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Abstract

Cardiometabolic diseases (CMD) are the most common cause of morbidity and mortality

worldwide, representing a major public health challenge. Besides well-established genetic

and environmental risk factors, circulating metabolites, especially gut bacteria-derived

metabolites, play a crucial role in the development and progression of CMD. Among

these metabolic products, short-chain fatty acids (SCFA), including acetate, propionate

and butyrate, have gained attention for their potential role in regulating glucose and lipid

metabolism, gut barrier integrity, blood pressure, and immune responses.

Two main hypotheses were proposed for this work: (i) specific metabolites contribute to the

individual cardiometabolic risk and are useful biomarkers of prevalent and incident disease

and (ii) gut microbial metabolites in serum and in stool, such as SCFAs, are important

determinants of CMD and represent specific pathways to be targeted by gut microbiome

interventions. These hypotheses were explored by employing different statistical and

computational approaches in data from multiple population-based cohorts. These include

TwinsUK, ZOE Personalised Responses to Dietary Composition Trial (PREDICT)-1, the

Cooperative Health Research in the Region of Augsburg (KORA) and an acute trauma

case-control study, and cohorts from the Consortium of METabolomics Studies (COMETS)

with myocardial infarction (MI) information. The overarching aims of this thesis were

to (i) identify circulating and faecal biomarkers of prevalent and incident CMD, and (ii)

investigate the role of SCFAs in the interplay between the gut microbiota and CMD.

To achieve the first aim, in Chapter 4, I searched for circulating biomarkers of

atherosclerotic cardiovascular disease risk (ASCVD). I identified a panel of 21 circulating

metabolites cross-sectionally associated with ASCVD and longitudinally predictive
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of CVD mortality and morbidity independently of environmental and traditional risk

factors. Then, in Chapter 5, I searched for circulating biomarkers of incident MI in

the largest metabolome study of MI to date consisting of 6 intercontinental COMETS

cohorts with diverse race backgrounds. I identified 56 biomarkers (of which 10 were

novel) of incident MI. Finally, in Chapter 6, I explored the role of faecal metabolites

and gut microbiota in prediabetes. I created a faecal metabolite signature that was

cross-sectionally associated with impaired fasting glucose in two independent cohorts

and was also predictive of incident type-2 diabetes. Although the signature consisted

of xenobiotics and host-produced metabolites, it was strongly associated with the gut

microbiota composition. For the second aim, in Chapter 7, I comprehensively assessed the

host genetics and gut microbiota contribution to a panel of eight serum and stool SCFAs,

examined their postprandial changes, and explored their links with chronic and acute

inflammatory responses in three independent cohorts. I showed that SCFA levels present a

heritable genetic component, and that the gut microbiome is strongly correlated with their

faecal levels. Moreover, I reported significant changes in SCFA postprandial circulating

levels. Furthermore, I found different correlation patterns with inflammatory markers

depending on the type of inflammatory response. Lastly, in Chapter 8, I further analysed

acetate, one of the major SCFAs, and explored the associations between its circulating

levels, gut microbiota and visceral fat. I found specific gut bacterial genera associated with

its levels, including Coprococcus and Lachnoclostridium, and identified the mediatory role

of acetate in the association between gut microbiota and visceral fat.

In conclusion, these findings illustrate the breadth of the physiological relevance of

metabolites, particularly SCFAs, on CMD, and highlight the importance of the gut

microbiota in the pathogenesis of CMD not only by producing metabolic products but also

by affecting intestinal absorption/excretion of host-produced metabolites. Future studies

should determine causality and explore translational strategies that could modulate the

identified metabolites by targeting the gut microbiota.
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Chapter 1

Introduction

In this introductory chapter, I provide an overview of the role of the human metabolome in

cardiometabolic diseases, the current knowledge and main findings. As it is estimated that

90% of the gut microbial species are associated with 82% of the faecal metabolites [1], and

nearly half of the circulating metabolites are associated with gut microbial species and/or

metabolic pathways [1], I then discuss the role of the gut microbiota in cardiometabolic

health. In particular, I focus on short-chain fatty acids, bacteria-derived metabolites with

the potential of mitigating disease factors and/or preventing cardiometabolic diseases. I

provide a comprehensive description of their metabolic production routes, their beneficial

effects on cardiometabolic health and the involved mechanisms.

Parts of this chapter have been published in Gut microbes (Nogal et al., 2021) and in the

book chapter: Genetic and molecular basis of metabolic and nutritional cardiovascular

regulation. Genomic and Molecular Cardiovascular Medicine. Elsevier (Nogal et al., 2023

- in press).

Cardiometabolic diseases (CMD) are the most common cause of morbidity and mortality

worldwide, representing a major public health challenge [3, 4].
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There are many well-established genetic and environmental risk factors associated with

CMD including hypertension, dyslipidaemia, smoking, and abdominal adiposity, among

others [5]. However, emerging studies have proposed a pivotal role for circulating

metabolites in the onset and progression of CMD, such as type-2 diabetes (T2D),

atherosclerosis and obesity [6–8].

Metabolomics provides a snapshot of the individual’s metabolic state at a particular time,

enabling the identification of at-risk individuals before the disease process is well underway

[9, 10]. Moreover, the gut microbiota contributes significantly to the generation of these

metabolites, and this could potentially explain the observed correlations between gut

microbiota composition and CMD [1].

Among gut bacteria-derived metabolites, short-chain fatty acids (SCFA), mainly acetate,

propionate and butyrate, are gaining special attention in CMD [11] as they present

regulatory functions in the lipid and glucose metabolism, anti-inflammatory and immune

response and gut barrier integrity [12].

In this chapter, I will provide an overview of the associations between the human

metabolome, the gut microbiome and CMD. I will then focus on SCFAs, discussing the

metabolic routes involved in their production, the benefits they exert on cardiometabolic

health, and the mechanisms underlying these effects.

1.1 Cardiometabolic diseases

CMD are defined as a combination of multiple derangements in the cardiovascular

system and metabolic processes, leading to an increased risk of developing cardiovascular

complications. These diseases are typically characterised by dyslipidaemia, hypertension,

impaired glucose tolerance, insulin resistance and central adiposity [13].

Several prevalent conditions fall under CMD, including atherosclerosis, myocardial

infarction (MI), T2D and obesity [14]. A summary of these along with other related

concepts are provided below, as they will be the main cardiometabolic outcomes used in

the following chapters.
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Summary of the main cardiometabolic outcomes studied in this thesis.

Atherosclerosis is a condition characterised by the hardening and narrowing of
arteries due to the development of atherosclerotic plaques within them. This leads to
the reduction of blood flow, which can cause serious cardiovascular complications,
including MI, stroke, and death [15]. Atherosclerotic cardiovascular disease
(ASCVD) refers to a collection of diseases caused by atherosclerosis [16]. The
ASCVD risk score is an assessment tool that helps healthcare providers to estimate
an individual’s 10-year cardiovascular disease (CVD) risk based on several factors,
including age, sex, race, total cholesterol and high-density lipoprotein (HDL) levels,
systolic blood pressure, use of blood-pressure-lowering medications, T2D status,
and smoking status [16].
MI occurs when the blood supply to the myocardium is impeded by a coronary
artery blockage. If the blockage is not removed within a few hours, the heart tissue
begins to die due to a lack of oxygen [17]. It is estimated that MI causes the death
of one person every 40 seconds in the US [18] and one hospital admission every five
minutes in the UK (British Heart Foundation, 2021).
T2D is a metabolic disorder characterised by persistent hyperglycemia resulting
from insulin resistance and impaired insulin secretion. Its onset is gradual, with
people progressing through a state of prediabetes [19] defined as impaired levels of
fasting glucose (IFG), and/or glucose tolerance (IGT), and/or elevated haemoglobin
A1c (HbA1c) [20].
Obesity is a pathophysiological state defined by an excess accumulation of
adipose tissue that adversely affects health status [21]. It is frequently defined
using the body mass index (BMI) [22]. Nevertheless, the utility of BMI as
an obesity metric is limited by its inability to differentiate between lean and
adipose tissue or to delineate the distribution of adipose tissue within the body
[22]. This is particularly noteworthy because adipose tissue is not a metabolically
homogeneous entity. Specifically, visceral fat, the fat localised within the abdominal
cavity in proximity to internal organs, exhibits more detrimental metabolic
activity than subcutaneous adipose tissue, which is situated beneath the skin [23].
Consequently, the quantification of visceral fat is an essential component of a
thorough obesity-associated risk assessment [24]. Indeed, visceral fat reduction
may result in greater mitigation of obesity-associated morbidities, such as T2D,
hypertension, and CVD, compared to interventions focusing solely on BMI [24].

Moreover, these CMD are often accompanied by chronic low-grade inflammation, which is

characterised by the widespread release of pro-inflammatory mediators, such as cytokines

and C-reactive protein (CRP) [25, 26].
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The prevalence of CMD is gradually increasing worldwide, making it a significant public

health burden [3, 4]. Indeed, it is estimated that 25% of the total population has CMD and

approximately 30% of all the deaths are caused by CMD [27].

Predicting, preventing and treating CMD is highly complex due to their multifactorial

aetiology. Despite significant research investments, classical risk and genetic factors lack

sufficient power to accurately predict CMD [28]. For instance, genomics approaches

such as genome-wide association studies (GWAS) have been able to explain only a small

fraction of these diseases, providing limited contributions to mechanism-based intervention

strategies [29]. On the other hand, high-throughput metabolomics has been shown to be

a powerful tool to identify novel biomarkers of CMD risk as it allows for the probing of

interactions between genetics and environmental factors, including diet, lifestyle and the

gut microbiome, and has shown to be a powerful tool to identify novel CMD biomarkers

[30, 31] (see Section 1.2).

1.2 Metabolomics

Metabolomics is a high-throughput technology able to simultaneously measure an extensive

set of low-molecular-weight metabolites such as amino acids, lipids, carbohydrates,

nucleotides and xenobiotics in various biological samples including stool, serum, saliva,

and urine. Therefore, this technique enables to capture the global metabolic state of an

individual at a given time [32].

The Human Metabolome Database (HMDB), which is the world’s largest and most

comprehensive metabolomic database, contains 217920 metabolite entries [33]. Presently,

most metabolomics studies are based on two core techniques: mass spectrometry (MS)

and nuclear magnetic resonance (NMR) [34]. However, neither method can capture

all metabolites in a sample [34]. MS is an analytical technique that ionises chemical

compounds to create charged molecules, which are then separated based on their

mass-to-charge ratio [35]. To enhance analytical sensitivity and selectivity, MS is often

combined with various separation techniques, including liquid chromatography (LC), gas

chromatography (GC), and capillary electrophoresis (CE). Nonetheless, the preparation
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steps involved in MS are complex and may result in the loss of some metabolites [36].

On the other hand, NMR is a non-destructive and quantitative technique based on the

interaction of atomic nuclei (e.g., 1H, 13C, or 31P) with a magnetic field [37]. Although

it does not require extensive sample preparation, it primarily detects the high-abundance

metabolites (from 100 nmol/l to 1 mmol/l or higher) and requires a high amount of sample

volume [37].

Fig. 1.1 Metabolic profiling as a tool for human diseases. Measurements of metabolite
levels do not reflect only the genetic background and the gene expression profile of an
individual, but also their lifestyle, dietary intake, medication usage and gut microbiome.
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Metabolites, as the downstream products of genetic variations, transcriptional changes,

and post-translational protein modifications, are closest to the phenotype. Consequently,

the metabolome provides a comprehensive representation of all alterations and interactions

among gene expression, protein expression, environmental factors, and the gut microbiome

(Figure 1.1) [38, 39]. This unique position makes metabolomics a powerful, precise and

noninvasive tool for identifying biomarkers useful in patient care, including for screening

of asymptomatic individuals (screening biomarkers), diagnosing suspected diseases

(diagnostic biomarkers), or monitoring disease progression (prognostic biomarkers).

[40–43]. It has thus the potential to provide a more individualised and precision approach

to healthcare, enabling more effective prediction, prevention, and treatment strategies for a

range of diseases [44]. Furthermore, metabolomics provides an insightful blueprint for

deepening our understanding of the pathophysiological mechanisms underlying diseases

[45].

1.2.1 Metabolites in cardiometabolic diseases

To date, several metabolites have been linked to CMD and have been used as disease

biomarkers [46]. These may exert beneficial or detrimental effects on cardiometabolic

health through a variety of mechanisms [46]. Among the most well-known biomarkers

of cardiometabolic health, elevated circulating levels of CRP and branched-chain amino

acids (BCAA) have been largely associated with unfavourable cardiometabolic outcomes,

while other amino acids, such as serine and glycine, and omega-3 fatty acids have been

linked to protective effects on cardiometabolic health.

CRP is an acute-phase protein produced primarily by the liver in the presence of

inflammatory cytokines, especially interleukin-6 (IL-6) [47]. CRP plays a crucial role

in the innate immune system mediating the process of phagocytosis and activating the

complement system [47]. In the context of CMD, CRP is widely recognised as a

non-specific biomarker of systemic inflammation. Cross-sectional studies have consistently

reported CRP levels to be higher in individuals with CMD, including T2D, obesity,

atherosclerosis, stroke and MI [48–51]. Although a causal association between CRP

levels and the risk of suffering some CVD, such as MI, coronary artery disease, heart



Introduction 27

failure, and atherosclerosis has not been shown [52, 53], a recent study by Kuppa and

collaborators has reported genetically determined CRP to be causally associated with a

higher risk of hypertensive heart disease in the European population using a two-sample

Mendelian randomisation [53].

BCAA, namely valine, leucine and isoleucine, are essential amino acids and must be thus

obtained through diet. They are mainly prevalent in protein-rich foods, including meat,

dairy products, and legumes. BCAA have several roles in human metabolism, including

protein synthesis and turnover, modulation of glucose homeostasis, and production of

energy during prolonged physical activity [54]. However, metabolism dysregulation

resulting in elevated levels has been observed in individuals with different forms of CMD,

including T2D and obesity [46, 55].

On the other hand, certain amino acids like glycine and serine might potentially offer

a protective effect against various CMD [56–60]. Indeed, elevated levels of circulating

glycine and serine have been negatively associated with a wide range of CMD, such as MI,

prediabetes, metabolic syndrome and atherosclerosis, among others [56–60].

Omega-3 fatty acids, particularly docosahexaenoic acid (DHA) and eicosapentaenoic

acid (EPA), are polyunsaturated fatty acids that have been extensively studied for their

cardioprotective effects [61, 62]. DHA and EPA exert potent anti-inflammatory and

anti-atherosclerotic effects [61], and can also improve lipid profiles and endothelial

function, and decrease platelet aggregation, which are crucial aspects in preventing the

development and progression of CMD [63].

Although most epidemiological studies exploring the associations between the metabolome

and CMD have used blood as a biological sample [64–66], metabolites measured in stool

samples have been also linked to CMD. For instance, faecal levels of 2-phenylpropionate

and hydrocinnamic acid were negatively associated with T2D [67], while higher faecal

levels of palmitoylcarnitine were found in diabetic subjects [67]. Faecal levels of SCFAs

have been also associated with different CMD, including obesity and CMD risk factors,

among others [68, 69].
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Importantly, some of the reported metabolite-CMD associations are causally supported

by Mendelian randomisation studies, as previously discussed with CRP and hypertensive

heart disease risk. The genetically determined BCAA has been associated with a higher

risk of T2D [70], coronary artery disease [70, 71], and obesity [72]. In a systematic

review summarising 2725 Mendelian randomisation associations between risk factors and

coronary artery disease or stroke found that higher levels of genetically predicted omega 6

fatty acid were associated with coronary artery disease [73]. On the other hand, higher

genetically predicted circulating EPA has been significantly associated with a lower risk of

coronary artery disease and MI [74]. Bidirectional Mendelian randomisation revealed that

the host-genetic-driven increase in gut production of the SCFA butyrate was associated

with improved insulin response during an oral glucose tolerance test, while disruptions in

the production or absorption of the SCFA propionate were causally linked to an increased

risk of T2D [75].

Finally, a large proportion of the identified metabolites is produced by the gut microbiota,

including SCFAs and indolepropionic acid [2, 76]. As discussed in Section 1.3, these

may provide mechanistic insights to support correlations between the gut microbiome and

CMD [1].

1.3 Gut microbiota

The human intestine contains approximately 1014 microorganisms, collectively known

as the gut microbiota [77]. The collective genomes of these microorganisms inhabiting

the gut constitute what is defined as the gut microbiome [78]. The bacteriome (bacteria)

comprises a large proportion of the well-characterised gut microbiome, however, the

microbiome also includes the virome - viruses that can infect both human cells and bacteria

(phageome), the mycobiome - the collection of fungal species inhabiting the intestine, the

archaeome (archaea), and eukaryotic parasites [79]. These organisms represent various

kingdoms of life, highlighting the microbiota’s transkingdom composition. The gene

repertoire present in these microbes is 100-fold higher than the number of genes present

in the human genome [80]. In a healthy gut microbiota, the most predominant phyla
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are Firmicutes and Bacteroidetes (90% of the population), followed by Actinobacteria

and Verrucomicrobia [81], although inter-variability between individuals exists. Gut

microbiota diversity, richness and composition vary depending on multiple determinants,

either endogenous such as sex, transkingdom microbial interactions and host genotype [77,

82], or exogenous, such as diet, age, exercise, smoking, stress [83], and single and multiple

drug exposures, including proton pump inhibitors, osmotic laxatives, alpha-glucosidase

inhibitors and antibiotics [84].

Over the last years, advances in bioinformatics tools and next-generation sequencing have

increased our knowledge of the relationship between microbiota organisms and humans

[85], allowing us to discover the benefits and detriments of gut bacteria to human health.

Bacteria-derived metabolites play important functions in the intestine (e.g., digestion,

energy harvest and barrier integrity) [86] and even in other organs when they enter into the

systemic circulation (e.g., glucose circulation in the pancreas, lipid metabolism in the liver

and cognitive functions in the brain) [87]. When there is an intestinal microbial ecosystem

balance (eubiosis), the gut microbiota plays important immunological, homeostatic and

metabolic functions that maintain the human host health [88]. On the other hand, the

imbalance of the gut microbiota, known as dysbiosis, and reduction of bacterial diversity

can lead to a variety of metabolic abnormalities, such as inflammation and oxidative stress,

impacting negatively the host pathophysiologic and physiology conditions [89].

1.3.1 Gut microbiota in cardiometabolic diseases

The role of the gut microbiota has recently been implicated in the development and

progression of CMD [90, 91]. Many studies have shown alterations in the composition and

function of gut microbiota in patients suffering from CMD. Obesity has been associated

with an increased Firmicutes/Bacteroidetes ratio in animals and humans [92]. Moreover,

gut dysbiosis can reduce gut barrier integrity, affecting glucose sensibility and absorption,

leading to insulin resistance and T2D [93]. Another example is the lipopolysaccharides

(LPS) present in the Gram-negative bacteria cell wall, which can trigger the immune

system response and potentiate CVD pathogenesis [94, 95]. Although the primary focus

of this thesis is the bacteriome, it is important to note that variations in the gut virome
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and mycobiome have been shown to be involved in CMD [96, 97]. For instance, the gut

phageome has been shown to affect T2D not only by modulating gut bacteria composition

but also through bacteria-independent mechanisms [96]. Another study reported that gut

fungal composition was able to discriminate between obese and non-obese individuals, and

metabolically “healthy” from “unhealthy” obesity, indicating that mycobiome deregulation

might be linked to obesity [97].

Our body can functionally interact with gut microbial metabolic products [98], and

cardiometabolic health is associated with these metabolic products. Trimethylamine

(TMA) [66, 99–102], secondary bile acids [103–106] are examples of metabolic products

that have been negatively associated with CMD, whereas SCFAs [107], anthocyanins [108]

and indoleproprionic acid [109] might influence positively the host health.

TMA is metabolised from choline-containing compounds (e.g., choline, betaine and

L-carnitine) present in the human diet by the gut microbiota [110]. Then, TMA enters the

portal circulation, where is oxidised by liver enzymes to produce TMAO [111]. TMAO

pathway has been associated with atherosclerosis and thrombosis promotion in mice [66,

99, 100], and with CMD in humans such as obesity, chronic kidney disease and T2D [101,

102, 112]. Detailed therapeutic potential and clinical prognostic of TMAO in CMD can be

found in several reviews [11, 113, 114].

