Significantly higher  
3-hydroxybutyrate, citrate, cisaconitate, creatine, 
creatinine, proline, N- acetylglutamine, glycine, 
branched chain amino acids, and derived 
metabolites, oleic, suberic acids, phenylacetyl 
glutamine and p-cresol 

(118) 

 
Cross-over design, four isocaloric 
diets for 1 month periods each 
 
N =10 (age  ≥65  years)  
 

All participants followed a MD, 
MD supplemented with 
coenzyme Q10, a high 
saturated fat diet and high 
carbohydrate low fat diet 
supplemented with n-3 fatty 
acids for a period a 4 weeks 
each  

Urine  

 

Untargeted 

metabolomics 
1H NMR 
 

Significant differences between MD diet 
supplemented with Q10 and High saturated fat 
diet group: Hippurate was significantly higher in 
the MD diet supplemented with Q10 and 
Phenylacetylglycine significantly higher in the 
high saturated fat diet group 

(117) 
Randomized controlled, double 
blinded, studies in the ATBC study  
N = 1336 healthy male  

Four dietary patterns and their 
components:  HEI; aMED; HDI; 
BSD 

Serum 
Untargeted 

metabolomics 
UPLC-LC-MS/MS 

aMED was associated with 21 identifiable 
metabolites: 4 amino acids, 1 carbohydrate, 2 
cofactors or vitamins, 11 lipids, and 3 xenobiotics  

(119) 
Cross-sectional study from a subset 
of participants from the PREDIMED 
study (N = 119).  

56 with high MD adherence 
(MDS≥10) and 63 with low MD 
adherence (score ≤7) on a 0-14 
point scale 

Urine  
 

Untargeted 

metabolomics 
1H-NMR 

34 metabolites differed between groups. Among 
them proline betaine,  phenylacetylglutamine, 
glucose, lactate,  succinate, and 4 microbial 
metabolites. 
 

https://www.sciencedirect.com/topics/medicine-and-dentistry/succinic-acid
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(121) 

 
Cross-sectional study 
N =  153 healthy Italian participants  
 

MD adherence was assessed 
with 11-point score dividing 
subjects into tertiles 

Faecal 
samples 

Untargeted 

metabolomics 

Gas-
chromatography 
mass 
spectrometry-
(GC-MS) 

Short chain fatty acids concentrations increased 
as MD adherence increased. Discriminant 
metabolites were the butyrate, propionate and 
acetate with significantly (p<0.05) higher 
concentrations in the highest MD group 
adherence 

 
(122) 

Cross-sectional study (n=564)  
examined gene-MD interactions in 
a panel of 14 metabolites that 
played a key role in gene 
polymorphism pathways  

MD adherence: Lowest vs 
Highest 
  

Serum 
Targeted 

metabolomics 
UPLC-MS/MS 

Higher adherence to the MD was associated with 
an increase in antioxidant-related metabolites, 5-
MTHF.  
 

 

(123) 
 

Cross-sectional study (n=328) from 
Norh East Spain. Two different MD 
indexes  to measure MD 
adherence 

Subjects divided in quartiles 
according to MD indexes. 
 

Plasma 
Targeted 

metabolomics 

High-
performance  
liquid  
chromatography  
(HPLC) 

Subjects with higher MD adherence had 
significantly higher plasma concentrations of β-
carotene, folates, vitamin C, α-tocopherol and 
HDL cholesterol. 
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Targeted metabolomics based studies have also revealed interesting results to the 

research of MD biomarkers. In particular 2 main studies carried out by Kakkoura et 

al. and Bach-Faig et al. were included in this literature review due to their design and 

findings. Both looked at blood biomarkers, used a cross-sectional approach, and 

targeted a robust number of individuals (n=564 and n= 328) in Mediterranean 

populations (Greece and Spain respectively). Interestingly both studies pointed out 

folates as putative biomarkers of MD adherence. The first one examined gene-MD 

interactions, dividing the study population in 2 groups: highest (N=322) and lowest 

adherence (N=242) to MD. The study used a panel of 14 metabolites that played a 

key role in gene polymorphism pathways and investigated how these metabolites 

were affected by adherence to MD. A key result was a significantly higher serum 

concentration of the metabolite 5-methyltetrahydrofolate (5-MTHF) (122), a form of 

folate previously reported for having a high antioxidant activity (124). The second 

one measured targeted biomarkers of nutritional  status: vitamin C (125), carotenes 

(126) and α-tocopherol (127), and biomarkers of dietary exposure: folates (54). 

Bach-Faig et al reported significant associations between these markers, as well as 

the clinical marker HDL with MD. Their study used 2 MD indexes to measure 

adherence to MD. Results showed that subjects with higher MD adherence had 

significantly higher plasma concentrations of β-carotene, folates, vitamin C, α-

tocopherol and HDL cholesterol. The most highly significant relationship was that 

between folates and the adherence to the MD Pattern, as determined by both 

indexes. The study reported the potential of biomarkers as a complementary tool to 

traditional dietary assessing methods for assessing MD adherence (123).  

1.9 Conclusion and Research gaps 
 

In summary, the literature shows the use of metabolomics in nutritional research 

provides valuable information on the underlying metabolic pathways of nutrients 

and health/disease and the key biomarkers intervening in such pathways.  It also 

shows that to better assess dietary intake, further research is needed in the field of 

dietary biomarkers. Some studies are trying to investigate this and to classify 
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participants according to their dietary pattern. Yet, the difference between the 

available research and the number of unknown dietary biomarkers remains vast. 

The health benefits of MD have made it a dietary pattern of interest. Research using 

metabolomics has been and continues being carried out in the identification of MD 

biomarkers. This has yielded interesting results and is setting a base for the 

identification of metabolic fingerprints of the MD, however more studies are needed 

to identify objective, robust and valid biomarkers of MD and other healthy dietary 

patterns.  The literature presented here shows that many of these studies are cross 

sectional and only a few have monitored adherence to MD in time and changes in 

biomarkers concentrations throughout dietary interventions. The present study also 

identified a gap in the literature for studies generating different datasets and finding 

MD biomarkers by combining more than one metabolomics technologies. 

Additionally, it has been reported that the majority of dietary biomarkers identified 

using cohort studies have been predominantly identified in urine (64), leaving a gap 

to show more potential for blood dietary biomarkers. 

It is the hope that, in the near future, nutritional metabolomics, through an 

increasing number of MD interventions can generate biomarker patterns that can 

assess adherence to MD, and, in the same manner, to other healthy dietary patterns. 

With this goal in mind, the present research has analysed a MD intervention study 

and applied metabolomics to find novel biomarkers of MD adherence through two 

main metabolomics platforms: Liquid chromatography mass spectrometry and one 

dimensional 1-proton nuclear magnetic resonance.  

1.10 Project goals, research questions 
  

The main goals of the present thesis are: 

- To discover biomarkers (both novel and/or previously identified) of MD 

adherence 

- To evaluate the use of a priori Mediterranean diet score and a posteriori 

statistical analysis to discriminate dietary groups from a set of dietary data. 

- To derive dietary patterns from dietary data and discover biomarkers 

associated with healthy and unhealthy dietary patterns using K-means cluster 

analysis. 
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- To assess the change of biomarkers over time when MD is maintained over a 

period of 12 months and to assess the change in biomarker achieved per 

change in MDS. 

 

Other goals of the investigation were to compare the two metabolomics 

techniques: Liquid chromatography mass spectrometry and proton nuclear 

magnetic resonance, as well as, comparing the application of untargeted 

metabolomics methods on their own and accompanied by a panel of targeted 

biomarkers. Lastly, building a metabolites’ model that may be representative 

of adherence to a MD 

 

With these goals, the present thesis aims to answer the following research questions:  

- Can metabolomics find a panel of biomarkers reflective of MD adherence? How do 

they complement previous research in the MD biomarkers? 

- Is K-means analysis an appropriate tool to derive distinctive dietary patterns from a 

population? Can metabolomics find a panel of biomarker associated to specific 

derived dietary patterns? 

- Can the use of metabolomics replace traditional dietary assessment methods? 
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4. Chapter 2. Application of 1H-NMR Metabolomics for the 
Discovery of Blood Plasma Biomarkers of a Mediterranean Diet.  
Scientific Publication:  Metabolites 2019, 9, 201; doi:10.3390/metabo9100201 

 

2.1. Introduction 
The Mediterranean diet (MD) is regarded as a healthy dietary pattern with identified 

health benefits (73), including protective effects from cardiovascular disease (CVD) 

(128). The MD is characterised by a high intake of fruits and vegetables, whole grains, 

fish, nuts, legumes, olive oil and moderate wine consumption (129).  It is also 

characterised by low consumption of dairy products, and highly processed foods such 

as sugar sweetened beverages, processed meats and sweets, fast food and trans-fat. 

In the PREDIMED (Prevención con Dieta Mediterránea) study, compared with a low-

fat diet, an MD supplemented with nuts or virgin olive oil decreased the incidence of 

CVD (11). Furthermore, when supplemented with nuts, it improved blood lipoprotein 

profiles resulting in a lower risk of atherosclerosis (130). An inverse relationship 

between MD adherence and the development of metabolic syndrome has also been 

demonstrated (131). A cross-sectional investigation of 8821 Eastern Europeans found 

significant associations between Mediterranean diet score (MDS) and waist 

circumference, systolic blood pressure and triglycerides (TG) (132). Individuals with 

an MDS in the highest quartile were significantly less likely to have metabolic 

syndrome compared with those in the lowest quartile (132). Similarly, an 

observational study of 3232 healthy French adults reported that adherence to MD 

was associated  with  a  reduced  risk  of  metabolic  syndrome (133).   Furthermore, 

the PREDIMED study examined 808 participants at high risk of CVD, finding that 

subjects in the highest MDS quartile were at the lowest risk of metabolic syndrome, 

and were less likely to have elevated TG or decreased HDL (134). Adherence to 

dietary patterns is currently assessed by self-reported food frequency questionnaires 

and by 24h food recall. The limitations of these methods include lack of accuracy and 

potential for bias (99). For example, fruit and vegetable intake is shown to be 

overestimated when participants record their own intake (135).  Several dietary 

scores have been developed and applied to populations to evaluate the role of diet 

in health.  However, to overcome the disadvantages of traditional methods, it may 
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be helpful if these practices are combined with novel biomarkers of food exposure. 

Combining these could more accurately measure adherence to a given diet (119). 

Biomarkers of food intake are any component in the body fluids that can be utilised 

to indicate dietary exposure. When complemented with traditional dietary 

assessment practices, they may provide a more accurate picture of individual food 

exposure (135). The lack of robust biomarkers of compliance is also a major challenge 

in clinical nutrition research, hindering the interpretation of clinical trials and 

observational studies of free populations. Hence, there is a need for reliable, non-

biased, convenient and cost-effective methods to overcome this.   In a Northern 

European population, MD adherence over a period of 12 months tended to increase 

plasma levels of vitamin C, oleic acid and EPA (136), but clearly, there is potential for 

the discovery of biomarkers associated with an MD pattern. 

In this regard, metabolomics could be utilised for discovering robust dietary 

biomarkers (99). Metabolomics facilitates the accurate measurement of many 

metabolites in body fluids, making it useful tool for assessing the nutritional status of 

an individual (70). Common metabolomic platforms are based on either 1H-Nuclear 

Magnetic Resonance (1H-NMR) spectroscopy or mass spectrometry. While the latter 

is more sensitive, 1H-NMR can provide robust, reproducible and unbiased results with 

very low pre-treatment requirements (78), making it a suitable platform for large 

cohort studies.  

The majority of previously reported studies investigating adherence to the MD have 

focused on urine. 1H-NMR metabolomic profiling of human urine found that MD 

adherence was associated with changes in the levels of 3-hydroxybutyrate, citric acid, 

and cis-aconitate, oleic acid, suberic acid, various amino acids and some microbial 

cometabolites (73). A second study, also involving 1H-NMR profiling of urine, 

identified 34 metabolites discriminating between low and high adherence to MD 

(119). A third NMR study compared urine from individuals consuming an MD 

(supplemented with CoenzymeQ10) with those consuming a Western diet rich in 

saturated fat (118).  This found higher hippurate in the MD group, which positively 

correlated with Coenzyme Q10 and beta-carotene plasma levels. Finally, a fourth 

study undertook liquid chromatography-mass spectrometry (LC-MS) analysis of urine 

using a subset of participants from the PREDIMED study (137).   Specifically, this 
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examined metabolomic differences between non-walnut eaters (who never 

consumed walnuts) and walnut eaters (>3 servings/week).  A total of 18 metabolites 

were higher in walnut consumers and these included fatty acid metabolites, 

polyphenol microbial metabolites and compounds related to the 

tryptophan/serotonin pathway.  

Thus far, only two studies have examined the blood metabolome of subjects 

consuming an MD. The first employed an LC-MS/MS methodology and indicated that 

the levels of several blood lipids are altered by an MD-based intervention (116). The 

latter examined alternate MD correlation with serum metabolites and found that this 

diet was associated with 49 metabolites which positively correlated with different 

MD food components (117).   The overall aim of the current study was to discover 

novel blood-based metabolite biomarkers associated with the MD pattern. 

Therefore, we performed high-throughput 1H-NMR metabolomic analysis on blood 

plasma from a controlled study of MD adherence in a Northern European population. 

 

2.2. Materials and Methods 
 

2.2.1. Patient Cohort. Background from the Mediterranean diet in Northern Ireland 
(MEDDINI) intervention original study 
 

The Mediterranean Diet in Northern Ireland (MEDDINI) study was a pilot randomised 

controlled parallel group trial where 61 willing participants previously diagnosed with 

coronary heart disease (CHD) were recruited (3 patients were no longer eligible after 

recruitment and were excluded from the study, therefore, samples from n=58 

participants were available for the present study) from the Cardiology Directorate, 

Royal Victoria Hospital, Belfast. Patients recruited were aged between 39-78 years 

and had a recent diagnosis (within 4 weeks prior to starting the study) of myocardial 

infarction (MI) or unstable angina. Patients with severe heart failure, pending on 

immediate inpatient coronary revascularisation, on warfarin therapy, on Omacor 

therapy, with cognitive impairment, those with records of extreme alcohol intake, 

taking multivitamin/fish oil supplements, unable to comply with the diet or to provide 

informed consent, or those who were not expected to live longer than 6 months for 
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any other causes were excluded from the study (136). No other further excluding 

conditions were applied. 

Patients were randomised to one of three groups: either to receive conventional 

dietetic advice for CHD or advice to implement a Mediterranean-style diet using 

either nutritional counselling or behavioural counselling (Figure 2.1). Dietary advice 

was similar for the 3 groups. Patients in both Mediterranean groups received the 

same dietary instructions. They were advised to increase fruit and vegetable,  

wholegrain cereals, and fish intake, moderate alcohol consumption, use unsalted 

nuts as snacks, reduce their meat intake and replace beef, lamb and pork by poultry, 

replace cream and butter by olive-oil based spread, and exclusively use either olive 

oil or rapeseed oil for salads. Both the nutritional and behavioural counselling groups 

received a similar number of visits at 1, 2 and 4 months and were able to contact the 

researcher for advice. However, in the behavioural counselling group, advise was 

given in a more personal way. The interventions were tailored to the individual with 

personal specific advise and setting of short and long-term goals based on their stage 

of change measure. In addition, they were also provided with a “Help to Change” 

booklet. 

Despite the above mentioned differences between groups, MDS similarly increased 

in all groups regardless of the way dietary advice was given. For this reason, in the 

present study, subjects and samples were not examined according to randomised 

groups.  

 

 

Figure 4.1. Flow of participants through the original study protocol. 
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Plasma samples and dietary assessment measurements were collected at three-time 

points: baseline, 6 months and 12 months. Seven-day food diaries were used to 

collect food consumption data. Participants were asked to record the foods 

consumed over seven consecutive days, including an estimation of quantity 

consumed and information on preparation methods used. From seven-day food 

diaries, a database was created registering all food amounts eaten by all participants 

during the course of the intervention (baseline, 6 months and 12 months). Fasting 

blood samples were collected at the three time points to assess nutritional 

biomarkers. Ethical approval was obtained for this study from the Queen’s University 

Belfast Research Ethics Committee (ethical approval references: RGHT000049 and 

15.42 for the Meddini original study and for the latest analysis respectively). 

Informed written consent was obtained from all participants (136). 

The baseline characteristics of the sampled cohort (average BMI, blood pressure, age, 

sex and smoking characteristics) can be found in the Supporting information (Table 

S2.1). Mean age was 56.1 y for the low MDS group and 60.5 y for the high MDS group, 

and participants were on a range of similar medications. Mean BMI was 30.2 kg/m2 

for the low MDS group and 29.8 for the high MDS group, which indicated that 

patients were mostly overweight/obese.  

 
2.2.2. MD Scoring 

Adherence to the MD was originally measured using a 9-point item scale which 

has previously been validated (20) and consisted of a brief questionnaire for assessing 

adherence to MD and obtaining a rapid feedback. However, to include and control a 

wider range of food features of MD, adherence to a MD was rescored using the 

validated 14-point Mediterranean diet score (MDS) based on the PREDIMED score, 

where a score of 0 indicates lowest adherence to a MD and a score of 14 indicates 

highest adherence (129). Recent MD advice was taken into consideration (17) and 

types and quantities of foods within the PREDIMED score were adapted to reflect the 

typical diet and dietary recommendations in Northern Ireland  (138). 
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2.2.3. 1H NMR analysis of blood  
 

Blood samples (n=137)  were available from 58 participants at baseline (n=58), 6 

months (n=44) and 12 months (n=35). For plasma extraction, blood samples were 

collected into EDTA tubes and centrifuged (2000 rpm) at 4C for 20 minutes. After 

centrifugation, supernatant (plasma) was collected, aliquoted into 1.5 mL microtubes 

and immediately frozen at -80°C. 

Plasma filtering was carried out using an adapted version of a previously used method 

(139). Prior to filtration, centrifugal filter units (Amicon Ultracel; 0.5 ml; 3 KDa cut-

off) were rinsed seven times each with H2O (0.5 ml) and centrifuged at 12,000 g for 

20 min, to remove residual glycerol bound to the filter membranes. Each plasma 

sample (300 μl) was transferred to the centrifuge filter units. The samples were then 

centrifuged (13,000 g for 30 min at 4°C), to remove macromolecules which consist 

primarily of proteins and lipoproteins. Filtered plasma (285 µl) from each sample was 

transferred to a separate microcentrifuge tube. To each sample, D2O (35 μl) and 

buffer solution (30 μl; 11.7 mM DSS [disodium-2,2-dimethyl-2-silapentane-5-

sulphonate], 1.75 M K2HPO4 (anhydrous), and 5.84 mM 2-chloro pyrimidine-5-

carboxylic acid in H2O) was added. Samples (200 μl) were subsequently transferred 

to a standard Bruker 3mm NMR tube for analysis. Data collection was carried out on 

a 600 MHz Bruker ASCEND NMR spectrometer equipped with a five mm TCI 

cryoprobe using randomized order with two hundred and fifty-six transients 

acquired. Chemical shifts were reported in parts per million (ppm) of the operating 

frequency. DSS was used as the internal standard for chemical shift referencing and 

quantification.  Using Bayesil (a web-based system which consists on a library of pure 

compounds specifically designed for the identification and quantification of 1D 1H 

NMR metabolites) (140,141) all collected spectra were profiled using a custom library 

of 59 metabolites.  

2.2.4. Statistical analysis 
 

To explore the metabolite associations, the 14-point MDS was used to divide the 

samples into two groups.  The highest MDS achieved by any individual on the 14-

point scale was 10, hence the resulting groups were: Low Score: (0-4) and High Score 

(5-10) by splitting at the median (Supporting information Table S2.2).  Results 
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obtained from these two groups were statistically analysed by performing univariate 

analysis (T-test with the software MetaboAnalyst (version 4.0) (142) to obtain the 

most significant features from identified metabolites. All data were normalised and 

auto-scaled prior to univariate and multivariate analysis. False discovery rates (FDR, 

q-value) were calculated to account for multiple comparisons. P-value, FDR adjusted 

P-values (q-values) and fold-change were calculated. Principal Component Analysis 

(PCA), Partial Least Squares-Discriminant Analysis (PLSDA) and Orthogonal 

Projections to Latent Structures Discriminant Analysis (OPLS-DA) were carried out 

with both MetaboAnalyst (v4.0) and Simca (v14.0; Umetrics, Umea, Sweden) to 

observe group discrimination. PCA was also used to identify potential outliers, 

followed by PLS-DA to highlight significant metabolites which explained the 

maximum amount of variation between groups. An important issue with PLS-DA is 

deciding on the number of latent variables to be used to build the model. The default 

option offered by Metaboanalyst was used where the optimal number of latent 

variables was determined by Q2 (cross validated R2). Variable importance in 

projection (VIP) plots was used to identify the most influential metabolites 

responsible for the observed separation between groups. ROC curve analysis is 

widely used to describe the trade-off between sensitivity and specificity with regard 

to biomarker performance. The area under the ROC curve (AUROC) value is a robust 

measure used for biomarker discovery. MetaboAnalyst was used to develop ROC 

curves of individual metabolites. In order to enhance this performance, pair-wise 

ratios of all possible metabolite concentrations were computed by Metaboanalyst 

showing those top-ranked ratios. This procedure was applied for biomarker discovery 

rather than performance evaluation, due to the potential of over fitting. Data were 

tested for normality of distribution using the Shapiro Wilk test (IBM SPSS Statistics 

25). All variables tested for correlations were nonparametric and therefore 

Spearman’s rank correlation coefficient was obtained. Correlations were deemed 

significant where p was ≤ 0.05. Multiple comparison correction was applied to p-

values of the metabolite-food groups correlation using the Benjamini-Hochberg 

approach on SPSS. The effects of smoking on blood metabolites were assessed by 

conducting a t-test between smoker/non-smoker groups using Metaboanalyst. 
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2.3 Results 

2.3.1. Univariate Analysis  
 

Following metabolomic profiling of 137 plasma samples from 58 subjects collected at 

three different time points (baseline, 6 months, 12 months), we were able to identify 

and quantify 59 metabolites in each of the 1H-NMR spectra. Citric acid was the most 

significant metabolite differing between Low and High MDS (p=5.99×10−4;q=0.03). 

Moreover, five additional metabolites significantly differed (p<0.05;q<0.35) between 

the two groups. These were: pyruvic acid (p=0.005), betaine (p=0.014), mannose 

(p=0.021), acetic acid (p=0.030) and myo-inositol (p=0.035). Citric acid and betaine 

were significantly higher in the high MDS group by 20.5% and 15.5%, respectively. 

Mannose, pyruvic acid and myo-inositol were 28.7%, 20.9% and 24.3% lower, 

respectively (Table 2.1). Table 2.1 shows the univariate statistical analysis of plasma 

metabolites in patients from Low (0–4) and High (5–10) MDS groups. Average 

concentrations (μM) of top 11 ranked metabolites and their respective standard 

deviations (SD). *p<0.05 (citric acid, myo-inositol, pyruvic acid, mannose and betaine) 

with concentration averages, false discovery rate (FDR), area under the curve (AUC) 

of the receiver operating characteristic (ROC) curve and % change. 
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Table 4.1. Metabolite levels differing according to low or high MDS. Table 2.1 shows univariate statistical analysis of plasma metabolites in patients from Low and High MDS groups. Average 

concentrations (µM) of top 11 ranked metabolites. p<0.05 (citric acid, myo-inositol, pyruvic acid, mannose and betaine) with concentration averages, mean and standard deviation (SD) false 
discovery rate (FDR), area under the curve of the ROC curve and % change. 

Name 
Low Score 

(n = 64) 
High Score 

(n = 73) 
Mean SD p-value 

q-value 
(FDR) 

AUC 
(ROC) 

↑/↓ 
% 

change 

Citric acid 76.62 92.36 84.49 11.13 5.9E-4 0.03 0.67 ↑ 20.5 

Pyruvic acid 63.50 50.19 56.85 9.41 0.005 0.16 0.64 ↓ -20.9 

Betaine 40.37 46.64 43.51 4.43 0.01 0.28 0.62 ↑ 15.5 

Mannose 55.08 39.25 47.17 11.19 0.02 0.32 0.61 ↓ -28.7 

Acetic acid 13.06 14.94 14.00 1.33 0.03 0.34 0.61 ↑ 14.39 

Myo-inositol 104.67 79.22 91.95 18.00 0.03 0.34 0.60 ↓ -24.3 

Tyrosine 4.58 5.48 5.03 0.64 0.06 0.52 0.59 ↑ 19.7 

Glycerol 1521.19 1304.62 1412.91 153.13 0.08 0.54 0.59 ↓ -14.23 

Dimethylglycine 3.01 2.37 2.69 0.45 0.09 0.54 0.58 ↓ -21.3 

Malonate 8.35 8.99 8.67 0.45 0.09 0.54 0.58 ↑ 7.66 

Pyroglutamic acid 87.23 95.35 91.83 29.42 0.10 0.54 0.58 ↑ 9.3 
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2.3.2. Multivariate analysis 
Figure 2.2A shows principal component analysis (PCA) of the 1H NMR data. Three 

potential outliers were highlighted, which prompted us to check the pharmacological 

profiles of these individuals. The profiles were broadly similar to the other 

participants and thus none were excluded. Principal component 1 (PC1) explained 

29.5% of the variance and component 2 (PC2) explained 8.9% of the variance. Two 

supervised multivariate methods were then applied, orthogonal partial least squares 

discriminant analysis (OPLS-DA; Figure 2.2B) and partial least squares discriminant 

analysis (PLS-DA; Figure 2.2C), both of which improved the separation of groups 

(Figure 2.2B). The PLS-DA model was then cross-validated (supporting information 

Table S2.3), and by means of a Variable importance in projection (VIP) the top 15 

ranking metabolites were identified. Citric acid, myo-inositol, pyruvic acid, mannose 

and betaine corresponded to the top five most discriminant metabolites in the model 

(Figure 2.2D).  

 

A:  PCA 

 
 

B: OPLS-DA 
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C: PLS-DA 

 

D: VIP from PLS-DA 

 

Figure 4.2. Multivariate statistical modelling of 1H-NMR metabolomic data. Plots A-C show group separation 
achieved by principal component analysis (PCA), orthogonal partial least squares discriminant analysis (OPLS-DA) 
and partial least squares discriminant analysis. Green circles represent individuals with low MDS and red circles 
represent patients with high MDS. D: Is the resulting variable importance in project (VIP) plot indicating the 15 
most influential metabolites responsible for the observed separation in the PLS-DA model. 

2.3.3. Correlation of metabolite concentrations with MDS, and consumption of food 

components 

Citric acid, pyruvic acid, betaine, mannose and myo-inositol data were non-normally 

distributed and metabolite correlations were examined using Spearman’s rank 

correlation coefficient. These five metabolites significantly correlated with the 14-

point scale MDS. Citric acid and betaine positively correlated with MDS while 

mannose, pyruvic acid and myo-inositol negatively correlated (Table 2.3) (Figure 

2.3.A) Application of multiple comparison using the Benjamini-Hochberg approach 

showed FDR to be higher than 0.05 (Table 2.3). 

Correlations were examined between each of the top five metabolites and each food 

group (Table 2.2). These were: Fruit (Fr); Fruit Juice (J); Combined Fruit and Fruit Juice 

(FJ); Combined Fruit, Fruit Juice and Vegetables (FJV); Legumes (L); Red meat (RM); 

combined Chicken and Turkey (CT); Fish (F); Nuts (N); Processed meat (PM) and 

Alcohol (A); Olive Spreads (OS); Olive/Rapeseed oil (OR); Sweet Foods (S); Combined 

sweet foods and carbonated drinks (SD) and whole grain cereals (C). Citric acid 

positively correlated with J, FJ and FJV and negatively correlated with S and SD. 

Mannose significantly negatively correlated with J, FJ, FJV and C. Pyruvic acid 

significantly negatively correlated with J, FJ, FJV, F and OS and significantly positively 

correlated with PM. Myo-inositol was significantly negatively correlated with OS and 

positively correlated with PM, betaine significantly positively correlated with J and 
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FJV. Application of multiple comparison using the Benjamini-Hochberg approach 

showed FDR to be higher than 0.05 (Table 2.2).  

 

A 

          
B 

 
Figure 4.3. Blood levels of citric acid and pyruvic acid and MDS. (A) Citric acid levels positively correlated with 
MDS, whereas Pyruvic acid levels negatively correlated. (B) A paired metabolite ratio of citric acid and pyruvic acid 
achieved the greatest area under Receiver operating characteristic (ROC) curve (AUC=0.74) value which was the 
best performing biomarker for MDS. The box-lot shows that the overall distribution profiles for low MDS (0-4; 
Group 1) and high MDS (5-10; Group 2) were broadly similar but the mean value was 52% higher in the high MDS 
group. 

T-test conducted to evaluate smoker and non-smoker differences showed no 

metabolites significantly differed between smokers and non-smokers. The top five 

shortlisted metabolites were citric acid (p = 0.07), betaine (p = 0.18), mannose (p = 

0.34), pyruvic acid (p = 0.34) and myo-inositol (p = 0.34). Food group-to-Food group 

correlations within the study cohort and correlations of all 59 metabolites against 

each food group scored within the MDS can be seen on supplementary 

materials (Table S2.4 and Table S2.5 respectively) 

 

2.3.4. Identification of biomarkers 
 

Table 2.1 shows the individual area under the curve (AUC) of the receiver operating 

characteristic (ROC) for each computed metabolite. Citric acid performed moderately 

well with an AUROC curve=0.67 which was superior to the other metabolites: pyruvic 
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acid (0.64), betaine (0.62), mannose (0.61) and myo-inositol (0.60). Computed 

metabolite ratios showed improved ROC values. The citric acid/pyruvic acid was 

highest (0.74) (Figure 2.3C) followed by citric acid/lactic acid (0.73), citric 

acid/aspartate (0.72), citric acid/L-phenylalanine (0.71) and betaine/pyruvic acid 

(0.70) (Table 2.2). 

Table 4.2. Ratios of paired metabolites. Ratios of paired metabolites improved biomarker utility. Table 2.2 shows 
the best performing paired metabolite ratios with Area under the curve (AUC) of the ROC curve and % change. 
Features displayed in the table are ranked based on area under ROC curve with highest AUC (ROC) corresponding 
to the ratio Citric acid/Pyruvic acid, Citric acid/L-Lactic acid or Citric acid/Aspartate. 

 Name AUC (ROC) ↑/↓ % Change 

1 Citric acid/Pyruvic acid 0.74 ↑ 53.3 

2 Citric acid/L-Lactic acid 0.73 ↑ 29.2 

3 Citric acid/Aspartate 0.72 ↑ 38.3 

4 Citric acid/L-Phenylalanine 0.71 ↑ 27.1 

5 Betaine/Pyruvic acid 0.70 ↑ 47.6 

 

2.4 Discussion 
Combining traditional methods such as food diaries or 24-h recall with biomarkers of 

food exposure may provide a more accurate picture for assessing adherence to a 

given diet. The present study used food diaries from 58 participants and quantified 

59 blood metabolites by 1H-NMR and examined how their concentrations differed 

according to the reported Mediterranean diet score (MDS) of participants. Scoring 

systems are useful for measuring dietary patterns in a population but there is a need 

for continual improvement (19). A previously validated 14-point item scale was 

adapted and adopted (129). It was also employed in a UK population, demonstrating 

satisfactory accuracy for assessing MD adherence among individuals (143).  

Adherence to the MD has often been assessed in Mediterranean populations where 

the MD patterns are regarded as familiar eating habits. Studying the efficacy of the 

MD in non-MD populations remains a challenge (144). MD adherence in non-

Mediterranean populations is generally lower (136). In the MEDDINI cohort no 

participants achieved the highest MDS. The maximum MDS achieved in this non-

Mediterranean population was 10, and ‘low’ (0-4) and ‘high’ (5-10) MDS groups were 

selected by dividing groups at the median. 
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Table 2.3. Correlations of the top 5 metabolites correlations with MDS and each of the food groups assessed in the 14-item MD score. 

Food group Citric acid Mannose Pyruvic acid Myo-inositol Betaine 

 r p Q r p Q r p Q r p Q r p Q 

MD score 0.28 0.001 0.26 -0.20 0.02 0.63 -0.02 0.008 0.56 -0.18 0.03 0.63 0.19 0.02 0.63 

Fruit (Fr) 0.15 0.07 0.80 -027 0.002 0.31 -0.23 0.007 0.56 -0.16 0.06 0.88 0.05 0.55 0.91 

Fruit Juice (J) 0.18 0.03 0.70 -0.10 0.23 0.90 -0.05 0.56 0.91 -0.01 0.85 0.98 0.19 0.03 0.64 

Fruit and Fruit Juice (FJ) 0.22 0.02 0.63 0.27 0.002 0.31 -0.19 0.02 0.63 -0.11 0.18 0.73 0.15 0.07 0.81 

Vegetables (V) 0.02 0.83 0.97 -0.02 0.79 0.97 -0.06 0.50 0.91 -0.12 0.15 0.88 0.06 0.44 0.91 

Fr & J & V combined (FJV) 0.20 0.02 0.63 -0.23 0.007 0.31 -0.15 0.07 0.80 -0.16 0.06 0.71 0.20 0.02 0.63 

Red meat (RM) -0.06 0.48 0.91 0.09 0.25 0.90 0.13 0.11 0.86 0.10 0.24 0.90 -0.01 0.90 0.99 

Chicken and Turkey (CT) 0.04 0.06 0.93 -0.14 0.10 0.86 -0.11 0.19 0.90 0.06 0.95 0.99 0.02 0.79 0.97 

Fish (F) 0.13 0.12 0.86 -0.02 0.78 0.97 -0.32 <0.0001 0.18 -0.14 0.10 0.83 0.12 0.14 0.88 

Nuts (N) 0.06 0.52 0.91 0.02 0.84 0.98 -0.13 0.13 0.88 -0.15 0.09 0.83 0.04 0.68 0.95 

Processed meat (PM) -0.02 0.79 0.97 -0.004 0.96 0.99 0.22 0.009 0.59 0.18 0.03 0.63 0.02 0.85 0.98 

Legumes (L) 0.11 0.19 0.90 -0.06 0.46 0.91 0.02 0.77 0.97 0.02 0.81 0.97 0.10 0.13 0.86 

Alcohol (A) 0.02 0.82 0.97 0.09 0.27 0.90 -0.09 0.28 0.90 0.02 0.82 0.97 0.07 0.41 0.91 

Olive spreads (OS) 0.07 0.40 0.90 -0.12 0.14 0.88 -0.19 0.02 0.63 -.021 0.01 0.63 0.05 0.54 0.91 

Olive / Rapeseed oil (OR) 0.11 0.21 0.90 -0.07 0.35 0.90 -0.09 0.31 0.90 -0.05 0.54 0.91 0.09 0.29 0.90 

Sweet foods (S) -0.19 0.03 0.63 -0.03 0.64 0.93 -0.15 0.06 0.73 0.11 0.22 0.90 -0.11 0.21 0.90 

Sweet foods & drinks (SD) -0.19 0.03 0.63 -0.13 0.12 0.86 -.005 0.58 0.91 0.03 0.69 0.95 -0.08 0.33 0.90 

Whole grain cereals (C) 0.03 0.74 0.96 -0.21 0.015 0.63 -0.09 0.30 0.90 -0.04 0.67 0.95 0.05 0.53 0.91 

Spearman’s rank correlation coefficients were obtained for the top five discriminant metabolites to indicate those significantly correlated with the 14-item MD score. Individual food group 
correlations were also identified for citric acid: (J, FJ, FJV, S and SD); mannose: (Fr, FJ, FJV, and C); pyruvic acid: (Fr, FJ, F, PM and OS) and Myo-inositol (PM and OS) and Betaine: (J and 
FJV). Significant features were indicated in bold (P<0.05). 

 
 

  
 



49 

 

 

 

Unsupervised multivariate models incorporating all 59 metabolites only weakly 

separated these groups. This was modestly improved by the application of supervised 

modelling methods such as OPLS-DA and PLS-DA; however, it is clear that a degree of 

overlap exists between groups when the overall metabolomic profile is considered. 

This result is not surprising given the diverse range of components contributing to 

the MDS scoring system and the inherent heterogeneous character of the MD. 

Despite this, the multivariate statistical analysis identified five individual metabolites 

within the model, which were important for discriminating between ‘low’ and ‘high’ 

MDS groups. These were: citric acid, mannose, pyruvic acid, myo-inositol and betaine 

and therefore we proceeded with univariate statistical analysis.  

These same five metabolites significantly differed between ‘low’ and ‘high’ MDS 

groups. Citric acid and betaine were significantly higher in the high MDS group, by 

20.5% and 15.5%, respectively. Myo-inositol, pyruvic acid and mannose were lower 

in the high MDS group, by 24.3%, 20.9% and 28.7%, respectively. Area-under-the-

curve (AUC) values of the ROC curves were compared for every single individual 

metabolite and all paired combinations of metabolites. Citric acid as the most 

influential metabolite in discriminating between ‘low and ‘high’ MD groups.  As a 

single biomarker citric acid was the best performing, it was the most capable of 

discriminating between ‘low’ and ‘high’ MDS and achieved the highest AUC ROC 

curve (0.67). Promisingly, this was greatly enhanced through combination with 

pyruvic acid. A metabolite ratio of citric acid and pyruvic acid achieved an AUC ROC 

of 0.74.  

In terms of the dietary components, citric acid positively correlated with the 

consumption of fruit juice, combined fruit and fruit juice and combined fruit, fruit 

juice and vegetables. It negatively correlated with the consumption of sweet foods, 

combined sweet foods, and carbonated drinks. The strength of these relationships 

could perhaps be tested in larger cohorts with greater statistical power (75), however 

this is not the first time that citric acid has been associated with the MD. There is 

certainly evidence elsewhere to support a dietary link. Urine levels of citric acid were 

26% higher in men and 35% higher in women in consuming a lactovegetarian diet 
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compared with omnivorous control groups (75). Similarly, in the PREDIMED study 

citric acid levels were significantly higher in urine from participants following a MD 

for 1 year compared with those following a low-fat diet (73). This suggests that citric 

acid has a degree of specificity for the MD.  In contrast, there were metabolites 

reported in the PREDIMED study which were not significant in the present study, 

namely 3-hydroxybutyrate and cis-aconitate (these two, like citrate, are metabolites 

from the metabolism of carbohydrates, creatinine, amino acids (proline, N-

acetylglutamine, glycine, branched-chain amino acids, and derived metabolites), 

lipids (oleic and suberic acids) and microbial co-metabolites (phenylacetylglutamine 

and p-cresol)).  

Other studies where adherence to MD was assessed explored the associations of an 

MDS with similar food groups. The alternate Mediterranean diet study found 

associations between MDS and fruit, vegetables, whole grains, fish and unsaturated 

fat. However, in this case, the highest point scale to assess adherence to MD was 8 

and the highest score achieved was 4. This study found 21 identifiable metabolites 

associated with MD including four amino acids, one carbohydrate, two co-factors or 

vitamins, 11 lipids, and three xenobiotics (117). 

 

Citric acid has previously been associated with resistant hypertension (145). Our data 

showed a significant positive correlation between citric acid and both systolic and 

diastolic blood pressure. However, citric acid also proved to be significantly positively 

correlated to MDS. Correlations showed a stronger association and higher level of 

significance between citric acid and MDS (r = 0.280; p-value: 0.001) than those with 

blood pressure (r = 0.187; p-value: 0.032; r = 217; p-value: 0.012 for systolic and 

diastolic pressure, respectively). Systolic blood pressure did not significantly change 

throughout the intervention when doing an analysis of variance (ANOVA) comparing 

systolic blood pressure at baseline, 6 months and 12 months (p-value: 0.365.). 

Diastolic blood pressure showed significant differences between baseline and 12 

months (p-value: 4.7 × 10−4) but not between baseline and 6 months (p-value: 0.138). 

The highest increase in citric acid was observed between baseline and 6 months. 

Citric acid showed a decrease between 6 and 12 months. Similarly, MD adherence 
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was higher between baseline and 6 and decreased between 6 and 12 months, which 

strengthens a potential relationship between citric acid and MD adherence. 

 

Pyruvic acid and citric acid are closely related metabolites in cellular metabolism and 

the results for pyruvic acid in the present study contrasted greatly with citric acid. 

Blood pyruvic acid was approximately 20% lower in individuals with a high MDS. 

Furthermore, pyruvic acid negatively correlated with the consumption of fruit, 

combined fruit and fruit juice, fish and olive spreads and positively correlated with 

processed meat. The negative relationship between pyruvic acid and fish 

consumption was the most statistically significant and strongest metabolite-food 

correlation observed. Furthermore, the positive correlation between pyruvic acid 

and processed meat was the second most statistically significant. It is worth 

remembering that all patients participating in the present study had a history of CVD 

or unstable angina, and that there was a significant difference in blood pressure 

between the two groups. Altered pyruvic acid has previously been associated with 

hypertension (146). However, a correlation did not show any association between 

blood pressure and pyruvic acid in the present study. Excessive levels of pyruvic acid 

have also been linked with cancer (147), and even neurodegenerative diseases 

(148,149). For example, pyruvic acid levels are around 20 times higher in highly 

invasive cancer cells compared with low invasive cancer cells (147), and pyruvic acid 

is 2 to 4- fold higher in diabetic rats than non-diabetic rats (150). Pyruvic acid has not 

been previously linked to MD and further work should be completed to further 

elucidate this association. However, it is noteworthy that normal weight human 

subjects have significantly higher levels of both pyruvic acid and citric acid compared 

with severely obese patients (151) . In our dataset, patients’ weight was significantly 

positively associated with pyruvic acid but not citric acid (data not shown). 

A number of other metabolite-food relationships were observed. Mannose 

significantly negatively correlated with fruit, combined fruit and fruit juice, combined 

fruit, fruit juice and vegetables and with whole grain cereals. We are not aware of 

any dietary-based studies that have been linked with mannose. However, the analysis 

of a large cohort of 2204 females found that after glucose, plasma mannose had the 

strongest metabolite association with type 2 diabetes (152).  
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We found that myo-inositol (the most abundant stereoisomer of inositol) negatively 

correlated with olive spreads and positively correlated with processed meat 

consumption. Neither fruit or vegetable consumption, nor red meat consumption 

were correlated with plasma myo-inositol levels. Initially these observations seemed 

counter-intuitive given that myo-inositol occurs very abundantly in numerous plant-

based foods associated with the MD, such as fruits, beans, grains and nuts (153). 

However, is it well known that animal sources of inositol are more bioavailable than 

the phytate form which is present in plant sources (154). Furthermore, some of the 

richest, most bioavailable sources of inositol are organ meats which may possibly 

explain the positive correlation observed for processed meat, but not for red meat.  

Betaine (a derivative of choline) is naturally present in a variety of plant based foods 

such as cereals, grains and leafy vegetables and beets (155,156) and has previously 

been linked to MD (157). It also may be a useful biomarker for identifying participants 

following the DASH (dietary approach to stop hypertension) diet (158). Our 

investigation found that betaine was 15.5% higher in the ‘high’ MD group, and it 

positively associated with the consumption of fruit juice and combined fruit, fruit 

juice and vegetables. This would indicate that diet is an important contributor. Such 

a link remains controversial. A cohort case study from the PREDIMED trial involving 

individuals with high CVD risk divided into an MD group and a control group found 

no significant associations between individual metabolites from the choline pathway 

and CVD after one year. However, the ratio betaine/choline showed an inverse 

association with CVD incidence although not with stroke alone (159). Furthermore, 

in a cross-sectional subset of the Nutrition, Aging, and Memory in Elders cohort, 

betaine was also associated with lower levels of low-density lipoprotein cholesterol 

and TG, and reduced risk of diabetes mellitus (160). However further studies in 

different populations are necessary to confirm the link between betaine and CVD. 

Citric acid and betaine significantly and positively correlated to MDS (r = 0.28, r = 0.19 

respectively). Mannose, pyruvic acid and myo-inositol significantly and negatively 

correlated to MDS (r = −0.2, r = −0.02, r = −0.18 respectively). Citric acid showed to 

be the highest and most significant correlation with MDS, however overall these 

associations showed to be weak and when applying multiple comparison using the 
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Benjamini-Hochberg approach, the FDR did not show to be less than 0.05 (Table 2.2). 

Further studies should be carried out to prove their association with MDS. 

The limitations of the present study should be taken into consideration for future 

studies. A total of 58 patients participated in the study followed an MD during 12 

months and plasma samples were collected at baseline, 6 months and 12 months. 

Samples were divided into two groups (low and high MDS) according to how well 

patients adhere to the 14-point scale MDS. Patients’ MDS was the lowest at baseline 

and it improved throughout the intervention; therefore, the majority of samples in 

the Low MDS group were from the baseline and the majority of samples in the High 

MDS group were collected at 6 and 12 months of the intervention.  Despite the 

degree of dependency of the samples in both groups, this was not detrimental to the 

results. A parallel analysis was carried out dividing samples into timepoints: baseline, 

6 and 12 months (paired samples) and results showed the same top five metabolites 

as the most significant ones: citric acid, betaine, mannose, myo-inositol and pyruvic 

acid. It is also worth noting that the concentrations of these five metabolites were 

not altered when applying paired or unpaired analysis.  

Patients had a history of myocardial infarction or unstable angina previous to the 

intervention and were on a range of medication. However, drug intake diaries were 

revised to confirm that there was no association between outliers in the PCA model 

and drug intake. Patients were mostly overweight or obese; however, body mass 

index (BMI) did not show significant differences when comparing the low and high 

MDS groups. The present study focused on the discovery of biomarkers purely 

associated to diet and the effect of exercise was not recorded or taken into 

consideration. Blood pressure showed to be significant between the low and the high 

MDS groups, there were similar percentages of smokers in the low and high MDS 

groups and the percentage of males compared to females was higher in both groups. 

Gender did not show any significant differences in the results. Smoking status of 

individuals did not show any detectable influence on metabolite concentrations, 

although the p-value for citric acid was close to statistical significance. Further studies 

in larger cohorts could examine whether a relationship exists here. It should also be 

noted that none of the participants achieved the highest MDS on the 14-point scale 

and the highest scored achieved was 10.  
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The present study conducted untargeted metabolomics with the goal of profiling the 

plasma metabolome of two groups with high and low adherence to MD.1H-NMR was 

used due to its high precision, reproducibility and quantitative power.  This study 

found significant direct associations between MD and citric acid and betaine and 

significant inverse associations between MD and pyruvic acid, mannose and myo-

inositol.  These metabolites were significant following univariate analysis, but 

multivariate analysis corroborated these by indicating that these five metabolites 

were most responsible  for  the  discrimination  of  the  model  (VIP  scores  of  the  

PLS-DA  model).   Out of  the five metabolites,  citric acid and betaine have also been 

associated with MD on previous studies. Nevertheless, following further studies, 

targeted metabolomics should be carried out to confirm the validity of these five 

metabolites and their association with MD. 

2.4.1 Conclusions 

In conclusion, this study reports for the first time that there is a potential association 

between blood levels of pyruvic acid, mannose and myo-inositol with MD 

consumption, and it corroborates previous associations with citric acid and betaine. 

It is only the third study to examine the relationship between blood metabolites 

levels and MD and it demonstrates the power of 1H NMR metabolomics in dietary 

intervention studies. Further studies should explore the validity of these 

biomarkers/biomarker ratios. Given the heterogeneous nature of the MDS, the 

metabolites highlighted here are reasonably discriminative, and there is potential to 

incorporate these into currently available blood-based biomarkers panels of dietary 

intake.  
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5. Chapter 3. Application of global LC-MS metabolomics for the 
discovery of a novel Mediterranean diet biomarker panel.  

 
3.1. Introduction  
 
In recent years, there has been a surge of interest in the discovery of dietary 

biomarkers, particularly markers of healthy and sustainable dietary patterns. This area 

has seen an expansion in the application of metabolite-profiling (or metabolomics) 

technologies such as liquid chromatography-mass spectrometry (LC-MS) and nuclear 

magnetic resonance (NMR) spectroscopy. Studies have profiled biofluids such as 

urine, blood or saliva, and used this data to distinguish individual participant’s 

adherence to patterns such as the Average Danish Diet (ADD) and the New Nordic 

Diet (NND) (161), the Baltic Sea diet (117), and, most commonly, the MD (69). 

The MD is characterised by high consumption of fruit and vegetables, fish, legumes, 

nuts and olive oil; a moderate intake of wine, red meat and dairy, and low consumption 

of sweets and processed foods (11,129). Measurement of adherence to the MD 

involves the use of various Mediterranean diet scores (MDS) which are based on food 

groups considered important within a MD. Two examples of these are the 9-item 

MedDiet score (20) and the Prevención con Dieta Mediterránea (PREDIMED) 14-

item MedDiet score. In Chapter 2 1H-NMR metabolomic profiling was employed to 

identify a number of blood plasma biomarkers for the MD. This uncovered several 

modestly discriminatory metabolites including citric acid, pyruvic acid, betaine, 

mannose, and myo-inositol (162). Three similar studies have also performed 1H-NMR 

profiling, although each of these studies examined urine rather than blood. One study 

found that MD adherence was associated with changes in the levels of 3-

hydroxybutyrate, citric acid, and cis-aconitate, oleic acid, suberic acid, various amino 

acids and some microbial co-metabolites (73). Another study identified 34 

metabolites associated with low or high adherence to MD (119).  A third NMR study 

found higher urinary hippurate in individuals consuming a MD (supplemented with 

Coenzyme Q10) compared with individuals consuming a Western diet rich in 

saturated fat (118) . There are some disadvantages with 1H-NMR metabolomic 

profiling, firstly that relatively few metabolites are measured and, secondly, that it 

lacks the sensitivity of other analytical platforms such as LC-MS (84).  
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We are only aware of two studies that have applied untargeted LC-MS-based 

metabolomics in the search for blood biomarkers of a MD dietary pattern. The first 

compared four different diet quality indices in male Finish smokers and correlated 

them with serum metabolites: the Healthy Eating Index (HEI), the Alternate 

Mediterranean Diet Score (aMED), the WHO Healthy Diet Indicator (HDI), and the 

Baltic Sea Diet (BSD). A total of 46 metabolites were associated with a MD pattern 

measured by aMED, 21 of which were identifiable, including 4 amino acids, 1 

carbohydrate, 2 vitamins/cofactors, 11 lipids and 3 xenobiotics. Moderate and low 

correlations were observed between these metabolites and aMED, with the highest 

correlation corresponding to the lipid 1-myristoleoylglycerophosphocholine (14:1) (r 

= -0.3) (117).  

The second reported study involved 72 participants with high body mass index (BMI) 

and at least two features of Metabolic Syndrome (116). Participants followed either 

a Mediterranean Diet or a control diet in accordance with American Heart Association 

guidelines for a period of 6 months (2 months active intervention and 4 months self-

administered). Results showed that levels of several blood lipids (mainly lipids and 

lysophospholipids) were altered by a MD-based intervention after 2 months, 

however these changes decreased from the second to the sixth month of the study, 

possibly due to lack of adherence to a MD during the self-adherence months (116). 

The overall aim of the current study was to discover novel blood-based metabolite 

biomarkers associated with the MD pattern. We performed high LC-MS metabolomic 

analysis on blood plasma from a controlled study of MD adherence in a Northern 

European population. We then attempted to identify those ions with strong 

biomarker performance and to select an optimised biomarker panel. Lastly, using the 

identified metabolites, we built a logistic regression model that could best reflect MD 

adherence. 
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3.2 Materials and Methods 
The Mediterranean Diet in Northern Ireland (MEDDINI) study was a pilot randomised 

controlled parallel group trial where 61 patients previously diagnosed with coronary 

heart disease (CHD) were recruited (135 plasma samples from n = 58 patients 

collected at different time points were available for the present study) from the 

Cardiology Directorate, Royal Victoria Hospital, Belfast. Patients provided informed 

written consent and were aged between 39 and 78 years. Seven-day food diaries 

were used to collect food consumption data. Patients were asked to record the foods 

consumed over seven consecutive days, including an estimation of quantity 

consumed and information on preparation methods used. From seven-day food 

diaries, a database was created registering all food amounts eaten by all patients 

during the course of the intervention (baseline, 6 months, and 12 months). Foods 

portions were described in detail in the food diaries and all amounts were registered 

in grams/day in the database. Further details from the intervention study have been 

previously described and reported elsewhere (136,162). 

Food diaries from patients were scored using the validated 14-point MDS 

questionnaire based on the PREDIMED score. Scores are based on the answers to 14 

questions along with food diaries. The questionnaire  considered both the type of 

food and its frequency of intake (Supporting information Table S2.6). A score of 0 

indicated lowest adherence to an MD and a score of 14 indicated highest adherence. 

Recent MD advice was taken into consideration and types and quantities of foods 

within the PREDIMED score were adapted to reflect the typical diet and dietary 

recommendations in Northern Ireland. After scoring all patients food diets, they were 

divided into two groups split by the median (Low and High MDS). Details have been 

previously described in sections 2.2.2 and 2.2.4  (162). 

 

3.2.1 Sample preparation  
A total of 135 plasma samples from 58 participants from the MEDDINI study were 

analysed with the Dionex Ultimate 3000 UHPLC system coupled to an LTQ Orbitrap 

Elite mass spectrometer. This method was chosen for its high sensitivity. The 

extraction method was as follows: Plasma samples were stored at -80°C.   

Subsequently, all samples were thawed slowly on ice for 30 minutes prior to 
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extraction, then 300 µL of ice cold methanol was added 100 µL of plasma, mixed for 

10 minutes at 700 rpm, and  subsequently centrifuged at 13,000×g for 15 min under 

vacuum, and reconstituted in 100 µL of ultra-pure water.  Samples were then filtered 

by centrifugation using a 0.22 µm Costar spin-X centrifuge tube filter (8000×g at 4 °C 

for 5 min; Corning Incorporated, Corning, NY 14831, USA) and transferred to 

maximum recovery vials for analysis. 