Gut microbiota is responsible for the generation of unconjugated free bile acids and

secondary bile acids through deconjugation and dihydroxylation reactions [115]. Bile

acids can act as signalling molecules involved in inflammation, host metabolism and energy

expenditure, and thus, they might play a role in CMD [103–106]. The role of bile acids in

metabolic disorders and CVD has been reviewed by [116, 117].

Anthocyanins are glycosyl-anthocyanidins present in plant vacuoles. Gut bacteria can

degrade anthocyanins, generating protocatechuic acid and free anthocyanidins [118].

Protocatechuic acid can influence positively atherosclerosis and CVD, thanks to its

anti-inflammatory and antioxidant properties [108].

Indoleproprionic acid is a compound synthesised from tryptophan by a reduced number of

bacterial strains [76]. Circulating levels of indoleproprionic acid are negatively correlated
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with different metabolic syndrome parameters [109], and higher levels of this compound

have been also associated with a lower risk of developing T2D [119].

SCFAs are the most well-studied gut bacteria-derived metabolites and they have been

suggested as potential disease-mitigating factors and/or disease-preventing in CMD,

including T2D, obesity and CVD, among others [75, 107].

Hence, CMD development might be modulated via specific beneficial bacteria-derived

metabolites. SCFAs will be explained in detail in the below sections.

1.4 Short-chain fatty acids

Fatty acids are carboxylic acids with an aliphatic chain, which can be saturated or

unsaturated [120]. Depending on the length of their aliphatic tails, fatty acids can be

classified as short- (<6C), medium- (6-12C) or long- (>12C) chain fatty acids. SCFAs

include formate (C1), acetate (C2), propionate (C3), butyrate (C4) and valerate (C5), and

their chemical properties depend on the number of carbons [121].

SCFAs are produced by anaerobic gut bacteria through saccharolytic fermentation of

complex resistant carbohydrates (e.g., fructooligosaccharides, sugar alcohols, resistant

starch, inulin and polysaccharides from plant cell walls), which escape digestion and

absorption in the small intestine [122]. As a result of the fermentative reactions, some gases,

including hydrogen, methane and carbon dioxide are generated [123]. It is estimated that

the fermentation of 50-60 g of carbohydrates per day yields the approximated production

of 500-600 mmol of SCFAs in the gut [124]. Amino acids can be also fermented to produce

SCFAs [125]. Although SCFAs are dependent on diet and bacteria present in the gut, there

are specific foods containing SCFAs, for instance, vinegar, sourdough bread and some

dairy products such as crème fraiche, butter and cheese [126].

The major SCFAs formed by the gut bacteria are acetate, propionate and butyrate which

account for approximately 80% of all SCFAs and will be the focus of the following sections.

In order to comprehensively understand the effect of these metabolites on human health,

it is essential to consider the production site and the gradient along different cells and
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Fig. 1.2 Overview of the production and absorption sites, and transport of acetate,
propionate and butyrate (SCFAs). (A) Most undigested carbohydrates are fermented in
the caecum and ascending colon, whereas SCFA absorption takes place along the whole
colon. A negative correlation between the SCFA concentrations and pH exists. The
highest SCFA concentration levels are in the caecum and ascending colon, where the pH is
approximately 5.6, whereas in the sigmoid and rectum, the pH is higher (approximately
6.6) and the SCFA concentrations are lower. (B) In the colon, acetate, propionate and
butyrate are found in an approximate molar ratio of 3:1:1, respectively. Most SCFAs are
utilised by colonocytes as an energy source. The SCFAs that are not used by these cells
can be transported towards the hepatic portal vein, where the SCFA concentrations are 375
µmol/l, and the hepatic vein, where the SCFA concentrations are 39% of those found in
portal blood. Abbreviations: MR, molar ratio; SCFAs, short-chain fatty acids.
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tissues (Figure 1.2). Fermentation takes place in the large intestine, mainly at the right

side, and the SCFA absorption occurs rapidly from the human colon [127]. Changes in

pH vary depending on the SCFA concentration [128]. In the caecum, the pH is more

acidic and the SCFA concentrations are higher than in the sigmoid/rectum, where the pH

is higher (Figure 1.2A). In the colon and stool, butyrate, propionate and acetate are found

in an approximate molar ratio of 20:20:60, respectively [129], although these values vary

depending on the microbiota composition, SCFA substrates and gut transit time [130].

Additionally, a strong gradient from the gut lumen to the periphery exists, leading to

different cell SCFA exposure [131]. Most SCFAs are utilised by colonocytes as an energy

source [124]. The SCFAs that are not used by these cells can be transported towards the

hepatic portal vein. Acetate, propionate and butyrate concentrations in portal blood (375

µmol/l) are almost 5 times greater than peripheral venous blood (79 µmol/l), suggesting

that the gut is a principal SCFA source, whereas SCFA concentrations in the hepatic vein

(148 µmol/l) are 39% of those found in portal blood [129] (Figure 1.2B).

1.4.1 SCFA production: metabolic routes and gut bacteria

The pathways involved in SCFA production have been recently described in detail

[132]. In addition, metagenomic analyses have allowed the characterisation of the major

SCFA-producing bacteria [133] (Figure 1.3).

1.4.1.1 Acetate formation

Acetate can be synthesised through two different pathways. Firstly, acetyl-CoA can be

produced by decarboxylation of pyruvate, then, acetyl-CoA is hydrolysed to acetate by

an acetyl-CoA hydrolase [134]. Most acetate is produced by enteric bacteria, including

Prevotella spp., Ruminococcus spp., Bifidobacterium spp., Bacteroides spp., Clostridium

spp., Streptococcus spp., A. muciniphila and B. hydrogenotrophica, using this pathway

[135]. Secondly, the Wood-Ljungdahl pathway can be also used by acetogenic bacteria to

form acetate from acetyl-CoA. Here, the reduction of a carbon dioxide generates carbon

monoxide, which reacts with a coenzyme A molecule and a methyl group to produce

acetyl-CoA. At the same time, acetyl-CoA is the substrate to obtain acetate [136].



Introduction 34

1.4.1.2 Propionate formation

Although propionate-producers are distributed across several phyla, only a few bacterial

genera are able to form propionate, and unlike acetate, the utilised propionate pathways

are more conserved and substrate-specific [137].

Propionate can be synthesised through three different biochemical pathways, namely

succinate, acrylate and propanediol pathway [137]. In the succinate pathway, the primitive

electron transfer chain using phosphoenolpyruvate (PEP) can be utilised to generate

propionate [138]. Specifically, PEP is carboxylated to oxalacetate, and then oxalacetate

is sequentially converted into malate and fumarate. The latter accepts electrons from

NADH using a fumarate reductase and a NADH dehydrogenase, which form a simple

electron-transfer chain. The NADH dehydrogenase transports protons across the cell

membrane. These protons are utilised for chemiosmotic ATP synthesis. Likewise, succinate

is generated as a result of the fumarate reductase. When the carbon dioxide partial pressure

is low, succinate is transformed to methylmalonate, which leads to propionate and carbon

dioxide. The latter can be recycled for the PEP carboxylation, repeating the process.

Bacteroidetes [139] and several Firmicutes belonging to the Negativicutes class [140]

use this pathway for propionate formation. Besides, the acrylate pathway can be used

to reduce lactate to propionate by a lactoyl-CoA dehydratase [134]. This pathway is

only present in a very reduced number of gut bacteria, including Coprococcus catus

[137]. Lastly, 1,2-propanediol can be formed from deoxy sugars such as rhamnose

and fucose in the propanediol pathway. Likewise, 1,2-propanediol is sequentially

converted into propionaldehyde and propionyl-CoA, which leads to propionate formation

[141]. Salmonella enterica serovar Typhimurium [142] and R. inulinivorans [143] are

bacteria utilising this pathway, just as A. municiphilla which appears to be the major

propionate-producing species [144].

1.4.1.3 Butyrate formation

Butyrate production, like propionate, is more conserved and substrate-specific [137].

Resistant starch fermentation highly contributes to the formation of butyrate in the colon,
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Fig. 1.3 SCFA biosynthesis pathways from the dietary carbohydrate fermentation
and the major SCFA-producing bacteria for each pathway. Acetate can be formed
by the Wood-Ljungdahl pathway and from pyruvate via acetyl-CoA. Acetyl-CoA can be
also produced from lactate by lactate-utilising bacteria. 3 pathways exit for the propionate
formation, namely acrylate, succinate and propanediol pathways. The two first use PEP
and the latter utilises deoxy sugars such as rhamnose and fucose. Butyrate can be formed
through the classical pathway from the condensation of two acetyl-CoA molecules or
by the butyryl-CoA: acetate CoA-transferase route, in which butyryl-CoA is converted
into butyrate and acetyl-CoA using exogenously derived acetate. Abbreviations: DHAP,
dihydroxyacetone phosphate; PEP, phosphoenolpyruvate.

with R. bromii the main producer as its absence has been associated with a reduction in the

resistant starch fermentation [145].

To form butyrate, first, two acetyl-CoA molecules must be condensed to obtain

acetoacetyl-CoA, which is subsequently reduced to β -hydroxybutyryl-CoA, crotonyl-CoA

and lastly to butyryl-CoA. In the case of lactate-utilising bacteria, acetyl-CoA can be

produced from lactate [146]. From butyryl-CoA, butyrate can be synthesised following

two different pathways. In the pathway referred to as classical, phosphotransbutyrylase

and butyrate kinase enzymes are responsible for such a conversion [147]. In the second
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pathway, butyryl-CoA: acetate CoA-transferase converts butyryl-CoA into butyrate and

acetyl-CoA using exogenously derived acetate. The latter pathway seems to be preferred

by the human gut microbiota rather than the classical pathway [148], which is limited to

some Coprococcus species [132]. F. prausnitzii, E. rectale, E. hallii and R. bromii present

this pathway and appear to be the major butyrate producers [149].

1.4.2 Beneficial roles of SCFAs in cardiometabolic health and involved

mechanisms

SCFAs act as signalling molecules on both the gut cells and other tissue cells. This is

possible due to six receptors to which SCFAs can bind, triggering intracellular signalling

cascades: free fatty acid receptor 3 (FFAR3 or GPR41), FFAR2 (also known as GRP43),

G-protein coupled receptor 109a (GPR109a or HCAR2), olfactory receptor-78 (Olfr78

in mice or OR51E2 in humans), GPR42 and OR51E1, being the four first the most

well-studied [98]. Olfr78 mainly binds acetate and propionate, leading to an increase of

cyclic adenosine monophosphate (cAMP) and renin release [150] and is expressed in the

vascular smooth muscle cells in the peripheral vasculature and renal afferent arteriole [151].

FFAR3, FFAR2 and GPR109a are expressed by different organs and cells: small intestine,

colon, liver, spleen, heart, skeletal muscle, neurons, immune cells and adipose tissues

[152]. Additionally, depending on the length of their aliphatic tails, the receptors present

different affinities for SCFAs. FFAR2 prefers binding to acetate and propionate, whereas

FFAR3 binds propionate, butyrate and acetate with a lower affinity [153], and GPR109a

mainly binds butyrate [154]. Moreover, butyrate and propionate play an important role in

transcriptional regulations and post-translational modifications, as they appear to strongly

inhibit lysine and histone deacetylase (K/HDAC) activity [98, 155]. Such an inhibition

leads to histone hyperacetylation, which turns into a higher accessibility of transcription

factors to the promoter regions of different genes [156]. Likewise, butyrate is a ligand of

two transcription factors: peroxisome proliferator-activated receptor γ (PPARγ) [157] and

aryl hydrocarbon receptor [158]. Thanks to these and direct mechanisms, SCFAs can play

beneficial roles in human health, such as improvement of gut barrier integrity, regulation
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of the energy intake and energy use, modulation of glucose and lipid metabolism and

mediation of the immune system and anti-inflammatory response (Figure 1.4).

Fig. 1.4 Beneficial roles of SCFAs in cardiometabolic health and the indirect
mechanisms involved. (A) Undigested carbohydrates reach the intestine, where they
are fermented by the SCFA-producing bacteria generating acetate, propionate and butyrate.
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SCFAs can act using two different mechanisms: 1) direct action on the enterocytes,
maintaining the gut barrier integrity or 2) indirect action regulating the inflammatory
and immune response, energy intake and use, and lipid and glucose homeostasis,
through the mechanisms illustrated in (B). (B) 1) Inhibition of K/HDAC leads to histone
hyperacetylation, which turns in higher accessibility of transcription factors to the promoter
regions of different genes; 2) signalling transduction activation (in the small intestine,
colon, liver, spleen, heart, skeletal muscle, neurons, immune cells and adipose tissues), and
GLP-1 and PYY secretion (in intestinal enteroendocrine L-cells) caused by the binding of
SCFAs to the G protein-coupled receptors, and increase of cAMP levels by the binding
of propionate or acetate to the receptor Olfr78/OR51E2 (in vascular smooth muscle cells
in the peripheral vasculature and renal afferent arteriole). GLP-1 and PYY enter into the
systematic circulation exerting benefits in different tissues and cells; 3) butyrate working as
the ligand of the AHR and PPARγ, leading to the expression of genes dependent on these
two transcription factors. Abbreviations: AMPK, AMP-activated protein kinase; AHR,
aryl hydrocarbon receptor; cAMP, cyclic adenosine monophosphate; FFAR, free fatty acid
receptor; GLP-1, glucagon-like peptide-1; GPR109a, G-protein coupled receptor-109a;
IL, interleukins; K/HDAC, lysine/histone deacetylase; LPS, lipopolysaccharides; NF-κB,
nuclear factor kappa β; Olfr78, olfactory receptor-78; PYY: peptide YY; SCFA, short-chain
fatty acid; TF, transcription factor.

1.4.2.1 Energy intake and energy use

SCFAs might present positive effects on body weight control by regulating energy intake

and energy expenditure. Some insights have been obtained into the mechanisms by

which SCFAs regulate appetite. A potential mechanism might be the stimulation of

secretion of gut-derived satiety hormones, such as peptide YY (PYY) and glucagon-like

peptide 1 (GLP-1), by SCFAs binding to the free fatty acid receptor FFAR2 and FFAR3

[159]. Both hormones, which are secreted by intestinal enteroendocrine L-cells [160],

influence appetite by activating proopiomelanocortin (POMC) neurons in the hypothalamic

arcuate nucleus, suppressing neuropeptide Y (NPY) and delaying or inhibiting gastric

emptying [161–163]. The expression of genes encoding PYY is also regulated by

receptor-independent pathways. Indeed, the inhibitory activity of HDAC by butyrate

leads to an increased PYY expression in human L-cells [12]. Besides, a study using in

vivo 11C-acetate and PET-CT acetate demonstrated that acetate can cross the blood-brain

barrier and is taken up by the hypothalamus, causing an appetite decrease and increase

of γ-aminobutyric acid and lactate [164]. The secretion of leptin, which is often referred

to as the “satiety hormone”, might be also stimulated by SCFAs, resulting in a decreased
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appetite [165, 166]. For instance, human adipocytes incubated with a high concentration

of propionate appeared to increase leptin mRNA expression and leptin secretion [167].

1.4.2.2 Glucose homeostasis and insulin resistance

Several studies have suggested that SCFAs can improve glucose homeostasis in vivo by

controlling blood glucose levels and increasing glucose uptake mediated by FFAR2 and

FFAR3 activation [168–170]. Although the mechanisms are not completely clear, such

effects might happen directly via an AMP-activated protein kinase (AMPK)-dependent

co-regulated pathway or indirectly via the PPY and GLP-1 hormones. Indeed, Li et

al., (2019) [171] have reported that butanoate can affect glucose metabolism through

the up-regulation of AMPK-dependent gene expression. Another study has shown that

propionate declines hepatic gluconeogenesis via the same mechanism [172]. Furthermore,

apart from the previously commented functions of PYY and GLP-1, PYY can also

contribute to glucose clearance in adipose tissue and muscle, and GLP-1 can increase

insulin secretion and decrease glucagon secretion by the pancreas, regulating blood glucose

levels [173]. At the same time, it seems that SCFAs can exert anti-diabetic effects in

the host. Propionate presents benefits on pancreatic β -cell function in vivo, enhances

glucose-stimulated insulin release via FFAR2 activation and increases β -cell mass [170].

Besides, the binding of SCFAs to FFAR2 receptor might ameliorate insulin resistance by

promoting autophagy of skeletal muscle cells [174].

1.4.2.3 Gut barrier integrity

It is well-recognised that SCFAs are necessary substrates for colonic epithelium

maintenance, with butyrate being the preferred oxidative fuel by colonocytes [175].

Butyrate can induce proliferation in normal colonocytes, but also terminal differentiation

and apoptosis in neoplastic cells. This dual role is known as the “butyrate paradox” or

“Warburg effect” [155, 176]. Additionally, intestinal epithelial cells (IEC) are connected

by transmembrane proteins, namely, tight junctions, adherent junctions and desmosomes.

SCFAs, in particular butyrate, seem to improve the epithelial barrier integrity by regulating

the tight-junction integrity. Several in vitro and experimental animal studies have examined
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the impact of SCFAs on tight junctions. A study using differentiated IEC observed

that butyrate improved the gut barrier integrity through the expression increase of the

tight-junctions claudin-1 [177]. An increased expression of other tight-junctions, including

claudin-7, ZO-1, ZO-2, occluding and junctional adhesion molecule A (JAMA), was

associated with SCFA production in a mouse model (male 7-week-old ICR mice) study

[178]. Butyrate also influences epithelial O2 consumption, contributing to the stabilisation

of transcription factor hypoxia-inducible factor (HIF), which coordinates the gut barrier

protection [179]. A proper gut barrier integrity is essential to avoid some pathogenic

bacteria (e.g., C. pneumoniae, H. pylori, A. actinomycetemcomitans and P. gingivalis)

entering into the bloodstream and reaching different tissues, in which they can promote

CMD through immune system elicitation, host metabolic and inflammatory response

regulation [180–182]. A correct modulation of the mucus layer thickness is also important

for the epithelial barrier function. Butyrate can increase the production of MUC2, a

predominant mucin glycoprotein secreted by goblet cells [183, 184]. Finally, SCFAs can

promote antimicrobial peptide secretion by the IEC. For instance, SCFAs promote the

RegIIIγ and defensins production by activating mTOR and STAT3, and thus regulating the

epithelial barrier functions [185].

1.4.2.4 Immune function and anti-inflammatory response

SCFAs play a role in the immune system regulation. Of note, it has been shown

that butyrate can inhibit HDAC and the activation of nuclear factor kappa β (NF-κβ )

in macrophages [186, 187]. Both HDAC and NF-κB, contribute to the immune and

inflammatory response [188]. SCFAs are also involved in anti-inflammatory responses by

up-regulating anti-inflammatory cytokines and down-regulating pro-inflammatory ones.

For example, SCFAs binding to FFAR2 and GPR109A in IEC stimulates K+ efflux and

hyperpolarisation, leading to the inflammasome-activating protein NLRP3 activation, and

thus, inducing the IL-18 release, which helps in the maintenance of integrity, repair and

intestinal homeostasis [189, 190]. Increased protein acetylation and production of TGF-β

1 in IEC by butyrate lead to a decrease of IL-8 production in IEC [191] and promotion of

anti-inflammatory regulatory T cells (Treg) [192], respectively. In human mature dendritic
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cells, butyrate and propionate appear to reduce the release of pro-inflammatory chemokines,

such as CXCL11, CXCL10, CXCL9, CCL5, CCL4 and CCL3, just as inhibiting the

expression of LPS-induced cytokines, including IL-6 and IL-12p40 [193]. Apart from the

cytokine production regulation, the luminal pH reduction by SCFA inhibits the growth

of pathogenic bacteria [194]. Lastly, SCFAs, specifically butyrate, can contribute to host

defence by inducing the antimicrobial protein cathelicidin IL-37 [195, 196] and increasing

the levels of T regulatory cells in the gut [197].

1.4.2.5 Lipid metabolism

SCFAs can regulate lipolysis and adipogenesis. Acetate and propionate may inhibit

endogenous lipolysis, whereas propionate can regulate extracellular lipolysis mediated

by an increase of lipoprotein lipase expression, both cases resulting in a decrease of

the circulating lipid plasma levels and body weight [166, 198]. As well, SCFAs might

play an important role in adipogenic differentiation. Indeed, preadipocytes treated with

propionate, and acetate promoted adipocyte differentiation, via overexpression of FFAR2

and PPARγ [199, 200]. Finally, a study involving 40 male Syrian Hamsters, exposed to

either a high-cholesterol diet (control) or the same diet enriched with 0.5 mol of acetate,

propionate, or butyrate over 6 weeks, reported that these SCFAs reduced plasma cholesterol

levels by enhancing hepatic uptake of cholesterol from the blood [201]. Besides, propionate

is a potent inhibitor of cholesterol synthesis [202].

Taking all this together, we can deduce that SCFAs can exert benefits in CMD, which

are characterised by a deregulation of the glucose and lipid metabolism, inflammation

response and/or gut barrier integrity. Indeed, several studies have demonstrated the benefits

exerted by SCFAs in CMD. Table 1.1 shows some of these studies.
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1.4.3 Potential detrimental effects of SCFAs in cardiometabolic health

As previously shown (Section 1.4.2), the majority of the current evidence supports the

beneficial effect of SCFAs in cardiometabolic health. However, potentially negative effects

of SCFAs on CMD have also been reported [168, 212–216].

Indeed, though SCFAs have been shown to promote satiety and reduce appetite (see

Section 1.4.2.1), there is some controversial work indicating that SCFAs may contribute

to weight gain. A systematic review including 7 human clinical studies with 246 obese

and 198 healthy subjects reported obese individuals to have higher faecal abundances

of acetate, propionate and butyrate compared to the non-obese participants [212]. Some

animal studies have also suggested that excessive SCFA production might lead to obesity

and weight gain by enhancing the capacity to extract calories from the diet [168].

While butyrate and propionate have been shown to improve insulin sensitivity (see Section

1.4.2.2), excessive levels of acetate have been linked to reduced insulin sensitivity in some

studies. A study conducted using mice with T2D and obesity induced from a high-fat diet

reported that elevated acetate production by pancreatic islets and systemic levels, acting

through FFA2 and FFA3 receptors, impaired beta cell response to hyperglycemia. Insulin

secretion and glucose tolerance were enhanced in Ffar2-/-, Ffar3-/- and double knockout

mice, highlighting the role of acetate in inhibiting glucose-stimulated insulin release under

diabetic states [213]. Moreover, a study conducted by Müller and colleagues found that

circulating acetate levels were negatively associated with peripheral insulin sensitivity in

prediabetic individuals with obesity [214]. However, it was suggested that this observation

might be reflecting an altered endogenous acetate metabolism rather than variations in

microbial-derived acetate production in individuals with metabolic impairments [214].

Finally, evidence exists for pro-inflammatory actions of SCFAs under some conditions.

It is been suggested that the discrepancies with other studies, such as those discussed in

Section 1.4.2.4, might stem from the ability of SCFAs to induce neutrophil migration,

thereby amplifying inflammatory processes [215, 216]. Another explanation proposes that

SCFAs may exert pro- or anti-inflammatory effects depending on the cell type in which

they act [216, 217].



Chapter 2

Hypotheses, aims and outline

In this chapter, I define the hypotheses and aims, and I provide a thesis outline.

2.1 Hypotheses

1. Specific metabolites contribute to the individual cardiometabolic risk and are useful

biomarkers of prevalent and incident disease.

2. Gut microbial metabolites in serum and in stool, such as SCFAs, are important

determinants of CMD and represent specific pathways to be targeted by gut

microbiome interventions.

2.2 Aims

The overarching aims of this thesis are to (i) identify circulating and faecal biomarkers

of prevalent and incident CMD; and (ii) investigate the role of SCFAs in the interplay

between the gut microbiota and CMD. This will be achieved by investigating the following

tasks:
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Aim 1: To identify circulating and faecal biomarkers of prevalent and incident

CMD

Task 1: To identify a panel of serum metabolites associated with the ASCVD

risk score and predictive of CVD mortality and morbidity independently of

environmental and traditional risk factors, and their underlying mechanisms of

action.

Task 2: To discover circulating biomarkers predictive of MI and their underlying

mechanisms of action.

Task 3: To find a faecal metabolite signature associated with prediabetes and

predictive of incident T2D, and its association with the gut microbiome.

Aim 2: To investigate the role of SCFAs in the interplay between the gut

microbiota and CMD

Task 1: To explore the genetic component and the role of the gut microbiome on

their circulating and faecal levels, their postprandial responses, and the influence of

circulating SCFAs in inflammatory responses.

Task 2: To study the host-microbial cross-talk involving circulating acetate levels

and its effect on visceral fat.

2.3 Outline

A graphical outline of this thesis is depicted in Figure 2.1. In Chapter 3, I describe

the cohorts and methodology used. The first aim is addressed in Chapters 4, 5 and 6.

Specifically, in Chapter 4, I search for a panel of circulating metabolites cross-sectionally

associated with the ASCVD risk score and predictive of CVD mortality and morbidity

independently of environmental and traditional risk factors. In Chapter 5, I then

identify circulating metabolites predictive of incident MI in the largest metabolome-wide

association study (MWAS) of MI to date, including 10 novel biomarkers, and I explore their

underlying mechanisms of action. In Chapter 6, I finally search for a faecal metabolite

signature of prediabetes and predictive of incident T2D in two independent cohorts. I

then explore the gut microbiota contribution to the levels of the metabolites making up
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the signature, which indicates another mechanism of how the gut microbiome affects

prediabetes. The second aim is explored through Chapters 7 and 8. In Chapter 7, I

determine the contribution of the host genetics and gut microbiota composition to the

circulating and faecal levels of eight SCFAs, their postprandial responses, and the influence

of circulating SCFAs in inflammatory responses. In Chapter 8, I then further focus on one

of the major SCFAs, namely acetate, and I examine the host-microbial cross-talk involving

its circulating levels and its influence on visceral fat. Finally, in Chapter 9, I discuss the

findings, their implications, limitations, strengths and potential future research directions.

Fig. 2.1 Graphical outline of the thesis. The aims, summary and cohorts used for each
chapter are indicated.



Chapter 3

Data and methods

In this chapter, I first describe the cohorts used in this thesis, along with their available

clinical and molecular phenotypes. I then explain the different statistical analyses applied

throughout the thesis.

The work presented in this thesis is a posteriori analysis of existing data from multiple

cohorts. Phenotype data, metabolomics and gut microbiome profiling were already

available. I calculated the ASCVD risk score for TwinsUK individuals and I was in

charge of the quality control of the SCFA data. TwinsUK is the discovery cohort used for

most analyses shown in this thesis. Data from three independent population-based cohorts,

including ZOE PREDICT-1, KORA and the acute trauma case-control cohort, were used

to replicate some key findings. MI and metabolomics data from six COMETS cohorts

were also meta-analysed.

3.1 TwinsUK: Discovery cohort

TwinsUK is the largest adult twin registry worldwide, comprising over 14,000 individuals

who volunteer to participate without any selection for specific traits or diseases [218].

This registry was developed to answer a range of health-related inquiries. Therefore,
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comprehensive cross-sectional and longitudinal clinical, biochemical, behavioural, dietary,

and socioeconomic data have been collected, making TwinsUK the most clinically detailed

cohort worldwide [218]. Twins generally attend full-day clinical visits at St. Thomas’

Hospital in London (UK) for non-questionnaire-based data collection, although some twins

submit samples via their General Practitioners (GPs). All twins provided informed written

consent and the study was approved by St. Thomas’ Hospital Research Ethics Committee

(REC Ref: EC04/015).

Initially, the research inquiries for TwinsUK were geared toward middle-aged women

[219], resulting in most participants being female (82%) and middle-aged (mean age=59

years). These values differ from the general UK population (50.6% female, mean age=40.4

years) [220]. However, on average, both TwinsUK and the UK are overweight, with

an average BMI of 26.4 kg/m2 and 27.6 kg/m2, respectively. Additionally, TwinsUK is

comparable to the general British population regarding lifestyle characteristics, such as

smoking, exercise, and dietary habits [219].

Since TwinsUK is an ongoing cohort study, phenotype data is collected in batches on

a rolling basis. During wave 3 of data collection, there was an average of 4 years

between visits [221]. Demographic data, food frequency questionnaires (FFQ), and blood

biochemistry are available for the full registry. Twins zygosity was determined by multiplex

DNA fingerprinting (PE Applied Biosystems, Foster City, CA) [222], with the registry

containing 51% monozygotic (MZ) and 49% dizygotic (DZ) twins [221, 222]. Omics

data is also available. Data relevant to this thesis include metabolomics data assessed

with Metabolon Inc. in both serum and stool, and with Nightingale Ltd. in serum, and

gut microbiome composition data from the 16S rRNA gene and shotgun metagenome

sequencing.

The following subsections describe the main phenotypes utilised throughout this thesis, and

which have been assessed in TwinsUK through either questionnaires or trained research

nurses.
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3.1.1 Body mass index

Height and weight measurements were obtained from all study participants using a

free-standing stadiometer and weighing scales at various times during clinical visits.

BMI was subsequently calculated as weight divided by height squared (kg/m2). BMI was

used as a covariate in most models reported from Chapters 4 to 8.

3.1.2 Blood pressure and hypertension

Office blood pressure was measured by a trained research nurse using a digital blood

pressure monitor with the patient, who was fasting, seat for more than 3 minutes. The

cuff was placed on the participant’s arm, approximately 2-3 cm above the elbow joint of

the inner arm, and with the air tube lying over the brachial artery. The participant’s arm

was supported with the palm facing upward, and the cuff tab was placed at the same level

as the heart. Three measurements were taken with an interval of 1 minute between each

reading. The first measurement was discarded, whereas the average of the second and third

measurements was calculated and recorded in mmHg.

Hypertension was defined following the European Society of Hypertension (ESH)

guidelines [223]. A participant was suffering from hypertension whether presented

systolic blood pressure >140 mmHg or diastolic blood pressure >90 mmHg or was taking

hypertension-lowering medications or was diagnosed hypertensive by the doctor.

Models from sub-analyses conducted in Chapters 5 and 6 were adjusted for systolic and

diastolic blood pressure levels or hypertension. Moreover, in Chapter 4, these variables

were included in the calculation of the estimated ASCVD risk score.

3.1.3 Cardiometabolic phenotypes and related conditions

Definitions of the cardiometabolic phenotypes and related conditions used as the main

responses throughout this thesis are explained in detail below.

• Estimated ASCVD risk score and CVD mortality: The 10-year ASCVD risk score

is a sex- and race-specific single multivariable risk assessment tool used to estimate
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the 10-year CVD risk of an individual based on age, sex, and traditional risk factors

including HDL and total cholesterol, blood pressure levels and medications, smoking,

and T2D [16]. The score was individually calculated following the developed

formula by the American College of Cardiology/American Heart Association

(ACC/AHA) [16] and used in Chapter 4. Details on how the traditional risk factors

included in the score were measured are presented in Sections 3.1.2 and 3.1.4.

• MI: MI assessment was based on self-reported questionnaires, in which participants

were asked whether they have suffered from heart attacks, and if so, when this

occurred. Incident MI was the main outcome studied in Chapter 5.

• Prediabetes and T2D: Subjects were classified based on isolated fasting glucose

following the American Diabetes Association (ADA) guidelines [224]. Individuals

with T2D presented fasting glucose concentrations ≥7 mmol/L or their condition

was confirmed by a physician’s letter. Prediabetes status was based on whether an

individual presented IFG, which was characterised by not taking diabetic medication

and presenting fasting glucose concentrations >5.5 mmol/L and <7 mmol/L. Healthy

participants did not have IFG and T2D, with fasting glucose concentrations >3.9

mmol/L and ≤5.5 mmol/L. Details on the glucose measurements are shown in

Section 3.1.4. Prevalent prediabetes and incident T2D were the outcomes analysed

in Chapter 6. Likewise, T2D was used as a covariate in different models conducted

in Chapters 4 and 5.

• Chronic and acute inflammation: Chronic and acute inflammation was estimated

based on the circulating levels of a set of pro- (tumour necrosis factor-α (TNF-α),

GlycA, interferon-γ (IFN-γ) and IL-6) and anti- (IL-10) inflammatory cytokines.

Information on how these were measured in TwinsUK is shown in Section 3.1.4.

This information for the ZOE PREDICT-1 and acute trauma case-controls cohorts

is indicated in Sections 3.2.1.1 and 3.2.4.1, respectively. These outcomes were

examined in Chapter 7.

• Visceral fat: Visceral fat was determined using a Dual-energy X-ray absorptiometry

(DXA) (Hologic QDR; Hologic Inc., Waltham, MA, USA). Briefly, participants
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were positioned in a supine position wearing only a gown. The DXA machine was

calibrated following the manufacturer’s suggestions. The scans were analysed using

the QDR System Software v12.6. Regions of interest were defined manually by the

same operator following the SOP derived from the manufacturer’s guidelines. The

lower and upper horizontal margins were placed just above the iliac crest and at half

of the distance between the acromion and the iliac crest, respectively. The vertical

margins were adjusted at the external body borders so that all the soft tissue was

included. This DXA-based measurement has been validated against VF measured

by CT scan and shown to be reliable and reproducible [225]. Visceral fat was used

as the main outcome in the analyses performed in Chapter 8.

3.1.4 Clinical biochemistry

Clinical biochemistry measures including glucose levels and lipid profile (e.g., total

cholesterol, HDL and triglyceride levels) were determined from the blood samples collected

during the visits at fasting.

Moreover, for a subset of 82 individuals, cytokines were also determined from the blood

samples. Specifically, IL-10, TNF-α, and IL-6 levels were measured using the bead-based

high-sensitivity human cytokine kit (HSCYTO-60SK, Linco-Millipore) according to the

manufacturer’s instructions, while GlycA was measured using the high-throughput NMR

metabolomic 2016 panel (Nightingale Ltd.).

Glucose levels were used in Chapter 6 to determine the individuals suffering from IFG.

Levels from different lipids were included as covariates in the models constructed in

Chapters 4, 5 and 6. Levels of the aforementioned cytokines were utilised in Chapter 7.

3.1.5 Dietary intake

Dietary intake was assessed using a 131-item paper-based FFQ, which was adapted from

the European Prospective Investigation into Cancer and Nutrition (EPIC) FFQ [226]. The

EPIC FFQ has been previously validated against plasma ascorbic acid levels and urinary
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biomarkers [227]. Over time, the FFQ was customised to align with the evolving dietary

patterns of the general population in the UK and to explore novel research questions.

FFQs were processed using the FETA software, which is an open-source, cross-platform

tool designed specifically for the EPIC FFQ in accordance with their guidelines [228].

The default nutritional database of FETA is based on McCance and Widdowson’s The

Composition of Foods (5t h edition) [229]. FETA generates a spreadsheet containing the

daily intake of nutrients, food items, and energy. From these metrics, different dietary

indices/scores that are widely used in nutritional epidemiological studies were performed

[230]. Among them, details of the healthy eating index (HEI) [231] and the alternate

healthy eating index (aHEI) [232] are provided below as these were included in Chapters

4 and 6, respectively.

• HEI score: A measure to determine overall diet quality and the quality of several

dietary components based on the recommendations of the Dietary Guidelines for

Americans [233]. It is a numerical score ranging from 0 to 100 points, where higher

values indicate a better alignment with the US dietary recommendations [233].

• aHEI score: It is an alternative to the HEI score, where the focus is given to foods

and nutrients associated with a decreasing risk of chronic diseases [234]. It is based

on 11 components, including vegetables, alcohol, and red and processed meats. Each

component is ranked from 0 to 10, with all the components creating a score ranging

from 0 to 110. Higher scores suggest better dietary quality [234].

3.1.6 Metabolomics

The different technologies used for metabolomics profiling, namely liquid chromatography

with tandem MS (LC-MS/MS) (Metabolon Inc.) and NMR spectrometry (Nightingale

Ltd.), are explained below.

3.1.6.1 LC-MS/MS metabolomics (Metabolon Inc. platform)

Metabolomics profiling in 5091 serum and 4015 stool samples were quantified by

Metabolon Inc. (Morrisville, USA) using the untargeted MS platform. The resultant
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metabolites measured in serum were analysed in Chapters 4 and 5, while the metabolites

measured from stool samples were studied in Chapter 6.

Samples were collected during the clinical visits and shipped to Metabolon Inc. on ice.

Upon arriving and as a means of quality control (QC), several recovery standards were

added before the first step in the extraction process. Briefly, to remove protein, dissociate

small molecules bound to proteins or trapped within the precipitated protein matrix, and

to recover chemically diverse metabolites, proteins were precipitated in methanol and

vigorously shaken for 2 minutes (Glen Mills GenoGrinder 2000), then centrifuged. The

resulting extract was divided into five fractions; both aliquots (i) and (ii) were analysed

using acidic positive ion conditions and chromatographically optimised for hydrophilic and

hydrophobic compounds respectively, aliquot (iii) was analysed using basic negative ion

optimised conditions using a dedicated separate dedicated C18 column, an aliquot (iv) was

analysed using negative ionisation following elution from a hydrophilic interaction liquid

chromatography column, while aliquot (v) was reserved as a back-up. Several controls

were analysed in concert with experimental samples. (i) A pooled sample generated from

a small volume of each experimental sample of interest served as a technical replicate

throughout the platform run; (ii) extracted water samples served as process blanks; (iii)

and a cocktail of standards, known not to interfere with measurements, spiked into every

analysed sample facilitated instrument performance monitoring and aided chromatographic

alignment. Instrument variability was determined by calculating the median relative

standard deviation (RSD) for the standards that were added to each sample prior to

injection into the mass spectrometers. Overall process variability was determined by

calculating the median RSD for all endogenous metabolites (i.e., non-instrument standards)

present in 100% or more of the pooled technical replicate samples. Experimental samples

and controls were randomised across the platform run.

Metabolites were identified by comparison of the ion features in the experimental samples

to a reference library of chemical standard entries that included retention time/index,

molecular weight (m/z), and MS spectra. Identification of known chemical entities is based

on comparison across all 3 features to metabolomic library entries of purified standards.

More than 3300 commercially available purified standard compounds have been acquired
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and registered into the library, while additional mass spectral entries have been created for

structurally unnamed biochemicals, which have been identified by their recurrent nature

(both chromatographic and mass spectral). These compounds have the potential to be

identified by the future acquisition of a matching purified standard or by classical structural

analysis. Peaks were quantified using area-under-the-curve. The raw area counts for

each metabolite in each sample were normalised to correct for variation resulting from

instrument inter-day tuning differences by the median value for each run-day, therefore,

setting the medians to 1.0 for each run. This preserved variation between samples but

allowed metabolites of widely different raw peak areas to be compared on a similar

graphical scale.

We included metabolites detected in at least 80% of study participants. Those with more

than 20% were therefore excluded from all analyses presented in this thesis. Missing

values were imputed using the minimum run-day measures under the assumption that

missingness is not random and missing values are missing because concentrations for

that particular metabolite are below the limit of detection. This approach offers several

advantages. By assuming the lowest detectable concentration for imputed values, the risk

of overestimating metabolite concentrations is minimised. Likewise, it helps to reduce

run-to-run variability, leading to more consistent and comparable data. Data was then

inverse normalised to counteract a non-normal distribution [235, 236].

3.1.6.1.1 Measures of SCFA levels from serum and stool samples

Profiling of a set of eight SCFA, namely acetate, propionate, butyrate, methylbutyrate,

isobutyrate, valerate, isovalerate and hexanoate, was performed on 2507 serum and 2229

stool samples by Metabolon Inc. using LC-MS/MS. This panel is separately measured

from the rest of the metabolites using the following explained approach. As a result,

concentrations that can be interpreted are obtained. The measured levels in serum and

stool were used in Chapter 7.