 

3.2.2 UPLC-MS analysis  
All solvents were purchased from Fisher Scientific (Pittsburg, USA) and were LC-MS 

grade or equivalent. Chromatography was performed on a Dionex Ultimate 3000 

UHPLC system (Dionex, Softron GmbH, Germany) coupled to an LTQ Orbitrap Elite 

mass spectrometer (Thermo Fisher Scientific, Bremen, Germany). 5 µl of extracted 

plasma was injected (n=3 injections per sample) onto an Acquity UPLC CSH C18 

column (2.1 x 100 mm, 1.7 µm, Waters, Wexford, Ireland) operating at 50°C and 

applying a binary mobile phase. The sample manager temperature was maintained 

at 4°C and the order in which the samples were injected was randomised throughout 

the experiment. The gradient elution buffers were A (water with 0.1% formic acid 

(vol/vol)) and B (methanol with 0.1% formic acid (vol/vol)). Solvent B was varied as 

follows: 0 min 1%, 2.5 min 1%, 16 min 99%, 18 min 99%, 18.1 min 1% and 20 min 1% 

with a flow rate of 0.4 mL.min-1. Positive ionisation mode was employed with these 

conditions; source heater temperature at 400°C, sheath gas at 60 arbitrary units (AU), 

aux gas at 45 (AU) and sweep gas at 1 (AU), capillary temp was maintained at 325°C 

and source voltage at 3.5 kV. Mass spectra data were acquired in profile mode over 

the 50-1200 m/z range with a mass resolution of 60,000 at mass 400 (FWHM) and a 

scan time of 0.5s. In further experiments, the samples were subjected to mass 

fragmentation analysis (FT HCD (10, 30 and 70 NCE), MS2) with an isolation width of 

1 Da and 60,000 FWHM at 400 m/z. Prior to sample analysis 10 pooled conditioning 

samples were injected. To determine chromatographic reproducibility of retention 

times and peak intensities, pooled samples were injected after every 10 sample 

injections throughout the experiment (163,164). Pooled samples were comprised of 

all plasma samples from the study and were subjected to the same extraction 

procedure applied to the individual plasma samples. 
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3.2.3 Data analysis 
UPLC-MS acquired data were analysed using Progenesis QI software (Waters 

Corporation, Milford, MA) for peak alignment, data normalisation and peak picking. 

Peak picking thresholds were set between 0.5 and 20 min. A peak threshold filter of 

2.5 AU was applied (164). Data was normalised to all compounds by correcting for 

multiple features to determine a global scaling factor. From 3548 features found on 

Progenesis, filtering was applied by selecting those ions with p-value < 0.01, fold 

change > 1.5 and the coefficient of variation (CV) was <100%.  Features with 

>20%missing values were excluded. Filtered features were uploaded to 

Metaboanalyst where univariate (T-test) and multivariate (PCA, PLS-DA and O-PLS-

DA) were performed and the model validated. Putative identifications were further 

examined to increase confidence in identification by mass fragmentation analysis 

whereby ms/ms spectra were used to search spectral libraries via additional online 

databases HMDB  (165) and FooDB (166).   

3.2.4 Metabolite identification  
For each of the features related to the MDS obtained from Progenesis, identification 

was accomplished based on accurate mass (mass tolerance ≤4 ppm) and m/z values 

as matched against online databases. Adducts suggested by Progenesis were also 

matched with putative identifications from online libraries confirming that both 

neutral mass and m/z matched online databases. The confidence level of annotation 

was categorized according to the Metabolomics Standard Initiative (MSI) (167). 

Fragment masses observed from MS/MS experiments were also searched for using 

Xcalibur™ Software - Thermo Fisher Scientific. For a further level of confidence, ion 

intensities were correlated to previously measured targeted biomarkers using the 

software IBM® SPSS® Statistics. The identified metabolites were further used for 

performing a logistic regression analysis that could maximise the AUC (ROC) of a 

panel of biomarkers using the software Metaboanalyst 4.0. 

 

3.2.5 Correlation with MDS and food groups 
The association between putatively identified markers and MDS was analysed by 

correlating shortlisted ions of interest with the MDS. LC-MS data were non-normally 
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distributed and hence metabolite correlations were examined using non-parametric 

correlations and Spearman’s rank correlation coefficient using SPSS. 

From the criteria used to measure adherence to MD, 14 food groups were selected, 

and their values were correlated to the shortlisted ions of interest. These food groups 

were: fruit, fruit juice, vegetables, combined fruit with fruit juice and vegetables, fish, 

nuts, legumes, red meat, processed meat, chicken and turkey, whole grain cereals, 

alcohol beverages and sweet foods. Non-parametric correlations (Spearman r) were 

selected, and correlations were carried out using SPSS. All p-values underwent 

Benjamini-Hochberg correction (Q-values), and were deemed significant if p≤0.05 

and Q≤0.05. 

Previous targeted biomarker analysis was carried out with MEDDINI serum and 

plasma samples using HPLC and GC-MS (25). These were Vitamin C, EPA and TG. To 

obtain further confirmation, metabolites putatively identified were also correlated to 

targeted data using SPSS. 

 

3.3 Results  

3.3.1 Univariate Analysis and identification of metabolites 
A total of 135 plasma samples from 57 participants whose adherence to MD was 

assessed over time and scored, were divided into either ‘low’ MDS (n = 63) or ‘high’ 

MDS (n =72). A total of 3548 features were detected using Progenesis. After data 

filtering and performing T-tests a total of 73 statistically significant features differed 

between low and high MDS groups. These features were ranked according to their: p-

value, FDR and their variable importance in projection (VIP) scores from partial least 

squared discriminant analysis (PLS-DA) modelling. It was possible to assign metabolite 

identities to 7 features (ions of interest) from this list, which were: two 

monoacylglyceride: MG (0:0/16:1(9Z)/0:0 and MG (0:0/20:3(5Z,8Z,11Z)/0:0)), four 

fatty acid metabolites (EPA, lysoPC  (20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-

18:1(9Z)/16:0), and xi-8-hydroxyhexa- decanedioic acid), and one xenobiotic 

(Pectenotoxin-2 secoacid (PTX2SA)). The characteristics and performance of each of 

these is outlined in detail in Table 3.1. The two monoacylglycerides were significantly 

higher in the ‘low’ MDS group. The other 5 metabolites were significantly higher in 

the ‘high’ MDS group.  
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3.3.2 Multivariate analysis 
 

Figure 3.1 shows principal component analysis (PCA) of the 73 ions of the LC-MS data. 

Principal component 1 (PC1) explained 24.5% of the variance and component 2 (PC2) 

explained 17.4% of the variance. Two supervised multivariate methods were then 

applied; PLS-DA, and orthogonal partial least squares discriminant analysis (O-PLS-

DA) both improved the separation between the groups. The PLS-DA model was 

subsequently cross-validated on Metaboanalyst using the 10-fold cross validation 

method (Supplementary Figure S3.1). The validation of the model showed R2 of 0.66 

and Q2 of 0.48 after using a maximum of 4 components. Variable importance in 

projection (VIP) scores were used to rank the top 15 ions, and of these 5 were 

assigned identities. 

 

3.3.3 Correlations with MDS and food groups 
 

Correlations with MDS were also determined for each of 7 metabolites as well as food 

group-metabolite correlations (Table 3.2)  

 

The 2 monoacylglycerides (MG): MG (0:0/16:1(9Z)/0:0), MG (0:0/20:3(5Z,8Z11Z)/0:0) 

were significantly (p<0.05) negatively  correlated with MDS. The other 5 metabolites: 

EPA (ion), LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PTX2SA, PC (P-18:1(9Z)/16:0), and 

xi-8-Hidroxyhexa decanedioic acid were significantly positively correlated with MDS 

(Table 3.2).  

.
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Table 5.1. Characteristics of putatively identified metabolites with biomarker potential for the Mediterranean dietary pattern. Table 3.1 shows the univariate statistical analysis of plasma 

metabolites in patients from Low (0–4) and High (5–10) MDS groups. Average intensities of ranked metabolites in both Low and High MDS groups and their respective standard deviations 

(SD) are shown for ions (m/z) with retention times (RT), along with p-values, false discovery rate (FDR) corrected p-values, receiver operating characteristic (ROC) curve area under the 

curve (AUC), charge, adducts, polarity, mass tolerance, putative identity and ion neutral mass, putative identifications and proposed chemical formula. 

m/z 
RT 

(min) 

Low MDS 

(mean 

intensity) 

Std. Dev 

High MDS 

(mean 

intensity) 

Std. Dev p-value FDR 
ROC 

(AUC) 
Charge Adducts Polarity Putative identification Tolerance 

Chemical 

Formula 

541.3148 14.83 2876.45 1629.01 4922.09 3471.75 1.38E-8 4.76E-7 0.76 1 
M+H 

Positive LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) Δppm = 3 C28H48NO7P 

894.5209 17.40 990.39 654.44 2142.43 1436.66 1.81E-8 4.76E-7 0.78 1 
M+NH4 

Positive Pectenotoxin 2 secoacid Δppm = 0 C47H72O15 

302.2235 15.74 8142.76 3775.01 13893.73 11077.42 5.31E-8 1.04E-6 0.77 1 
M+Na 

Positive Eicosapentaenoic acid Δppm = 3 C20H30O2 

766.5722 17.86 6762.24 4066.45 16134.27 15842.27 1.86E-7 2.10E-6 0.79 1 
M+Na 

Positive PC(P-18:1(9Z)/16:0) Δppm = 0 C42H82NO7P 

328.2602 15.57 27708.71 36777.19 6146.53 3961,89 2.37E-7 2.12E-6 0.74 1 
M+Na 

Positive MG(0:0/16:1(9Z)/0:0) Δppm = 4 C19H36O4 

403.2801 15.99 3326.77 3522.58 1296.85 563,90 5.11E-6 1.83E-5 0.71 1 
M+Na 

Positive MG(0:0/20:3(5Z,8Z,11Z)/0:0) Δppm = 4 C23H40O4 

302.2315 10.22 1870.19 1580.56 3383.72 2983,85 6.27E-5 1.83E-4 0.73 1 
M+NH4-

H2O 
Positive xi-8-Hydroxyhexadecanedioic acid Δppm = 2 C16H30O5 
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Table 5.2. Spearman correlations of shortlisted metabolites with food groups used in calculating MDS. Significant correlations (p<0.05) marked in bold. Benjamini-Hochberg multiple 

comparison correction was significant if (Q<0.05). Number of correlations (n= 120). 

Consumption 

of food grouping 

(g/day) 

 MG 

(0:0/20:3(5Z,8Z,11Z)/0:0) 
EPA 

LysoPC 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) 

PC(P-

18:1(9Z)/16:0) 

MG 

(0:0/16:1(9Z)/0:0) 

Pectenotoxin 

2 secoacid 

xi-8-

Hydroxyhexadecanedioic 

acid 

MDS 

r -0.405 0.352 0.432 0.511 -0.464 0.534 0.444 

p 1.0E-6 6.9E-5 1.6E-7 1.04E-9 1.40E-8 2.6E-11 6.83E-8 

Q 1.0E-5 3.0E-4 1.9E-6 3.9E-8 2.8E-7 3.1E-9 1.0E-6 

Fruit & Fruit Juice 

r -0.330 0.197 0.238 0.362 -0.381 0.360 0.387 

p 9.3E-5 0.023 0.005 1.6E-5 5.0E-6 1.8E-5 5.0E-6 

Q 3.8E-4 0.042 0.010 1.0E-4 3.7E-5 1.0E-4 3.7E-5 

Fruit 

r -0.280 0.188 0.181 0.310 -0.354 0.328 0.359 

p 0.001 0.030 0.035 2.5E-4 2.6E-5 1.1E-4 2.4E-5 

Q 0.002 0.052 0.058 8.1E-4 1.3E-4 4.2E-4 1.2E-4 

Vegetables 

r -0.147 0.183 0.197 0.133 -0.080 0.186 0.192 

p 0.092 0.036 0.024 0.129 0.356 0.033 0.027 

Q 0.134 0.059 0.043 0.173 0.423 0.055 0.047 

Fruit, Fruit Juice & 

Vegetables 

r -0.319 0.230 0.293 0.350 -0.356 0.378 0.401 

p 1.6E-4 0.008 0.001 3.2E-5 2.2E-5 6.0E-6 2.0E-6 

Q 6.0E-4 0.016 0.025 1.5E-4 1.2E-4 4.2E-5 1.84E-5 

Legumes 

r -0.074 -0.051 -0.046 0.070 -0.084 -0.025 -0.113 

p 0.399 0.558 0.599 0.428 0.336 0.776 0.198 

Q 0.464 0.625 0.659 0.493 0.403 0.809 0.252 

Fish 

r -0.204 0.426 0.524 0.492 -0.315 0.459 0.318 

p 0.019 2.5E-7 7.2E-11 1.3E-9 1.9E-4 3.1E-8 2.0E-4 

Q 0.036 2.72E-6 4.32E-9 3.9E-8 6.7E-4 5.31E-7 6.8E-4 

Red Meat 
r 0.078 -0.177 -0.133 -0.206 0.151 -0.258 -0.237 

p 0.373 0.042 0.129 0.018 0.084 0.003 0.006 
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Q 0.438 0.067 0.173 0.034 0.124 6.6E-3 0.012 

Processed Meat 

r 0.437 -0.307 -0.316 -0.383 0.294 -0.364 -0.349 

p 1.1E-7  2.9E-4 1.8E-4 5.0E-6 5.3E-4 1.8E-5 4.1E-5 

Q 1.4E-6 8.9E-4 6.5E-4 3.7E-5 1.5E-3 1.0E-4 1.8E-4 

White meat 

r -0.165 0.014 0.015 -0.021 -0.094 0.137 0.163 

p 0.059 0.875 0.867 0.814 0.283 0.118 0.061 

Q 0.093 0.882 0.881 0.842 0.343 0.166 0.095 

Cereals 

r -0.312 0.140 0.228 0.271 -0.289 0.290 0.475 

p 2.3E-4 0.109 0.009 .002 6.7E-4 0.001 8.5E-9 

Q 7.6E-4 0.155 0.018 0.005 0.002 0.003 2.0E-7 

Sweets and 

carbonated drinks 

r 0.198 -0.041 -0.097 -0.062 0.113 -0.192 -0.152 

p 0.023 0.642 0.267 0.477 0.197 0.027 0.082 

Q 0.042 0.688 0.330 0.545 0.252 0.047 0.123 

Sweets 

r 0.161 0.010 -0.043 -0.051 0.112 -0.117 -0.097 

p 0.066 0.908 0.628 0.565 0.203 0.183 0.270 

Q 0.100 0.908 0.685 0.627 0.252 0.238 0.330 

Alcohol 

r -0.127 0.257 0.254 0.133 -0.041 0.186 -0.035 

p 0.145 0.003 0.003 0.129 0.643 0.033 0.688 

Q 0.193 0.006 0.006 0.173 0.688 0.055 0.730 

Nuts  

r -0.126 0.281 0.264 0.265 -0.133 0.307 0.162 

p 0.151 9.4E-4 0.002 0.002 0.128 3.3E-4 0.064 

Q 0.199 0.002 0.005 0.005 0.173 9.6E-4 0.098 
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. 

Figure 5.1. Multivariate statistical modelling of LC-MS data. Plots (top left, centre and right) shows group separation achieved by principal component analysis 
(PCA), orthogonal partial least squares discriminant analysis (OPLS-DA) and partial least squares discriminant analysis (PLS-DA). Red circles (●1) represent 
patients with high MDS and green circles (●2) represent individuals with low MDS. Plot at the bottom is the resulting variable importance in project (VIP) plot 
indicating the 15 most influential metabolites responsible for the observed separation in the PLS-DA model 
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3.3.4 Logistic regression model using identified metabolites  
We then performed a range of logistic regression analyses based on combinations of 

the 7 putatively identified metabolites until optimised to obtain the highest possible 

ROC (AUC) value (Figure 3.2). Using the intensities of MG(0:0/16:1(9Z)/0:0), PTX2SA, 

and PC(P-18:1(9Z)/16:0) and following cross validation (1000 permutations), we 

observed significant separation (p < 0.001) between Low and High MDS. We 

developed a logistic regression algorithm with an AUC (95% CI) = 0.830 (0.763-0.894) 

with corresponding sensitivity and specificity equal to 0.794 (0.794-0.894) and 0.722 

(0.619-0.826) respectively, following 10-fold cross validation. Supplementary Table 

3.1 lists the summary of each feature used to develop the following predictive 

algorithm: 

 

logit(P) = log(P / (1 - P)) = 0.313 - MG(0:0/16:1(9Z)/0:0) - 0.001 Pectenotoxin-2 
seco acid - PC(P-18:1(9Z)/16:0) 

 
Where P is Pr(y=1|x). The best threshold (or Cutoff) for the predicted P is 0.44. 
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Figure 5.2. Optimised biomarker performance using logistic regression. Figure 3.2 shows the 3 individual plasma biomarkers: MG(0:0/16:1(9Z)/0:0), Pectenotoxin 2 secoacid and PC(P-18:1(9Z)/16:0), 
which were optimised as panel of plasma biomarkers with the resulting logistic regression curve. The correlations of each biomarker is shown against MDS with Spearman r values shown. Also shown is 
the resulting ROC curve (AUC=0.834) with 95% CI (0.744-907).  Also shown is the outcome of 1000 permutation tests, each of which re-assigns the Low/High MDS labels randomly to each sample and 
performs random sub-sampling cross-validation. None of the 1000 permutation tests were better than the original with the empirical p-value reported as p < 0.001. 
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3.4 Discussion 
 
The present study acquired food diary data and concomitant blood samples from a 

Mediterranean diet intervention study in a Northern European population. Non-

targeted metabolomic profiling was performed on plasma and this was combined 

with the calculated MDS to shortlist 73 features significantly differing between ‘low’ 

and ‘high’ consumers of a Mediterranean diet. Ultimately, this led to the putative 

identification of 8 high performing metabolite biomarkers (ROCAUC≤0.79), which 

were also highly influential in multivariate modelling, and strongly correlated with 

MDS. Correlation of these biomarkers against each of the food groups involved in the 

calculation of MDS provided potential information on the possible origin of some of 

these. Using logistic regression analysis, we developed a model which accurately 

distinguished between the two dietary groups. We developed a predictive algorithm 

using the acquired data which had an AUC (95% CI) = 0.83 (0.76-0.89) with 

corresponding sensitivity and specificity equal to 0.79 (0.79-0.89) and 0.72 (0.62-

0.83). To our knowledge, no logistic regression model currently exists for human 

plasma that distinguishes low and high MDS with such a high degree of accuracy. 

 

The results appear impressive, given that adherence in the MEDDINI intervention 

study (from which samples and data were obtained) would be described as sub-

maximal for MD (Maximum MDS achieved was 10 from the 14-point scale. Mean MDS 

in the High MDS group was 6.68). Participants were not supplemented with any foods, 

and as such, did not eat identical foods. We should be mindful of the potential 

complexities here, particularly that the participants had a history of CVD and were 

taking prescribed medications. However, a number of the metabolites uncovered as 

biomarkers have obvious connections with food consumption (especially those with 

ROCAUC values >0.7). Top performing putative biomarkers included PC (P-

18:1(9Z)/16:0), EPA (an n-3 long chain polyunsaturated fatty acid), and a closely 

related metabolite LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0). The strong correlation of 

each of these, not only with MDS, but also with fish consumption underscores dietary 

relevance. MEDDINI participants did not take any fish oil supplements, which rules 

this out as a possible source.  EPA has previously been reported as a validated 
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biomarker of fish intake (168), but the lysophospholipid metabolite performed 

substantially better than the free fatty acid (spearman r = 0.524 vs 0.426). This novel 

biomarker ought to be closely examined in future dietary biomarker studies, but it is 

encouraging that one other study is supportive of it as a biomarker of MD (116).  

Unfortunately, due to time, budget and instrument availability it was not possible to 

check metabolite identifications against analytical standards. However, the intensity 

values for EPA and LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) were correlated against 

quantitated values acquired from a previously published investigation (136) which 

found strong associations (r=0.595; p=6.9E-14 and r=0.589; p=1.3E-13, respectively) 

thus providing reasonable confidence of their identity.  Fish oil supplementation 

studies in human volunteers indicate that LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0) is 

associated with EPA intake (169). It is thought that Lyso 

PC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) is more bioavailable than the free fatty acid, as 

gavage studies in mice increased the levels of EPA in the brain by >100-fold(170).  

Despite the potential utility of eicosapentaenoic acid metabolites, ultimately, none 

of these were incorporated into the optimised logistic regression model predicting 

MDS group. The three metabolites incorporated were MG(0:0/16:1(9Z)/0:0), PTX2SA, 

and PC(P-18:1(9Z)/16:0).  The combined correlation of the 3 metabolites included in 

the model and MDS was (r= 0.64; p =5.6E-17). MG(0:0/16:1(9Z)/0:0) was one of two 

monoacylglyceride biomarkers identified (the other being 

MG(0:0/20:3(5Z,8Z,11Z)/0:0). The respective fatty acid components of these MGs 

have potentially strong dietary relevance, and both markers significantly decreased 

with increasing MDS. Both of these metabolites were correlated with previous 

targeted measured blood triglycerides showing a highly significant association (r= 

0.511; p =1.2E-9) and (r= 0.348; p =6.8E-5) respectively. 

MG(0:0/20:3(5Z,8Z,11Z)/0:0) is the monoacylglyceride metabolite of mead acid 

(20:3(5Z,8Z,11Z). The levels of mead acid in plasma are known to be a marker for 

overall essential fatty acid (EFA) status (171,172).  Mead acid is not itself considered 

an essential fatty acid, but in the absence of adequate essential fatty acids in human 

tissues, the fatty acid MG(0:0/20:3(5Z,8Z,11Z)/0:0) is metabolised to mead acid (172–

175). Given that MG(0:0/20:3(5Z,8Z,11Z)/0:0) is significantly, negatively correlated 

with MDS potentially indicates that some individuals in the ‘low’ MDS group, 
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particularly those with very high MG(0:0/20:3(5Z,8Z,11Z)/0:0) levels, may exhibit 

essential fatty acids deficiency (176,177). Adherence to MD has proved an 

enhancement in essential fatty acid levels (178,179). This is consistent with our 

findings which showed a significant difference in EFA concentrations between low 

and high MD adherence groups (p = 0.001) and an 11.10% increase between low and 

high MD adherence.  

 

Alternatively, it is also possible that MG (0:0/20:3(5Z,8Z,11Z)/0:0) is derived from the 

diet. For instance, mead acid is present in very high levels in animal cartilage, and it 

is noteworthy that this metabolite is strongly correlated with processed meat intake. 

The other MG biomarker identified is a metabolite of trans-palmitoleic acid (16:1(9Z)) 

which has previously been established as a marker of full fat dairy intake (180). 

Unfortunately, the correlation between this ion and dairy intake was not statistically 

significant in our study (p=0.12).  

Another novel high performing MDS biomarker which correlated strongly with fish 

consumption is a xenobiotic compound called Pectenotoxin-2 seco acid (PTX2SA).  

PTX2SA correlated closely with both MDS and fish intake. Produced by toxic 

dinoflagellates, pectenotoxins accumulate in shellfish, and humans can potentially be 

exposed to these through shellfish consumption. PTX2 is one of the family of 

pectenotoxin compounds, which are polyether macrolide toxins responsible for 

diarrheic shellfish poisoning (181). Reassuringly however, PTX2sa is a non-toxic 

metabolite of PTX2. Injection of mice with doses as high as 5mg/kg does not cause 

toxicity, and oral administration of PTX2sa is likely to be even less toxic (182). 

Intriguingly, PTX2sa and its epimer 7-epi-PTX2sa have previously been detected in 

Irish waters (183) however, we cannot find any evidence that PTX2sa has been 

detected in humans before. PTX2 is highly lipophilic and may not be released and 

absorbed during human digestion of shellfish. It also appears to be quite labile and, 

if it were to be liberated during digestion, acidity in the stomach would rapidly lead 

to metabolism to its non-toxic seco acid.  PTX2sa has been detected in various marine 

samples, with mollusks and plankton being the most abundant sources (184). We are 

not aware that PTX2 or PTX2sa has been detected in fish specimens before, however, 

it seems likely given that trace amounts will occur, given that PTX2 has been 
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measured at ≤8ng/l in seawater, ≤10 ng in suspended particular matter and ≤2ng/g 

in marine sediment (185). It is entirely plausible that this compound could originate 

from fish intake. Mollusk/shellfish consumption among MEDDINI participants during 

the surveyed period was, however, extremely rare, and the calculation of MDS was 

based on fish intake, and not shellfish intake. Alternatively, given the fact that 

PTX2/PTX2sa are highly lipophilic they may persist long after absorption and may 

reflect shellfish intake outside of the food diary data collection period.  

 

The third metabolite to be incorporated in the model was a phosphatidylcholine 

identified PC(16:0/18:1(11Z)), comprised of palmitic acid and vaccenic acid.  This 

metabolite was the best performing individual biomarker overall (AUCROC= 0.79) 

and it strongly positively correlated with MDS (r=0.495; p=1.04E-9). It is difficult to 

pinpoint the dietary origin of PC(16:0/18:1(11Z)) as it correlated with a number of 

food types, but the strongest association was with fish intake (r = 0.492, p-value = 

1.3E-9)), which was almost equal in strength to its association with MDS.  

One other noteworthy MDS biomarkers detected were Xi-8-Hydroxyhexadecanedioic 

acid (Xi-8-HHDDA), also known as 8-hydroxyhexadecane dioic acid. Xi-8-HHDDA is a 

long-chain fatty acid, and here it was significantly associated with fruit, fruit juice and 

vegetable intake, and it also correlated with blood plasma levels of Vitamin C (r=0.30; 

p=8E-5). It seems likely to originate from dietary plant intake, given that it is a cutin 

constituent of fruits and vegetables (186,187). Its presence has been reported in fruit 

and tomatoes, which makes it a potential biomarker for the consumption of these 

food products (188,189). It has also been identified as one of the major constituents 

of sweet cherries (190). Other dioic acids have been reported in other fruits, for 

example, 10,16-dihydroxyhexadecanoic was identified as major components of the 

of the cuticle of different apple varieties (191). To the best of our knowledge, this is 

the first time that the metabolite xi-8-Hydroxyhexadecanedioic has been identified 

as a potential biomarker of fruits and vegetable intake. 

 

3.4.1 Conclusions 
In conclusion, the present study is only the third to apply untargeted LC-MS 

metabolomics to a MD study and it provides a clear indication that this approach can 
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be effective in a Northern European population with sub-maximal MD adherence. 

The findings further advance the ongoing search for a biomarker panel to determine 

adherence to a MD diet. Specifically, we propose a logistic regression model for 

accurately distinguishing low or high MDS, which will require careful validation using 

targeted and quantitative methods in other MD cohorts. There is clear evidence that 

the shortlisted metabolite biomarkers have statistically significant dietary 

associations (five for fish intake, one for fruit and vegetable intake, and two for 

processed meat), thus making the findings biologically plausible, and worthy of 

further investigation. 
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6. Chapter 4. Identification of Blood Metabolite Biomarkers of a 
Healthy Dietary Pattern as Facilitated by Dietary Cluster 
Analysis 
4.1 Introduction 
Poor eating habits are directly associated with the occurrence of metabolic syndrome 

(192) and even individuals not classified as obese but following an unhealthy dietary 

pattern can develop this condition (193). In normal weight individuals, metabolic 

syndrome is a risk factor for the development of NCD. Identifying and modifying 

dietary factors to prevent disease is a key goal in biomedical research (64). Biomarkers 

of particular dietary patterns could play a key role in monitoring dietary intake, aid in 

the determination of the health benefits of certain eating patterns, and potentially 

inform dietary guideline advice (97). Using newly identified biomarkers in combination 

with traditional targeted approaches could provide a more robust panel of biomarkers 

associated with dietary intake (119). 