Serum and stool samples were spiked with stable labelled internal standards, homogenised

and subjected to protein precipitation with an organic solvent. After centrifugation,

an aliquot of the supernatant was derivatised. The reaction mixture was injected



Data and methods 55

into an Agilent 1290/AB Sciex QTrap 5500 LC-MS/MS system equipped with a C18

reversed-phase UHPLC column. The mass spectrometer was operated in negative mode

using electrospray ionization.

The peak area of the individual analyte product ions was measured against the peak area of

the product ions of the corresponding internal standards. Quantitation was performed using

a weighted linear least squares regression analysis generated from fortified calibration

standards prepared immediately prior to each run.

LC-MS/MS raw data were collected and processed using AB SCIEX software Analyst

1.6.3 and processed using SCIEX OS-MQ software v1.7.

Sample analyses were carried out in a 96-well plate format containing two calibration

curves. Accuracy was evaluated using the corresponding QC replicates in the sample runs.

QCs met acceptance criteria at all levels for all analytes (QC acceptance criteria: At least

50% of QC samples at each concentration level per analyte should be within ±20.0% of

the corresponding historical mean, and at least 2/3 of all QC samples per analyte should

fall within ±20.0% of the corresponding historical mean).

3.1.6.2 NMR metabolomics (Nightingale Ltd. platform)

A targeted NMR spectroscopy platform was used to measure levels of acetate from serum

(used in Chapter 8) by Nightingale Health Ltd. (Helsinki, Finland; previously known

as Brainshake Ltd.). Briefly, samples were mixed with sodium phosphate buffer and

subsequently transferred to SampleJet 1H NMR tubes (Bruker, Billerica, MA, USA) using

a PerkinElmer JANUS handler (Waltham, MA, USA). Samples were analysed on a Bruker

AVANCE III (Bruker, Billerica, MA, USA) 500 MHz spectrometer for 5 min. Two control

samples, one plasma sample and one mixture of two low-molecular-weight metabolites,

were added to each 96-well plate for quality control. The initial data processing, including

the Fourier transformations to NMR spectra and automated phasing, was done using the

computers that control the spectrometers. The spectra were then automatically transferred

to a centralised server that performed more automated spectral processing steps, including

an overall signal check for missing/extra peaks, background control, baseline removal and
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spectral area-specific signal alignments. The spectral information of the actual sample

also underwent various comparisons with the spectra of the 2 quality control samples;

the data for which was also followed and compared consecutively. For those spectral

areas that passed all the quality control steps, regression modelling was then performed

to produce the quantified molecular data. A proprietary Bayesian algorithm [237] was

used to quantify absolute concentrations of a predefined set of metabolic traits, including

lipid constituent measures from lipoprotein subclasses. Moreover, the algorithm provided

measures of average particle sizes for very-low-density lipoprotein, low-density lipoprotein,

intermediate-density lipoprotein, and HDL as well as a semi-quantitative measure of

albumin concentration. This platform has been extensively applied for biomarker profiling

in epidemiological studies [62].

3.1.7 Gut microbiome composition

Gut microbiome composition was assessed in TwinsUK using both 16S rRNA gene and

shotgun metagenomic sequencing, as described below.

3.1.7.1 16S rRNA gene sequencing

Pre-visit stool collection kits were mailed, and samples were brought or sent on ice to

the clinical research facility where they were stored at -80°C. Samples were packed with

dry ice and shipped to Cornell University (NY, USA). The gut microbiome composition

was then determined there based on 16S rRNA gene sequencing as described elsewhere

[238]. Briefly, DNA was isolated from each sample using the PowerSoil kit (MO BIO

Laboratories, Carlsbad, CA, USA). The V4 variable region of the 16S rRNA sequence

was then amplified and sequenced using a multiplexed approach on the Illumina MiSeq

platform (Illumina, San Diego, CA, USA). 16S rRNA sequences were demultiplexed in

QIIME 1 v1.8 [239]. Amplicon sequencing variants (ASV) were then generated using

the ’DADA2’ package [240] following the pipeline as described by Wells and colleagues

[241]. The ASV were grouped into genera and the samples with less than 10000 reads

were discarded. The indices of microbiome alpha-diversity quantified as Shannon, inverse

Simpson, Gini Simpson diversity, CHAO1 and number of observed ASVs were calculated
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using the ’diversity’ function implemented in the ’microbiome’ package [242]. The

calculated alpha-diversity indices and compositional data at the genus level were used in

Chapter 8.

3.1.7.2 Shotgun metagenomic sequencing

Deep shotgun metagenomic sequencing in stool samples was performed as previously

described [1] and as detailed below.

3.1.7.2.1 Faecal sample collection

TwinsUK participants collected stool samples at home in pre-labelled kits (containing 2 x

25ml tube or 1 x 25ml tube and 1 x 10ml Zymo buffer) posted to them prior to their clinic

visit date and brought with them to the visit. Alternatively, samples could be posted to the

clinic using blue Royal Mail safe boxes. In the laboratory, samples were homogenised,

aliquoted into 4 bijou tubes, and stored at -80°C within 2 hours of receipt.

3.1.7.2.2 DNA extraction, library preparation and DNA sequencing

To isolate genomic DNA from faecal material, bijou tubes were removed from the freezer

and ground with glass beads and 5-6ml distilled water (Spex Grinder, 10 seconds, 800

strokes per minute). The supernatant was centrifuged and ground further (5 minutes, 1000

strokes per minute) before 200-300µl of the sample was mixed with 10µl PK solution

and 720µl of Lysis/Bind Master Mix. Proteins were degraded by the binding solution and

subsequently extracted by the KingFisher Flex robot. DNA was washed in 2 steps by

washing solutions and eluted in MagMax Core Elution Buffer in 100µl. Library preparation

and sequencing were then performed by GenomeScan (Leiden, The Netherlands).

3.1.7.2.3 Metagenome quality control and preprocessing

Sequenced metagenomes were processed using the YAMP pipeline (v. 0.9.5.3) [243].

Briefly, identical reads, potentially generated by PCR amplification [244], were removed.

Reads were filtered to remove adapters, known artefacts, phi X 174, and then quality

trimmed (PhRED quality score<10). Reads that became too short after trimming (N<60

bp) were discarded. Singleton reads (i.e., reads whose mate has been discarded) were
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kept to retain as much information as possible. Contaminant reads belonging to the host

genome (build: GRCh37) and low-quality samples (i.e., samples with <10M reads after

QC) were removed.

3.1.7.2.4 Microbiome taxonomic profiling

The metagenomic analysis was conducted following the general guidelines [245]

and based on the bioBakery computational environment [246, 247]. High-resolution

taxonomic profiling of the metagenomes was performed using MetaPhlAn 4.beta.2 (default

parameters) with the Jan21 database that comprises 26,970 species-level genome bins

(SGB) [248]. The obtained compositional data at the SGB level was used in Chapters 6

and 7.

3.2 Replication cohorts

Results from each chapter were replicated in different independent cohorts, including

ZOE PREDICT-1 (Chapters 4 and 7), KORA (Chapters 5 and 6), and the acute trauma

case-control cohort (Chapter 7). Moreover, cohorts from COMETS with MI data were

also analysed (Chapter 5). An overview of the cohorts used in each chapter and their

respective included data is provided in Table 3.1.

3.2.1 ZOE Personalised Responses to Dietary Composition Trial

(PREDICT)-1

The ZOE PREDICT-1 study is a single-arm nutritional intervention conducted between

June 2018 and May 2019 [249]. The 60% of the participants were healthy subjects aged

between 18 and 65 years recruited from the TwinsUK registry [219], and the remaining 40%

were recruited from the general population using online advertising (115). All participants

provided written informed consent and the study was approved by St. Thomas’ Hospital

Research Ethics Committee (IRAS 236407). The trial was registered on ClinicalTrials.gov

(registration number: NCT03479866).
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Table 3.1 An overview of the replication cohorts used in each chapter and their
respective included OMICS data (metabolomics and metagenomics).

Cohort use Cohort OMICS data Methodology Chapter
Serum metabolomics LC-MS/MS 5
Faecal metabolomics LC-MS/MS 6

Serum and stool SCFAs LC-MS/MS 7
Serum acetate NMR 8

Gut microbiome Shotgun metegenomic sequencing 6, 7

Discovery TwinsUK

Gut microbiome 16S rRNA sequencing - ASV 8
COMETS Serum metabolomics LC/GC-MS/MS, NMR 5

Serum metabolomics LC-MS/MS 4
Serum and stool SCFAs LC-MS/MS 7ZOE PREDICT-1

Gut microbiome Shotgun metagenomic sequencing 7
KORA Serum metabolomics LC-MS/MS 5, 6Replication

Acute trauma
case-control

cohort
Serum SCFAs LC-MS/MS 7

Abbreviations: ASV, amplicon sequence variants; COMETS, COnsortium of
METabolomics Studies; KORA, Cooperative Health Research in the Region Augsburg;
NMR, nuclear magnetic resonance; LC/GC-MS/MS, liquid chromatography or gas
chromatography with tandem mass spectrometry; PREDICT, Personalised Responses
to Dietary Composition Trial; SCFA, short-chain fatty acid.

Participants attended a full-day clinical visit consisting of test meal challenges followed

by a 13-day home-based phase, as previously described [249]. Briefly, within a tightly

controlled clinical setting, participants consumed a meal consisting of breakfast muffins

and a milkshake (890 kcal, 85.5g carbohydrate (38.4%), 52.7g fat (53.3%), 16.1g protein

(7.2%), and 2.3g fibre at the 0-hour time point, following baseline blood draw). Blood

samples were collected at 15, 30, 60, 120, 180, 240, 300, and 360 minutes post-meal.

ZOE PREDICT-1 was used as a replication cohort in Chapters 4 and 7. Although

participants were recruited from the TwinsUK registry, in the different works presented

through this thesis using ZOE PREDICT-1 as a replication cohort, ZOE PREDICT-1 and

TwinsUK are completely independent and there is no overlap in participants.

The following subsections describe the main data from ZOE PREDICT-1 used to replicate

the results from different chapters.
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3.2.1.1 Clinical biochemistry

IL-6 was measured by Affinity Biomarkers Lab using a Sandwich Immunoassay by

Meso Scale Diagnostics, while GlycA was measured using the high-throughput NMR

metabolomic 2016 panel (Nightingale Ltd.). These inflammatory markers were utilised in

Chapter 7.

3.2.1.2 Metabolomics

Metabolomics profiling in ZOE PREDICT-1 was conducted on a subset of 332 individuals

using LC-MS/MS by Metabolon Inc. as previously described for TwinsUK in Section

3.1.6.1. This data was used in Chapter 4 to replicate the main findings.

3.2.1.2.1 Measures of SCFA levels in serum and stool

SCFA levels were measured in 328 serum and stool samples by Metabolon Inc. as

previously described in TwinsUK (see Section 3.1.6.1.1). Moreover, postprandial (30

min, 2h and 4h) serum samples were also collected after consuming the standardised meal

previously described (see Section 3.2.1), and levels were measured following the same

technique as in the fasting samples. For each SCFA, the peak and dip were calculated

from their respective postprandial measurements. Specifically, the peak was defined as

the maximum SCFA concentration in the 4 hours following the test meal challenge minus

the fasting level, while the dip was defined as the fasting level minus the minimum SCFA

concentration in the 4 hours following the test meal challenge. Circulating (fasting and

postprandial) and faecal SCFA levels from ZOE PREDICT-1 were analysed in Chapter 7.

3.2.1.3 Gut microbiome composition

The gut microbiome composition was assessed from faecal samples using shotgun

sequencing and used in Chapter 7. Specifically, faecal samples were collected as described

in TwinsUK (see Section 3.1.7.2.1). The quality and yield after sample preparation were

measured with the Fragment Analyzer system following the manufacturer’s guidelines. The

size of the resulting product was consistent with the expected size of approximately 500-700

bp. Libraries were sequenced for 300 bp paired-end reads using the Illumina NovaSeq6000
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platform according to the manufacturer’s protocols. 1.1 nM library was used for flow cell

loading. NovaSeq control software NCS v1.5 was used. Image analysis, base calling, and

the quality check were performed with the Illumina data analysis pipeline RTA3.3.5 and

Bcl2fastq v2.20. Sequenced metagenomes were QCed using the preprocessing pipeline

as implemented in Segata’s Lab preprocessing. The microbiome taxonomic profiling was

performed as described in TwinsUK (see Section 3.1.7.2.4).

3.2.1.4 Postprandial metrics

Besides the postprandial SCFA measurements (see Section 3.2.1.2.1), measurements of

postprandial lipaemic and glycaemic parameters (the 2-h glucose iAUC, rise in triglyceride

at 6h postprandially, rise in insulin at 2h postprandially and rise in C-peptide at 2h

postprandially) and circulating cytokines (the highest concentration of GlycA and IL-6

within 6h postprandially) were also available. These were used in Chapter 7.

3.2.2 Consortium of METabolomics Studies (COMETS)

COMETS is a partnership among 47 worldwide cohorts (Figure 3.1) aiming to facilitate

large-scale collaborative research on the human metabolome and its relationship with a

range of different diseases, such as CVD, hypertension and T2D. It includes metabolic

data and information about different outcomes from more than 136,000 individuals [250].

Specifically, the population-based cohorts from the United States and Europe, namely, the

Atherosclerosis Risk in Communities (ARIC) study, Edinburgh Type 2 Diabetes Study

(ET2DS), GenoDiabMar (GDM), Health, Aging and Body Composition (HABC), and the

Women’s Health Initiative (WHI), TwinsUK and KORA were used and meta-analysed

in Chapter 5. A brief description of these cohorts is presented below and in Table 5.1.

Ethical approval for each study was obtained by the ethical research boards pertaining to

each study and was also granted by the COMETS steering committee.

• ARIC: Prospective cohort recruited from 4 U.S communities to investigate the

aetiology of atherosclerosis and its clinical outcomes [251].

https://github.com/SegataLab/preprocessing
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Fig. 3.1 Geographical locations of the studies participating in Consortium of
METabolomics Studies (COMETS). The cohorts used in Chapter 5 are indicated in
bold. Figure adapted from Yu et al., (2019).

• ET2DS: Longitudinal cohort of older men and women based in Lothian, Scotland,

designed to investigate the role of risk factors for vascular complications of T2D

[252].

• GDM: Prospective study that aims to provide data on demographic, biochemical,

and clinical changes in type-2 diabetic patients attending real medical outpatient

consultations [253].

• HABC: Prospective cohort focused on risk factors for the decline of function in

initially well-functioning older persons, particularly change in body composition

with age [254].

• KORA: A population-based adult cohort that consists of interviews, medical and

laboratory examinations, biological sample collection and multiple OMICs data

generation and management [255].

• TwinsUK: The largest most clinically characterised adult twin registry in the UK,

recruited as volunteers without selecting for particular diseases or traits [218].
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• WHI: A large and complex clinical investigation of strategies for the prevention

and control of some of the most common causes of morbidity and mortality among

postmenopausal women, including cancer, CVD and osteoporotic fractures [256,

257].

The following subsections describe the main data utilised in COMETS.

3.2.2.1 Metabolomics

A summary of the metabolomics methodology used for each cohort is depicted in Table 5.1.

Serum samples from ARIC, ET2DS, GDM, KORA, and TwinsUK, and samples of EDTA

plasma from HABC, and WHI were held at -80°C [250]. Serum metabolites were detected

and quantified in ARIC, KORA, and TwinsUK at Metabolon Inc. using untargeted gas and

liquid chromatography-mass spectrometry (GC/LC-MS) methods, in ET2Ds and GDM

at Nightingale Health using a NMR method. EDTA plasma metabolites were detected

and quantified in HABC and WHI at the Broad Institute using LC-MS. Metabolites were

harmonised across platforms by manual curation by matching chemical structure, and

HMDB and Kyoto Encyclopedia of Genes and Genomes (KEGG) identifiers.

3.2.2.2 MI definition

All the cohorts presented longitudinal MI data, except for KORA which only had

cross-sectional MI data. Specific information about how each cohort defined MI is shown

in Supplementary Text 5.1. Briefly, MI was assessed based on one or more of the

following:

• Diagnosed by a doctor (based on clinical evidence such as chest pain,

electrocardiogram, and cardiac enzymes).

• Self-reported questionnaires.

• Hospital/GP records.

• Death certificates including the adjudication.
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3.2.3 The Cooperative Health Research in the Region of Augsburg

(KORA)

The KORA study is a population-based cohort initiated as part of the World Health

Organization Multinational Monitoring of Trends and Determinants in Cardiovascular

Diseases (MONICA) project since 1984 [255].

In Chapter 6, the KORA FF4 study (2013–2014), which is the second follow-up of

KORA S4 (1999–2001), was used to replicate results. Samples were collected in the

morning between 8:00 A.M. and 10:30 A.M. after at least 8 h of fasting. Ethical approval

was obtained from the Bavarian Medical Association Ethics Committee (Bayerische

Landesärzte-kammer) and the Bavarian commissioner for data protection and privacy

(Bayerischer Datenschutzbeauftragter).

The following subsections describe the main data from KORA used in Chapter 6. Of

note, KORA was also used as part of COMETS (sub-analysis from Chapter 5), and its

respective data description is indicated in Section 3.2.2.

3.2.3.1 Metabolomics

A LC-MS/MS (Metabolon Inc.) technique was applied for the faecal metabolite profiling

(a different version of the platform used in TwinsUK).

3.2.3.2 Prediabetes

Healthy subjects and individuals with IFG were assigned based on the same criteria as in

TwinsUK (see Section 3.1.3).

3.2.4 Acute trauma case-control cohort

The acute trauma case-control cohort was used as a replication cohort in Chapter 7.

Patients were all recruited at Queens Medical Hospital part of the Nottingham University

Hospital’s (NUH) NHS Trust.
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• Rib fracture cohort (OPERA): Participants needed to be adults (≥16 years)

presenting multiple (≥3) rib fractures suitable for surgical repair and having, as per

British Orthopaedic Association Audit Standards For Trauma (BOAST-15) Standard

8, indications for fixation as clinical flail chest, respiratory difficulty requiring

respiratory support or uncontrollable pain using standard modalities, and was a

surgical candidate. Patients were excluded whether (i) they presented a head or

thoracic injury requiring emergency intervention, or (ii) could not be operated on

within 72 hours as unfit for surgery, or (iii) presented significant thoracic injury

requiring surgery where conservative management would be inappropriate. This

cohort was collected as part of The Operative Rib Fixation (ORiF) Study (REC

Reference: 18/SC/066, IRAS 248460, IRSCTN 10777575).

• Hip fracture cohort (FEMUR): Participants needed to (i) be over the age of 65

years (no upper age limit), (ii) with a Rockwood frailty score ≥4, and (iii) have a

fractured hip sustained following a fall that required surgery. Moreover, they needed

to (iv) have a good understanding of the spoken and written English language, (v)

the ability to give informed consent or to provide assent and (vi) the availability of

a legally acceptable surrogate to provide consent. Patients were excluded whether

(i) fell and sustained the hip fracture more than 12 hours prior to hospitalisation, or

(ii) had fallen and sustained a hip fracture whilst in-patient, or (iii) their surgery had

to be delayed to 96 hours or more after the fall. This cohort was collected under

the Functioning of Elder Muscle; Understanding Recovery (FEMUR) study (REC

approval: 20/LO/0841 clinicaltrials.gov registration NCT04764617).

• Control cohort with measured SCFAs and cytokines: Healthy students from the

School of Medicine at the University of Nottingham or healthcare workers, who

had circulating levels of cytokines and SCFA measured. The control individuals

were collected under REC ref FMHS 302-0621 by the internal review board of the

University of Nottingham School of Medicine.

The following subsections describe the main data utilised in the acute trauma case-control

cohorts. The patients with hip or rib fractures were characterised by having the serum
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samples taken at the time of the patient going into anaesthesia ahead of entering the

operating theatre.

3.2.4.1 Circulating cytokines

The pro-inflammatory markers TNF-α, IFN-γ, GlycA and IL-6, and the anti-inflammatory

marker IL-10 were measured by Affinity Biomarkers Labs using enzyme-linked

immunosorbent assay (ELISA) technique.

3.2.4.2 Circulating SCFAs

Circulating levels of the 8 SCFAs were measured by Metabolon Inc. following the same

methodology as described for TwinsUK and ZOE PREDICT-1 in Sections 3.1.6.1.1 and

3.2.1.2.1, respectively.

3.3 Statistical analyses

An illustrative overview of the statistical analyses used throughout this thesis is presented

in Figure 3.2. Statistical analyses and QCs were conducted using R version 1.3.1093

[258]. If not indicated otherwise, all the functions and packages mentioned below are

implemented in R. Before running the analyses, the distribution of the continuous variables

was checked. If they were not following a normal distribution, different normalisation

approaches, including log transformation (when the distribution was left-skewed) and

quantile normalization on rank-transformed values, were used to obtain the desired

distribution. Likewise, outliers, defined as values 4 standard deviations from the mean,

were excluded. P-values were adjusted for multiple testing using the Benjamini and

Hochberg method (false discovery rate (FDR) <0.05) [259].

3.3.1 Regression models

Linear regression models are useful and widely used for univariate statistical analyses [64,

109]. Specifically in this thesis, the following regression models were applied throughout
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Fig. 3.2 An illustrative overview of the main statistical analyses used throughout this
thesis. The chapters in which these were used are indicated.

the different chapters. For all of them, it was checked that the residuals followed a normal

distribution, and the predictor of interest was Z-scaled to have mean=0 and SD=1.

• Multiple linear regression models: This type of model was applied in Chapters 5

and 6 to identify the circulating and faecal metabolites cross-sectionally associated

with MI and IFG, respectively, after controlling for covariates. For that, the ’lm’

function implemented in the ’stats’ package [260] was used. They were also used in
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Chapter 4 to obtain the residuals from models where the levels of the metabolites

of interest were the response and different covariates were the predictors. These

residuals were then used as predictors of other types of models (e.g., RF), and thus

further adjustment was not required.

• Cox Proportional Hazard models: This statistical model evaluates how various

factors influence the rate at which a specific event occurs at a given time point.

Therefore, the time interval between these factors and the event under study is

considered. Specifically, Cox Proportional Hazard models were used in Chapters 5

and 6 to identify metabolites predictive of incident MI and T2D, respectively, after

adjusting for covariates. For that, the ’coxph’ function from the ’survival’ package

[261] was used.

• Linear mixed models: As TwinsUK and ZOE PREDICT-1 consist of twins, linear

mixed models were used as they account for family structure (included as random

effects) along with other covariates (included as fixed effects). For that, the ’lmer’

function implemented in the ’lmerTest’ package [262] was utilised. Linear mixed

models were used in Chapter 8 to test the associations between circulating acetate

levels and (i) indices of alpha-diversity, (ii) gut bacterial genera abundances, and (iii)

visceral fat.

3.3.2 Meta-analysis

Association analyses are often performed in several independent cohorts to obtain larger

sample sizes and validate results independently of study effects. Meta-analysis can be

conducted to combine the results (effect estimators and p-values) from different cohorts.

There are two main different types of meta-analysis, namely fixed-effect and random-effect

meta-analysis. A fixed-effect meta-analysis assumes that all included studies present

the same underlying effect estimator, while a random-effect meta-analysis assumes both

within-study and between-study variation, incorporating an additional level of variability

[263].
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Specifically, fixed-effect inverse-variance meta-analyses (using the ’metagen’ function from

the ‘meta’ package [264]) were used to combine the results from the MI-serum metabolite

associations obtained for each COMETS cohort included in Chapter 5, and from the

IFG-faecal metabolite associations obtained for TwinsUK and KORA in Chapter 6.

Heterogeneity between studies and percentage of variability of between-study heterogeneity

not due to the sampling error were computed using Cochran’s Q test and I2 index,

respectively. Han-Eskin random-effect meta-analyses were also run to ensure the results

were consistent with the fixed-effect results. Han-Eskin random-effect meta-analysis,

which is largely applied in GWAS, synthesises data from multiple independent studies

while accounting for both within-study and between-study variances [265]. It is able

to detect subtle effect sizes by attributing part of the observed variability to random

effects, offering enhanced power compared to conventional random-effects models [265].

Meta-analyses were undertaken and reported according to the STrengthening the Reporting

of OBservational studies in Epidemiology (STROBE) guidelines (Supplementary Text

5.2).

3.3.3 Enrichment pathway analysis

Enrichment pathway analyses were run in Chapters 4 and 5, however, in each chapter a

different platform was used for it.

In Chapter 4, Ingenuity Pathways Analysis (IPA) from QIAGEN Inc. [266] was used to

explore the pathways in which the identified metabolite panel associated with the ASCVD

risk score were involved. IPA uses the Ingenuity Knowledge Base, which is a repository

of curated biological interactions and functional annotations, for pathway analysis and

interpretation. Specifically, a right-tailed Fisher’s exact test is used to calculate the p-value

determining the probability (α = 0.05) that the observed distribution of the input metabolites

in a pathway is not explained by chance.

In Chapter 5, MetaboAnalyst 5.0 [267] was used to identify the metabolomic

pathways enriched for the identified MI-associated metabolites. Within this platform,

over-representation analysis was performed using a hypergeometric test to identify groups

https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-visualization/qiagen-ipa/?cmpid=CM_QDI_DISC_ProdnServ_0821_website_webpromobanner&utm_source=webpromobanner
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of compounds that are represented more than expected in each pathway by chance,

and pathway topology analysis was performed based on relative betweenness centrality

focusing on the entire metabolomic network.

3.3.4 Machine learning: Random Forest

Random Forest (RF) is a tree-based algorithm able to integrate many predictors to build

powerful prediction models. As discussed below, for different analyses RF models were

preferred over other statistical approaches (e.g., elastic net regression) as they provide

some advantages over these [268]. Firstly, RF can model non-linear relationships, and

thus, complex relationships between the predictors and the response can be captured [269].

Moreover, predictors of different natures (e.g., numerical or categorical variables) can be

combined in the models independently of their distributions [269]. RF can also deal with

inter-correlation between predictors as the prediction is based on multiple decision trees

including different subsets of predictors [269]. Finally, it can be also used as a feature

reduction method as it identifies the most important predictors [269]. RF models were

constructed in Chapters 4, 6 and 7, however, the applied methodology slightly differs

between them based on their purpose within the work.

In Chapter 4, RF models were used to identify a panel of metabolites cross-sectionally

associated with the estimated ASCVD, and which further improved the prediction of

CVD mortality and morbidity over and above conventional risk factors. Data was split

into training and test sets (80:20). Hyperparameters (number of trees and parameters

chosen for each split) for the RF classifiers and regressors were tuned using the adaptive

resampling search and 5-fold cross-validation. The effect direction of the predictors on

the response was examined using the SHapley Additive exPlanations (SHAP) plot [270].

The performance metrics, which were calculated in the test set, were the area under the

ROC curve (AUC) for the RF classifiers and R2 (variance of the response explained by the

predictors) for the RF regressors.

In Chapters 6 and 7, RF models were used to determine to what extent the gut microbiota

composition was associated with the levels of SCFAs and faecal metabolites making up



Data and methods 71

the prediabetes signature, respectively. This algorithm was selected for this goal as it has

been repeatedly shown to be particularly suitable and robust to the statistical challenges

inherent to microbiome abundance data [271]. Specifically, RF regression (1000 trees and

a third of features number as a number of variables randomly sampled as candidates at

each split) and classification models (1000 trees and the square root of features number as

a number of variables randomly sampled as candidates at each split) with compositional

data using 5-fold cross-validation were built. For the classifiers, the continuous response

was converted into two classes based on the top and bottom quartiles. To avoid overfitting

due to the twin nature of the data used and their shared factors, any twin was removed

from the training fold if their twin was present in the test fold. The performance was

calculated using the average of the obtained Spearman’s correlations (between the observed

metabolite levels and the levels predicted by the model - denoted as rho) over the 5 folds

used as a test set for the regressors, and the average of the obtained AUC values over the

testing folds for the classifiers.

For both cases, before running the models, predictors with variance zero or near zero were

excluded using the ’nearZeroVar’ function implemented in the ’caret’ package [272]. The

models were created using the ’randomForest’ function from the ’randomForest’ package

[273], and the predictors were ranked based on the node purity. Moreover, as an additional

control, it was verified that when randomly swapping the target labels (RF classifiers)

or values (RF regressors), the performances were reflecting a random prediction curve

(AUC very close to 0.5) and a non-significant Spearman’s correlation between the real and

predicted values (rho close to 0) or a R2 close to 0.

The main difference between the above approaches is how the hyperparameters were

chosen. For the first instance, hyperparameters (e.g., tree number and a number of

variables randomly sampled as candidates at each split) were tuned to obtain the set

of metabolites providing the best performance in the prediction of the ASCVD risk score,

as the performance significantly varied depending on the chosen values. For the second

instance, the hyperparameters are set before training the models, and thus, hyperparameter

tuning is not applied. The rationale behind this is that the set values have been shown to



Data and methods 72

provide good performance levels when working with gut microbiome compositional data

[271, 274]

3.3.5 Mediation analyses

Mediation analysis is a statistical method used to explore the mechanisms that underlie a

relationship between an independent variable and a dependent variable via the inclusion of

a third explanatory variable, known as a mediator. In a mediation model, the effect of the

independent variable on the dependent variable is decomposed into the direct effect (effect

not transmitted through the mediator) and the indirect effect (effect transmitted through

the mediator). If the indirect effect is significant, this indicates the presence of a mediation

effect. This analysis is utilised to gain insights into the network of causal relations.

The key assumptions for mediation analysis are the following:

• Temporal precedence: The independent variable and the mediator must precede the

dependent variable in time. Violation of this assumption might lead to erroneous

conclusions about causal relationships.

• No confounding variables: No other variable should affect both the mediator and

the outcome simultaneously. If the analysis is not adjusted for existing confounding

variables, the estimates of the mediation effect may suffer from bias.

• Linearity: The relationships among the variables should be linear. Otherwise, this

could lead to an inaccurate estimation of mediation effects.

• Relationship among variables: The independent variable must be related to the

dependent variable, and the independent variable must also be related to the mediator.

Similarly, the mediator must have a significant relationship with the dependent

variable after controlling for the independent variable. Without these relationships, a

mediation effect does not exist.

A formal mediation analysis was used in Chapters 6 and 8 to examine the mediatory

role of (i) the faecal metabolites making up the prediabetes signature in the relationship

between the gut microbiome and prediabetes, and (ii) circulating acetate in the relationship
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between the gut microbiome and visceral fat, respectively. For that, the function ’mediate’

implemented in the package ‘mediation’ with 1000 non-parametric bootstrap samples

was used [275]. The variance accounted for (VAF) score, which represents the ratio of

indirect-to-total effect and determines the proportion of the variance explained by the

mediation process, was used to determine the significance of the mediation effect.

3.3.6 Structural equation modelling

To estimate the heritability of the levels of a given metabolite (either serum or stool),

a classical twin model was applied and compared the degree of similarity among MZ

twins, who share 100% of their genetic make-up, and DZ twins, who share on average

50% of their segregating genes. Under the equal environment assumption, the variance

of the trait/phenotype is explained by three latent parameters: additive genetic variance

(A), shared (familial) environmental variance (C) and individual-specific environmental

variance/error (E) [276]. Additive genetic influences are indicated when MZ twins are more

similar than DZ twins. The shared environmental component estimates the contribution of

the family environment, which is assumed to be equal in both MZ and DZ twin pairs [276].

The environmental component does not contribute to twin similarity, it rather estimates

the effects that apply only to each individual and includes measurement error. Any greater

similarity between MZ twins than DZ twins is attributed to a greater sharing of genetic

influences. Specifically, structural equation models, which use the observed covariates

from both MZ and DZ pairs to establish a causal relationship between them and the latent

parameters, were built using the ’twinlm’ function implemented in the ’METs’ package

[277]. This analysis was used in Chapter 7 to estimate the heritability of the SCFA levels

in serum and stool.

3.3.7 Genomic characterisation of gut bacterial genera

In Chapter 8, the identified acetate-associated gut genera (Lachnoclostridium and

Coprococcus) were genomically characterised. To do so, Lachnoclostridium and

Coprococcus metagenomes were retrieved as explained below and the different analyses

described in the following subsections were conducted.
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3.3.7.1 Metagenome retrieval and preliminary filtering

First, the metagenomes belonging to these genera and their corresponding metadata were

retrieved from the UHGG catalog and RefSeq dataset (January, 2021) [278]. RefSeq

genomes derived from metagenomes and not sampled from human faeces, stool or the

gastrointestinal tract were removed. Inconsistencies related to the variable country were

corrected and the missing sample accessions were added. Genomes from sample identifiers

not found in the National Center for Biotechnology Information (NCBI) [279] were

discarded. The two datasets were merged and then filtered by completeness, contamination

and contig number (>90%, <3%, and <400 for Lachnoclostridium and >95%, <1%, and

<300 for Coprococcus, respectively). The thresholds in Lachnoclostridium were less

strict due to the scarcity of genomes presenting higher standards. Duplicated genomes

were discarded, keeping the one with the highest N50 value. Finally, genomes from

uncharacterised species or misclassified species were renamed based on the cluster given

by fastANI classification (see Section 3.3.7.3).

3.3.7.2 Quality assessment of genome assemblies and genome annotation

Completeness and contamination were estimated with CheckM version 1.1.3 [280] using

the ’lineage_wf’ workflow. QUAST version 5.0.2 [281] was run to retrieve the total length,

GC-content, contig number and N50. Genome annotation was performed using Prokka

version 1.12 [282] using the default parameters.

3.3.7.3 Average nucleotide identity-based taxonomic classification

FastANI version 1.32 [283] was separately run on Lachnoclostridium and Coprococcus

genomes to calculate the average nucleotide identity (ANI) between all pairs of sequences.

Results were filtered by the alignment fraction (>0.4), and symmetric pairwise ANI

dissimilarities (100-95, ANI = 95%) were calculated from the ANI values to construct a

dendrogram for each genus using the single linkage hierarchical clustering method (’hclust’

function from the ’stats’ package [260]). Two networks analyses based on the information

given by the dendrograms were conducted using the ’layoutwithdrl’ layout implemented
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in the ’igraph’ package [284] with an expansion and simmer attraction of 0, and an innit,

liquid and crunch temperature of 100, 50, and 50, respectively.

3.3.7.4 Phylogeny inference at the genus level

Evolutionary relationships among the Coprococcus and Lachnoclostridium species were

inferred using ezTree version 0.1 [285]. For each species, up to three genomes (depending

on the number of available genomes) sequenced from isolates were used as input. If

genomes sequenced from isolates were not available, then the metagenome-assembled

genomes (MAGs) with the highest completeness percentage were selected.

3.3.7.5 Prediction of functional capabilities

Metabolic Pathway Database (MetaCyc) [286] and KEGG [287] information for each

genome was retrieved using the enzyme commission numbers from the gff files generated

by Prokka and MinPath (Minimal set of Pathways) [288] (Supplementary Table 8.5). The

retrieved information was utilised to construct heatmaps (’Heatmap’ function implemented

in the ’ComplexHeatmap’ package [289]) showing the genome percentage of each species

with a given pathway. For KEGG data, only the highly different pathways between species

were selected (for a given pathway, at least one species has a percentage <5% and another

species has a percentage >80%). Moreover, a principal component analysis (PCA) was

performed using the presence/absence matrix with the MetaCyc biosynthesis/degradation

pathways using the ’prcomp’ function within the ’stats’ package [260].



Chapter 4

A metabolites panel associated with

cardiovascular risk

The ASCVD risk score is a tool used to estimate the 10-year CVD risk of an individual

based on traditional risk factors. Although these factors considerably contribute to disease

risk, they might not show enough predictive power to identify at-risk individuals before

the disease’s onset.

As individual circulating metabolites have been associated with cardiovascular traits, in

this chapter, I search for a panel of serum metabolites associated with the ASCVD risk

score and predictive of CVD mortality and morbidity independently of environmental and

traditional risk factors. I also explore the pathways in which these metabolites are involved

to better understand their mechanisms of action.

The obtained findings shed light on a panel of serum metabolites that has the potential to

be used for early prediction and treatment of CVD.

Coauthor Dr Panayiotis Louca ran the Ingenuity Pathway Analysis. I calculated the

ASCVD risk score, performed the statistical analyses and wrote the original draft of the

manuscript.
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This chapter has been published as a research letter in Journal of the American Heart

Association (Nogal et al., 2022).



Journal of the American Heart Association

J Am Heart Assoc. 2022;11:e024590. DOI: 10.1161/JAHA.121.024590� 1

 

RESEARCH LETTER

Incremental Value of a Panel of Serum 
Metabolites for Predicting Risk of 
Atherosclerotic Cardiovascular Disease
Ana Nogal , MSc; Panayiotis Louca , MSc; Tran Quoc Bao Tran , MBBS; Ruth C. Bowyer, PhD;  
Paraskevi Christofidou, PhD; Claire J. Steves , PhD; Sarah E. Berry, PhD; Kari Wong, PhD; Jonathan Wolf , 
MA; Paul W. Franks, PhD; Massimo Mangino, PhD; Tim D. Spector, MD; Ana M. Valdes , PhD*;  
Sandosh Padmanabhan , PhD*;  Cristina Menni , PhD* 

Cardiovascular diseases (CVDs) are the leading 
causes of mortality and morbidity worldwide, 
accounting for 17.3  million deaths per year.1 

The American College of Cardiology/American Heart 
Association 10-year atherosclerotic CVD risk score is 
a sex- and race-specific single multivariable risk as-
sessment tool used to estimate the 10-year CVD risk 
of an individual based on age, sex, and traditional risk 
factors (TRFs), including high-density lipoprotein and 
total cholesterol, blood pressure, blood pressure med-
ications, smoking, and type 2 diabetes.1 These fac-
tors contribute considerably to disease risk, although 
they may not identify at-risk individuals before disease 
onset.2,3 Previous studies found circulating metabolites 
predictive of cardiovascular traits, mostly using linear 
approaches and a limited number of metabolites.3–5

By combining the effects of a larger number of indi-
vidual biomarkers, TRFs, and environmental variables, 
we applied a machine learning technique to identify a 
metabolite panel cross-sectionally associated with es-
timated atherosclerotic CVD (eASCVD) risk and longi-
tudinally predictive of CVD mortality and morbidity in a 
population-based cohort with independent replication, 
to gain further insights into the metabolic pathways un-
derlying CVD risk.

The data used in this study are held by the 
Department of Twins Research at King’s College 

London. The data can be released to bona fide re-
searchers using our normal procedures overseen by 
the Wellcome Trust and its guidelines as part of our 
core funding (https://twins​uk.ac.uk/resou​rces-for-
resea​rcher​s/acces​s-our-data/). The scripts in R and 
all the necessary information to replicate the findings 
reported in this article are publicly available at https://
github.com/anano​gal1/ASCVD​-metab​olite​-panel.

The flowchart of the study design is depicted in the 
Figure (A). We included women from TwinsUK1 with 
fasting serum metabolomic profiling (533 metabolites; 
Metabolon) along with eASCVD,1 TRFs, diet (healthy 
eating index),1 menopause status, and physical activ-
ity at 2 time points 6 years apart (SD=2) (Figure [B]). 
Individuals with prevalent CVD were excluded. TwinsUK 
provided informed written consent, and the study was 
approved by the St. Thomas’ Hospital Research Ethics 
Committee (REC Ref: EC04/015).