Putative biomarkers for the consumption of specific food types have been identified, 

e.g. red meat, coffee, nuts, wine, vegetables, legumes, citrus fruit, tea, and sugar 

sweetened beverages (194). The intake of single foods does not account for the 

totality of dietary impact on health (74), so multiplexed biomarker panels assessing 

overall dietary intake would be of value. However, many of these biomarkers need to 

be individually validated in dose-response intervention studies before they can be put 

into practical use. An alternative approach is to identify typical dietary patterns, based 

on the intake of each food type, then to identify prominent biomarkers which best 

reflect that particular pattern (195).  

Cluster analysis is an a posteriori analytical approach used to identify dietary patterns 

and classifying individuals into distinctive, non-overlapping groups. Several studies 

have applied K-means cluster analysis to dietary intake data (103); such an approach 

has demonstrated statistically significant associations between identified dietary 

patterns and risk of metabolic syndrome (196).  

Identifying dietary patterns using cluster analysis may reveal biologically meaningful 

biomarkers (103), although its use in this way has been quite limited (108). In an 

urban Chinese population, three dietary patterns were derived, and a pattern of high 

intake of refined cereals was associated with elevated homocysteine (197) (linked to 
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cardiovascular disease (CVD) risk) (198) and reduced vitamin B12 (197). Gibbons et al. 

used cluster analysis to develop a model for classification of people (n=567) according 

to distinct dietary patterns using metabolomic data. Among the identified metabolites, 

betaine and citrate were significantly higher in cluster 1 and creatinine and N-

acetylglutamate in cluster 2. Their model was successfully validated in an independent 

cohort which revealed a percentage of misclassification of only 6%  (109) 

A priori-defined dietary patterns, e.g. healthy Nordic food index (HNFI) or the Baltic 

sea diet score (BSDS) (199) have been combined with metabolomics data to discover 

biomarkers of healthy eating. However, there have been few attempts to do this using 

a posteriori approaches (108). The present investigation performed K-means 

clustering analysis on quantitative food diary data from participants enrolled in the 

Mediterranean Diet in Northern Ireland (MEDDINI) intervention study to develop 

distinct dietary clusters. Then an extensive list of 90 potential blood metabolites were 

evaluated for their ability to assign individuals to each of the derived dietary clusters. 

 

4.2 Materials and Methods 

4.2.1 Study participants  
The Mediterranean Diet in Northern Ireland (MEDDINI) study was a randomised 

controlled parallel group trial where 61 willing participants previously diagnosed with 

coronary heart disease (CHD) were recruited (samples from n = 57 participants were 

available for the present study) from the Cardiology Directorate, Royal Victoria 

Hospital, Belfast. Participants recruited were aged between 39 and 78. Seven-day food 

diaries were used to collect food consumption data. Participants were asked to record 

the foods consumed over seven consecutive days, including an estimation of quantity 

consumed and information on preparation methods used. From seven-day food 

diaries, a database was created registering all food amounts eaten by all participants 

during the course of the intervention (baseline, 6 months, and 12 months). Food 

portions were described in detail in the food diaries and all amounts were registered 

in grams in the database. Ethical approval was obtained for this study from the 

Queen’s University Belfast Research Ethics Committee (ethical approval references: 

RGHT000049 and 15.42 for the MEDDINI original study and for the latest analysis 

respectively). Informed written consent was obtained from all participants. Further 
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details from the intervention study have been previously described and reported 

elsewhere (136)(200).  

 
4.2.2 Sampling and analysis 
Fasting blood samples were collected at the three time points to assess nutritional 

biomarkers. For plasma samples the extraction procedure was described on 2.2.3. For 

serum samples, after blood collection, blood samples were left undisturbed at room 

temperature for 15 minutes for the blood to clot. Samples were centrifuged (2000 g; 

10 min) and the supernatant (plasma) collected, aliquoted and stored at - 80°C.  

Targeted, biochemical variables were measured in the Nutrition and Metabolism 

Group, Centre for Clinical and Population Science (now Centre for Public Health), 

Queen’s University Belfast. Serum retinol, α- and γ-tocopherol, lutein, zeaxanthin, β-

cryptoxanthin, lycopene, α- and β-carotene concentrations were measured by high 

performance liquid chromatography with diode array detection (201). Plasma vitamin 

C was assessed by fluorometric assay using a Cobas FARA analyser (Roche Diagnostics, 

Basel, Switzerland) (202). Serum folate and vitamin B12 were measured by radioassay 

using a commercially available kit (ICN Pharmaceuticals Ltd). Serum lipids were 

measured (total cholesterol, high-density lipoproteins (HDL) cholesterol, and TG) by 

enzymatic assays (Randox Ltd, Crumlin, NI) on an I-Lab 600 autoanalyzer, and plasma 

fatty acids measured by gas chromatography (203). All assays had intra- and inter-

batch coefficients of variation that were within acceptable limits (<10%). A total of 59 

metabolites were analysed using proton nuclear magnetic resonance 1H-NMR 

spectroscopy, the details of which have been described previously in section 2.2.3 

(200). Briefly, plasma samples were filtered using through pre-washed (x7) 3.5 KDa 

filters (Amicon Micron YM-3; Sigma-Aldrich, St. Louis, MO) via centrifugation at 13,000 

g, at 4°C for 30 min to remove macromolecules, then deuterium oxide (D2O) and a 

buffer containing the internal standard disodium-2,2-dimethyl-2-silapentane-5-

sulphonate (DSS) was added. Samples (200 μL) were subsequently transferred to a 

standard Bruker 3mm NMR tube for analysis. Data collection was carried out on a 600 

MHz Bruker ASCEND NMR spectrometer equipped with a 5 mm TCI cryoprobe using a 

randomised order with two hundred and fifty-six transients acquired. Chemical shifts 
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were reported in parts per million (ppm) of the operating frequency. Bayesil web-

based software was used identify and quantify metabolites (204). 

 

4.2.3 Cluster analysis of dietary data 
Cluster analysis was performed using the K-means cluster algorithm in SPSS (IBM SPSS 

Statistic 26) using food intake data transformed into standardized z-scores and with 

the maximum number of iterations set at 10. Clustering was conducted in a stepwise 

manner sequentially altering the number of food types and the number of clusters 

until fully optimised and cross-validated. Food types were only removed from the 

clustering model if their intake was rare, atypical or consumed by a very small number 

of participants, or if their inclusion persistently led to extremely unbalanced clusters 

which would not cross-validate. Ultimately 6 food types were included (‘Fruit, fruit 

juice and vegetables’, ‘Legumes’, ‘Fish’, ‘Red, white and Processed meat’, ‘whole grain 

cereals’, ‘sweet foods’). Only 3 food groups (nuts, alcohol and olive/rapeseed oil) were 

excluded from clustering analysis. A rigorous 3-fold cross-validation procedure was 

performed, where samples were randomly divided into 3 equal parts and cluster 

analysis was re-run but with one-third of the samples held back. This procedure was 

repeated at random 10 times and the model was deemed valid if the same clustering 

pattern was achieved on at least 8 out of 10 occasions.  

 

4.2.4 Statistical analysis 
Ultimately a 2 cluster model was adopted and the metabolite data of each sample was 

classified according to these 2 groups and analysed using MetaboAnalyst (version 

4.0)(142). Metabolite data were tested for normality (Shapiro Wilk) using SPSS, found 

to be non-normally distributed, and therefore non-parametric tests were selected 

within Metaboanalyst. Group comparisons were performed by t-test to obtain p-

values which underwent a Bonferroni false discovery rate (FDR) correction (q-value) 

to account for multiple comparisons. Receiver operating characteristic (ROC) curve 

analysis was conducted to assess biomarker performance. Area under the ROC 

(AUROC) values were obtained for each metabolite but also for all possible pair-wise 

metabolite ratios.  

Auto-scaled metabolite data were visualised by heat maps, Principal Component 
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Analysis (PCA) and Partial Least Squares-Discriminant Analysis (PLS-DA). Variable 

importance in projection (VIP) plots from PLS-DA models were used to identify the 

most influential metabolites for separating groups.  

Non-parametric food-metabolite correlations were performed (Spearman’s rank 

correlation coefficient) and p-values underwent Benjamini-Hochberg correction (Q-

values), and were deemed significant if p≤0.05 and Q≤0.05. Adjustments carried out 

for smoking and blood pressure have been described in section 2.2.4   (200).  

 

4.3 Results 

4.3.1 K-means clustering analysis 
Data from 145 food diaries were collected from a total of 60 participants in the original 

MEDDINI study. Blood samples were collected at 3 time points (baseline, 6 months, 

and 12 months), although not all participants completed the whole intervention. A 

total of 134 plasma samples from 57 subjects underwent high-performance liquid 

chromatography (HPLC) and 1H-NMR analysis and therefore only food diary data from 

these samples underwent K-means cluster analysis. The two optimal clusters were 

‘Cluster 1’ comprised of 53 samples and ‘Cluster 2’, comprised of 81 samples. The 

different intake patterns emerged from each cluster is shown in Figure 4.1. Cluster 1 

was characterised by higher consumption of fruit, fruit juice and vegetables, legumes, 

fish and whole grain cereals and a lower consumption of red, white and processed 

meat and sweets whereas Cluster 2 was characterized by a lower intake of fruit, fruit 

juice and vegetables, legumes, fish and whole grain cereals and a higher intake of red, 

white and processed meat and sweet foods. Average daily amounts consumed by 

individuals from each cluster was calculated and is shown in Table 4.1. 

4.3.2 Univariate analysis of metabolites 
As shown in Table 4.2, 10 of the 90 metabolites measured in plasma significantly 

differed between the two clusters (p<0.01; q<0.05). Samples from Cluster 1 had 

significantly higher blood levels DHA, EPA, α-linolenic acid, citric acid, and vitamin C. 

Compared with Cluster 2 these metabolites were 22%, 25%, 20%, 17% and 22% higher, 

respectively. Individuals from Cluster 2 had higher levels of adrenic acid, osbond acid, 

cholesterol, DGLA and TG. Compared with Cluster 1 these metabolites were 27%, 34%, 

16%, 14% and 23% higher, respectively. Other probable biomarkers were identified 
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(p<0.02; q<0.11), these include: palmitic acid, tyrosine, β-carotene, α-carotene and 

betaine, which were higher in Cluster 1 by 2%, 22%, 44%, 32% and 15% (Table 2).  

 

Figure 6.1. The optimised and cross-validated K-means cluster model of dietary intake data from the MEDDINI 

study. Model developed using the K-means cluster algorithm in SPSS (version 26). Y-axis shows food intake data 
represented as standardized z-scores. X axis the resultant clusters after optimisation and crossed validation. Food 
groups included into the cluster model were: ‘fruit, fruit juice and vegetables’, ‘legumes’, ‘fish’, ‘red, white and 
processed meat’, ‘whole grain cereals’, ‘sweet foods’. 

 

 

 

Table 6.1. Differing food intake recorded for the two dietary clusters developed by K-means clustering. Average 

and standard deviation (SD) for the 6 food types used to develop the K-means cluster model. 

Food Type 
Cluster 1 

(n = 53) (g/day) 
Cluster 2 

(n = 81) (g/day) 

Fruit, fruit juice and vegetables  569.44 ± 182.78 281.30 ± 137.22 

Legumes  32.48 ± 32.18 18.27 ± 19.55 

Fish  53.89 ± 35.01 18.41 ± 28.55 

Red, white and processed meat  74.72 ± 37.00 121.64 ± 67.34 

Wholegrain cereals  27.15 ± 18.15 16.70 ± 24.76 

Sweet foods  26.22 ± 23.69 58.85 ± 46.56 
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Table 6.2. Summary of metabolite concentration differences (average and standard deviation) between dietary clusters and performance of biomarkers. Mean concentrations 

(µM) for the top 15 ranked metabolites and their respective standard deviations (SD). P-values are from t-tests, q-values are false discovery rate corrected p-values. Area under 

the receiver operating characteristic (AUROC) values indicate biomarker performance. Metabolites were deemed statistically significant if p< 0.01 and q< 0.05. 

 
Biomarker 

Cluster 1 
n = 53 (µM) 

Cluster 2 
n = 81 (µM) 

p-value q-value AUROC ↑/↓ % change 

1 DHA 3.90 ± 1.22 3.03±0.95 2.13E-5 0.001 0.72 ↓ 22.07 

2 Adrenic acid 0.29 ± 0.64 0.37 ± 0.51 2.69E-5 0.001 0.71 ↑ 26.55 

3 Osbond acid 0.14 ± 0.06 0.19 ± 0.07 9.55E-5 0.003 0.69 ↑ 34.39 

4 EPA 2.51 ± 2.42 1.86 ± 2.29 1.74E-4 0.003 0.69 ↓ 25.89 

5 Cholesterol 3.41 ± 0.84 3.95 ± 0.86 2.58E-4 0.004 0.68 ↑ 15.64 

6 DGLA 3.11 ± 0.65 3.55 ± 0.72 0.0013 0.02 0.66 ↑ 14.34 

7 α-linolenic acid 0.28 ± 0.11 0.23 ± 0.09 0.0023 0.03 0.65 ↓ 19.80 

8 Citric acid 94.26 ± 33.73 78.05 ± 30.65 0.002 0.03 0.65 ↓ 17.19 

9 Vitamin C 39.95 ± 17.58 31.21 ± 23.00 0.002 0.03 0.64 ↓ 21.87 

10 Triglycerides 1.39 ± 0.67 1.72 ± 0.72 0.005 0.04 0.64 ↑ 23.12 

11 Palmitic acid 31.26± 2.00 30.02 ± 1.62 0.008 0.06 0.64 ↓ 2.36 

12 Tyrosine 5.77 ± 2.88 4.49 ± 2.73 0.009 0.07 0.63 ↓ 22.16 

13 β-carotene 1.27 ± 1.48 0.71 ± 0.63 0.012 0.08 0.63 ↓ 44.05 

14 α-carotene 0.46 ± 0.35 0.31 ± 0.20 0.015 0.10 0.62 ↓ 32.03 

15 Betaine 47.83 ± 19.08 40.58 ± 17.77 0.018 0.11 0.62 ↓ 15.16 
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4.3.3 Multivariate analysis of metabolites 
Unsupervised PCA analysis incorporating all plasma metabolites (Supporting 

Information Figure S4.1A) showed limited discrimination of Clusters 1 and 2. Principal 

component 1 (PC1) explained 20.5% of the variance and principal component 2 (PC2) 

explained 8.9%. Using the supervised method of PLS-DA visibly improved the 

separation of clusters (Supporting Information Figure S4.1B). PLS-DA was successfully 

cross-validated using 3 components (Supporting Information Table S4.1). VIP Scores 

revealed the top 15 most influential metabolites (Supporting Information Figure 

S4.1C) in the PLS-DA model with 13 of the 15 tallying with the most statistically 

significant metabolites.  

 

4.3.4 Biomarker Performance 
Table 4.2 shows the performance of individual biomarkers and Table 4.3 shows the 

best performing paired-metabolite ratios. DHA was the strongest performing 

individual biomarker (AUROC=0.72) and this metabolite could be further utilised to 

achieve even greater biomarker performance by ratioing it with osbond acid, adrenic 

acid, DGLA or cholesterol (AUROC=0.75-0.78). (Supporting information Figure S4.2) 

shows the clear potential of leveraging DHA and osbond acid concentrations to best 

distinguish between Clusters 1 and 2. The osbond acid/DHA ratio differed by 72% 

between clusters.  

 

Table 6.3. Paired metabolites ratios. Paired metabolites ratios further enhance biomarker performance. Table 
4.3 shows the top performing paired metabolite ratios with AUCROC values and % change. Clusters 1 and 2 
values are mean metabolites ratio concentrations (µM). 

 Ratio  AUCROC Cluster 1 Cluster 2 ↑/↓ % change 

1 Osbond acid / DHA 0.78 0.036 0.062 ↑ 72.22 

2 Adrenic acid / DHA 0.76 0.074 0.122 ↑ 64.86 

3 DGLA / DHA 0.76 0.797 1.171 ↑ 46.93 

4 Cholesterol / DHA 0.75 0.874 1.303 ↑ 49.08 
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4.3.5 Food-metabolite correlations 
Table 4.4 shows the 15 statistically significant food-metabolite associations as 

determined by Spearman’s rank correlation after multiple comparisons correction 

using the Benjamini-Hochberg methodology. Intake of fruit, fruit juice and vegetables 

significantly positively correlated with DHA, EPA, α-linolenic acid, vitamin C, and 

betaine and negatively with adrenic acid, osbond acid, cholesterol, TG, and palmitic 

acid. Legume intake was significantly positively associated with alpha-carotene and 

negatively with DGLA. Fish intake was significantly positively correlated to DHA, EPA, 

vitamin C, and β and α-carotene and negatively correlated with adrenic and osbond 

acid, cholesterol, DGLA and TG. Red, white, and processed meat positively correlated 

with adrenic and osbond acid, cholesterol, and TG and negatively with citric acid and 

betaine.  

 

4.4 Discussion 
The present investigation demonstrates the effectiveness of K-means cluster analysis 

to derive dietary patterns from a study population using food diary data, and how 

concomitant blood samples can be used to uncover biomarkers reflecting adherence 

to the resulting dietary patterns. To the best of our knowledge, this is the first time 

that K-means cluster analysis has been applied in this way.  Our search for potential 

plasma biomarkers of healthy eating involved a dual-strategy. First, a pre-defined list 

of 31 commonly measured food-derived nutrients and diet-related CVD risk factors 

were tested. Each of these have previously been investigated as possible dietary 

biomarkers, and specifically within our research group as indicators of compliance to 

a MD pattern (136). Second, a non-targeted 1H-NMR metabolomic approach identified 

and quantified 59 metabolites. Our investigations also tested all 540 potential food-

metabolite correlations to detect relationships between individual blood metabolites 

and dietary patterns. Only 17 significant associations emerged following multiple 

comparisons correction, of which 15 corresponded to the top most significant listed 

metabolites (Table 4.4). These data offer wider insights about biomarker utility within 

the context of a complex diet.
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Table 6.4. Significant food-metabolite correlations determined by Spearman’s rank correlation. Spearman’s rank correlation coefficients (r) for the top 
15 most significant metabolites to indicate those significantly correlated with the individual food variables. Correlations were deemed significant if 
p<0.05 and Q<0.05 (Benjamini-Hochberg). 

Food group  
Fruit, fruit juice 

& vegetables 
Legumes Fish 

Red, white and 

processed meat 
Whole grain cereals Sweet foods 

DHA 

r 0.282 0.139 0.556 -0.179 0.197 -0.052 

p 0.001 0.111 3.70E-12 0.039 0.023 0.551 

Q 0.031 0.549 6.65E-10 0.339 0.27 0.905 

Adrenic acid 

r -0.278 -0.100 -0.331 0.268 -0.191 0.061 

p 0.001 0.252 0.0001 0.002 0.027 0.485 

Q 0.031 0.680 0.006 0.056 0.285 0.867 

Osbond acid 

r -0.318 0.028 -0.429 0.330 -0.121 0.086 

p 2.03 E-4 0.746 2.88E-07 1.11E-4 0.166 0.327 

Q 0.009 0.941 3.89E-5 0.006 0.623 0.746 

EPA 

r 0.421 -0.091 0.569 -0.133 0.201 -0.120 

p 4.60E-07 0.295 9.23E-13 0.127 0.020 0.169 

Q 4.96-05 0.711 2.49-10 0.586 0.257 0.623 

Cholesterol 

r -0.286 0.031 -0.309 0.189 -0.112 0.031 

p 0.001 0.721 2.85E-4 0.029 0.196 0.724 

Q 0.031 0.936 0.012 0.290 0.637 0.936 

Vitamin C 

r 0.353 0.12 0.231 -0.201 0.332 0.187 

p 3.30E-5 0.169 0.008 0.021 9.90E-5 0.032 

Q 2.49E-10 0.623 0.160 0.257 0.006 0.308 

β-carotene 

r 0.117 0.138 0.305 -0.077 0.200 0.023 

p 0.178 0.111 3.38E-4 0.379 0.021 0.796 

Q 0.628 0.549 0.014 0.769 0.257 0.957 

α-carotene r 0.158 0.180 0.377 -0.044 0.153 0.005 



  

83 

 

p 0.069 0.037 7.00 E-6 0.613 0.078 0.957 

Q 0.428 0.333 6.30E-4 0.922 0.452 0.995 

Palmitic acid 

r -0.255 -0.113 -0.054 0.081 -0.096 0.178 

p 0.003 0.196 0.535 0.352 0.27 0.04 

Q 0.073 0.637 0.897 0.763 0.683 0.340 

Citric acid 

r 0.189 0.098 0.073 -0.147 0.175 -0.213 

p 0.029 0.258 0.404 0.090 0.044 0.013 

Q 0.290 0.680 0.802 0.490 0.349 0.206 

Triglycerides 

r -0.184 -0.099 -0.251 0.217 -0.230 0.031 

p 0.033 0.255 0.003 0.012 0.008 0.722 

Q 0.312 0.680 0.073 0.202 0.160 0.936 

Betaine 

r 0.183 0.13 0.098 -0.020 0.078 -0.133 

p 0.035 0.135 0.26 0.814 0.155 0.126 

Q 0.746 0.934 0.905 0.972 0.290 0.767 

Tyrosine 

r 0.156 0.121 0.047 0.039 0.085 -0.104 

p 0.072 0.165 0.588 0.651 0.329 0.232 

Q 0.432 0.623 0.905 0.922 0.746 0.669 

DGLA 

r -0.113 -0.172 -0.239 0.129 0.021 0.127 

p 0.194 0.047 0.006 0.139 0.807 0.146 

Q 0.637 0.357 0.135 0.607 0.958 0.611 

α-linolenic acid 

r 0.181 0.01 0.037 -0.201 0.195 -0.149 

p 0.037 0.911 0.675 0.021 0.025 0.087 

Q 
0.333 

 
 
 

0.981 0.922 0.257 0.281 0.479 
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The objectivity of quantitative methods is a key advantage for measuring human 

dietary patterns, and K-means clustering is a robust (106) and reproducible method 

(205) widely used to derive dietary patterns. It aims to create homogenous groups by 

maximising the Euclidian distance between the cluster centres and minimising the 

distance between the individuals around the centre of their closest cluster (206). 

Subjectivities, such as the selection of the cluster numbers or which data to include, 

can be overcome by stepwise optimisation and rigorous cross-validation as described 

here. Food intake data are usually inputted to clustering analysis in one of three ways: 

(i) the frequency of the food consumed (servings) (ii) the percentage total energy 

contribution from food (%TE Food), or (iii) the portion size of the food consumed 

(grams) (103). The present study opted to input food data in grams as food portions 

and are described in detail in the MEDDINI food diaries, with all amounts databased 

in grams, which could be easily standardised prior to clustering. The rationale was that 

gram measurements would provide quantitative precision that was most in keeping 

with the analytical measurement of biomarkers, so that relationships between food 

amount and biomarker concentration could be tested by correlation analysis.   

Our findings derived two distinct dietary clusters or patterns. Cluster 1 might be 

described as a ‘healthy dietary pattern’ since it was characterised by a higher 

consumption of fruit and vegetables, fish, legumes and whole grain cereals and lower 

consumption of red, white and processed meat and sweet foods. Indeed, a very similar 

dietary pattern (high intake of fish, whole grains; low intake of refined products, sugar 

and sweets and cured meat) is associated with a lower risk of metabolic syndrome and 

lower risk of low HDL cholesterol in normal weight individuals (192). Conversely, 

Cluster 2 could be described as ‘Westernised’ because it is perceivably lower in fibre 

(i.e. 50% less fruit and vegetables and 38% less whole grain cereals), higher in refined 

sugar (i.e. 123% more sweet foods) and higher in saturated fat (i.e. 63% more meat 

and 66% less fish).   

Statistical comparisons found plasma levels of 10 metabolites to significantly differ 

between the two clusters. DHA, EPA, α-linolenic acid, citric acid, and vitamin C were 

significantly higher in Cluster 1, whereas adrenic acid, osbond acid, cholesterol, DGLA 
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and TG were significantly higher in Cluster 2. Five further metabolites were also 

identified differing between the 2 clusters: palmitic acid, tyrosine, β-carotene, α-

carotene and betaine. Of these shortlisted metabolites, DHA was the most statistically 

significant, the most influential in discriminating clusters in multivariate analysis (as 

determined by VIP scores from PLS-DA) and was the strongest performing individual 

biomarker (as determined by AUROC). Plasma levels of DHA were approximately 22% 

higher in Cluster 1. By computing biomarker ratios, it was discovered that DHA’s 

biomarker performance could be enhanced by combining it with any of the 

metabolites which were significantly higher in Cluster 2. In our dataset osbond acid 

was 34% higher in Cluster 2 and the maximal paired ROC curve was osbond acid/DHA 

ratio, the levels of which differed by 72% between the clusters.   

DHA is a well-known fatty acid present in fish and has been reported as a marker of 

this food previously (207)(208). Our results corroborate this, finding a significant 

positive correlation with fish intake which was among the strongest food-metabolite 

associations observed overall (r=0.556; p=6.7E-10). There was also a significant 

association between DHA and fruit and vegetable intake, but this likely results from 

these food types being frequently co-consumed. A well-known issue in dietary 

biomarker research is that markers may be associated with, but not directly related 

to, the intake of a specific food.  The beneficial health associations of higher DHA 

plasma levels have been reported before. It is consistently associated with lower risk 

of atrial fibrillation and, when combined, levels of DHA and EPA indicate lower risk of 

fatal cardiac events, more favourable triglyceride levels, as well as beneficial actions 

on cardiac diastolic filling, arterial compliance, and oxidative stress(209). In many 

respects, our findings for EPA were analogous to the findings for DHA. EPA was a 

moderately good biomarker, and it significantly correlated with exactly the same food 

types: ‘fruit, fruit juice and vegetables’ and fish. This is interesting because one 

Chinese study has noted that combined EPA and DHA levels associate closely to a 

‘fish–vegetable’ dietary pattern score(210), and another Nordic study correlated DHA 

with fish and fruit intake, and EPA with fish (but not fruit) intake (199).  
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The omega 6 fatty acid osbond acid, which could be utilised to improve DHA biomarker 

performance, is also known as ω−6 docosapentaenoic acid(211).  Omega 6 fatty acids 

are primarily present in red meat, poultry, and eggs(212) and the presence of osbond 

acid has been reported in meat(213). Furthermore, osbond acid levels in erythrocyte 

membranes correlate positively with meat product consumption and negatively with 

fish intake, as measured by food frequency questionnaire(214).  This is consistent with 

our findings showing osbond acid as significantly negatively correlated with fish intake 

and fruit and vegetables but positively correlated with red, white and processed meat 

intake. It should also be taken into consideration that osbond acid was highly 

significantly elevated in Cluster 2 (p = 9.55E-5) and meat intake was far greater in 

Cluster 2 than in Cluster 1. Our analysis showed that the levels of adrenic acid 

(docosatetraenoic acid) shared similar attributes to osbond acid.  Adrenic acid was 

significantly higher in Cluster 2 and was a very strong biomarker in its own right. 

However, it did not quite reach significance when correlated with red, white and 

processed meat and, furthermore, it was not an influential feature in multivariate 

modelling. It is known that both red and white meat are dietary sources for adrenic 

acid (215,216)  and this metabolite is a constituent of both raw and processed meat 

(217). Associations between adrenic acid and non-alcoholic fatty liver disease (NAFLD) 

have been reported. Patients with NAFLD who have the highest alanine 

aminotransferase test levels also have the highest adrenic acid plasma concentrations, 

and in mouse models, the accumulation of adrenic acid is believed to enhance the 

progression of NAFLD (218). 