Metabolites were inverse normalized, and missing 
values imputed using minimum run-day measures. 
For each metabolite, we calculated residuals by run-
ning linear regressions adjusting for age, body mass 
index, menopause status, diet, and physical activity. 
To identify a metabolite panel associated with eAS-
CVD, we built random forest models on the residuals 
at each time point, splitting the data set into training 
and test sets (80:20). We tuned hyperparameters 
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using the adaptive resampling search and used 5-fold 
cross-validation and node purity to select the optimal 
predictors’ number. We identified common predictors 
between the 2 time points and examined the effect 
on model prediction using the Shapley additive expla-
nations plot. Common metabolites with concordant 
effects at both time points were included in the eAS-
CVD metabolites panel. Results were replicated in 295 

women from PREDICT-1 (Personalised Responses to 
Dietary Composition Trial).1 We further tested the incre-
mental area under the curve (AUC) value of the eAS-
CVD metabolites panel in predicting incident cardiac 
disease (including congestive heart disease, angina, 
atrial fibrillation, and coronary heart disease) and CVD 
mortality (through record linkage with the Office for 
National Statistics [ONS]) in independent sets of 50 to 

Figure.  Serum metabolites associated to atherosclerotic cardiovascular disease: flowchart, data, and main results.
A, Flowchart of the study design. "N" indicates the number of individuals included to build the random forest (RF) classifiers, whereas 
"(+) cases" refers to the number of individuals suffering from a specific cardiovascular disease (CVD) phenotype. B, Demographic 
characteristics of the study samples PREDICT-1 (TwinsUK and Personalised Responses to Dietary Composition Trial). Demographic 
characteristics by outcome (ie, incident cardiac disease and CVD mortality) are provided on GitHub. C, Directional effect of each 
single metabolite from the estimated atherosclerotic cardiovascular disease (eASCVD) risk panel on the model predictions using a 
Shapley additive explanations (SHAP) plot. The SHAP values (x axis) quantify the magnitude and direction (positive or negative using 
the feature values) of each metabolite on the target variable (ASCVD). Each point represents a feature instance, whereas the color 
indicates the feature value (high=red, low=blue). D, Area under the curve (AUC) values and receiver operating characteristic (ROC) 
curves obtained for RF classifiers built on (1) the base model including environmental and traditional risk factors and (2) the base 
model plus the eASCVD metabolites panel. Each ROC curve represents the performance of the RF classifiers in predicting each 
CVD event (CVD mortality and incident cardiac disease) at different classification thresholds (range = 0–1). The AUC is computed 
for each curve and used as a model performance metric. ASCVD indicates atherosclerotic cardiovascular disease; BMI, body mass 
index; GPC, glycerophosphocholine; GPE, glycerophosphoethanolamine; HEI, health eating index; HDL, high-density lipoprotein; 
HTN, hypertension; lm, linear models; SBP, systolic blood pressure; and TRF, traditional risk factors.
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134 individuals (follow-up, 5.6 years [SD, 2.2 years]). 
Finally, we explored the pathways in which the identi-
fied metabolites were involved using Ingenuity Pathway 
Analysis (QIAGEN; Fisher exact test, false discovery 
rate [Benjamini-Hochberg] <0.05).

The random forest models on residuals in 1066 
TwinsUK women adjusted for age, body mass index, 
menopause, physical activity, and diet identified 100 
and 67 predictors of eASCVD at time point 1 and 2, 
respectively, of which 25 were overlapping. Of these, 
21 had concordant effects at both time points and 
were included in the eASCVD metabolites panel. 
After adjusting for family, the panel explained 12.7% 
of the variance in eASCVD in the test set and 13.6% 
in PREDICT-1. When further adjusting for TRFs, the 
panel explained 9.3% in the test set and 8.5% in 
PREDICT-1. Among the metabolites identified, 9 were 
positively associated with eASCVD, whereas 12 were 
negatively associated (Figure [C]). The peptide phenyl-
alanyltryptophan, the lipid choline phosphate, and the 
amino acid 4-hydroxyphenylpyruvate were the most 
important contributors (Figure [C]). The incremental 
predictive value of the eASCVD-metabolites panel 
over environmental and TRFs improved prediction of 
incident cardiac disease by 7% (AUC from 0.68 [95% 
CI, 0.57–0.78] to 0.75 [95% CI, 0.66–0.88]) and CVD 
mortality by 4% (AUC from 0.68 [95% CI, 0.62–0.91] to 
0.72 [95% CI, 0.67–0.96]) (Figure [D]). Finally, pathway 
enrichment analysis highlighted the involvement (false 
discovery rate range = 0.01–0.02) of the metabolites 
positively associated with eASCVD in the biosynthesis 
of 4-hydroxyphenylpyruvate, choline, phosphatidylcho-
line and glucocorticoids, sphingomyelin metabolism, 
tyrosine degradation, and phospholipases. Moreover, 
the panel was enriched (false discovery rate range = 
0.001–0.04) in metabolites related to cardiac inflam-
mation, dysfunction damage, and infarction.

Here, we report for the first time a panel of serum 
metabolites correlated with eASCVD explaining 9.3% 
of the variance not already explained by environmen-
tal and TRFs. The panel further improved prediction of 
incident cardiac disease and CVD mortality over and 
above conventional risk factors, thereby generating 
new research avenues. Metabolites positively associ-
ated with eASCVD are enriched in pathways previously 
linked with atherosclerotic CVD.2 The sphingomyelin:-
phosphatidylcholine ratio, choline and glucocorticoids 
biosynthesis, tyrosine degradation, and phospholi-
pases have been shown to increase the CVD risk and/
or mortality risk.2,4,5 Therefore, this study sheds light 
into the metabolites behind these pathways.

Limitations include the homogeneous ethnicity and 
women-only composition of the samples, the lack of 
longitudinal data in PREDICT-1, and the limited num-
ber of CVD events. However, we benefit from cross-
sectional ASCVD data, independent data sets to test 

the panel predictive power, and independent replica-
tion. Our results illustrate how metabolic profiling along 
with machine learning might identify novel biomarkers 
implicated in CVD, which are crucial for early diagnosis 
and treatment.
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Supplementary material

Supplementary Table 4.1 Demographics characteristics of the different cohorts used.

Phenotypes Time-point 1
TwinsUK

Time-point 2
TwinsUK PREDICT-1 Cardiac disease

TwinsUK
CVD mortality

TwinsUK
N 1066 1066 295 134 50

Female, N (%) 100% 100% 100% 100% 100%
European

race/ethnicity (%) 100% 100% 100% 100% 100%

Age, yrs 57.88 (7.3) 64.2 (7.4) 52.94 (6.82) 66.42 (8.46) 68.49 (8.65)
BMI, kg/m2 26.34 (4.7) 26.26 (4.81) 26.23 (5.62) 26.56 (4.67) 26.94 (4.68)
HDL, mg/dL 54.04 (13.2) 59.9 (13.01) 66.88 (15.58) 56.26 (13.14) 54.61 ( 11.99)

Total cholesterol, mg/dL 160.55 (35.5) 160.22 (35.95) 202 (37.91) 143.98 (35.18) 146.85 (34.5)
SBP, mmHg 125.84 (15.5) 129.62 (16.3) 125.7 (16.01) 129.78 (17.06) 134.59 (20.41)

Type-2 diabetes (yes) 2% 3% 4% 5% 2%
HTN treatment (yes) 13% 23% 6% 37% 50%

Smoking (yes) 9% 9% 6% 5% 14%
Menopause (yes) 89% 90% 25% 90% 92%
Physical activity

(low,medium,high) 14%, 56%, 30% 14%,57%, 29% 6%, 77%, 17% 19%, 52%, 29% 12%, 62%, 26%

HEI 61.7 (8.8) 61.68 (8.76) 57.4 (9.16) 62.37 (8.65) 59.96 (8.77)
eASCVD (%) 4.03% (4.8) 8.79% (9.99) 1.67% (1.48) - -

Abbreviations: BMI, body mass index; CVD, cardiovascular disease; eASCVD, estimated

atherosclerotic cardiovascular disease; HDL, high-density lipoprotein; HEI, health eating

index; HTN, hypertension; PREDICT-1, Personalized Responses to Dietary Composition

Trial-1; SBP, systolic blood pressure.
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Supplementary Table 4.2 Metabolite IDs used to run the pathway enrichment analysis

with Ingenuity Pathway Analysis (IPA) (QIAGEN Inc.).

Metabolite name Subpathway Superpathway HMDB CAS number Metabolite ID PubChem ID
1-(1-enyl-stearoyl)-

2-oleoyl-GPC (P-18:0/18:1) phospholipid Lipid HMDB0011243

1-linoleoylglycerol (18:2) Monoacylglycerol Lipid 2277-28-3
1-margaroylglycerol (17:0) Monoacylglycerol Lipid ME273084

1-stearoyl-2-oleoyl-GPE
(18:0/18:1) Phospholipid Metabolism Lipid HMDB08993

4-hydroxyphenylpyruvate
Phenylalanine and

Tyrosine Metabolism Amino Acid HMDB00707

5alpha-pregnan-3beta,
20beta-diol monosulfate (1) Steroid Lipid

androsterone sulfate Steroid Lipid HMDB02759
anthranilate Tryptophan Metabolism Amino Acid HMDB01123

choline phosphate Phospholipid Metabolism Lipid HMDB01565
cortisol Steroid Lipid HMDB0000063

epiandrosterone sulfate Steroid Lipid HMDB00365
erythronate* Aminosugar Metabolism Carbohydrate HMDB00613

ethylmalonate
Leucine, Isoleucine and

Valine Metabolism Amino Acid HMDB00622

glycerate
Glycolysis, Gluconeogenesis,

and Pyruvate Metabolism Carbohydrate HMDB00139

leucylleucine Dipeptide Peptide HMDB28933
N-palmitoyl-sphingosine

(d18:1/16:0) Sphingolipid Metabolism Lipid HMDB04949

orotate
Pyrimidine Metabolism,

Orotate containing Nucleotide HMDB00226

phenylalanylserine Dipeptide Peptide 193508
phenylalanyltryptophan Dipeptide Peptide 134906

phenylpyruvate
Phenylalanine and

Tyrosine Metabolism Amino Acid HMDB00205

pipecolate Lysine Metabolism Amino Acid HMDB00070

Abbreviations: CAS, Chemical Abstracts Service; HMDB, Human Metabolome Database.



Chapter 5

Circulating biomarkers of incident

myocardial infarction

MI is one of the main causes of CVD. Previous studies have reported metabolites associated

with MI. However, these are limited by the participant number and/or the demographic

diversity, hampering the identification of wide-spectrum biomarkers of MI.

In this chapter, I search for circulating biomarkers predictive of incident MI and explore

the potential underlying mechanisms of action in the largest metabolome study of MI

to date, which consists of 6 intercontinental COMETS cohorts with diverse race/ethnic

backgrounds.

The obtained findings shed light on novel metabolic preventive biomarkers of MI and the

involved pathways. They might help to identify high-risk individuals before the disease

onset and pave the way towards the development of novel preventative strategies.

This work is part of the large international metabolomics consortium (COMETS) with

many people and analysts involved. Collaborator Dr Domagoj Kifer wrote the pipeline

to run the association analysis at each contributing cohort. I coordinated the different

involved cohorts and ran the association analyses on the TwinsUK and GDM cohorts. With

co-author Ms Taryn Alkis, I performed the fixed- and random-effect meta-analyses and the
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enrichment pathway analysis. Along with co-authors Ms Taryn Alkis and Ms Yura Lee, I

wrote the first draft of the manuscript.

This chapter has been published in Cardiovascular Research (Nogal et al., 2023). An

extension of the discussion, which is not included in the published manuscript, can be

found in Appendix B.
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Time of primary review: 48 days 

Aims Myocardial infarction (MI) is a major cause of death and disability worldwide. Most metabolomics studies investigating metabolites 
predicting MI are limited by the participant number and/or the demographic diversity. We sought to identify biomarkers of incident 
MI in the COnsortium of METabolomics Studies.  

Methods 
and results 

We included 7897 individuals aged on average 66 years from six intercontinental cohorts with blood metabolomic profiling (n =  
1428 metabolites, of which 168 were present in at least three cohorts with over 80% prevalence) and MI information (1373 cases). 
We performed a two-stage individual patient data meta-analysis. We first assessed the associations between circulating metabolites 
and incident MI for each cohort adjusting for traditional risk factors and then performed a fixed effect inverse variance meta-analysis 
to pull the results together. Finally, we conducted a pathway enrichment analysis to identify potential pathways linked to MI. On 
meta-analysis, 56 metabolites including 21 lipids and 17 amino acids were associated with incident MI after adjusting for multiple 
testing (false discovery rate < 0.05), and 10 were novel. The largest increased risk was observed for the carbohydrate mannitol/ 
sorbitol {hazard ratio [HR] [95% confidence interval (CI)] = 1.40 [1.26–1.56], P < 0.001}, whereas the largest decrease in risk 
was found for glutamine [HR (95% CI) = 0.74 (0.67–0.82), P < 0.001]. Moreover, the identified metabolites were significantly en-
riched (corrected P < 0.05) in pathways previously linked with cardiovascular diseases, including aminoacyl-tRNA biosynthesis.  

Conclusions In the most comprehensive metabolomic study of incident MI to date, 10 novel metabolites were associated with MI. Metabolite 
profiles might help to identify high-risk individuals before disease onset. Further research is needed to fully understand the mechan-
isms of action and elaborate pathway findings.  

* Corresponding author. Tel: +44 0207 188 7188 (ext. 52594), Email: cristina.menni@kcl.ac.uk (C.M.); Tel: +1 713 500 9285, Email: bing.yu@uth.tmc.edu (B.Y.) 
† The first two authors contributed equally to the study. 
‡ The last two authors contributed equally to the study. 
© The Author(s) 2023. Published by Oxford University Press on behalf of the European Society of Cardiology. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, 
and reproduction in any medium, provided the original work is properly cited.  
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Graphical Abstract   

Keywords Myocardial infarction • Metabolomics • Biomarkers • Two-step individual patient data meta-analysis • Amino acids  

1. Introduction 
Cardiovascular diseases (CVD) are a huge public health burden accounting 
for 32% of all global deaths in 2019.1 Myocardial infarction (MI) is one of the 
main causes of CVD, causing the death of one person every 40 s in the 
USA2 and one hospital admission every 5 min in the UK.3 

Besides the well-established risk factors associated with MI, such as 
obesity, diabetes, hypertension, and smoking,4 many studies suggest that 
circulating metabolites might play an important role in MI development.5,6 

For instance, glycine has been recognized as a protective biomarker of 
cardiac diseases, especially coronary heart disease,7 whereas trimethyla-
mine N-oxide (TMAO) has been associated with MI by accelerating 
atherosclerosis.5,6 

Metabolomics enables the comprehensive characterization of small- 
weight molecules, such as carbohydrates, amino acids, lipids, nucleo-
tides, and peptides,8–10 providing a snapshot of the individual’s meta-
bolic state at a particular time. Thus, metabolites might enable the 
identification of at-risk individuals before the disease process is well 
underway.11,12 

Advances in this field have allowed the detection of metabolites whose 
deregulation may be involved in the onset and development of complex 
diseases including CVD,13,14 cancer,15 and autoimmune diseases.16 

Nonetheless, most metabolomic studies are limited by the number of par-
ticipants and/or the demographic diversity, affecting the statistical power of 
the results and hampering the discovery of potential universal biomar-
kers.13,17 To address these issues, the COnsortium of METabolomics 
Studies (COMETS) was established in 2014, aggregating metabolic data 
from 47 cohorts from around the world.17 

By using individual patient data (IPD) from six COMETS cohorts with MI 
and metabolomic data, we aimed to identify biomarkers associated with in-
cident MI in 7897 participants. We further explored the pathways in which 
these metabolites might be involved to better understand their mechan-
isms of action. 

2. Methods 
2.1 Study populations 
For the primary analysis of metabolites associated with incident MI, 
we included participants from six population-based cohorts from the 
USA and Europe, namely, the Atherosclerosis Risk in Communities 
(ARIC) study, Edinburgh Type 2 Diabetes Study (ET2DS), 
GenoDiabMar (GDM), Health, Aging and Body Composition (HABC), 
TwinsUK, and the Women’s Health Initiative (WHI). Secondary  

2                                                                                                                                                                                                            A. Nogal et al. 
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analyses of metabolites associated with prevalent MI included partici-
pants from ARIC, ET2DS, GDM, HABC, TwinsUK, and Cooperative 
Health Research in the Region of Augsburg (KORA). Participants with 
available metabolomic data, covariates, and incident and prevalent MI 
data were included. Other COMETS cohorts could not be included 
in this study as they were lacking MI assessment and/or the metabolo-
mic profile had not been performed by Metabolon Inc., the Broad 
Institute, or Nightingale Health. A flowchart of the study design is pre-
sented in Figure 1. 

A brief description of the included COMETS cohorts is presented below 
and in Table 1. 

• ARIC: Prospective cohort recruited from four US communities to in-
vestigate the aetiology of atherosclerosis and its clinical outcomes.18 

• ET2DS: Longitudinal cohort of older men and women based in 
Lothian, Scotland, designed to investigate the role of risk factors for 
vascular complications of type 2 diabetes.19 

• GDM: Prospective study that aims to provide data on demographic, 
biochemical, and clinical changes in type 2 diabetic patients attending 
real medical outpatient consultations.20 

• HABC: Prospective cohort focused on risk factors for the decline of 
function in initially well-functioning older persons, particularly change 
in body composition with age.21 

Figure 1 Flowchart overview containing the available data, steps conducted, and main results. ARIC, Atherosclerosis Risk in Communities; BMI, body mass 
index; ET2DS, Edinburgh Type 2 Diabetes Study; FRD, false discovery rate; GDM, GenoDiabMar; HABC, Health, Aging and Body Composition; KORA, 
Cooperative Health Research in the Region of Augsburg; WHI, Women’s Health Initiative.   

MI biomarkers                                                                                                                                                                                                            3 
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• KORA: A population-based adult cohort that consists of interviews, 
medical and laboratory examinations, biological sample collection, 
and multiple omic data generation and management.25 

• TwinsUK: The largest most clinically characterized adult twin registry 
in the UK, recruited as volunteers without selecting for particular dis-
eases or traits.23 

• WHI: A large and complex clinical investigation of strategies for the 
prevention and control of some of the most common causes of mor-
bidity and mortality among postmenopausal women, including cancer, 
CVD, and osteoporotic fractures.13,24  

2.2 Metabolomics 
A summary of the metabolomics methodology used for each cohort is de-
picted in Table 1. Serum samples from ARIC, ET2DS, GDM, KORA, and 
TwinsUK and samples of ethylenediaminetetraacetic acid (EDTA) plasma 
from HABC, TwinsUK, and WHI were held at −80°C.17 Serum metabo-
lites were detected and quantified in ARIC, KORA, and TwinsUK at 
Metabolon Inc. using untargeted gas chromatography/liquid 
chromatography-mass spectrometry (GC/LC-MS) methods, in ET2DS 
and GDM at Nightingale Health using a nuclear magnetic resonance 
(NMR) method. EDTA plasma metabolites were detected and quantified 
in HABC and WHI at the Broad Institute using LC-MS. Metabolites were 
harmonized across platforms by manual curation by matching chemical 
structure, and the Human Metabolon Database and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) identifiers. A total of 1442 unique named 
and known metabolites were measured across seven participating studies. 
For the primary analysis, we included 1428 metabolites, from which 168 
were present in at least three studies and detected in at least 80% of par-
ticipants from each cohort. For the secondary analysis, measurements of 
1344 metabolites were available (from which 187 were present in at least 
three studies and detected in at least 80% of participants from each co-
hort). In this study, our focus is to explore the metabolites significantly as-
sociated with incident MI and the pathways in which are enriched. The 
prevalent analysis aimed to explore the overlap of metabolites associated 
with incident and prevalent MI. 

2.3 Assessment of MI and co-variables 
Specific information about how each cohort defined MI is shown in  
Supplementary material online, Text S1. In summary, MI was assessed based 
on one or more of the following: 

• Diagnosed by a doctor (based on clinical evidence such as chest pain, 
electrocardiogram, and cardiac enzymes). 

• Self-reported questionnaires. 
• Hospital/GP records. 
• Death certificates including the adjudication.  

On the other hand, co-variables used to adjust the models were de-
scribed identically across the cohorts. How these were defined is indicated 
in Supplementary material online, Text S1. 

2.4 Statistical analysis 
We conducted a two-step IPD meta-analysis. In the first step, we per-
formed analyses separately by study cohort. Outliers defined as values 
four standard deviations (SDs) from the mean were excluded. To obtain 
normal distributions, metabolite measures were transformed to rankits 
by performing quantile normalization on rank-transformed raw metabolite 
values. Power calculation was performed using the ‘dmetar’ package imple-
mented in R. For each metabolite included in the primary analysis, Cox pro-
portional hazard models for incident MI were fit adjusting for age, sex, race/ 
ethnicity, body mass index (BMI), education level, smoking status, physical 
activity level, and alcohol consumption status, all at the baseline visit. In the 
second step, we meta-analysed the results from each cohort using fixed ef-
fect inverse variance meta-analyses (using the package ‘meta’ in R) for me-
tabolites present in three or more studies. Heterogeneity between studies 
and percentage of variability of between-study heterogeneity not due to 

the sampling error were computed using Cochran’s Q test and I2 index, 
respectively. 

Sensitivity analyses were conducted by (i) running Han–Eskin random ef-
fect meta-analyses26; (ii) further adjusting for prevalent type 2 diabetes, 
prevalent hypertension, and prevalent dyslipidaemia; (iii) excluding cohorts 
where MI was assessed through self-reported questionnaires (e.g. 
TwinsUK and ET2DS); and (iv) stratifying by race (White individuals and 
Black individuals). 

Secondary analyses were conducted to assess the associations between 
metabolites and prevalent MI using two-step IPD meta-analysis. Logistic re-
gression models were first run in each cohort on rankit transformed me-
tabolite measures adjusting for the same covariates, and then a fixed effect 
inverse variance meta-analysis was performed. 

We adjusted for multiple testing using Benjamini and Hochberg27 false 
discovery rate (FDR <0.05). If not indicated otherwise, all reported 
P-values are FDR-adjusted. Analyses were undertaken and reported ac-
cording to the STrengthening the Reporting of OBservational studies in 
Epidemiology (STROBE) guidelines (see Supplementary material online, 
Text S2). We define that a metabolite is novel when, to our knowledge, 
such a metabolite has never been associated with any cardiac disease 
before. 

2.5 Metabolomic pathway analysis 
To explore the metabolomic pathways enriched for MI-related metabo-
lites, we used MetaboAnalyst 5.0.28 Over-representation analysis was per-
formed using a hyper-geometric test to identify groups of compounds that 
are represented more than expected in each pathway by chance, and path-
way topology analysis was performed based on relative betweenness cen-
trality focusing on our entire metabolomic network. Metabolites 
significantly associated with incident MI (FDR < 0.05) were mapped to 
the Homo sapiens KEGG pathways. Metabolomic pathways with FDR <  
0.05 were considered statistically significant. 

2.6 Ethical approval 
Approval was granted by the COMETS steering committee. Ethical ap-
proval for each study was obtained by the ethical research boards pertain-
ing to each study. 

3. Results 
The descriptive characteristics of the study participants are shown in 
Table 2. We included 7897 individuals [average age = 66 years (SD =  
7.1)] with blood metabolomic profiling (n = 1428 metabolites) and incident 
MI assessment from six cohorts including ARIC, ET2DS, GDM, HABC, 
TwinsUK, and WHI. All included participants were free from MI at baseline. 
There were 1373 incident MI cases across the six cohorts [average follow- 
up time = 9.4 years (SD = 7.1); average follow-up time per cohort is pre-
sented in Table 2]. For the secondary analysis, we included 373 prevalent MI 
cases and 9719 prevalent MI controls from the ARIC, ET2DS, GDM, 
HABC, TwinsUK, and KORA cohorts (descriptive characteristics are 
shown in Table 2). 

3.1 Metabolites associated with incident MI 
For our primary analysis including 1373 incident MI cases and 6524 con-
trols, assuming a modest effect size of 0.12 [corresponding to hazard ratio 
(HR) = 1.127 or HR = 0.887], our study has over 90% power for a given 
metabolite adjusting for multiple testing (P < 3.5 ∗ 10−5). We 
meta-analysed 1428 metabolites, of which 168 were present in at least 
80% of the participants from at least three studies. In total, 56 metabolites 
were significantly associated with incident MI after adjusting for multiple 
testing (FDR < 0.05) (Figure 1; see Supplementary material online, 
Table S1). Out of the 56 metabolites, 42 had a direct association, and 14 
had an inverse association with incident MI (Figure 2). Moreover, 21 
were lipids, primarily lysophospholipids (n = 5), long-chain polyunsaturated 
fatty acids (n = 3), phosphatidylethanolamine (n = 2), and products of the  
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primary bile acid metabolism (n = 2), and 17 were amino acids including 
products of tryptophan metabolism (n = 4), glycine, serine, and threonine 
(n = 4) and glutamate metabolism (n = 2). There were also 4 nucleotides, 4 
carbohydrates, 3 xenobiotics, 3 energy-producing metabolites, 3 co- 
factors/vitamins, and 1 peptide (Figure 2). Out of the 21 associated lipids, 
3-methyladipate and 1-palmitoyl-2-linoleoyl-glycerol (16:0/18:2) were as-
sociated with a higher risk with HR estimates ranging from 1.28 [95% con-
fidence interval (CI) = 1.13–1.44, P < 0.001] to 1.21 (95% CI = 1.08–1.35, 
P = 4.29 × 10−3), respectively (Figure 2). Among the amino acids, 4-hydro-
xyphenylacetate and cystathionine had the largest increase in risk present-
ing HR estimates of 1.24 (95% CI = 1.11–1.38, P = 1.11 × 10−3) and 1.2 
(95% CI = 1.07–1.35, P = 7.58 × 10−3), respectively (Figure 2). Likewise, 
overall, the highest increase of risk was observed for the carbohydrates 
mannitol/sorbitol [HR (95% CI) = 1.40 (1.26–1.56), P < 0.001] and glucur-
onate [HR (95% CI) = 1.37 (1.26–1.5), P < 0.001], whereas the metabolites 
associated with reduced risk of incident MI included the amino acid glutam-
ine [HR (95% CI) = 0.74 (0.67–0.82), P < 0.001], the nucleotide uridine 
[HR (95% CI) = 0.82 (0.76–0.88), P < 0.001], and the co-factor 1-methyl-
nicotinamide [HR (95% CI) = 0.84 (0.76–0.94), P = 7.37 × 10−3], among 
others (Figure 2). The list of metabolites previously associated with any car-
diac diseases and the super- and sub-pathways for incident MI-associated 
metabolites are presented in Supplementary material online, Table S2. 

Of note, the obtained heterogeneity estimated for the associated meta-
bolites was only significant (Q P < 0.05) for seven metabolites with also I2 

values indicating considerable variability of between-study heterogeneity 
(I2 > 70%).29 However, most identified metabolites presented not relevant 
or moderate between-study heterogeneity (I2 < 60%).29 

3.2 Sensitivity analyses 
Results were consistent when running Han–Eskin random effect inverse 
variance meta-analyses26 (see Supplementary material online, Table S3). 
Results were also consistent when the meta-analysis was performed ex-
cluding cohorts in which MI was assessed by self-reported questionnaires 
(i.e. TwinsUK and ET2DS) (see Supplementary material online, Table S4). 
When we further adjusted for prevalent type 2 diabetes, hypertension, 
and dyslipidaemia, 38 metabolites remained associated (see  
Supplementary material online, Table S5). Interestingly, the metabolites 
that did not reach the significance level after adjustment for co-morbidities 
have been previously linked with those commodities (see Supplementary 
material online, Table S2). Finally, we investigated whether there were 
demographic differences in the associations between the identified meta-
bolites and MI by conducting a meta-analysis stratified by race. Out of 
the 56 metabolites, 41 remained significantly associated in White indivi-
duals, whereas 18 were significantly associated in Black individuals, with 3 
of them, namely, dimethylglycine, glycine, and glycoursodeoxycholate, pre-
senting a significant association only in individuals with an African ancestry 
(see Supplementary material online, Table S6). 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Location and analytical information about the cohorts comprising COMETS 

Cohort Name Name 
abbreviation 

Continent Platform Analytical 
technology 

Targeted/ 
untargeted 

Description  

Atherosclerosis Risk in 

Communities Study 

ARIC North 

America 

Metabolon GC/LC-MS Untargeted Prospective cohort recruited from four US 

communities to investigate the aetiology of 

atherosclerosis and its clinical outcomes18 

Edinburgh Type 2 

Diabetes Study 

ET2DS Europe Nightingale NMR Targeted Longitudinal cohort of older men and women 

based in Lothian, Scotland, designed to 

investigate the role of risk factors for vascular 
complications of type 2 diabetes19 

GenoDiabMar GDM Europe Nightingale NMR Targeted Prospective study that aims to provide data on 

demographic, biochemical, and clinical changes 
in type 2 diabetic patients attending real medical 

outpatient consultations20 

Health, Aging and Body 
Composition 

HABC North 
America  

Broad 
Institute 

LC-MS Untargeted Interdisciplinary cohort focused on risk factors for 
the decline of function in initially 

well-functioning older persons, particularly 

change in body composition with age21 

Cooperative Health 

Research in the 

Region of Augsburg 

KORA Europe Metabolon GC/LC-MS Untargeted A population-based adult cohort and initiated as 

part of the World Health Organization 

Multinational Monitoring of Trends and 
Determinants in Cardiovascular Diseases 

(MONICA) project since 198422 

TwinsUK TwinsUK Europe Metabolon GC/LC-MS Untargeted The largest most clinically characterized adult twin 
registry in the UK, recruited as volunteers 

without selecting for particular diseases or 

traits23,25 

Women’s Health 

Initiative 

WHI North 

America 

Broad 

Institute 

LC-MS Untargeted A large and complex clinical investigation of 

strategies for the prevention of some of the 

most common causes of morbidity and 
mortality among postmenopausal women, 

including cancer, cardiovascular disease, and 

osteoporotic fractures.13,24   
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3.3 Metabolites associated with prevalent MI 
As a secondary analysis, we further investigated whether the 56 metabo-
lites associated with incident MI were also correlated with prevalent MI 
(Figure 1). On meta-analyses, 11 metabolites, including tryptophan, malate, 
allantoin, and 1-linoleoyl-GPC (18:2), were nominally associated with 
prevalent MI with concordant directional effects in both incident and 
prevalent analyses, and three [xenobiotic 2-hydroxyhippurate (salicylu-
rate), lactate, and glucoronate] were associated after correcting for 
multiple testing [2-hydroxyhippurate: odds ratio (OR) (95% CI) = 1.9 
(1.5–2.42), P < 0.001; lactate: OR (95% CI) = 1.36 (1.2–1.54), P < 0.001; 
and glucuronate: OR (95% CI) = 1.51 (1.19–1.93), P = 0.03] (see  
Supplementary material online, Table S7). 

3.4 Pathways behind the metabolites 
associated with incident MI 
To identify the potential biological pathways involved in incident MI, we as-
sessed the enriched pathways for the 56 metabolites (Figure 1). These meta-
bolites included 41 pathways, 12 of which had a significant nominal P-value, 
including the citrate cycle [trichloroacetic acid (TCA) cycle] (nominal P =  
0.016) and the primary bile acid biosynthesis (nominal P = 0.024) (see  
Supplementary material online, Table S8). Of these 12, 4 pathways were sig-
nificantly enriched (FDR < 0.05), namely, aminoacyl-tRNA biosynthesis (P <  
0.001), alanine, aspartate, and glutamate metabolism (P = 0.018), glyoxylate 
and dicarboxylate metabolism (P = 0.02), and glycine, serine, and threonine 
metabolism (P = 0.02) (Figure 3). Specifically, 9 amino acids were involved 
in the 1st pathway, 3 amino acids and the energy-producing metabolites fu-
marate and succinate in the 2nd pathway, 4 amino acids and the energy- 
producing metabolite malate in the 3rd pathway, and 5 amino acids in the 
4th pathway (see Supplementary material online, Table S8). There were 14 
unique metabolites involved in these four pathways. Glycine and serine are 
intermediates/products of aminoacyl-tRNA biosynthesis; glycine, serine, 
and threonine metabolism; and glyoxylate and dicarboxylate metabolism, 
whereas glutamine and glutamate are present in all the pathways but the gly-
cine, serine, and threonine metabolism. 

4. Discussion 
In this comprehensive study investigating biomarkers of incident MI by lever-
aging IPD from six intercontinental cohorts with 7897 participants from di-
verse race/ethnic backgrounds, we identified 56 metabolites, mainly lipids 
and amino acids, significantly associated with incident MI. We report 10 novel 
biomarkers of incident MI, including 8 lipids (3 lysophospholipids, 1 phospha-
tidylethanolamine, 1 diacylglycerol, 1 intermediate of the primary bile acid me-
tabolism, 1 dicarboxylate fatty acid, and 1 glycerolipid), 1 xenobiotic (involved 
in xanthine metabolism), and 1 nucleotide (involved in purine metabolism). Of 
these, 6 have underlying mechanisms of action leading to MI onset which are 
independent of hypertension, type 2 diabetes, and dyslipidaemia, known as risk 
factors for MI.14,30–32 We also confirm previous associations, including the 
protective association of nonessential amino acids (e.g. glutamine, glycine, 
and serine),7,33 and the detrimental effect of the well-known branched-chain 
amino acid isoleucine on cardiac diseases,34 thus demonstrating the robustness 
of our approach. Our stratified analyses revealed that dimethylglycine, glycine, 
and glycoursodeoxycholate were associated with incident MI only in Black in-
dividuals, highlighting the role of ethnicity in the aetiology of MI. We also show 
that the metabolites that might lead to the MI onset differ from the metabolites 
deregulated once the disease is well established, highlighting the importance of 
survival analyses to identify preventive biomarkers. Finally, we report the path-
ways in which the identified amino acids are enriched, shedding light on the me-
chanisms by which these metabolites may be implicated in MI onset. Of note, 
most of the identified metabolites are lipids, and enrichment of lipid metabol-
ism pathways was observed, but these did not attain statistical significance due 
to the involvement of many metabolites and thus the need for a large overlap 
with the lipid-associated MI to be considered significant. This complexity un-
derscores the intricate nature of lipid metabolism pathways, and the multiple 
roles lipids play in the onset of MI. 
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Figure 2 Metabolites significantly associated with incident myocardial infarction. The bar height represents the hazard ratio (HR) value.  Novel metabolites 
are highlighted in bold. Each metabolite super-pathway and sub-pathway is also indicated. AA, amino acid; CH, carbohydrate; C/V, co-factors/vitamins; ENE, 
energy; LIP, lipid; Met, metabolite; NT, nucleotide; XEN, xenobiotic.   
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4.1 Lysophospholipids 
Among the lipids, lysophospholipids represent the largest subgroup found to be 
associated with incident MI. Specifically, we identified 5 metabolites belonging to 
this sub-pathway, with 3 of them, namely, 1-oleoyl-GPE (18:1), 1-palmitoyl-GPE 
(16:0), and 1-stearoyl-GPE (18:0), associated with an increased risk of MI and 
two of them, 1-linoleoyl-GPC (18:2) and 1-arachidonoyl-GPC (20:4), asso-
ciated with decreased risk of MI. Of these, 1-palmitoyl-GPE (16:0), 
1-arachidonoyl-GPC (20:4), and 1-stearoyl-GPE (18:0) are novel biomarkers 
of MI. Lysophospholipids are a group of bioactive molecules with diverse bio-
logical roles, including activation of specific G-protein-coupled receptors, and 
have been associated with atherosclerosis, coronary heart disease, and hyper-
tension.35 Nonetheless, their effects on CVD are controversial as both benefi-
cial and detrimental effects have been reported. For instance, they might 
possess cardioprotective effects, but, also, they might stimulate platelet aggres-
sion, enhancing ischaemia in MI.35 This fact along with the opposing results 
found between these metabolites and MI might indicate that lysophospholipids’ 
function might vary depending on their subclasses. 

4.2 Intermediates of bile acid metabolism 
Here, we report for the first time that incident MI cases have higher circu-
lating levels of the secondary bile acid glycochenodeoxycholate compared 
to controls. Bile acids can act as signalling molecules involved in inflamma-
tory processes and host metabolism.36 Several CVD metabolomics studies 
have highlighted the negative role of bile acids on CVD morbidity/mortal-
ity.37,38 Glycochenodeoxycholate is a bile acid-lycine conjugate produced 
by the gut microbiota.39 Studies have reported glycochenodeoxycholate 
is toxic and can induce hepatocyte apoptosis, which might lead to liver dis-
ease.40 Likewise, liver and cardiac diseases co-exist through complex cardio 
hepatic interactions.41 Our results may suggest that high levels of this bile 
acid can have detrimental effects on MI by causing alterations in the liver, 
and the gut microbiota might be targeted to modulate its levels. 

4.3 Nucleotide metabolism intermediates 
We are the first to report the association between allantoin and MI. 
Allantoin is involved in purine metabolism and is formed from the oxidation 
of urate by various reactive oxygen species.42 Allantoin has been reported 
as a potential marker of oxidative stress in humans,42 possibly explaining 

the observed positive association with MI. Moreover, we show the associa-
tions of pseudouridine and uridine, intermediates of the pyrimidine metab-
olism, and also urate, involved in the purine metabolism, with incident MI. 
This confirms previous findings and points out the important role of the 
nucleotide metabolism intermediates in cardiovascular risk.38 For instance, 
hyperuricaemia has been shown to be strongly positively associated with 
carotid and coronary vascular disease and stroke.43 

4.4 Co-factors involved in the nicotinate and 
nicotinamide metabolism 
We identified 3 co-factors associated with incident MI, from 
which 1-methylnicotinamide and N1-methyl-2-pyridone-5-carboxamide 
were intermediates of the nicotinate and nicotinamide metabolism. 
1-Methylnicotinamide presented an important protective effect in MI, which 
is concordant with their shown antithrombotic action in rats.44 On the con-
trary, N1-methyl-2-pyridone-5-carboxamide was negatively associated with 
MI, and to our knowledge, no studies have previously reported such an as-
sociation with incident MI. Nonetheless, Surendran and colleagues45 stated 
changes in its plasma levels during myocardial ischaemia-reperfusion injury. 
N1-Methyl-2-pyridone-5-carboxamide has been reported as a uremic 
toxin.46 These are organic compounds that accumulate in the bloodstream, 
as they cannot be eliminated from the body, reaching diverse organs, includ-
ing the heart,47 and they are a risk factor for the progression of chronic kid-
ney disease. Likewise, patients with chronic kidney disease have an increased 
risk for CVD, for instance, these molecules can lead to vascular damage by 
enhancing the expression of cytokines and pro-inflammatory molecules.47 

4.5 Amino acids 
Pathway enrichment analysis revealed that 11 incident MI-associated amino 
acids are enriched in pathways previously associated with CVD. Firstly, the 
aminoacyl-tRNA biosynthesis pathway has been reported to be closely re-
lated to angiogenesis and cardiomyopathy.48 Likewise, the glyoxylate and 
dicarboxylate metabolism is another commonly disturbed pathway found 
in different CVD.49 Eventually, the metabolism of glycine, serine, and threo-
nine has been linked with benefits in atherosclerosis,50 being concordant 
with the found negative associations of glycine, serine, and threonine 
with incident MI. Of note, these pathways share most of the included me-
tabolites and are characterized for being sensitive to the amino acids avail-
ability,48 suggesting that deregulation of the matched amino acids might 
lead to different cardiovascular complications, including MI, and emphasizes 
the importance of a balanced amino acid profile. 