The samples and data utilised in the present study were obtained from the MEDDINI 

intervention study, which encouraged greater adherence to a Mediterranean dietary 

pattern. Fruit and vegetable intake is a key component of this dietary pattern and it 

was a key discriminating factor in the K-means cluster analysis. Cluster 1 in the 

present study identified participants whose fruit, fruit juice and vegetable intake was 

more than 50% higher than in the other cluster. Of the biomarkers shortlisted here, 

there were relatively few which strongly positively correlated with fruit, fruit juice 

and vegetable intake and some which might have been expected to be good 

biomarkers gave disappointing results.  Vitamin C positively correlated with fruit, fruit 
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juice and vegetable intake but also with wholegrain cereal intake. The wholegrain 

association likely reflects participant adherence to a healthy dietary pattern. Citric 

acid and betaine significantly associated with fruit and vegetable intake which was 

consistent with previous studies (157,219,220) , however significance was lost after 

multiple comparison correction. Nevertheless our finding here of citric acid and 

betaine associated with a healthy dietary pattern was consistent with the results 

found by Gibbons et al. who found citric acid and betaine as significantly associated 

with a healthy dietary pattern after using cluster analysis in a population of 567 

individuals. Their healthy dietary pattern derived from Cluster analysis was similar to 

ours with a high intake of fruit and vegetables, fish and cereals. Alpha-carotene and 

β-carotene, which have been previously associated with fruit and/or vegetable intake 

(38), did not show significant associations here. However, α-carotene and β-carotene 

rather surprisingly positively correlated with fish intake. It is worth noting that among 

the fruits consumed by participants, apple, pear, and bananas were consumed most. 

These typically have much lower carotenoid content as compared to other fruits 

(221,222), hence the heterogeneity of fruit and vegetables is a factor that should be 

taken into consideration. Furthermore, when grouping foods together as a dietary 

variable, it is common for the consumed food items to be aggregated into a limited 

number of groups (as was the case in this investigation). Carotenes are reported to 

occur in fish, but at much lower concentrations as reported in fruit and vegetables 

(223). Carotenoids also differ in their associations; for example, lutein is more 

strongly associated with vegetable intake and beta-cryptoxanthin with fruit 

(224,225). It is clear that further research to uncover robust biomarkers of fruit and 

vegetable intake is needed. Vitamin C is not a universal component of fruits and 

vegetables and perhaps a panel of biomarkers would be optimal, as has been 

frequently suggested (135,226). Our previous study found citric acid to be the most 

influential metabolite in discriminating between low and high adherence to a 

Mediterranean dietary pattern (Chapter 2) (200), and it is reassuring to see that it 

was a moderately good biomarker for dietary Cluster 1. Interestingly, α-linolenic acid 

and the chemically related DGLA (dihomo-γ-linolenic acid, also a 20-carbon ω−6 fatty 

acid) had similar biomarker performance. Contrastingly, α-linolenic acid associated 

with the healthier dietary pattern (Cluster 1), while DGLA associated with the less 
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healthy dietary pattern (Cluster 2). DGLA has been reported as a fatty acid 

constituent of both red and white meat (217)(227), but no statistically significant 

association with intake of these could be established here. The role of DGLA in human 

metabolism is unclear. Anti-inflammatory and anti-tumour properties of the fatty 

acid have been reported by some (228), but other studies have found high serum 

DGLA levels to be associated with reduced cognitive function and mild cognitive 

impairment in patients with coronary artery disease (CAD) (229). DGLA has, 

therefore, been suggested as a marker of early cognitive decline in CAD patients 

(230). In two other studies DGLA correlated well with the homeostatic model 

assessment of insulin resistance (HOMA-IR) and insulin C-peptide levels (231), and in 

a third, it positively associated with higher incidence of type 2 diabetes (T2D)(232). 

Interestingly, in a meta-analysis that compared 10 food groups and involved 3595 

participants, TG were significantly negatively associated with fish and nuts intake. 

These 2 food groups had the highest surface under the cumulative ranking curve 

(SUCRA) values for TG reduction (97% and 78%) respectively, followed by red meat 

(72%) and legumes (58%) and whole grains (53%). In our study TG were significantly 

higher in Cluster 2, the cluster which had a higher intake of red, white and processed 

meat, sweet foods, and a lower intake of fruit, vegetables, whole grains and legumes. 

Interestingly, Cluster 2 was also characterized by a 66% lower intake of fish compared 

to Cluster 1, which is in accordance with the results found in the meta-analysis (233). 

The meta-analysis found that red meat was a contributor to lower TG; however, in 

our study red meat was grouped with white and processed meat and not examined-

individually. 

4.4.1Conclusions  

In conclusion, the present study provides a shortlist of at least 10 (and perhaps as 

many as 15) potentially useful blood metabolites for assessing the dietary patterns of 

individuals. Higher levels of metabolites such as DHA, EPA, α-linolenic acid, citric acid, 

vitamin C, palmitic acid, tyrosine, β-carotene, α-carotene and betaine and lower levels 

of adrenic acid, osbond acid cholesterol, DGLA and TG appear indicative of a healthy 

dietary pattern. The many consistencies of our findings with previous studies offer 

confidence of their suitability for use, potentially as a biomarker panel in nutrition 
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research. It seems unlikely that an individual marker could ever reflect healthy or 

unhealthy eating patterns. However, our study shows that paired ratios can provide a 

simple means of enhancing individual biomarker performance. The next steps will be 

to assess the performance of these biomarkers and biomarker ratios in larger 

observational dietary studies, and to test the response of these biomarkers and ratios 

to controlled dietary change. 
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7. Chapter 5. Analysis of biomarkers of adherence to a 
Mediterranean diet over a period of 12 months.  
5.1 Introduction 
Prolonged adherence to a Mediterranean diet (MD) is associated with significant 

improvement in multiple cardiovascular risk factors (234). So far, only a few studies have 

focused on analysing the human metabolome after adherence to MD over a long-term 

duration (235). Cross sectional studies can provide valuable biomarker information 

using large sets of data (96), however conducting studies that assess changes in 

biomarkers over a long period of time in response to changes in adherence to a 

Mediterranean dietary pattern will allow more repeated biomarker measurements over 

time and provide long-term more conclusive data (236–238). Furthermore, not much is 

known about biomarkers of exposure to a MD over a long period of time, especially in 

non-Mediterranean countries (239). Epidemiological studies more often tend to be 

cross-sectional than longitudinal (44).  Nevertheless, both cross-sectional and 

longitudinal studies are needed and some studies have combined data sets from both 

kind of studies to obtain more robust data (240).  

It could also be the case that some MD biomarkers will require longer exposure to a 

dietary pattern to manifest its effect on the human metabolome, however, the exact 

MD adherence duration to observe these effects is unknown and requires further 

research (241). A MD intervention study of 3 months duration showed biomarker 

variations at 1, 2 and 3 months. LDL cholesterol significantly decreased at 2 and 3 

months but not after one month, and TG reduced by 26% in the intervention group but 

only after 3 months of the intervention (242). It has also been observed that adherence 

to MD may change during the intervention period leading to changes in biomarkers. This 

was the case of the RESMENA study (a MD study of 6 months duration) where subjects 

received a short 2 month intervention and continued the following 4 months in a self-

control period. Using LC-MS, plasma biomarkers were identified. The panel of 

biomarkers which showed statistically significant changes (mostly lipids) after 2 months 

of intervention were not observed to have changed at the 6 months timepoint. This 

suggested weaker MD adherence during the 4 month follow-up period (116) . Personal 

motivation and advice provided are factors which may increase dietary adherence. Also, 

setting long-term goals may increase patients’ motivation to maintain adherence to a 
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Mediterranean dietary pattern during an intervention (25), however this still remains 

challenging (25,116). 

A substudy of the “Prevención con Dieta Mediterránea” (PREDIMED) trial (n=930) used 

a targeted approach to measure biomarkers of heart failure after individuals followed a 

traditional MD supplemented with either olive oil or nuts over 12 months. The study 

measured plasma -linolenic acid concentrations by gas chromatography and used it as 

a biomarker for compliance in the MD groups supplemented with nuts. Concentrations 

of α-linolenic acid were significantly positively associated with adherence to MD 

supplemented with nut consumption (243) .  

 

A cross-over study of the Feeding America’s Bravest trial collected plasma samples from 

n=48 firefighters. At baseline, participants had previously followed an either 12 month 

MD intervention or no intervention (control group). Then the control group switched to 

a 6 months MD intervention and 6 months of self-sustained period and those in the 

intervention group continued for 1 year on self-sustained period. Results showed 

improved lipid metabolism correlated with adherence to MDS, which was attributed to 

fish and nuts intake. Dietary intake of total omega-3 fatty acids (n-3), DHA and EPA from 

food diaries positively and significantly correlated with plasma levels of total omega-3, 

DHA, and EPA, and these correlations were stronger comparing biomarkers at 

baseline:(n-3: r=0.624;p=0.001; DHA: r=0.673,p<0.001; EPA: r=0.46, p=0.022) with 

biomarkers after 6-months MD intervention (n-3: r=0.741, p<0.001; DHA: r=0.775, 

p<0.001; EPA: r=0.69, p<0.001) (244). 

 

The present chapter is an analysis of the previously identified biomarkers from patients 

from the MEDDINI intervention study. The aim was to examine changes in biomarkers 

over time after receiving advice to adhere to a MD diet for a period of 12 months. The 

purpose was to understand how biomarkers differed at each of the study time points of 

the MEDDINI, and ultimately to determine how MD adherence affected biomarkers 

levels. 
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5.2 Materials and Methods  

5.2.1 Mediterranean diet scoring 
Patients from the MEDDINI intervention study were advised to adhere to a MD over a 

12 month period. Using data from the food diaries, the adherence to a MD was 

measured by using a 14-point questionnaire as described in chapter 2 where 1 point was 

allocated to each participant for adhering to each of the requirements of the 

questionnaire.      

 

5.2.2 Dietary data analysis 
The materials and methods corresponding to this chapter have been described 

previously in Section 2.2 and will not be described here in detail. Briefly, one hundred 

and thirty-four food diaries from 58 patients in total at different timepoints of the 

intervention (baseline, 6 months and 12 months) were analysed. Reported intake from 

14 food groups were quantified: Fruit; fruit juice; vegetables; legumes; fish; red meat; 

white meat; processed meat; wholemeal cereals; combined olive oil, rapeseed oil and 

olive oil spreads; sweet foods; carbonated drinks; alcohol; and nuts. Food portions per 

day were transformed into grams per day (g/d). For practical analysis, these food groups 

were merged from 14 into 9 food groups: Fruit, fruit juice, and vegetables; legumes; fish; 

red, white, and processed meat; whole grain cereals; combined olive oil, rapeseed oil 

and olive oil spreads; sweets and drinks; alcohol; and nuts. Fruit, fruit juice, and 

vegetable food group intake was greater than the other 8 groups, therefore, average 

amounts were standardised and expressed as Z-scores to facilitate their representation. 

An analysis of variance (ANOVA) was carried out examining the 9 food groups, using the 

software Metaboanalyst 4.0, to indicate which food group intakes showed significant 

differences across the intervention timepoints. 

 
 

The total number of patients from which plasma samples were obtained for this study 

was 57. From this, the number of samples available from the baseline timepoint was 55, 

from the 6 month timepoint was 44 and from the 12 month timepoint was 35 (only a 

subset of participants were followed up at 12 months). Nine patients withdrew from the 

intervention between baseline and 6 months and not all samples were available for 
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experimental analysis.  Patients received a follow-up assessment at 6 months (adoption) 

and a subset of patients was followed up at 12 months (maintenance).  

 

5.2.3 Statistical analysis 
The same list of 91 biomarkers previously measured in chapter 4 underwent 

univariate and multivariate analysis comparing baseline vs 6 months vs 12 months. 

Biomarkers concentration were measured in μmol/L. Furthermore the 7 metabolites 

identified on Chapter 3 were also analysed comparing the differences between 

baseline, 6 months and 12 months. These were measured in relative intensity of the 

ions, arbitrary units (A.U.). Due to unit differences, the first set of markers was 

analysed separately from the second one. 

(i) 5.2.3.1 Univariate analysis: Biomarker changes in the intervention period  

Data were analysed using univariate and multivariate analysis using Metaboanalyst 

version 4.0. One way ANOVA was performed across the 3 time points. Samples were 

normalised and auto-scaled. Biomarker data was deemed non-parametric, and so a 

non-parametric ANOVA performed. 

(ii) 5.2.3.2 Multivariate analysis 

Group separations were examined using unsupervised Principal Component Analysis 

(PCA), and two supervised methods, Partial least squares-discriminant analysis (PLS-

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

The PLS-DA model was then cross-validated using Metaboanalyst.  

 

 
5.2.4 MDS vs Biomarkers 
Without taking the intervention timepoints into consideration, the relation of the 

shortlisted biomarkers in the present chapter and MDS achieved by the MEDDINI 

patients was also studied. For this, the biomarkers were represented against MDS. 

Since the MDS achieved during the intervention ranged from 0 to 10, biomarker data 

was averaged into 5 groups according the MDS achieved. These were: 0-1; 2-3; 4-5; 

6-7; 8-10. 
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5.2.5 Change in Score vs Change in Biomarker 
With the goal of studying the change of biomarker per unit of MDS scored, the change 

in MDS over the course of the intervention was analysed and compared to the change 

in biomarker (Δ biomarker/ Δ MDS). For this, MDS scores obtained at baseline were 

subtracted from scores achieved at 6 months and scores obtained at baseline were 

subtracted from achieved at 12 months. Similarly, biomarker concentrations at 

baseline were subtracted from biomarker concentration at 6 months and biomarker 

concentrations at baseline were subtracted from biomarker concentration at 12 

months. Results were represented on scatter plots on SPSS to determine the 

relationship between change in score and change in biomarker. 

Likewise, for the 7 LC-MS metabolites, normalised intensities obtained at baseline 

were subtracted from normalised intensities achieved at 12 months. These were then 

represented against difference in MDS. 

 

5.2.6 Correlation between difference in MDS and difference in biomarker 
Correlations between change in biomarker (Δ biomarker) and change in MDS (Δ MDS) 

were carried out, both for changes between baseline and 6 months and changes 

between baseline and 12 months. Data were non-parametric and therefore 

Spearman correlations were carried out in SPSS.  

 

5.3 Results 

5.3.1 Mediterranean diet scoring 
The maximum MDS achieved over the course of the study was 10, whereas the 

maximum theoretical MDS on the scale used in this study is 14. Table 5.1 shows the 

distribution of MDS from lowest achieved (0) to highest achieved (10) throughout the 

intervention, and the number of patients achieving each specific score at Baseline, 6 

months, and 12 months. On average, MDS adherence was highest at 6 months (6.36) 

and declined slightly by 12 months (5.68), but still remained higher than baseline 

(3.12) (Table 5.1). 
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Table 7.1. Number of patients and MDS at each time-point. MDS achieved from the 14-point MDS and number of 
patients who achieved each scores at each of the timepoints of the intervention. 

MDS  

(points) 

Baseline  

(no. of patients 

(n=55)) 

6 months  

(no. of patients 

(n=44)) 

12 months  

(no. of patients (n=35)) 

0    3   

1  7 2   

2  13   1  

3  9  1  4  

4  11  4 6  

5  5 7   6 

6  6  9  6 

7 1  5 4 

8   11  5 

9   3  3  

10   2   

 Average MDS 3.12 6.36 5.68 

 

5.3.2 Dietary data analysis 
From food diaries (n=146), averaged and standardised amounts from 9 food groups: 

Fruit, fruit juice, and vegetables; legumes; fish; red, white, and processed meat; 

whole grain cereals; sweets and drinks, alcohol and nuts were quantified (Table 5.2) 

and the changes in intakes of these foods over the 12 month study duration can be 

seen in Figure 5.1. The ANOVA on Table 5.3 shows the statistical significance of food 

intake variations during the intervention. Fruit, fruit juice, and vegetables intake was 

low at baseline and significantly increased (p < 0.05) from baseline to 6 months and 

from baseline to 12 months. Legumes intake increased from baseline until 6 months 

and decreased from 6 to 12 months, however changes in legumes intake did not 

change significantly throughout the intervention. Fish significantly (p < 0.05) 

increased after baseline and reached its maximum at 6 months, then decreased after 

6 months but remained significantly higher compared to baseline. Red, white, and 

processed meat significantly decreased from baseline to 6 months and significantly 

increased after 6 months until 12 months, however, although not significantly, meat 

intake was still lower at 12 months compared to baseline. Wholegrain cereals intake 

did not show a significant variation between baseline and 6 months, however it 

significantly increased from 6 to 12 months. The use of olive oil, rapeseed oil, and 

olive oil spreads significantly increased from baseline to 6 months. Intake then 
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declined from 6 to 12 months, however, although not significantly; it remained higher 

compared to baseline. Average sweets and carbonated drinks intake dropped by 

more than half between the start and end of the intervention. It significantly 

decreased from baseline to 6 months and from baseline to 12 months. Alcohol intake 

decreased during the first 6 months and started increasing again after 6 months, 

however no significant variations were observed.  Average nut intake increased from 

baseline until 12 months, but no significant variations between timepoints were 

observed. Significance for all food groups was deemed at p< 0.05 and q< 0.05 (Table 

5.3).  

 

Table 7.2. Average amounts of 9 food groups in grams per day (g/d) at Baseline, 6 months and 12 months of the 

intervention study. 

Food groups Baseline (n=60) 6 months (n=49) 12 months (n=36) 
Fruit, fruit juice & vegetables  272.48±127.90 491.01±212.59 482.77±219.17 

Legumes  22.30±23.99 27.24±29.64 22.59±25.47 

Fish  22.10±32.24 42.52±37.15 37.57±35.67 

Red, white  & processed meat  126.61±76.10 72.65±35.25 103.10±42.07 

Cereals  15.08±28.46 18.73±11.82 33.77.38±18.45 

Olive oil, rapeseed oil and olive oil spreads 

(g/d) 

1.00±2.38 4.25±3.72 1.88±1.57 

Sweets & carbonated drinks  86.98±120.68 51.19±43.96 36.12±37.12 

Alcohol  105.10±185.37 73.55±117.85 99.18±146.66 

Nuts  0.06±0.46 0.78±3.07 1.64±6.05 

 
 

5.3.3 Univariate and multivariate analysis 

(iii) 5.3.3.1 Univariate analysis. Change of biomarkers from Baseline to 12 

months. 

One-way ANOVA analysis across the 3 timepoints found 6 significant metabolites (in 

order of level of significance): citric acid, betaine, vitamin C, EPA, myo-inositol and α-

linolenic acid (p< 0.05 and q< 0.05) (Table 5.4). 

One-way ANOVA analysis applied to the 7 metabolites previously identified with LC-

MS, showed significant differences between the different time points for 6 of the 7 

metabolites, in order of significance: MG(0:0/16:1(9Z)/0:0), PC(P-18:1(9Z)/16:0), 

PTX2SA, MG(0:0/20:3(5Z,8Z,11Z)/0:0), xi-8-Hydroxyhexadecanedioic acid, LysoPC 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), and EPA (Table 5.5). 
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Figure 7.1. Standardised daily average food intake from 9 food groups. Olive oil, rapeseed oil and olive oil spreads; Fruit, fruit juice, and vegetables; legumes; 
fish; red, white, and processed meat; whole grain cereals; sweets and carbonated drinks, alcohol and nuts.
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Table 7.3. ANOVA of the 9 food groups comparing intake variations during the course of the intervention study. 

Table shows p-values, q-values or false discovery rates (FDR), and post-hoc tests. Food group variations were 

deemed significant at (p< 0.05 and q< 0.05). 

Name p-value 
FDR (q-
value) 

Post-hoc tests 

Fruit, fruit juice 
and Vegetables 

1.05E-9 9.45E-9 
Baseline - 6months; 
Baseline - 12months 

Olive oil, rapeseed oil, 
and olive spreads 

4.43E-8 1.99E-7 
Baseline  - 6months ; 
6months - 12months 

Red, White and Processed Meat 1.48E-5 4.44E-5 
Baseline  - 6months ; 
6months - 12months 

Whole grain cereals 3.17E-4 7.13E-4 
Baseline  - 12months; 
6months - 12months 

Fish 0.007 0.0140 
Baseline - 6months; 
Baseline - 12months 

Sweets and carbonated drinks 0.009 0.014 
Baseline - 12months; 
Baseline - 6months 

Nuts 0.108 0.143 Not significant 

Alcohol 0.549 0.582 Not significant 

Legumes 0.582 0.582 Not significant 

 

Change in these biomarkers during the intervention is shown in Figure 5.2 and Figure 

5.3. Vitamin C and α-linolenic acid significantly (p < 0.05) increased from baseline until 

6 months and then decreased between 6 and 12 months, but remained statistically 

significant from baseline (Table 5.4; Figure 5.2). EPA significantly increased from 

baseline to 6 months and significantly decreased from 6 months to 12 months. EPA 

remained higher at 12 months compared to baseline, albeit not significantly. Citric 

acid and betaine remained persistently high from baseline through to 12 months and 

significantly higher at 6 and 12 months compared to baseline. Myo-inositol 

significantly decreased from baseline to 6 months, then significantly increased from 

12 months, although it was still lower at 12 months than at baseline (but not 

significantly) (Table 5.4; Figure 5.2). Figure 5.3 shows the change in biomarkers identified 

with LC-MS during the course of the intervention. Intensities (A.U.) were represented against 

baseline, 6 months and 12 months. The 2 monoacylglycerides significantly decreased 
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during the course of the intervention, however, the post-hoc test (Table 5.5) showed 

that this decrease was only significant between baseline and 6 months and baseline 

and 12 months. Three metabolites previously associated with fish: 

LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-18:1(9Z)/16:0) and PTX-2 seco acid significantly 

increased from baseline to 6 months and remained significantly higher at 12 months compared 

to baseline. The metabolite xi-8-Hydroxyhexadecanedioic acid, previously associated with fruit 

intake, significantly increased from baseline to 6 months. It decreased from 6 to 12 months, 

however, no significant differences were observed between 6 and 12 months. Yet, it remained 

significantly higher at 12 months compared to baseline.  

The EPA ion (previously associated with fish intake) increased throughout the 

intervention (Table 5.5), however changes in the intensity of this metabolite did not 

show statistically significant differences between the 3 time-points. Nevertheless, the 

increase in EPA was more evident between baseline and 6 months than from baseline 

to 12 months. Figure 5.3 showed a plateau from 6 to 12 months.  
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Table 7.4. Mean concentrations (µM) from the top 6 ranked metabolites and standard deviations (SD). . P-values, q-values (false discovery rates) and post-hoc 
tests are from ANOVA. Metabolites were deemed statistically significant if p< 0.05 and q< 0.05. 

 Biomarker 
Baseline 

n = 55(µM) 
6 months  

n = 44 (µM) 
12 months  
n = 35 (µM) 

p-value q-value Post-hoc tests 

1 Citric acid 73.46±19.18 86.05±31.02 96.34±33.21 3.16E-5 0.002 
12months - 6months; 
12months - baseline; 
6months - baseline 

2 Vitamin C 38.24±17.55 45.05±17.35 47.95±18.87 2.80E-4 0.012 
12months - baseline; 
6months - baseline 

3 Betaine 28.07±22.11 40.60±19.26 38.86±20.37 8.11E-4 0.022 
12months - baseline; 
6months - baseline 

4 EPA 1.87±2.33 2.46±2.86 2.03±1.64 0.001 0.022 
6months - 12months;; 

6months - baseline 

5 Myo-inositol 111.83±76.04 65.55±44.65 93.34±50.69 0.002 0.032 
12months - 6months; 

baseline - 6months 

6 α-linolenic acid 0.22±0.09 0.28±0.10 0.26±0.11 0.002 0.032 
;12months - baseline; 

6months - baseline 

 



101 

 

 

Table 7.5. Mean intensities (A.U.) from the 7 metabolites and their respective standard deviations (SD). P-values, q-values (false discovery rates) and post-hoc tests 

are from ANOVA. Metabolites were deemed statistically significant if p< 0.05 and q< 0.05 

Name 
Baseline 

n = 52(µM) 
6 months 

n = 44 (µM) 
12 months 
n = 35 (µM) 

p-value q-value Post-hoc tests 

MG(0:0/16:1(9Z)/0:0) 29169,66±38269,31 7431,25±9019,77 6506,36±3657,89 2.0E-11 1.4E-10 
Baseline - 12months; 
Baseline - 6months 

PC(P-18:1(9Z)/16:0) 7002,87±5112,12 14045,65±12760,98 16500,56±18046,17 3.3E-9 1.1E-8 
Baseline - 12months; 
Baseline - 6months 

Pectenotoxin 2 secoacid 1003,64±985,10 2034,37±1222,92 2026,66±1387,16 2.2E-7 5.1E-7 
Baseline - 12months; 
Baseline - 6months 

MG(0:0/20:3(5Z,8Z,11Z)/0:0) 3451,46±3707,77 1483,97±811,40 1268,09±403,62 1.3E-5 2.3E-5 
Baseline - 12months; 
Baseline - 6months 

xi-8-Hydroxyhexadecanedioic acid 1352,88±1147,68 3974,28±3484,19 3166,29±1617,32 2.7E-5 3.8E-5 
Baseline - 12months; 
Baseline - 6months 

LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) 2838,61±1741,92 4735,39±3350,80 4808,21±3383,19 9.4E-5 1.0E-4 
Baseline - 12months; 
Baseline - 6months 

Eicosapentaenoic acid 8871,61±4609,21 12855,14±10744,18 12883,03±10916,33 0.098 0.098 N/A 
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Figure 7.2. Standardised biomarker concentrations (Z-scores) from the 6 significant metabolites:  vitamin C, α-
linolenic acid, EPA, betaine, citric acid and myo-inositol, at baseline, 6 months and 12 months. 

 

 

Figure 7.3. Standardised biomarker concentrations (Z-scores) from the 7 significant metabolites: MG-
(0:0/16:1(9Z)/0:0), EPA, Lyso PC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-18:1(9Z)/16:0), MG(0:0/20:3(5Z,8Z,11Z)/0:0), 
Pectenotoxin 2 secoacid (PTX-2 seco acid), xi-8-Hydroxyhexadecanedioic acid at baseline, 6 months and 12 months. 

(iv) 5.3.3.2 Multivariate analysis.  

Multivariate analysis was applied to determine whether there was separation 

between timepoints. PCA between baseline, 6 months, and 12 months did not 
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distinguish the 3 groups. Principal component 1 (PC1) explained 21.7% of the 

variance and component 2 (PC2) explained 12.5% of the variance (Figure 5.4a). A 

supervised method, partial least squares discriminant analysis (PLS-DA), was applied 

improving group separation of (Figure 5.4b). The PLS-DA model was then cross-

validated on Metaboanalyst (Figure 5.4e) using the 10-fold CV cross validation 

method and using a maximum of 5 components, however it showed that the optimal 

number of components was 3 as the Q2 started decreasing after 3 components 

(Figure 5.4d) and by means of a Variable importance in projection (VIP) the top 15 

ranking metabolites were identified (Figure 5.4c). The PLSDA model improved the 

separation between baseline and the other timepoints, however the 6 and 12 months 

groups overlapped. 

                       a        b c 

                                                       

 d    e 

      

Figure 7.4. Multivariate statistical modeling of 1H-NMR metabolomic and targeted biomarker data (3 groups: 

Baseline, 6 months, 12 months). Plots a and b show group separation achieved by principal component analysis 
(PCA), and partial least squares discriminant analysis (PLS-DA). (●Patients at Baseline) (●Patients at 6 months) 
(●Patients at 12 months). Plot c is the resulting variable importance in project (VIP) plot indicating the 15 most 
influential metabolites responsible for the observed separation in the PLS-DA model. Plots d and e correspond to 
the cross validation of the model: number of optimal components (d) and cross validation parameters (e). 

 

Likewise, multivariate analysis for the 7 previously LC-MS identified metabolites, was 

applied on Metaboanalyst 4.0. From the PCA, Principal component 1 (PC1) explained 
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53.3% of the variance and PC2 explained 16.4% (Figure 5.5a). Similar to the previous 

analysis of targeted and NMR biomarkers, the supervised model PLS-DA of the 7 LC-

MS metabolites also showed an overlap between 6 and 12 months, whereas baseline 

was more discriminant (Figure 5.5b). The PLS-DA model was then cross-validated on 

Metaboanalyst using the 10-fold CV cross validation method and using a maximum 

of 5 components, however it showed that the optimal number of components was 2 

as the Q2 started decreasing after components (Figure 5.5c and Figure 5d). Since only 

7 markers were used for this analysis, the VIP evaluation of top ranked metabolites 

was not considered in this case. 

 
                                  a                                                                        b                      

                                         
                               c                                                                           d 

 
Figure 7.5. Multivariate statistical modeling LC-MS based metabolomic data (3 groups: Baseline, 6 months, 12 

months). Plots a and b show group separation achieved by principal component analysis PCA, and PLS-DA. 
(●Patients at Baseline) (●Patients at 6 months) (●Patients at 12 months). Plots c and d correspond to the cross 
validation of the model: number of optimal components (c) and cross validation parameters (d). 

 

5.3.4 MDS vs Biomarkers 
The relation of the shortlisted biomarkers in the present chapter and MDS achieved 

by the MEDDINI patients was also studied. For this, biomarker concentrations and 

biomarker intensities were represented against MDS (n=134) (Figure 5.6). Since the 
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MDS achieved during the intervention ranged from 0 to 10, biomarker data was 

compared between 5 groups according to the MDS achieved. These were: 0-1; 2-3; 

4-5; 6-7; 8-10. Plots indicated a linear positive relationship between vitamin C, EPA, 

α-linolenic acid, citric acid, myoinositol, betaine, LysoPC 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0, PTX2SA, EPA measured ion, PC (P-18:1(9Z)/16:0, and 

xi-8-Hydroxyhexadecanedioic acid and MDS, and a linear negative relationship 

between Myo-inositol, the monoacylglycerides: MG (0:0/16:1(9Z)/0:0, MG 

(0:0/20:3(5Z,8Z,11Z)/0:0) and MDS. 
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Figure 7.6. Average biomarker concentrations versus MDS. Figure 5.6 shows Average biomarker concentrations 
(μM) from Vitamin C, EPA, α-linolenic acid, citric acid, betaine and myo-inositol represented against MDS and 
average biomarkers intensities (A.U.) from LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0, Pectenotoxin 2 secoacid, (EPA) 
(ion), PC-(P-18:1(9Z)/16:0),  MG-(0:0/16:1(9Z)/0:0), MG-(0:0/20:3(5Z,8Z,11Z)/0:0), and xi-8-Hydroxyhexa-
decanedioic acid) represented against MDS. Concentrations and intensities were expressed as averages. Error bars 
were expressed as 95% confidence intervals (CIs) for 5 independent sets of results. 
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5.3.5 Change in MDS vs Change in Biomarker 
The relationship between change of biomarker per unit of MDS scored (Δ 

biomarker/Δ MDS) was mapped on scatter plots for the shortlisted biomarkers 

(Figure 5.7). A positive linear trend was observed for change in  Vitamin C, EPA, citric 

acid, myo-inositol, EPA (ion), PC(P-18:1(9Z)/16:0), Lyso PC-

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0, PTX2SA, xi-8-Hydroxyhexadecanedioic acid and 

change in MDS, both between 6 months and baseline and between 12 months and 

baseline. A negative linear trend was observed for MG(0:0/16:1(9Z)/0:0 and 

MG(0:0/20:3(5Z,8Z,11Z)/0:0). Change in betaine was positively associated with 

change in MDS between 6 months and baseline, however, the change in MDS 

between 12 months and baseline was not associated with change in betaine. 

Similarly, the change in α-linolenic acid was not associated with the change in MDS 

between 6 months and baseline and showed a negative change between 12 months 

and baseline. The highest Δ biomarker and Δ MDS relationships were for vitamin C 

between baseline and 6 months (R² = 0.17), EPA between 12 months and baseline (R² 

= 0.24), EPA ion measured both between 12 months and baseline, and 6 months and 

baseline (R² = 0.18; R² = 0.23 respectively), PC(P-18:1(9Z)/16:0 between 12 months 

and baseline (R² = 0.23), LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) both between 12 

months and baseline, and 6 months and baseline R² = 0.16 and R² = 0.23 respectively 

and  PTX2SA between 12 months and baseline R² = 0.15. The number of samples used 

to calculate the change in biomarker and change in MDS can be seen on Table 5.1.  
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Figure 7.7. Change in biomarker’s concentrations (Δ biomarker) versus change in MDS (Δ MDS). Figure 5.7 shows 
change in  biomarker’s concentrations (μM) from Vitamin C, EPA, α-linolenic acid, citric acid, betaine and myo-
inositol represented against change in MDS from baseline to 6 months (left) and from baseline to 12 months 
(right),   and  change in biomarkers intensities (Δ biomarker) (A.U.) from LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0, 
Pectenotoxin 2 secoacid, EPA (ion), PC-(P-18:1(9Z)/16:0),  MG (0:0/16:1(9Z)/0:0), MG (0:0/20:3(5Z,8Z,11Z)/0:0), 
and  xi-8-Hydroxyhexa-decanedioic acid,) from baseline to 6 months (left) and from baseline to 12 months (right)  

 

5.3.6 Correlation between difference in MDS and difference in biomarker 
Change in biomarker (Δ biomarker) and change in MDS (Δ MDS) comparisons showed 

significant associations (p<0.05) between Δ EPA, Δ EPA ion, and Δ LysoPC -

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) and Δ MDS between baseline and 6 months: ((r=0.44); 

(r=0.48); (r=0.43) respectively), and between baseline and 12 months: ((r=0.36); 

(r=0.38); (r=0.40) respectively). Significant relationships were also observed between 

Δ vitamin C, Δ MG (0:0/20:3(5Z,8Z,11Z)/0:0), Δ PC(P-18:1(9Z)/16:0), Δ 

MG(0:0/16:1(9Z)/0:0) and Δ PTX2SA and Δ MDS ((r=0.32); (r=-0.44); (r=0.46) ; (r=-

0.34) and ; (r=0.32) respectively) between baseline and 6 months. The biomarker-

MDS correlation of the MD biomarkers shortlisted in the present Chapter have 

already been shown in Chapter 2 and 3 except in the case of vitamin C, α-linolenic 

acid, and EPA, therefore, these were calculated and presented in Table S5.1 

(Supplementary information). 
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Table 7.6. Spearman r correlation coefficients between change in biomarkers (Δ biomarker) and 

change in MDS (Δ MDS) between baseline and 6 months and baseline and 12 months. Correlations 
were deemed significant if p<0.05. 

Δ Biomarker  
Δ MDS: 6 months – Baseline Δ MDS: 12 months - Baseline 

r p n r p n 

Δ  Vitamin C 0.32 0.04 41 0.12 0.51 33 

Δ  α-linolenic acid 0.013 0.937 42 -0.05 0.80 33 

Δ  EPA 0.44 0.004 42 0.36 0.04 33 

Δ  Betaine 0.02 0.88 43 -0.03 0.87 33 

Δ  Citric acid 0.17 0.27 43 -0.004 0.98 33 

Δ  Myo-inositol 0.18 0.25 43 0.22 0.21 33 

Δ MG(0:0/20:3(5Z,8Z,11Z)/0:0) -0.44 0.004 41 -0.04 0.84 32 

Δ EPA ion 0.48 0.004 41 0.38 0.03 32 

Δ LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) 0.43 0.005 41 0.40 0.02 32 

Δ PC(P-18:1(9Z)/16:0) 0.464 0.002 41 0.27 0.13 32 

Δ MG(0:0/16:1(9Z)/0:0) -0.34 0.03 41 -0.03 0.88 32 

Δ Pectenotoxin 2 secoacid 0.32 0.04 41 0.32 0.07 32 

Δ xi-8-Hydroxyhexadecanedioic acid 0.168 0.29 41 0.24 0.18 32 

 

5.4 Discussion 
The present study evaluated the changes of a panel of 13 biomarkers. Firstly, from a 

set of 90 biomarkers and using a longitudinal approach, it identified the most 

significant biomarkers differing over a 12 month intervention study. These were: 

citric acid, betaine, vitamin C and EPA, myo-inositol and α-linolenic acid.  Secondly, 

the changes of 7 biomarkers previously associated with MD on Chapter 3 using a 

cross-sectional approach, were analysed in the present chapter over the 12 month 

intervention too. These were: LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PTX2SA, EPA 

(ion), PC (P-18:1(9Z)/16:0), MG (0:0/16:1(9Z)/0:0), MG (0:0/20:3(5Z,8Z11Z)/0:0), and 

xi-8-Hidroxyhexa decanedioic acid. The relationship between these biomarkers and 

MDS, and the change in biomarker per unit of MDS were also explored. Multivariate 

analysis models show separation of plasma samples according to the time point. 

Overlap between 6 and 12 months was observed, however, this was unsurprising 

given the mean MDS scores of these groups and since patients adopted and adhered 

to a MD during baseline and 6 months and maintained a MD diet during 6 and 12 

months. 
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The 2 monoacylglycerides MG(0:0/16:1(9Z)/0:0) and MG(0:0/20:3(5Z,8Z,11Z)/0:0), 

significantly decreased from baseline to 6 months and increased from 6 months to 12 

months, although not statistically significantly. These 2 biomarkers were significantly 

positively correlated with processed meat intake in Chapter 3. In the present Chapter 

a dramatic decrease in red, white and processed meat intake was observed from 

baseline to 6 months, which then increased from 6 months to 12 months but 

remained significantly lower than at baseline showing a similar pattern between 

these 2 biomarkers and meat intake. Interestingly, when representing these 

biomarkers versus MDS and the change in biomarker versus change in MDS both 

showed clear trend to decrease from baseline to 6 months and a weak trend to 

increase from baseline to 12 months.  

The 4 metabolites previously associated with fish intake in Chapter 3: 

LysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-18:1(9Z)/16:0), PTX2SA, and EPA ions 

significantly increased from baseline to 6 months (except EPA which did not show a 

significant increase from baseline to 6 months but was close to significance (p = 0.098; 

q = 0.098)), and did not show significant variations after 6 months which consistent 

with our data collected for fish intake (Figure 5.1). Furthermore, this is not the first 

time that the metabolites LysoPC (20:5(5Z,8Z,11Z,14Z,17Z)/0:0 and EPA have been 

associated with a MD and fish intake. Other authors reported the same associations after a 2 

month MD intervention study that also applied LC-MS based metabolomics to plasma samples 

(116) . The metabolite xi-8-Hydroxyhexadecanedioic acid, previously associated with 

fruit intake, also showed the same pattern observed with the food group fruit, fruit 

juice and vegetables intake. Our investigation on chapter 2 also showed a positive 

association between myo-inositol and processed meat and the pattern followed by 

myo-inositol plasma concentration during the intervention was consistent with that 

of the meat intake, myo-inositol also showed a significant negative correlation with 

MDS, which is also consistent with our findings here. Furthermore, other studies have 

reported meat as a food source of myo-inositol (245–247). 

To the best of our knowledge only a small number of studies have reported the 

association of EPA with MDS (116,248,249). EPA has been associated with MDS in a 

combination of biomarkers or in an omega-3 fatty acid group (250). It has also, 

however, been reported as a marker of a healthy diet index (251), which was 
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consistent with our findings in chapter 4, and as a marker of fatty fish intake (252), 

which was consistent with our findings in Chapter 3. Our previous investigation in 

chapter 3 using LC-MS, showed a moderate but highly significant correlation between 

the ion identified as EPA and MDS (r =0.352; p=6.9E-5). Our investigation here showed 

plasma targeted biomarker EPA was highly significantly associated with MDS too 

(r=0.48; p=4.29E-9) (Table S5.1. Supplementary information). 

It is not the first occasion that such associations have been found.  EPA, together with 

other biomarkers (vitamin E, DHA and combined α and β-carotene), was associated 

with adherence to a MD in a cross-sectional study in a Mediterranean French 

population (n=146). According to adherence to the Med-DQI subjects’ diet was 

classified as good (1–4 points); medium–good (5–7 points), medium–poor (8–10), and 

poor (11-14). Targeted measured biomarkers were plasma α and β-carotene, 

cholesterol, triglycerides, vitamins A and E, and EPA and DHA levels in erythrocytes 

membranes. Spearman correlations between Med-DQI scores and targeted 

biomarkers revealed significant associations between the Med-DQI and EPA (r=0.30; 

p< 0.001), DHA (r=0.28; p< 0.001), combined α and β-carotene (r=0.12; p< 0.016) and 

vitamin E (r=0.20; p< 0.05). A composite index made of these 5 biomarkers showed 

the highest association with the Med-DQI (r=0.58; p=0.01) showing the potential of 

this panel of biomarkers to reflect adherence to the Med-DQI better together than 

individually (249).  

 

In our study α-linolenic acid increased as MDS increased. However, no relationship 

was observed between the change in MDS and change in α-linolenic. A possible 

explanation for this is that an association existed between overall MDS and α-

linolenic acid, (α-linolenic acid showed a low but significant correlation with MDS 

(r=0.2; p=0.02) (Table S5.1. Supplementary information). However, when looking 

specifically at change in MDS (Δ MDS) and change in α-linolenic acid (Δ α-linolenic 

acid) it should be considered that a MDS is built by a different range of foods and 1 

point increase in MDS could be due an increase in foods that do not contain α-

linolenic acid. It should also be noted that, in our study, out of the 57 patients, only 8 

patients consumed nuts during the intervention, therefore to study this relationship, 

further studies should be carried out ensuring patients are supplemented with nuts. 
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Similar findings to ours were described by Bondia-Pons et al. who used a 

Mediterranean diet quality index (M-DQI) in a  Spanish population (n=621) to find 

associations between the M-DQI and a panel of targeted biomarkers (19 plasma fatty 

acids and 9 clinical markers) in an cross-sectional observational study. Their findings 

showed a significant correlation between α-linolenic acid and M-DQI (r=0.23; p<0.01) 

(253). Our finding was also consistent with the PREDIMED study, a longitudinal 

intervention study. A subset of participants from this intervention (n=424) were 

randomly selected from the MD adherence group supplemented with virgin olive oil 

(n=142), the MD adherence group supplemented with nuts (n=141) and the low-fat 

diet control group (n=141) after one year. Comparing 1 year plasma biomarkers to 

baseline, the MD group supplemented with nuts showed significantly higher levels of 

palmitic acid, linoleic acid and α-linolenic acid and significantly lower levels of myristic 

acid, margaric acid, palmitoleic acid, and dihommo-γ-linoleic acid. (254). 

Vitamin C linearly increased as MDS increased and highly significantly positively 

correlated with the MDS (r=0.39; p=2.89E-6) (Supplementary Table S5.1). Change in 

vitamin C was also positively significantly correlated to change in MDS from baseline 

to 6 months (r=0.32; p=0.04). The pattern of vitamin C throughout the intervention 

was very similar to that of fruit, fruit juice and vegetable intake showing a highly 

significant increase between baseline and 6 months and a small decrease from 6 to 

12 months that was not significant. The rise in fruit, fruit juice and vegetables from 

baseline to 6 months was probably the cause for the increase in vitamin C observed. 

Vitamin C has previously been associated to MD adherence, however, to our 

knowledge, this has not been the case with longitudinal studies.  

Aparicio-Ugarriza et al. investigated the association between nutritional biomarkers 

and adherence to an adapted Mediterranean diet score for adolescents (MDS_A) in 

a group of 552 adolescents in a cross sectional study  (255). Their results showed a 

significant positive correlation between the MDS_A score and plasma vitamin C: (β 

(standardized regression coefficient) = 0.11; p = 0.005). 

Another cross-sectional study examined a panel of blood biomarkers and their 

association with 2 different MDS (an MDI and the Trichopoulou 10-point MDS) 

involving 328 subjects from a wide age range (18-75 in Catalonia, Spain). Their results 

showed higher MD adherence, as measured by MDS, was significantly positively 
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associated with plasma concentrations of β-carotene, folates, and vitamin C. 

Correlation coefficients for vitamin C were 0.095 and 0.152 for the MDI and MDS, 

which were weaker than the ones we found in our study (r=0.394).  Their results also 

showed that associations between individual food groups and biomarkers were less 

significant than the associations between the two dietary pattern indexes and 

biomarkers. This is consistent with our findings (vitamin C-food correlation presented 

on Chapter 4 Table 4.4) and we believe this could be due to a MDS being rather 

closely associated with an overall healthy eating pattern, which involves a variety of 

food groups. Therefore, subjects who adhere to a healthy dietary pattern are likely 

to increase their intake of more than one healthy food group. Hence, this makes the 

association stronger than comparing the plasma biomarker with only one food group 

in isolation. Nevertheless, their study supported the positive association of Vitamin 

C and MD and the potential usefulness of biomarkers as a complementary tool to 

traditional methods (such as food diaries, FFQ, 24-h recall) for assessing adherence 

to a dietary pattern (123). However, unlike in our study, a common weakness of these 

2 studies was that the real cause-effect between food intake and biomarkers 

correlations is difficult to elucidate due to the cross-sectional nature of both studies. 

Our findings, however, provided more evidence about the relationship between 

vitamin C and adherence to MDS by assessing the intake of fruit, fruit juice and 

vegetables throughout the 1 year intervention, the changes in vitamin C plasma 

concentration and the changes in MDS. To the best of our knowledge this is the first 

time that vitamin C has been discussed as a potential biomarker of MD adherence in 

a long-term study with a MD exposure and patient follow up of 1 year. 

 

5.4.1 Conclusions  
 

In conclusion, we have identified 6 markers from a set of 90 that were most strongly 

associated with adherence to a MD, measured over a 12 month intervention study. 

In addition, the changes of 7 further cross-sectional biomarkers, previously 

associated to MD adherence and to the intake of certain MD food components, were 

analysed over the 12 months intervention supporting our previous associations. Citric 

acid, betaine and myo-inositol were previously associated with a MD in Chapter 2 
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when we carried out a cross-sectional analysis. In this chapter, they have again 

proved to be significantly associated with MD when measuring long term adherence 

to MD, adding more weight to the possible link.  Furthermore, EPA, α-linolenic acid 

and vitamin C, were added to this panel of biomarkers when expanding our analysis 

combining untargeted and targeted biomarker data. Our finding proved to be 

consistent with previous associations of EPA and α-linolenic acid and MD. Vitamin C 

is a well-known marker of fruit and vegetables intake and has previously been 

associated with MD in cross-sectional diets, however in our study this has happened 

for the first time in a 1-year follow up MD intervention. Our previous associations 

observed in Chapter 3 of EPA, a  phosphatidylcholine, a lysophosphatidylcholine, a 

pectenotoxin, 2 mono acylglycerides and a long chain fatty acid (xi-8-

Hydroxyhexadecanedioic acid) and MDS and their correspondent food groups were further 

supported in the present chapter when changes in these biomarkers, MDS and food 

group intake were analysed over time. 

Due to the heterogeneity of the MD diet, it was expected that not only one biomarker 

but a panel of biomarkers was necessary to reflect adherence to MD. Hence the 

present study proposes a group of 13 biomarkers that have shown strong 

associations with MD as putative biomarkers of MD adherence. Further studies 

should be carried out, using a targeted approach, to confirm our findings and carry 

out validations of these biomarkers representing adherence to MD. This, if 

confirmed, could help complement traditional dietary assessment methods or 

improve their application. 

 

 

 

 

 

 

8. Chapter 6. General discussion, conclusions and future 
perspectives 
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6.1 General discussion 

 
The complexity of human diet, the wide variety of nutrients present in food, and the 

hypothesis that food has a synergistic and antagonistic effect on health, suggests that 

overall dietary patterns should be studied as opposed to single nutrients (12).  

A growing interest in measuring adherence to dietary patterns through dietary 

indexes such as MD or NND or simply adherence to current dietary guidelines has 

been observed in recent years (68). As well as traditional dietary assessment, the use 

of dietary biomarkers has emerged to provide valuable and objective information 

about health status and dietary exposure (49). Currently, questions such as whether 

a panel of biomarkers can replace traditional methods of dietary assessment have not 

yet been answered and more studies are necessary to fully decipher the interactions 

between diet and health (67). For now, it seems unlikely specific biomarkers can be 

identified and validated for all foods (67) however metabolomics holds great promise 

for the development of a robust and unbiased strategy for assessing diet and 

represents a promising technique to objectively identify dietary biomarkers (96). The 

more studies are carried out in this regard, the more will be known about the food-

biomarker-health status relationship (72). A collective effort from the community in 

the application of metabolomics to find dietary biomarkers is essential and the 

combined used of H-NMR and LC-MS applied metabolomics has capacity to aid 

identification of unknown compounds (67). Among healthy dietary patterns, the MD 

is a dietary pattern well renowned for its health benefits. It has shown to protect 

against reduced risk of overall mortality, cardiovascular diseases incidence and 

mortality, coronary heart disease, and myocardial infarction (31). Limited information 

exists in regards to biomarkers of dietary patterns (7) and in biomarkers of a 

Mediterranean diet (56).  

It is in this context that the present study applied metabolomics for the search of 

biomarkers of adherence to a MD diet combining more than one metabolomics 

platform, combining both a cross sectional and longitudinal approach, and combining 

a first a priori approach using of 14-point MDS and a second a posteriori approach 

using cluster dietary patterns to derive 2 different dietary patterns and study the 

biomarkers associated with them. Figure 6.1 shows every chapter of the thesis, the 
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approaches to analyse blood samples in each chapter and the number of patients’ 

data and samples used for the corresponding chapter. 

 

Figure 8.1. Summary of chapters.  Metabolomics application used on each research chapter, number of patients 
and blood samples used on each chapter and criteria used to analyse patient samples. 

 
6.1.2 Summary of findings 

 
CHAPTER 2: This chapter explored the most discriminating metabolites in the plasma 

of 2 groups with high and low adherence to MD using 1H-NMR. It found significant 

direct associations between MD and citric acid and betaine and significant inverse 

associations between MD and pyruvic acid, mannose and myo-inositol. Out of the five 

metabolites, citric acid and betaine have also been associated with MD in previous 

studies (73,256). Figure 6.2 summarises the main findings of this investigation. 

Significant associations were also found between the shortlisted metabolites and 

food groups used to measure MD adherence. Citric acid and betaine were associated 

with fruit and vegetable consumption whereas pyruvic acid and myo-inositol were 

associated with processed meat intake. 

MEDDINI

N= 58 patients recruited

Chapter 2:  1D 1H-NMR

Patients (N) = 58 Samples (n) = 137

High and low MDS groups

Chapter 3:  LC-MS

Patients (N) = 58 Samples (n) = 135

High and low MDS group

Chapter 4: 1D 1H-NMR + Targeted biomarkers 

Patients (N) =57 Samples (n) = 134

K-means cluster analysis

Chapter 5 1D 1H-NMR + targeted + LC-MS

1D 1H-NMR + Targeted biomarkers Patients: (N) =57 Samples (n) = 134

LC-MS: Patients (N) = 58  Samples (n) = 135

Baseline vs 6 months vs 12 months comparison
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Figure 8.2. Graphical abstract summary of chapter 2 with flow diagram of the methods and results. 

                  

CHAPTER 3: Out of 4500 metabolites detected in human plasma with the use of LC-

MS based metabolomics, this investigation found 7 biomarkers that were statistically 

significantly associated to MDS. These were two monoacylglyceride: 

(MG(0:0/16:1(9Z)/0:0) and MG(0:0/20:3(5Z,8Z,11Z)/0:0)), three fatty acid 

metabolites (EPA, lysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-18:1(9Z)/16:0)), and xi-

8-hydroxyhexadecanedioic acid), one xenobiotic (Pectenotoxin-2 secoacid (PTX2SA)). 

A logistic regression model built with 3 of these metabolites: MG-(0:0/16:1(9Z)/0:0), 

PTX2SA and PC-(P-18:1(9Z)/16:0) showed high accuracy in differentiating Low and 

High MDS and a high correlation between these combined metabolites and MDS  (r = 

0.64; p = 5.66 E-17).  

 

 

CHAPTER 4: This investigation performed K-means clustering analysis on quantitative 

food diary data to develop distinct dietary clusters. Our findings showed the utility of 

combining clustering and metabolite profiling methods for effectively identifying 

biomarkers of dietary patterns. Ten plasma metabolites significantly differed 

between clusters (p<0.01; q<0.05) with good biomarker performance (ROC: 0.64-

0.72). Docosahexaenoic acid (DHA) which was the most discriminant biomarker 
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between the 2 clusters, EPA, α-linolenic acid, citric acid and vitamin C were 

significantly higher in Cluster 1, whereas adrenic acid, osbond acid, cholesterol, 

dihomo-γ-linolenic acid (DGLA) and TG were higher in Cluster 2. Five further 

metabolites also showed significant differences between clusters (p<0.02; q<0.11) 

and were included in the investigation: palmitic acid, tyrosine, β-carotene, α-carotene 

and betaine. The ratio between DHA and Osbond acid was an optimal indicator to 

differentiate between a healthy and unhealthy dietary pattern (ROC: 0.78). Figure 6.3 

summarises the main findings of this investigation. 

 

 

Figure 8.3. Graphical abstract summary of Chapter 4 with flow diagram of the methods and results 

CHAPTER 5: This investigation explored the longitudinal approach of the MEDDINI 

study and compared the changes in biomarkers from baseline to 6 months and 12 

months. Irrespectively of the MDS, 13 metabolites significantly changed between the 

3 timepoints. These were citric acid, betaine, vitamin C, α-linolenic acid, myo-inositol, 

(MG(0:0/16:1(9Z)/0:0), MG (0:0/20:3(5Z,8Z,11Z)/0:0)), EPA (ion), lysoPC 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC (P-18:1(9Z)/16:0)), Pectenotoxin-2 secoacid, xi-8-
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hydroxyhexadecanedioic acid). This chapter also explored the relationship between 

the 13 markers and MDS and the relationship between change biomarker per unit of 

MDS scored. As expected, the relationship between these biomarkers and MDS was 

consistent with the findings in previous chapters, i.e., biomarkers attributed to MD 

linearly increased with MDS and biomarkers attributed to poor eating habits linearly 

decreased with MDS. 

 

6.2 Discussion of findings 

 
Chapter 2 proposed citric acid and betaine as biomarkers positively associated with 

MD and myo-inositol, pyruvic acid and mannose inversely associated with MD. 

Interestingly this investigation showed that all metabolites significantly differing 

between low and high MD adherence could be categorised as endogenous 

biomarkers since they are compounds produced endogenously by the human 

metabolism. It has been reported that, as more dietary metabolomics studies are 

carried out, there will be a need to differentiate between food biomarkers and 

endogenous biomarkers, as endogenous biomarkers may not directly reflect dietary  

intake, however these biomarkers may have a potential role in examining the 

mechanisms underpinning health effects of certain diets (67). Nevertheless, in this 

case, these 5 metabolites are both produced endogenously and obtained through 

diet.  

Citric acid is formed endogenously in the tricarboxylic acid (TCA) cycle or it may be 

introduced with diet, as it is naturally contained in fruits and vegetables with citrus 

fruits being a key source (257). It has been linked to a number of biological roles, 

among them the suppression  of tumour growth (258) and protection against 

diabetes complications (259) in animal models, and in humans it has been associated 

with bone health , improved renal function, and prevention of stone formation 

(257,260).  

Not only this is not the first time that citric acid has been associated to a MD but also 

not the first time it has been reported as a biomarker of fruit and vegetable intake 

(219,220). A question derived from this finding is whether citric acid could be 

included into a panel of biomarker reflective of MD adherence and together with 
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other biomarkers such us vitamin C, carotenoids, and proline betaine as a marker of 

fruit and vegetable intake. To confirm this finding, further MD and acute fruit and 

vegetable intake intervention studies are required in a different population to 

measure citric acid changes using a targeted approach. 

Betaine in humans has been reported as a key metabolite associated with protection 

of internal organs, improvement of vascular risk factors, reducing fatigue in subjects 

with chronic disease and improvement of athletes performance (261). It has 

previously been associated with adherence to a MD (157,262)  and with whole grain 

cereals (263) and vegetable consumption (157). 

While it wasn’t possible to attribute citric acid and betaine changes fully to diet only, 

both were positively associated with the MDS, significantly differed between low and 

high MDS, and their plasma concentrations increased linearly as MDS increased. Their 

respective correlations with the MD food groups proved low in Chapter 2, however 

it is possible that overall adherence to MD contributes to the endogenous synthesis 

of these metabolites too.  

Our finding that myo-inositol was associated with processed meat on chapter 2 was 

consistent with the decrease of meat intake and plasma myo-inositol during the 

intervention (Chapter 5). Adherence to a MDS negatively correlated with myo-

inositol in Chapter 2, which was consistent with the decrease in myo-inositol as MDS 

increased during the intervention (Chapter 5). Chapter 2 divided patients according 

to their MDS, and used a cross sectional approach and 1H-NMR data, whereas 

Chapter 5 divided patients according to the intervention timepoints (baseline, 6 

months, and 12 months), used a longitudinal appraoch, and NMR data combined with 

targeted biomarker data. An interesting finding was that, despite the changes in the 

approach of these 2 investigations, citric acid, betaine, and myo-inositol continued 

being within the top most significant metabolites discriminating between baseline, 6 

months, and 12 months, showing a strong relationship between the metabolites and 

MD adherence as they were not only associated with at a single timepoint MDS 

(Chapter 2) but also Chapter 5 proved that citric and betaine increased and myo-

inositol decreased linearly during the MD intervention. Our citric acid finding is 

consistent with the findings of Vázquez-Fresno et al. who reported citrate as a 

putative MD biomarker differing between participants following an MD for 1 year 
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compared with those following a low-fat diet (73) and with fruit and vegetable 

consumption following a lacto-vegetarian diet in comparison with omnivorous 

control group (75).  

Not only were citric acid and betaine associated with a MD (Chapters 2 and 5), but 

also with a healthy dietary patern derived from the MEDDINI data using K-means 

cluster analysis (Chapter 4). In our investigation, citric acid and betaine significantly 

differed between 2 clusters which represented a healthy and an unhealthy dietary 

pattern. Both metabolites appeared signficantly higher in the former cluster. A very 

interesting discovery was that our finding of citric acid and betaine as healthy dietary 

pattern biomarkers was consistent with a K-means cluster analysis based study 

(n=567) carried out by Gibbons et al. where these metabolites were significantly 

higher in a “healthy” cluster characterised by a higher intake of fruit and vegetables, 

fish and whole grain cereals compared to an unhealthy cluster characterised by 

processed foods, meat products, snacks and high energy drinks (109). Furthermore, 

Chapter 4 revealed the marker DHA as the most discriminant in differentiating a 

healthy and unhealthy dietary patterns and proved to be highly correlated with fish 

intake as has been previously reported in the literature (207,208). Certain MD 

biomarkers such as citric acid and betaine were associated with the healthy dietary 

pattern too. This was expected due to the healthy nature of the MD.  

Our LC-MS investigation in chapter 3 found 4 metabolites directly associated with fish 

intake consumption, 2 monoacylglycerides associated with processed foods, 1 

associated with fruit intake. Not only was it reassuring to observe the relationship 

with these metabolites and food intake but also to find that 2 of them had previously 

been associated with MD adherence and fish intake. Our LC-MS analysis identified 

the mass of an ion corresponding to the compound EPA. Fragmentation of this ion 

for further identity confirmation was not possible. However its mass to charge ratio 

(m/z) suggested EPA as its identification of both METLIN, HMDB and FOOdB online 

library. What was an advantage of the study was the previous targeted analysis of 31 

biomarkers which identified and quantified EPA in plasma samples. This allowed the 

comparison of the targeted and untargeted methods and was a further step for 

confirmation of our findings. A challenge in this comparison was the different units 

of the two EPA compounds (AU vs μM), as LC-MS data were not quantified. Yet, a 
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strong and statistically significant correlation between these 2 compounds was 

observed, suggesting similarities between them. Furthermore, a strong and 

statistically significant correlation of both compounds with fish and a very similar 

pattern throughout the intervention also led us to conclude that they were, indeed, 

the same compound. A phosphatidilcholine PC(P-18:1(9Z)/16:0)) was also highly 

significantly associated with fish intake and MD adherence. Interestingly the finding 

of EPA and PC(P-18:1(9Z)/16:0)) association with fish and MD adherence has been 

previously reported in a MD internvention study RESMENA (116). This chapter also 

introduced 2 markers not previously associated with MD and fish intake, these were 

the lysophospholipid lysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0) and the pectenotoxin 

PTX2SA, and created a logistic regression model, with 3 out of the 7 seven MD-

directly associated markers that showed good performance at distinguising between 

low and high MD adherence (AUROC = 0.83). Other regression models have been 

reported in the literature to classify subjects according to MD adherence (119,264), 

however to our knowledge, no logistic regression model in human plasma samples 

with such a degree of accuracy has been previously reported. 

Chapter 5 examined biomarkers associated with MD adherence and their changes 

throughout the 12 months intervention. Unlike Chapter 2, Chapter 5 combined the 

1H-NMR based metabolomics data with previously targeted biomakers collected 

data. Therefore, apart from citric acid, betaine and myo-inositol, this investigation 

found that α-linolenic acid, vitamin C, and EPA as biomarkers significantly differed 

throughout the intervention with lower levels at baseline and signficantly higher 

levels at 6 months when MD adherence peaked, and higher levels at the end of the 

intervention in comparison to baseline (Table 5.4, Chapter 5). These findings showed 

the change in plasma biomarkers when MD was maintained over time. The 

comparison of α-linolenic acid, vitamin C and EPA against MDS also confirmed that 

these markers were linearly associated with MDS (Figure 5.6, Chapter 5). The 

exploration of change in biomarker per change in MDS (Δ biomarker/ Δ MDS) showed 

that Δ EPA and Δ vitamin C increased with Δ MDS. However this was not the case for 

α-linolenic acid (Figure 5.7, Chapter 5). A possible explanation for this was that a MDS 

is built by a varied range of food groups, and a change in MDS may not be directly 

associated with food intake responsible for the α-linolenic acid plasma increase. 
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Nevertheless, our results showed overall adherence to MD did significantly increase 

plasma α-linolenic acid levels. Interestingly our findings in Chapter 3 that associated 

MG(0:0/16:1(9Z)/0:0 and MG(0:0/20:3(5Z,8Z,11Z)/0:0), EPA, lysoPC- 

(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC (P-18:1(9Z)/16:0), PTX2SA, and xi-8-hydroxyhexa 

decanedioic acid) with a MDS, were consistent with changes in biomarkers 

throughout the intervention (Table 5.5, Chapter 5).  

In this case the Δ MDS corresponded to a change in plasma EPA, 

lysoPC(20:5(5Z,8Z,11Z,14Z,17Z)/0:0), PC(P-18:1(9Z)/16:0), PTX2sa, and xi-8-

hydroxyhexadecanedioic acid and a decline in (MG(0:0/16:1(9Z)/0:0) and 

MG(0:0/20:3(5Z,8Z,11Z)/0:0) which was consistent with our previous positive 

associations with MDS and fish intake and negative associations with MDS and 

processed meat intake respectively.  

 

Comparing the 2 metabolomics technologies used in the present study (LC-MS and  

1H-NMR), the number of metabolites detected with LC-MS was higher than with 1H-

NMR due to the sensitivity of the technology (3548 vs 59). The identification process 

was, however, quicker and more straightforward with  1H-NMR, despite the smaller 

number of metabolites identified. Due to its ability to quantify and provide structural 

information of metabolites, 1H-NMR did not require further steps for confirmation as 

did LCMS, and provided more reliable identities of the metabolites. Although LC-MS 

required a more laborious sample preparation and analysis, it covered a larger 

number of metabolites among which a group of the most significant and food related 

ones was identified. The finding that 1H-NMR metabolites possessed a potential 

endogenous origin is interesting to further explore the implication of diet in 

metabolic processess associated with health and disease. LC-MS analysis however, 

was able to identify metabolites purely associated with diet. In such a complex matrix 

as human plasma this finding suggested that both technologies could complement 

each other in metabolomics studies to obtain a more complete picture of the plasma 

metabolome and its association with diet. Lastly, the present study merged 

untargeted 1H-NMR metabolomics data with targeted measured biomarkers with H-

PLC and GC. The analysis of biomarkers using 1H-NMR only 2 biomarkers positively 

associated to MD (citric acid and betaine). However combining untargeted with 
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targeted analysis data added 3 more positively significant biomarkers: vitamin C, EPA 

and α-linolenic acid as well as citric acid and betaine. It was interesting to observe a 

panel of biomarkers can be created merging data from different metabolomics 

approaches and platforms, and that one technique did not predominate over the 

other but rather complemented each other, bringing significant biomarkes from both 

datasets. 

 

6.3 Strengths of the study 

- The purpose of the present investigation emerged from a need in nutritional 

research addressed by different studies and authors in the literature 

(69,239,265) for further studies to identify objective biomarkers of a MD 

pattern. It has been reported that most cohort studies identifying dietary 

biomarkers have been carried out in urine (64), this study demonstrates the 

potential use of plasma samples in dietary biomarker discovery. 

- The present investigation was only the third to apply untargeted LC-MS 

metabolomics and the forth to apply 1H-NMR to a MD intervention study 

using human blood samples, and it provided a clear indication that this 

approach can be effective when applied in a Northern European population 

with sub-maximal MD adherence. Patients did not consume any dietary 

supplements during the intervention which ruled out any confounding factor 

between dietary supplements and dietary biomarkers. 
 

- It is a comprehensive study that aimed to find MD associated biomarkers 

measuring adherence to a 14-point MDS (a priori qualitative method) and also 

used k-means cluster analysis as an independent method (a posteriori 

quantitative method) to derive clusters corresponding to new dietary 

patterns and find biomarkers associated with such patterns. The validation 

process of the 2 clusters model increased the confidence in the resulting 

clusters. This investigation helped compared the changes in human 

metabolome and, hence, the potential health effects of adhering to a healthy 

and unhealthy dietary pattern.  
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- The present investigation measured the plasma metabolome differences 

between low and high MD adherence, and it looked at changes in biomarkers 

over a period of time during an intervention that aimed to increase MD 

adherence. This investigation has addressed an important gap in the literature 

by combining LC-MS and 1H-NMR in the same study (76,78). To the best of our 

knowledge it is the first time that 1H-NMR and LC-MS were simultaneously 

applied using the same grouping (Low vs High MD adherence) to analyse the 

human plasma metabolome and the differences between low and high 

adherence showing the discriminant key biomarkers between these 2 groups 

with both metabolomic technologies.  

 

- It was reassuring to observe that our findings of citric acid, betaine, EPA, PC 

being significantly associated to a MD, were consistent with previous 

investigations using untargeted metabolomics to find MD biomarkers. It was 

also reassuring to observe that our findings were also consistent with previous 

studies that have used targeted biomarkers to measure MD adherence. This 

was the case of vitamin C and α-linolenic acid. On the other hand, our study 

found a number of novel biomarkers not associated to MD in previous studies 

as was the case of Lyso PC xi and a pectenotoxin positively associated to a MD 

and pyruvic acid, myo-inositol, mannose and the monoacyl glycerides MG 

(0:0/16:1(9Z)/0:0) and MG (0:0/20:3(5Z,8Z,11Z)/0:0). Overall, this study found a 

total of 15 biomarkers associated with a MD, and up to 15 biomarkers 

associated with healthy dietary pattern derived from K-means cluster analysis. 

These findings further advance the ongoing search for a panel of biomarkers 

to determine adherence to a MD diet and or a healthy dietary pattern. 

Specifically, we proposed a logistic regression model for accurately 

distinguishing low or high MDS with high accuracy. 

 

- The food-biomarkers correlations found in this study were consistent with MD 

adherence and with dietary reported data. These findings increased 

confidence that the biomarkers found were indeed MD associated, and 
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proved metabolomics to be an effective and objective tool to assess dietary 

intake and discover new dietary biomarkers. 

 

 
6.4 Limitations of the study 

 
- The present study comprised a small sample of 58 patients and 134 plasma 

samples belonging to baseline, 6 months and 12 months from a common 

ethnicity background. Although patients came from a wide age range (39-72 

years old) capturing a greater and more diverse sample of patients would 

have been advantageous to observe the outcome of the MD intervention 

wider population. The maximum MDS achieved in the intervention was 10 on 

a 14-point MDS scale. However it should be noted that the MD intervention 

was carried out in a non-Mediterranean country and this is per se challenging 

since their dietary habits are likely to be very different to those of 

Mediterranean populations (136,144) 

 

- Not every subject followed up the intervention until 12 months hence not the 

same number of samples was available from each time point which would 

have provided a better comparison between groups.               

 
- On Chapters 2 and 3, samples were divided into two groups (low and high 

MDS) according to how well patients adhere to the 14-point scale MDS. 

Patients’ adherence to MD was lowest at baseline and improved throughout 

the intervention, hence, the majority of samples in the Low MDS group were 

from the baseline timepoint and the majority of samples in the high MDS 

group were from 6 and 12 months timepoints.  

 
- Dietary data was derived through self-reported information which has shown 

to be susceptible to social desirability bias i.e. patients may be likely to report 

a higher intake of those considered healthy food groups and less of those 

considered unhealthy foods (45). The amounts of food consumed were also 

subjected to the patients perception that although was given guidelines, it 
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would be their decision to classify portions as small, medium or large. 

However, patients received close instruction from a dietitian as to the 

importance of the accurate completion of these diaries in order to reduce the 

likelihood of misreporting 

 
- Additional limitations should be considered when interpreting this projects 

findings. Patients had a history of CVD and/or unstable angina and hence 

consumed drugs during the intervention, however drug intake did not show 

any effect on samples principal component analysis (Section 2.4). No other 

excluding conditions e.g. irritable bowel syndrome (IBS) or thyroid disorder 

were considered. This could have interfered with the present results and 

should be taken into consideration for future research. BMI did not show 

significant differences between low and high MDS groups, however, blood 

pressure did (Supporting information Table S2.1). Less than 20% of patients 

were smokers, with 18% in the low MDS group and 8% in the high MDS group. 

Gender distribution was not equal, with 75% of those in the low MDS group 

being male and 85% in the high MDS group. However biomarker (both NMR, 

targeted, and LC-MS) analysis comparing smokers vs non-smokers and 

females vs males did not show any significant differences in plasma recorded 

biomarkers. 

 

- Although this investigation did not find major inconsistencies between the 

biological function of the biomarkers shortlisted and food intake from food 

diaries, certain correlations would have been expected higher. This was the 

case for citric acid, betaine and fruit and vegetable intake and α-linolenic acid 

and nuts. This could be a disadvantage of dietary patterns studies where a 

wide of range of food groups are considered rather than a single food group 

individually. Nevertheless they were all positively correlated with MDS. 

 
- Additional investigation and identification of LC-MS biomarkers such as MS-

MS experiments and comparison against analytical standards was 

unfortunately not possible due to time, budget and instrument availability. 
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However, the intensity values for two were correlated against quantitated 

values acquired from a previously published investigation (136) which found 

strong associations thus providing reasonable confidence of their identity. 

- The great number of identified metabolites in the present study and the 

number of food groups considered led to a high number of significant 

metabolite-food group correlations. Some of these associations could have 

appeared significant by chance. However, the present study attempted to 

eliminate confounding effects by adjusting for multiple comparisons. 

Nevertheless, it should be taken into consideration that adjustment for 

multiple comparison may not remove the totality of confounding effects as 

dietary components interact with each other. 

 
6.5 Recommendations for future research 

 
The present investigation proposes a panel of biomarkers associated with a MD and 

a panel of biomarkers associated with healthy and unhealthy dietary patterns. All of 

these require validation in further studies. Furthermore, the consistencies of some of 

these biomarkers with previous comparable untargeted metabolomics studies calls 

for further investigation and opens the next avenues to test these biomarkers in 

independent cohorts where dietary intake has been measured. 

As well as the panel of MD biomarkers found, this investigation added DHA, tyrosine, 

α-carotene, and β-carotene as biomarkers of a healthy dietary pattern, and the 

biomarkers adrenic acid, osbond acid, DGLA and clinical markers cholesterol, and TG 

as indicators of an unhealthy dietary pattern. It further proposed the ratio between 

DHA and osbond acid as an optimal indicator to differentiate between a healthy and 

unhealthy dietary pattern. These findings should be validated in further 

investigations, however, the validation of K-means cluster analysis is not 

straightforward as the clusters derived are highly specific to the dietary data used.  

As a next step, testing the proposed 2-cluster model in an independent cohort will be 

imperative. This was previously seen in the literature by Gibbons et al.  where a 2-

cluster K-means model was successfully validated in an independent cohort and 94% 

of participants were rightly classified in the healthy cluster (109). Similarly, a first step 
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for validation will be to test the 2 cluster K-means model using metabolomics data 

from an independent cohort which followed a healthy dietary pattern. 

A panel of biomarkers to measure adherence to MD or to healthy dietary patterns is 

not well established yet, and self reported traditional dietary assessment methods 

should continue to complement biomarker analysis. However, studies have proved 

other approaches such as image-assisted methods (combining traditional methods 

with digital images of food consumed) to reduce underreporting in dietary data 

collection (43) and it would be beneficial to consider this approach in further studies. 

The next steps will be to assess the performance of the proposed biomarkers, 

biomarker ratios, and the logistic regression model in a larger healthy population of 

different origin/background.  This will require careful validation using targeted and 

quantitative methods in other MD intervention cohorts. Multiple studies should be 

carried out in the near future in order to validate the present findings so that they 

can be validated in a robust manner. Reproducibility (sharing of spectral data and 

chemical databases of metabolites biological structures), comparability (the 

existence of similar findings when studies are carried out in a related manner) and 

generalizability across studies (that could be applied to different populations from 

different origins and backgrounds) are key factors to consider to validate biomarkers 

(61).  Additionally, the combination of two different metabolomics techniques in the 

present study is a key advantage that found a wider number of biomarkers associated 

to MD. Therefore, it will be advantageous that future studies continue applying both 

NMR and LC-MS to MD biomarker discovery research. 

 
 
6.6 General conclusion  

     
The present investigation measured MD adherence by the use of a MDS, classifying 

CVD patients in a dietary intervention study into low and high MD adherence using 

the two main platforms in the field of metabolomics to find MD biomarkers. Our 

findings found a total of 15 metabolites which were associated with adherence to a 

MD. The LC-MS shortlisted metabolites in particular were statistically significantly 

associated with dietary factors (five for fish intake, one for fruit and vegetable intake, 
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and two for processed meat) which made these 7 biomarkers worthy of further 

investigation together with citric acid, betaine, EPA, α-linolenic acid, vitamin C, myo-

inositol, mannose and pyruvic acid. Six of these biomarkers have been associated 

with MD in previous studies, whereas 8 of them were associated with MD for the first 

time. Not only were these biomarkers associated with a MD but also the ratio citric 

acid/pyruvic acid was also statistically significantly associated with MD and a model 

built by 3 of these metabolites accurately distinguished between low and high MD 

adherence. Further, this study proposed a panel of 15 biomarkers of which 10 were 

associated to a healthy dietary pattern (5 of these were also associated to MD) and 

5 to an unhealthy dietary pattern and showed the potential of K-means cluster 

analysis to successfully classify subjects into distinct dietary patterns using 

metabolomics data.  

This investigation leaves important findings that, after validation, may be added to 

current metabolites food and dietary pattern biomarkers libraries. They could 

represent a hallmark for diet classification, and in the long term could be of use in 

nutritional diet assessment, and in classification of subjects according to their diet. 
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Supporting information 
Supporting information 1 – Supplementary material of Chapter 2: Application of 

1H-NMR Metabolomics for the Discovery of Blood Plasma Biomarkers of a 

Mediterranean Diet.  

 

Table S.2.1. Baseline characteristics of study participants. Patients general characteristics measured at baseline 
(n=58). Mean age was 56.13 for the low MDS group and 60.54 for the high MDS group. Mean BMI was 30.23 
kg/m2 for the low MDS group and 29.77 for the high MDS with no significant differences in BMI between the 2 
groups. Mean BMI of 30.23 and 29.77 indicate that most patients were obese and overweight respectively 

Variable Low MDS (n=64) High MDS (n=73) P-value 

Age (years) Mean (SD) 56.13 (9.37) 60.54 (7.88) 0.12 

Blood Pressure: Systolic (mmHg) Mean (SD) 122.02 (15.98) 132.84 (17.74) 0.04 

Blood Pressure: Diastolic (mmHg) Mean (SD) 66.72 (9.22) 73.57 (8.29) 0.02 

BMI (kg/m2) Mean (SD) 30.23 (5.14) 29.77 (6.81) 0.79 

Smokers % 26.66 0  

Sex: Male % 77.78 92.31  

Sex: Female % 22.22 7.69  
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.  
Table S2.2. Assigned MDS scores listed by group. Table shows the number of individuals assigned each 
Mediterranean diet score (MDS). Groups were divided at the median. Group 1 (0-4): Low MDS; Group 2 (5-10): 
High MDS. 

 Low MDS (n = 64)  High MDS Group (n = 73) 

MDS 0 1 2 3 4 5 6 7 8 9 10 

Samples 

(n) 
n=3 n=9 n=15 n=15 n=22 n=18 n=21 n=10 n=16 n=6 n=2 

 
 
 
 
 

 

 
Table S2.3. Performance of multivariate modelling of metabolomic data. Cross validation of the PLS-DA 
multivariate model as performed using Metaboanalyst. 

Measure 1 component 2 components 3 components 

Accuracy 0.546 0.646 0.694 

R2 0.219 0.319 0.389 

Q2 -0.006 0.055 0.039 
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.  

Table S2.4. Food group-to-Food group correlations within the patient cohort. Table shows non-parametric normality Spearman test results (correlation coefficient Spearman r and p-value). 
Correlations were deemed significant if p<0.05. Significant correlations indicated in bold. 

Food group  Fruit 
Fruit 
Juice 

Legumes 
Red 

meat 
Proc. 
meat 

Fish Nuts Alcohol 
Sweets & 

Drinks 
Olive 

spread 

Olive/ 
Rapeseed 

Oil 

Chicken 
& Turkey 

Cereals 
(WG) 

Sweets 

Vegetables r 0.22 0.04 -0.11 0.01 -0.37 0.19 0.21 0.16 -0.21 0.08 0.17 -0.04 -0.07 -0.18 

 p 0.01 0.67 0.19 0.93 7.5E-06 0.027 0.013 0.06 0.01 0.37 0.048 0.60 0.43 0.03 

Fruit r  0.19 0.08 -0.12 -0.36 0.46 0.16 -0.12 -0.38 0.33 0.28 0.24 0.18 -0.36 

 p  0.02 0.35 0.15 1.3E-5 1.9E-8 0.06 0.14 4.5E-6 7.4E-5 0.001 0.05 0.03 1.4 E-5 

Fruit juice r   0.24 0.05 -0.07 0.18 0.23 -0.19 0.01 0.25 0.08 0.19 0.13 -0.07 

 p   0.005 0.51 0.38 0.04 0.006 0.03 0.91 0.003 0.35 0.026 0.13 0.42 

Legumes r    0.23 0.23 0.04 0.15 0.16 -0.01 -0.01 0.12 0.03 0.17 -0.10 

 p    0.006 0.006 0.62 0.08 0.06 0.88 0.88 0.14 0.73 0.05 0.24 

Red meat r     0.26 -0.19 -0.20 0.20 0.08 -0.09 0.15 -0.10 0.07 0.04 

 p     0.003 0.030 0.019 0.02 0.30 0.31 0.07 0.22 0.41 0.62 

Processed meat r      -0.34 -0.26 -0.03 0.18 -0.09 -0.07 0.02 0.13 0.12 

 p      4.8E-5 0.002 0.76 0.037 0.26 0.44 0.86 0.13 0.15 

Fish r       0.12 0.05 -0.26 0.27 0.17 -0.04 0.12 -0.14 

 p       0.15 0.54 0.002 0.002 0.048 0.67 0.15 0.036 

Nuts r        0.04 -0.01 0.11 -0.01 0.13 0.03 -0.05 

 p        0.43 0.89 0.18 0.92 0.13 0.71 0.53 

Alcohol r         -0.12 -0.20 0.12 -0.20 -0.02 -0.14 

 p         0.16 0.019 0.14 0.023 0.81 0.10 

Sweets & Drinks r          -0.13 -0.12 -0.02 0.01 0.84 

 p          0.11 0.17 0.78 0.88 3.94E-38 

Olive spread r           0.18 0.16 0.22 -0.13 

 p           0.003 0.06 0.01 0.11 
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Table S2.5. Correlations of all 59 metabolites against each food group scored within the MDS 

Metabolites 
 

Fruit 
incl. 
juice 

Fruit 
excl. 
juice 

Fruit 
Juice 

Vegetables Fruit, Fruit 
Juice & 

Vegetables 

Legumes Olive/ 
rapeseed 

oil 

Olive 
spreads 

Nuts Fish Red 
meat 

Processed 
meat 

Chicken & 
turkey 

Cereals Alcohol Sweets & 
Drinks 

Sweets 

1-Methylhistidine r 0.060 -0.029 0.118 -0.015 0.083 0.098 0.059 0.096 0.054 0.009 0.028 0.137 0.056 0.108 -0.063 0.040 0.086 
p 0.488 0.739 0.170 0.860 0.339 0.256 0.498 0.268 0.531 0.918 0.746 0.113 0.517 0.210 0.468 0.643 0.318 

2-Hydroxybutyric 
acid 

r -0.075 -0.015 -0.063 -0.129 -0.121 -0.010 -0.030 -0.229 -0.039 -.170 0.052 0.164 0.134 -0.082 -0.117 0.048 -0.013 
p 0.385 0.865 0.467 0.134 0.159 0.906 0.725 0.007 0.649 0.048 0.547 0.056 0.120 0.344 0.175 0.575 0.885 

Acetic acid r 0.164 0.128 0.119 0.134 .175 .229 .291 0.116 0.097 0.099 0.007 0.080 0.037 0.079 0.086 0.069 0.095 
p 0.057 0.136 0.168 0.120 0.041 0.007 0.001 0.178 0.264 0.252 0.934 0.352 0.667 0.360 0.317 0.427 0.269 

Betaine r 0.151 0.051 .183 0.066 .181 0.139 0.091 0.053 0.035 0.126 -0.009 0.015 0.023 0.053 0.070 -0.083 -0.108 
p 0.079 0.556 0.033 0.445 0.035 0.105 0.292 0.540 0.688 0.143 0.920 0.859 0.792 0.538 0.418 0.335 0.212 

Acetoacetate r -0.049 -0.011 -0.017 0.073 -0.015 0.030 0.168 -0.037 -0.022 0.023 0.141 0.065 0.066 -0.027 0.059 -0.039 -0.086 
p 0.575 0.903 0.841 0.400 0.860 0.729 0.050 0.672 0.796 0.791 0.101 0.450 0.444 0.752 0.492 0.656 0.320 

Carnitine r -0.044 -0.120 0.075 -0.011 -0.023 0.095 -0.011 -0.101 -0.107 -0.072 0.102 0.146 0.036 -0.088 0.062 0.003 0.003 
p 0.612 0.165 0.382 0.900 0.788 0.273 0.896 0.240 0.216 0.404 0.239 0.091 0.680 0.307 0.473 0.977 0.976 

Creatine r 0.035 0.048 0.010 -0.014 0.037 0.040 0.063 -0.082 -0.004 -0.023 0.079 0.074 0.098 -0.014 -0.090 0.010 -0.049 
p 0.688 0.577 0.907 0.869 0.667 0.646 0.468 0.345 0.963 0.791 0.358 0.392 0.255 0.869 0.297 0.912 0.568 

Dimethylamine r -0.094 -0.166 0.052 -0.053 -0.068 0.055 -0.066 -0.142 -0.079 -0.056 0.056 0.104 -0.053 0.081 0.121 0.134 0.060 
p 0.275 0.053 0.550 0.536 0.432 0.523 0.448 0.099 0.363 0.519 0.514 0.228 0.540 0.347 0.159 0.121 0.487 

Dimethylglycine r -0.160 -0.078 -0.182 0.008 -.199 0.009 0.004 -0.108 0.003 -0.040 0.051 -0.033 -0.145 -.188 -0.071 -0.045 -0.091 
p 0.062 0.365 0.034 0.925 0.020 0.916 0.967 0.212 0.976 0.641 0.559 0.703 0.091 0.029 0.411 0.605 0.293 

Citrate r 0.208 0.153 0.174 0.019 .190 0.113 0.109 0.072 0.056 0.135 -0.061 -0.023 0.043 0.029 0.020 -.186 -.189 
p 0.015 0.075 0.043 0.828 0.027 0.190 0.206 0.402 0.517 0.117 0.483 0.790 0.623 0.736 0.819 0.030 0.027 

Choline r 0.013 -0.071 0.130 0.021 0.019 0.080 0.075 -0.080 -0.064 -0.051 0.149 0.258 0.095 0.000 -0.037 0.052 -0.016 
p 0.876 0.412 0.132 0.812 0.824 0.354 0.388 0.356 0.461 0.552 0.083 0.002 0.270 0.996 0.666 0.551 0.853 

Ethanol r -0.010 0.051 -0.080 -0.034 0.008 -0.014 0.114 0.049 -0.055 0.034 0.039 0.011 0.128 -0.055 -0.021 -0.091 -0.145 
p 0.907 0.556 0.356 0.694 0.924 0.874 0.188 0.572 0.524 0.695 0.649 0.899 0.137 0.522 0.809 0.294 0.091 

L- Proline r 0.010 -0.055 0.077 -0.009 0.039 0.121 -0.014 0.002 -0.008 0.056 0.107 0.041 -0.080 0.042 -0.060 -0.016 -0.077 
p 0.906 0.525 0.372 0.916 0.652 0.160 0.867 0.979 0.930 0.517 0.213 0.634 0.356 0.629 0.487 0.857 0.374 

L-Threonine r -0.049 -0.059 -0.004 -0.093 -0.078 -0.112 0.001 -0.062 -0.048 0.003 -0.162 -0.077 0.063 -0.106 0.035 0.057 0.102 
p 0.570 0.493 0.965 0.280 0.370 0.196 0.993 0.476 0.582 0.972 0.060 0.373 0.468 0.220 0.683 0.507 0.235 

L-Asparagine r 0.038 -0.018 0.123 0.036 0.069 0.045 0.034 0.042 -0.037 0.078 -0.005 0.115 0.025 -0.023 -0.029 -0.113 -0.087 
p 0.663 0.831 0.155 0.680 0.422 0.605 0.693 0.627 0.671 0.370 0.953 0.181 0.772 0.793 0.736 0.189 0.313 

D-Glucose r 0.100 0.013 0.165 -0.057 0.091 0.033 0.059 -0.006 -0.063 -0.107 0.162 0.047 0.063 0.043 -0.113 0.021 -0.053 
p 0.247 0.881 0.054 0.513 0.293 0.703 0.494 0.949 0.467 0.216 0.059 0.589 0.469 0.622 0.190 0.809 0.537 

Glycine r -0.071 -0.163 0.091 0.058 -0.034 0.023 -0.007 -0.080 .210 0.003 -0.033 -0.070 -.238 -0.063 .178 -0.046 -0.073 
p 0.415 0.057 0.290 0.501 0.699 0.794 0.934 0.352 0.014 0.977 0.706 0.419 0.005 0.464 0.039 0.592 0.396 

Glycerol r -0.086 -.187 0.123 0.021 -0.055 0.061 -0.028 -0.120 .175 0.011 -0.021 -0.028 -.220 -0.047 .185 -0.013 -0.036 
p 0.320 0.030 0.153 0.806 0.523 0.477 0.745 0.162 0.041 0.894 0.810 0.742 0.010 0.589 0.031 0.882 0.680 

Fumaric acid r 0.093 0.004 0.148 -0.134 0.051 0.047 0.034 -0.103 -0.001 0.031 -0.085 0.157 0.112 0.032 0.004 0.051 0.009 
p 0.282 0.964 0.085 0.121 0.554 0.585 0.690 0.233 0.994 0.719 0.326 0.068 0.195 0.712 0.963 0.555 0.919 

Formate r 0.009 -0.026 0.093 0.084 0.040 0.084 0.123 -0.083 0.049 0.005 0.035 0.057 0.065 0.013 -0.031 0.018 0.008 
p 0.914 0.767 0.282 0.332 0.645 0.329 0.155 0.339 0.574 0.952 0.683 0.513 0.455 0.883 0.723 0.839 0.927 
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L-Glutamic acid r -0.090 -0.150 0.014 0.040 -0.010 0.048 -0.065 -0.094 -.190 -0.129 0.127 .190 -0.089 0.038 -0.006 0.027 -0.060 
p 0.297 0.082 0.872 0.644 0.908 0.578 0.449 0.275 0.027 0.135 0.142 0.026 0.304 0.661 0.941 0.759 0.490 

Hypoxanthine r 0.045 0.055 0.039 0.115 0.086 -0.089 0.093 0.018 0.003 0.038 0.061 -0.081 0.001 -0.021 -0.084 0.106 0.153 
p 0.607 0.527 0.654 0.183 0.317 0.304 0.280 0.831 0.974 0.662 0.482 0.348 0.995 0.813 0.331 0.221 0.076 

Tyrosine r 0.102 0.081 0.104 0.084 0.147 0.113 0.001 0.104 0.064 0.073 0.063 0.069 0.072 .170 0.005 -0.110 -0.138 
p 0.237 0.348 0.228 0.332 0.087 0.191 0.993 0.230 0.461 0.400 0.467 0.422 0.404 0.048 0.951 0.204 0.110 

L-Phenylalanine r -0.032 -0.087 0.101 0.096 0.017 0.077 0.033 -.187 -0.059 -0.078 0.102 0.149 0.060 0.012 -0.067 0.007 -0.029 
p 0.708 0.314 0.243 0.268 0.844 0.372 0.701 0.030 0.498 0.364 0.237 0.084 0.485 0.892 0.440 0.932 0.737 

LAlanine r -0.013 -0.070 0.051 0.045 0.037 0.058 -0.032 0.089 -0.009 0.014 0.065 0.109 -0.060 0.070 -0.035 -0.022 -0.031 
p 0.876 0.418 0.555 0.605 0.670 0.503 0.710 0.305 0.914 0.869 0.454 0.208 0.488 0.418 0.682 0.797 0.718 

Mannose r -.257 -.254 -0.103 -0.023 -.252 -0.064 -0.079 -0.125 0.017 -0.023 0.098 -0.004 -0.140 -.209 0.095 -0.133 -0.039 
p 0.002 0.003 0.234 0.793 0.003 0.462 0.358 0.146 0.840 0.789 0.255 0.964 0.103 0.015 0.272 0.121 0.649 

Isoleucine r 0.046 -0.043 0.127 0.016 0.077 -0.024 0.042 0.012 -0.149 -0.054 0.046 0.093 0.028 0.010 -0.162 0.006 -0.063 
p 0.596 0.618 0.140 0.853 0.372 0.781 0.626 0.890 0.084 0.532 0.592 0.283 0.749 0.904 0.060 0.944 0.469 

L-Histidine r 0.076 -0.056 0.155 -0.029 0.029 -0.016 -0.160 -0.029 -.203 0.099 -0.048 0.042 0.038 -0.081 -0.087 -0.022 -0.088 
p 0.379 0.516 0.071 0.739 0.741 0.857 0.062 0.741 0.018 0.249 0.576 0.628 0.660 0.348 0.312 0.796 0.309 

L-Lysine r 0.014 -0.080 0.148 0.054 0.035 0.114 -0.020 -0.058 0.025 0.016 0.123 0.015 0.026 0.028 -0.027 0.026 0.016 
p 0.868 0.356 0.086 0.535 0.686 0.186 0.816 0.502 0.775 0.853 0.152 0.859 0.768 0.745 0.753 0.763 0.856 

L-Serine r -.213 -.184 -0.075 -0.047 -.220 -0.089 -0.083 -0.020 -0.126 -0.023 0.033 0.051 -0.053 -0.108 -0.017 0.016 0.095 
p 0.013 0.032 0.387 0.588 0.010 0.305 0.337 0.819 0.144 0.791 0.699 0.559 0.543 0.212 0.845 0.850 0.273 

L-Lactic acid r -0.058 -0.150 0.098 0.012 -0.004 0.028 0.033 -0.131 -0.143 -0.149 0.103 .250 0.003 0.065 -0.040 -0.050 -0.083 
p 0.503 0.080 0.256 0.888 0.960 0.745 0.702 0.129 0.096 0.083 0.235 0.003 0.973 0.452 0.640 0.566 0.338 

Aspartate r -0.142 -.189 0.045 -0.072 -0.121 0.035 -0.071 -.178 -0.059 -0.004 -0.055 0.125 -0.019 -0.063 -0.072 0.055 0.047 
p 0.100 0.028 0.599 0.405 0.159 0.682 0.411 0.038 0.495 0.964 0.526 0.147 0.828 0.467 0.402 0.522 0.583 

Myo-inositol r -0.122 -0.163 -0.016 -0.123 -0.161 0.021 -0.052 -.210 -0.146 -0.140 0.100 .186 0.005 -0.037 0.019 0.034 0.106 
p 0.157 0.059 0.854 0.153 0.061 0.810 0.547 0.014 0.091 0.105 0.249 0.030 0.956 0.671 0.826 0.695 0.220 

L-Ornithine r 0.004 -0.021 0.036 0.084 0.033 0.121 0.062 -0.061 0.088 0.063 -0.032 -0.049 0.060 0.075 -0.087 -0.054 -0.089 
p 0.964 0.810 0.682 0.329 0.706 0.162 0.471 0.479 0.306 0.465 0.710 0.572 0.484 0.388 0.314 0.529 0.306 

Pyruvate r -.192 -.222 -0.049 -0.058 -0.152 0.025 -0.086 -.192 -0.128 -.303 0.134 .224 -0.111 -0.088 -0.093 -0.047 -0.156 
p 0.025 0.009 0.568 0.505 0.077 0.776 0.317 0.025 0.137 0.000 0.119 0.009 0.199 0.308 0.282 0.588 0.069 

Succinate r 0.039 0.005 0.076 0.138 0.104 0.046 0.134 -0.037 -0.036 0.095 0.038 0.090 0.036 0.099 0.073 -0.009 0.007 
p 0.650 0.953 0.379 0.110 0.228 0.592 0.121 0.669 0.676 0.270 0.661 0.299 0.680 0.252 0.399 0.913 0.932 

Pyroglutamic acid r 0.024 -0.049 0.104 0.126 0.096 0.045 0.105 0.005 0.007 0.126 -0.021 0.031 -0.023 0.132 0.116 -0.034 -0.025 
p 0.778 0.572 0.229 0.145 0.266 0.600 0.225 0.949 0.935 0.144 0.804 0.722 0.793 0.125 0.181 0.691 0.769 

Sarcosine r -0.002 -0.079 0.134 -0.024 0.015 -0.041 -0.049 -0.063 0.054 0.052 -.208 -0.006 0.010 -0.048 -0.110 0.095 0.134 
p 0.985 0.362 0.119 0.781 0.858 0.638 0.569 0.465 0.529 0.548 0.015 0.946 0.905 0.576 0.203 0.272 0.120 

Xanthine r 0.002 0.037 -0.082 0.095 0.053 -0.100 0.086 0.067 0.036 0.093 -0.121 -0.004 0.107 0.027 -0.066 0.058 0.098 
p 0.986 0.673 0.343 0.269 0.541 0.249 0.322 0.438 0.676 0.282 0.162 0.964 0.215 0.757 0.446 0.502 0.257 

Urea r 0.036 0.026 0.061 0.132 0.124 -0.019 0.039 0.030 -0.115 -0.026 -0.076 0.105 0.121 -0.145 -0.084 -0.105 -0.135 
p 0.678 0.763 0.481 0.126 0.151 0.823 0.652 0.733 0.181 0.761 0.378 0.222 0.162 0.091 0.333 0.224 0.116 

3-Hydroxybutyric 
acid 

r -0.073 -0.057 0.024 -0.027 -0.067 0.060 0.168 -0.044 -0.001 0.027 0.106 0.074 0.004 -0.004 0.060 -0.034 -0.064 
p 0.397 0.509 0.778 0.758 0.439 0.489 0.051 0.614 0.990 0.758 0.221 0.390 0.961 0.965 0.489 0.694 0.456 

3-Methylhistidine r -0.021 -.180 .198 0.029 -0.014 0.162 -0.029 -0.043 -0.030 -0.136 0.061 0.094 -0.086 0.059 0.124 0.022 -0.031 
p 0.811 0.036 0.021 0.740 0.875 0.060 0.737 0.621 0.732 0.115 0.482 0.274 0.318 0.495 0.151 0.797 0.720 

L-Arginine r -0.067 -0.023 -0.076 0.166 0.000 -0.024 0.006 -0.051 -0.039 0.067 -0.020 0.022 -0.099 -0.074 -0.051 -0.059 0.007 
p 0.441 0.791 0.379 0.054 0.997 0.779 0.949 0.555 0.649 0.438 0.813 0.803 0.252 0.393 0.557 0.497 0.932 

Creatinine r 0.068 -0.031 0.139 0.028 0.114 0.100 -0.023 0.027 0.002 0.052 0.044 0.097 0.045 -0.005 -0.097 0.017 -0.081 
p 0.429 0.716 0.106 0.751 0.186 0.245 0.794 0.753 0.982 0.546 0.614 0.260 0.599 0.951 0.263 0.846 0.348 
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L-Glutamine r 0.049 0.017 0.032 .303 .175 -0.089 0.122 -0.030 -0.051 0.012 -0.090 -0.035 0.014 -0.105 0.083 -.199 -0.127 
p 0.574 0.848 0.715 0.000 0.041 0.302 0.157 0.731 0.553 0.889 0.299 0.683 0.868 0.225 0.335 0.020 0.139 

L-Leucine r -0.013 -0.077 0.099 0.046 0.035 0.056 0.065 -0.096 -0.121 -0.056 0.061 0.128 0.063 0.002 -0.085 0.035 -0.005 
p 0.878 0.375 0.252 0.595 0.690 0.516 0.451 0.265 0.161 0.516 0.477 0.138 0.469 0.978 0.323 0.687 0.957 

Malonate r 0.089 -0.026 .185 -0.109 0.058 0.132 0.023 0.068 0.003 0.133 0.019 0.054 0.056 0.069 -0.120 -0.043 -0.104 
p 0.305 0.763 0.031 0.208 0.499 0.126 0.789 0.429 0.972 0.122 0.822 0.531 0.515 0.422 0.165 0.623 0.229 

Methionine r 0.007 -0.050 0.112 0.133 0.057 0.104 0.118 -0.076 -0.013 -0.030 0.100 0.099 0.065 0.060 -0.034 -0.003 -0.023 
p 0.931 0.563 0.195 0.121 0.512 0.229 0.172 0.377 0.880 0.727 0.247 0.251 0.451 0.491 0.694 0.974 0.789 

Hippuric acid r 0.040 -0.021 0.077 -0.108 0.015 -0.063 0.077 0.004 -0.034 0.013 -0.121 0.109 .196 -0.095 -0.137 0.092 0.107 
p 0.642 0.806 0.371 0.212 0.860 0.468 0.371 0.960 0.697 0.881 0.162 0.208 0.022 0.274 0.113 0.288 0.213 

Isovaleric acid r -0.096 -.173 0.072 0.048 -0.062 -0.085 0.010 -0.104 -0.166 -0.086 -0.053 0.017 -0.152 -0.084 -0.075 -0.039 -0.001 
p 0.265 0.044 0.402 0.582 0.475 0.327 0.906 0.226 0.053 0.317 0.542 0.841 

 
0.077 0.328 0.384 0.654 0.986 

3-
Hydroxyisovalericacid 

r 0.008 0.002 0.038 0.035 0.011 -.196 -0.063 -0.020 0.016 0.099 -.270 -0.123 0.132 -0.155 -0.077 0.059 0.078 
p 0.930 0.986 0.659 0.689 0.900 0.022 0.470 0.817 0.849 0.252 0.002 0.155 0.125 0.072 0.373 0.495 0.364 

Isopropyl alcohol r -0.111 -0.029 -0.098 -0.062 -0.158 -0.002 0.075 -0.055 0.002 -0.066 0.113 .175 0.091 -0.052 0.073 -0.026 -0.032 
p 0.199 0.734 0.254 0.470 0.066 0.982 0.383 0.528 0.979 0.445 0.189 0.041 0.291 0.546 0.397 0.763 0.715 

Valine r 0.083 -0.020 .197 0.020 0.106 0.125 -0.019 -0.011 -0.002 0.000 0.081 0.094 0.008 0.088 -0.044 -0.028 -0.047 
p 0.340 0.817 0.022 0.813 0.219 0.147 0.830 0.901 0.982 0.998 0.350 0.279 0.927 0.306 0.609 0.749 0.585 

Tryptophan r -0.135 -0.051 -0.078 0.079 -0.098 -0.160 0.154 -0.140 -0.098 -0.002 0.012 0.011 0.060 -0.106 -0.054 0.083 0.060 
p 0.117 0.557 0.364 0.360 0.255 0.063 0.073 0.104 0.254 0.982 0.886 0.896 0.487 0.218 0.532 0.340 0.486 

Acetone r 0.017 -0.044 0.161 0.011 0.035 0.111 0.153 -0.094 0.099 0.083 0.103 0.077 0.077 0.061 0.109 -0.024 -0.051 
p 0.845 0.611 0.062 0.895 0.689 0.199 0.075 0.276 0.252 0.339 0.234 0.372 0.375 0.478 0.204 0.785 0.556 

Isobutyric acid r 0.006 0.004 0.042 0.088 0.070 -0.082 0.091 0.019 -0.050 -0.097 0.016 0.163 0.103 -0.110 -0.088 -.181 -.213 
p 0.949 0.966 0.626 0.310 0.417 0.346 0.292 0.827 0.561 0.263 0.849 0.058 0.231 0.203 0.307 0.035 0.013 

Methanol r 0.040 0.062 -0.027 0.076 0.054 0.110 0.139 -0.134 0.011 -0.042 0.147 0.037 0.071 -0.067 -0.064 0.002 -0.090 
p 0.647 0.471 0.756 0.377 0.532 0.203 0.107 0.120 0.896 0.631 0.087 0.668 0.412 0.435 0.462 0.983 0.298 

Propyleneglycol r 0.060 0.060 0.083 0.091 0.089 0.001 0.079 -0.045 0.005 -0.056 -0.002 0.121 -0.002 -0.116 -0.029 0.006 -0.008 
p 0.486 0.487 0.339 0.294 0.301 0.993 0.364 0.601 0.954 0.518 0.980 0.159 0.982 0.178 0.740 0.947 0.929 

Dimethylsulfone r -0.081 -0.113 0.015 .193 0.010 -0.059 0.060 0.023 0.050 0.017 0.050 -0.069 0.015 -0.105 0.079 -0.050 -0.063 
p 0.349 0.192 0.866 0.024 0.905 0.496 0.485 0.793 0.563 0.848 0.562 0.425 0.859 0.224 0.363 0.561 0.468 
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Table S2.6. Fourteen-point criteria used to measure adherence to MD on the MEDDINI study. FOURTEEN POINT 
MEDITERRANEAN DIET SCORE (MDS) 

Questions  
Criteria for 1 point 

1. Do you use olive oil or rapeseed oil as your main cooking fat? Yes 

2. Do you use olive or rapeseed oil-based spreads (e.g. Golden olive, 
Olivio, Bertolli)? 

Yes 

3. How much olive/ rapeseed oil do you consume in a given day? 
Including oil used for frying, salads, out-of-house meals etc (in 
tablespoons) 
How much olive or rapeseed oil-based spread do you consume in a 
given day? (in teaspoons) 

≥4 tbsp oil / day 
 

and/or 
 

3 tsp spread/ day 

4. How many portions of fruit (including natural fruit juices) do you 
consume per day? (1 portion = 1 apple/banana (80g), small glass juice 
(150ml) 

 
≥2 portions/ day 

5. How many vegetable servings do you consume per day? Including 
raw/ cooked vegetables, salad but not including potatoes (1 serving: 
3 tablespoons/80g) 

 
≥3 portions/ day 

6. How many servings of legumes (peas, beans and lentils including 
kidney beans, baked beans, chickpeas, red lentils etc) do you 
consume per week? (1 serving :3 tablespoons/ 80g) 

 
≥3 servings/ week 

7. How many servings of red meat including beef, pork, lamb and 
minced beef do you consume per week? (1 serving:  medium portion/ 
100–150 g) 

 
≤2 servings /week 

8. How many servings of processed meat including ham, bacon, 
sausages, meat pies and other meat products etc.) do you consume 
per week? (1 serving:  medium portion/ 100–150 g) 

 
≤1 serving /week 

9. How many servings of chicken/ turkey do you consume per week? (1 
serving: medium portion/ 100-150g) 

 
2 servings /week 

10. How many servings of fish (tuna, cod, haddock, salmon, mackerel, 
herring, and sardines etc, including tinned varieties, excluding 
crumbed or battered fish) or shellfish do you consume per week? (1 
serving: 1 fillet/small fish or 140g) 

 
≥3 servings /week 

11. Do you preferentially consume wholegrain bread and/ or cereal and/ 
or rice and/ or pasta instead of non-wholegrain (white) varieties? 

 
Yes 

12. How many servings of natural nuts do you consume per week? (1 
serving: 1 small handful/  30 g) 

 
≥3 servings /week 

13. How many times per week do you consume sweet foods (including 
biscuits, buns, pastries, chocolate, sweets, sweet or carbonated 
drinks or desserts)? 

 
≤3 times/ week 

14. How often would you consume up to 3 small glasses of wine or 
equivalent other alcoholic beverages per week? (1 small glass:125ml) 

1-3 glasses or 
equivalent ≥ 3 

days/ week 
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Supporting information 2 – Supplementary material of Chapter 3: Application of global LC-MS metabolomics for the discovery of a novel 

Mediterranean diet biomarker panel.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

  

Figure S3.1. Cross validation of the PLS-DA multivariate model as performed using Metaboanalyst 4.0 (left) showing accuracy, R2 and Q2 model parameters. Validation based on 

4 components (right) 
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Figure S3.2. Intensity values of putatively identified metabolite biomarkers of Mediterranean Diet Score (MDS) 
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Table S3.1. Summary of each feature used to develop the logistic regression predictive algorithm for Mediterranean Diet Score (MDS) 

 Estimate Std. Error z value Pr(>|z|) Odds 

(Intercept) 0.313 0.555 0.564 0.573 - 

MG(0:0/16:1(9Z)/0:0) 
 

(15.57_328.2602) 
0 0 2.724 0.006 1 

Pectenotoxin 2 secoacid 
 

(17.40_894.5209) 
-0.001 0 -1.844 0.065 1 

PC(P-18:1(9Z)/16:0) 
 

(17.86_766.5722) 
0 0 -1.492 0.136 1 
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Supporting information 3 – Supplementary material of Chapter 4: Identification of Plasma Metabolite Biomarkers of a Healthy 

Dietary Pattern as Facilitated by Dietary Cluster Analysis 

Table S4.1.  Performance of multivariate modelling of metabolomic data. Cross validation of the PLS-DA multivariate model as performed using Metaboanalyst 4.0. 

Measure 1 component 2 components 3 components 

Accuracy 0.652 0.634 0.620 

R2 0.271 0.351 0.516 

Q2 0.095 0.091 0.054 

 

 

Figure S4.1. Multivariate statistical modelling of plasma metabolite data incorporating 134 samples each with 90 metabolite measurements. Panel A shows separation of dietary clusters by 
principal component analysis (PCA) and panel B by partial least squares discriminant analysis PLS-DA. Cluster 1 samples are  represented in red. Cluster 2 samples are 

indicated in green with 95% confidence intervals indicated. C shows the variable importance in projection (VIP) scores for the 15 most influential metabolites for separations 
observed in the PLS-DA model. Analysis was performed using Metaboanalyst version 4 and metabolite concentration data were auto-scaled prior to analysis.    

A B C 
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Figure S4.2. DHA biomarker performance.  DHA showed the strongest biomarker performance for a healthier dietary pattern and its performance was enhanced the most by ration with osbond 
acid. Metabolite data median-centred and analysed using Metaboanalyst (version 4). As a single biomarker DHA achieved the highest AUCROC (0.72) with levels differing between Clusters 1 and 
2 by 22%. However, paired ratio of this metabolite with osbond acid (osbond acid/DHA) showed the greatest AUCROC (0.78) with levels differing between Clusters 1 and 2 by 72%. Optimal cut-
off is represented on ROC curves by a red dot and by a red horizontal line on box plots. The Y-axis of box plots represents concentrations in µM and mean values for each group are indicated by 
a red diamond. 
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Supporting information 4 – Supplementary material of Chapter 5: Analysis of biomarkers 

of adherence to a Mediterranean diet over a period of 12 months.  

 

 

Table S5.1. Spearman r correlation coefficients between vitamin C, α-linolenic acid, EPA, and MDS. Correlations were 

deemed significant if p<0.05. 

 MDS 

Biomarkers r p n 

Vitamin C (μM) 0.39 2.89E-6 132 

α-linolenic acid (μM) 0.20 0.02 133 

EPA (μM) 0.48 4.29E-9 133 

 

 

 

 

 

 

 