Our study has some limitations. Firstly, the number of healthy partici-
pants is 5.7-fold larger than the number of incident MI cases, although we 
have been able to identify 56 metabolites whose levels significantly differ be-
tween MI cases and controls. Secondly, the clinical definition of MI varies in 
each cohort depending on the protocol for data collection. This may intro-
duce a procedural bias. However, when we ran a sensitivity analysis by ex-
cluding cohorts where MI was assessed by self-reported questionnaires, the 
results remained consistent. Thirdly, metabolomics profiling was conducted 
using different metabolomic platforms, raising some caveats: (i) a different, 
somehow overlapping, set of metabolites was measured by each platform, 
and we are only including metabolites present in at least three cohorts; (ii) 
we quantile normalized metabolites to meta-analyse results across studies 
using different metabolomic platforms. However, ranks do not have prac-
tical significance and could be influenced by the sample size; (iii) metabolite 
sampling and detection times could not be unified as each cohort applies 
used a different metabolomics methodology. Fourth, though metabolite 
concentrations might be influenced by medications (e.g. statins),51 we 
were unable to adjust for drug usage as the data were not available across 
the studies. Statins are the main therapy for the worldwide prevention of 
CVD, including MI.52,53 They inhibit the rate-limiting step in cholesterol syn-
thesis, thereby lowering serum cholesterol levels and reducing MI risk.54 

Statins can also reduce MI risk via cholesterol-independent mechanisms, 
for instance, by inhibiting the isoprenoid synthesis.55 Hence, statin usage 
and adherence could be confounding our results, and this should be 

Figure 3 Enrichment pathway analysis results indicating the significant 
pathways (FDR < 0.05) among the identified metabolites associated with 
incident myocardial infarction.   
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addressed in future studies. Fifth, our study sample was predominantly 
White, and some MI-associated metabolites might have not reached the sig-
nificance level in Black individuals due to lack of power. Future studies 
should further investigate race–metabolite interactions56 to better under-
stand the role of race in the metabolite–MI association. Finally, it is import-
ant to note that these results do not necessarily imply causality. 

Notwithstanding the above limitations, our study benefits from a two- 
step meta-analysis using IPD, which has been recognized as a ‘gold stand-
ard’ to evidence synthesis,57 and a high number of participants, which in-
creases the power of our statistical analyses and minimizes the chances 
of obtaining false positives. Also, sensitivity analyses were run stratifying 
by race, allowing us to investigate the influence of demographic diversity 
in the identified associations. Furthermore, measurements of a wide range 
of metabolites, belonging to different pathways and sub-pathways, were 
available for each cohort allowing us to obtain a wide picture of the role 
played by metabolomics in MI. Different platforms were used for the me-
tabolite measurements, reducing the inclusion of measurement errors or 
misidentified metabolites given by a certain platform. Moreover, despite 
using distinct platforms and manners to define MI, the significance of the 
identified metabolites was concordant across cohorts. Finally, the pro-
spective nature of the current study permitted us to investigate how dis-
tinct metabolomic profiles are associated with incident MI. 

In conclusion, these findings shed light on novel metabolic preventive 
biomarkers of MI and the involved pathways and might help to identify 
high-risk individuals before the disease onset and pave the way towards 
the development of novel preventative strategies. Nonetheless, more re-
search needs to be conducted to confirm the identified metabolites as bio-
markers and to fully understand underlying the mechanisms of action. 

Supplementary material 
Supplementary material is available at Cardiovascular Research online. 
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Translational perspective 
In the largest meta-analyses covering six international cohorts, we identify 10 novel and 46 known metabolites associated with incident MI that can be 
used to identify at-risk individuals before disease onset. Our results improve our understanding of the molecular changes that take place in MI devel-
opment and provide potential novel targets for clinical prediction and a deeper understanding of causal mechanisms.   
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Supplementary material

Supplementary Table 5.1 Metabolites significantly associated (meta-analysis

FDR<0.05) with incident MI. TE and SE refer to estimated overall treatment effect

and standard error, respectively.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 5.2 Literature references for the metabolites previously

associated with any cardiac diseases, and the super- and sub-pathways for metabolites

associated with incident MI. For the metabolites that did not remain significant after

further adjusting the meta-analyses for prevalent hypertension, dyslipidaemia and type-2

diabetes, references showing their associations with any of these 3 conditions are indicated.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 5.3 Results of the random effect inverse-variance meta-analysis

performed in the MI-associated metabolites (meta-analysis FDR<0.05) based on

the results from the fixed effect inverse-variance meta-analysis.TE and SE refer to

estimated overall treatment effect and standard error, respectively.

HMDB Metabolite Number of cohorts TE Random SE Random P-value Random
HMDB00020 4-hydroxyphenylacetate 3 0.26 0.11 1.94E-04
HMDB00067 cholesterol 5 0.15 0.03 2.13E-05
HMDB00092 dimethylglycine 4 0.11 0.04 3.37E-03
HMDB00099 cystathionine 3 0.15 0.17 2.24E-03
HMDB00122 glucose 6 0.23 0.04 1.02E-09
HMDB00123 glycine 5 -0.05 0.09 2.42E-06
HMDB00126 glycerol 3-phosphate 4 -0.08 0.06 2.12E-02
HMDB00127 glucuronate 4 0.32 0.05 4.05E-12
HMDB00134 fumarate 3 0.23 0.12 3.63E-04
HMDB00138 glycocholate 3 0.11 0.17 7.05E-03
HMDB00148 glutamate 4 0.16 0.18 1.74E-10
HMDB00156 malate 4 0.15 0.04 1.00E-04
HMDB00167 threonine 4 -0.13 0.04 5.16E-04
HMDB00168 asparagine 4 -0.04 0.17 3.09E-08
HMDB00172 isoleucine 6 0.12 0.04 9.86E-04
HMDB00177 histidine 6 -0.14 0.03 1.02E-04
HMDB00187 serine 4 -0.19 0.06 9.65E-06
HMDB00190 lactate 6 0.11 0.07 1.72E-04
HMDB00206 N6-acetyllysine 3 0.18 0.04 1.61E-06
HMDB00211 myo-inositol 4 0.12 0.04 1.94E-03
HMDB00247 mannitol/sorbitol 3 0.34 0.06 1.76E-09
HMDB00254 succinate 4 0.16 0.04 1.77E-05
HMDB00259 serotonin 4 -0.12 0.04 1.62E-03
HMDB00289 urate 4 0.12 0.04 1.19E-03
HMDB00296 uridine 4 -0.20 0.04 6.34E-08
HMDB00462 allantoin 4 0.11 0.07 1.29E-02
HMDB00555 3-methyladipate 3 0.24 0.06 9.37E-05
HMDB00637 glycochenodeoxycholate 3 0.14 0.09 3.22E-03
HMDB00641 glutamine 4 -0.13 0.17 2.88E-10
HMDB00682 3-indoxyl sulfate 4 0.11 0.04 3.16E-03
HMDB00684 kynurenine 4 0.15 0.04 1.97E-04
HMDB00699 1-methylnicotinamide 3 -0.17 0.05 2.12E-03
HMDB00708 glycoursodeoxycholate 3 0.10 0.06 8.07E-03
HMDB00767 pseudouridine 3 0.19 0.04 2.02E-06
HMDB00840 2-hydroxyhippurate (salicylurate) 4 0.16 0.08 4.74E-03
HMDB00929 tryptophan 4 -0.09 0.04 1.54E-02
HMDB01043 arachidonate (20:4n6) 3 0.12 0.07 2.48E-04
HMDB01999 eicosapentaenoate (EPA; 20:5n3) 3 0.14 0.04 1.74E-04
HMDB02329 oxalate (ethanedioate) 3 0.15 0.14 5.91E-03
HMDB02925 dihomo-linolenate (20:3n3 or n6) 3 0.07 0.14 1.75E-05
HMDB03681 4-acetamidobutanoate 3 0.12 0.04 1.67E-03
HMDB04193 N1-Methyl-2-pyridone-5-carboxamide 3 0.11 0.04 2.49E-03
HMDB04949 N-palmitoyl-sphingosine (d18:1/16:0) 3 0.18 0.05 8.36E-04
HMDB06344 phenylacetylglutamine 3 0.12 0.04 2.80E-03
HMDB07103 1-palmitoyl-2-linoleoyl-glycerol (16:0/18:2) 3 0.19 0.06 9.77E-04
HMDB08993 1-stearoyl-2-oleoyl-GPE (18:0/18:1) 3 0.35 0.24 1.31E-03
HMDB08994 1-stearoyl-2-linoleoyl-GPE (18:0/18:2) 3 0.32 0.21 5.53E-03
HMDB10386 1-linoleoyl-GPC (18:2) 4 -0.10 0.06 5.62E-03
HMDB10395 1-arachidonoyl-GPC (20:4) 4 -0.12 0.06 1.01E-03
HMDB11103 1.7-dimethylurate 3 0.10 0.04 1.95E-02
HMDB11130 1-stearoyl-GPE (18:0) 4 0.13 0.04 2.17E-04
HMDB11211 1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2) 3 -0.14 0.06 1.44E-02
HMDB11503 1-palmitoyl-GPE (16:0) 4 0.17 0.05 7.34E-06
HMDB11506 1-oleoyl-GPE (18:1) 4 0.12 0.06 1.28E-03
HMDB13127 hydroxybutyrylcarnitine 4 0.08 0.05 1.94E-02
HMDB13678 4-hydroxyhippurate 3 0.10 0.04 1.68E-02
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Supplementary Table 5.4 Meta-analysis results from the 56 metabolites significantly

associated with incident MI when the analyses were run excluding the cohorts in

which MI was assessed by self-reported questionnaires (TwinsUK and ET2DS). TE

and SE refer to estimated overall treatment effect and standard error, respectively.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 5.5 Meta-analysis results from the 56 metabolites significantly

associated with incident MI when the models were further adjusted for prevalent

hypertension, prevalent type-2 diabetes and prevalent dyslipidemia. Significant

associations are marked in red. TE and SE refer to estimated overall treatment effect

and standard error, respectively.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 5.6 Meta-analysis results from the 56 metabolites significantly

associated with incident MI when the models were stratified by race (White

individuals and Black individuals). Significant associations are marked in red. TE

and SE refer to estimated overall treatment effect and standard error, respectively.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 5.7 Metabolites associated (meta-analysis nominal p-value<0.05)

with prevalent MI, and that are also significantly associated with incident MI

(meta-analysis FDR<0.05). TE and SE refer to estimated overall treatment effect and

standard error, respectively.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.



Circulating biomarkers of incident myocardial infarction 105

Supplementary Table 5.8 Enrichment pathway analysis results showing all the

identified pathways. ‘Total’ indicates the number of metabolites that are involved in each

pathway, whereas ‘Hits’ indicates the number of metabolites associated with incident MI

that are present in each pathway.

Pathway Name Hits Total P-value -log(p-value) FDR Impact Matched Metabolites

Aminoacyl-tRNA biosynthesis 9 48 1.00E-06 6.00E+00 8.44E-05 0.17
Glycine, Histidine, Glutamine, Serine,

Asparagine, Glutamate, Isoleucine,
Threonine, Tryptophan

Alanine, aspartate and glutamate metabolism 5 28 4.41E-04 3.36E+00 1.85E-02 0.31
Glutamine, Aspargine, Glutamate,

Fumarate, Succinate

Glyoxylate and dicarboxylate metabolism 5 32 8.40E-04 3.08E+00 2.04E-02 0.15
Glycine, Glutamine, Serine,

Glutamate, Malate

Glycine, serine and threonine metabolism 5 33 9.73E-04 3.01E+00 2.04E-02 0.54
Glycine, Serine, Threonine,

Dimethylglycine, Cystathionine
Arginine biosynthesis 3 14 4.11E-03 2.39E+00 6.90E-02 0.12 -
Nitrogen metabolism 2 6 8.25E-03 2.08E+00 9.90E-02 0 -

D-Glutamine and D-glutamate metabolism 2 6 8.25E-03 2.08E+00 9.90E-02 0.5 -
Citrate cycle (TCA cycle) 3 20 1.16E-02 1.93E+00 1.16E-01 0.11 -

Valine, leucine and isoleucine biosynthesis 2 8 1.49E-02 1.83E+00 1.16E-01 0 -
Ascorbate and aldarate metabolism 2 8 1.49E-02 1.83E+00 1.16E-01 0.5 -

Pyruvate metabolism 3 22 1.52E-02 1.82E+00 1.16E-01 0.03 -
Primary bile acid biosynthesis 4 46 2.40E-02 1.62E+00 1.68E-01 0.08 -

Butanoate metabolism 2 15 5.03E-02 1.30E+00 2.80E-01 0 -
Nicotinate and nicotinamide metabolism 2 15 5.03E-02 1.30E+00 2.80E-01 0.14 -
Biosynthesis of unsaturated fatty acids 3 36 5.56E-02 1.25E+00 2.80E-01 0 -

Glycerophospholipid metabolism 3 36 5.56E-02 1.25E+00 2.80E-01 0.2 -
Histidine metabolism 2 16 5.66E-02 1.25E+00 2.80E-01 0.22 -

Tryptophan metabolism 3 41 7.64E-02 1.12E+00 3.57E-01 0.34 -
Sphingolipid metabolism 2 21 9.18E-02 1.04E+00 4.06E-01 0.27 -

Glycolysis / Gluconeogenesis 2 26 1.32E-01 8.80E-01 5.53E-01 0 -
Galactose metabolism 2 27 1.40E-01 8.54E-01 5.60E-01 0 -

Glutathione metabolism 2 28 1.49E-01 8.28E-01 5.68E-01 0.11 -
Porphyrin and chlorophyll metabolism 2 30 1.66E-01 7.80E-01 5.81E-01 0 -

Inositol phosphate metabolism 2 30 1.66E-01 7.80E-01 5.81E-01 0.13 -
Cysteine and methionine metabolism 2 33 1.93E-01 7.15E-01 6.48E-01 0.2 -

Caffeine metabolism 1 10 2.20E-01 6.57E-01 7.12E-01 0 -
Arginine and proline metabolism 2 38 2.38E-01 6.23E-01 7.41E-01 0.09 -

Pyrimidine metabolism 2 39 2.48E-01 6.06E-01 7.43E-01 0.02 -
Tyrosine metabolism 2 42 2.75E-01 5.60E-01 7.97E-01 0.02 -

Glycosylphosphatidylinositol (GPI)-anchor biosynthesis 1 14 2.95E-01 5.31E-01 8.25E-01 0 -
Glycerolipid metabolism 1 16 3.29E-01 4.83E-01 8.92E-01 0.04 -

Pentose and glucuronate interconversions 1 18 3.62E-01 4.41E-01 9.50E-01 0.12 -
Fructose and mannose metabolism 1 20 3.93E-01 4.05E-01 1.00E+00 0.03 -

Beta-Alanine metabolism 1 21 4.08E-01 3.89E-01 1.00E+00 0 -
Propanoate metabolism 1 23 4.37E-01 3.59E-01 1.00E+00 0 -

Purine metabolism 2 65 4.79E-01 3.19E-01 1.00E+00 0 -
Phosphatidylinositol signaling system 1 28 5.04E-01 2.98E-01 1.00E+00 0.04 -

Arachidonic acid metabolism 1 36 5.95E-01 2.25E-01 1.00E+00 0.31 -
Valine, leucine and isoleucine degradation 1 40 6.34E-01 1.98E-01 1.00E+00 0 -

Steroid biosynthesis 1 42 6.52E-01 1.85E-01 1.00E+00 0.03 -
Steroid hormone biosynthesis 1 85 8.86E-01 5.27E-02 1.00E+00 0.01 -
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Supplementary Text 5.1 Definition of MI by each COMETS cohort, and definition of

the covariables used to adjust the statistical models.

MI was defined by each cohort as follows:

- ARIC: MI was assessed by hospital records and echocardiograms at follow-up

visits, and by participants’ medical histories and electrocardiograms administered at

baseline visits.

- ET2DS: International Classification of Diseases (ICD) codes 121-123 were used for

hospitalization and death records. Chest pain questionnaires, general practitioner

records, and self-report questionnaires were also used to assist in identification.

- GDM: The patient’s electronic medical records were reviewed and consider MI

whether MI diagnosis was given by a cardiologist based on clinical evidence and

complementary tests.

- HABC: Each participant was contacted every 6 months to query hospitalizations

or major outpatient procedures. If participants could not be reached, information

was ascertained from proxies. Records from all overnight hospitalizations were

obtained and reviewed for incident MI. MI diagnoses were adjudicated by physicians

at clinical sites from hospitalization and/or death records. The underlying and

contributing causes of death were obtained from death certificates and including the

adjudication.

- TwinsUK: MI was self-reported in questionnaires.

- WHI: In the WHI, the endpoint included MI or death due to CHD, and all events

were confirmed by medical records and adjudication by a physician.

- KORA: MI were identified via the KORA Augsburg coronary event registry or

through questionnaires for participants residing outside the study area 59.

MI prevalence and incidence, and the covariables were coded identically across the cohorts

as indicated below:
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- Prevalent MI: A given person had already suffered from MI at the time of the blood

sample/metabolomics profiling (Prevalent MI = 1; dichotomous variable).

- Incident MI: A given person suffered from MI after the blood sample/metabolomics

profiling (Incident MI = 1; dichotomous variable).

- Age baseline: age (years) of a subject at baseline timepoint.

- Age follow-up: age (years) of a subject at follow-up timepoint.

- Gender: dichotomous variable (1 or 0):

- 1 = male

- 0 = female

- BMI: body mass index (kg/m2) of a subject at baseline timepoint.

- Smoking status: categorical variable with 3 levels:

- 0 = never smoker

- 1 = former smoker

- 2 = current smoker

- Race: categorical variable indicating the ancestry:

- 0 = White/European ancestry

- 1 = Non-European ancestry

- Education level: categorical variable with 4 levels:

- 0 = did not complete high school

- 1 = completed high school

- 2 = post-high school training/ some college

- 3 = completed college

- Alcohol consumption: categorical variable with 4 levels:

- 0 = zero alcohol intake

- 1 = <0, 15] g/day
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- 2 = <15, 30] g/day

- 3 = >30 g/day

- Physical activity level: categorical variable with 3 levels:

- 0 = low

- 1 = medium or missing

- 2 = high

- Prevalent type-2 diabetes: dichotomous variable (1 or 0):

- 0 = Type-2 diabetes had not been diagnosed by the time of the blood

sample/metabolomics profiling (baseline)

- 1 = Type-2 diabetes had been diagnosed by the time of the blood

sample/metabolomics profiling (baseline)

- Prevalent hypertension (defined as systolic blood pressure>140 mmHg or diastolic

blood pressure >90 mmHg or taking hypertension-lowering medications or diagnosed

by the doctor as having hypertension at baseline): dichotomous variable (1 or 0):

- 0 = Hypertension had not been diagnosed by the time of the blood

sample/metabolomics profiling (baseline)

- 1 = Hypertension had been diagnosed by the time of the blood

sample/metabolomics profiling (baseline)

- Prevalent dyslipidaemia (defined as high levels of total cholesterol (>240 mg/dL) or

high levels of triglycerides (≥500 mg/dL) or low levels of HDL cholesterol (≤40

mg/dL): dichotomous variable (1 or 0):

- 0 = Dyslipidaemia had not been diagnosed by the time of the blood

sample/metabolomics profiling (baseline)

- 1 = Dyslipidaemia had been diagnosed by the time of the blood

sample/metabolomics profiling (baseline)
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Supplementary Text 5.2 STROBE Statement—Checklist of items that should be

included in reports of cohort studies

Item No Recommendation

Title and abstract 1
(a) Indicate the study’s design with a commonly

used term in the title or the abstract
(b) Provide in the abstract an informative and

balanced summary of what was done and what was found
Introduction

Background/rationale 2
Explain the scientific background and rationale

for the investigation being reported
Objectives 3 State specific objectives, including any prespecified hypotheses

Methods
Study design 4 Present key elements of study design early in the paper

Setting 5
Describe the setting, locations, and relevant dates, including periods

of recruitment, exposure, follow-up, and data collection

Participants 6
(a) Give the eligibility criteria and the sources and methods of

selection of participants. Describe methods of follow-up
(b) For matched studies, give matching criteria and number of exposed and unexposed

Variables 7
Clearly define all outcomes, exposures, predictors, potential confounders,

and effect modifiers. Give diagnostic criteria, if applicable

Data sources/measurement 8*
For each variable of interest, give sources of data and

details of methods of assessment (measurement). Describe comparability
of assessment methods if there is more than one group

Bias 9 Describe any efforts to address potential sources of bias
Study size 10 Explain how the study size was arrived at

Quantitative variables 11
Explain how quantitative variables were handled in the analyses.

If applicable, describe which groupings were chosen and why

Statistical methods 12

(a) Describe all statistical methods,
including those used to control for confounding

(b) Describe any methods used to examine subgroups and interactions
(c) Explain how missing data were addressed

(d) If applicable, explain how loss to follow-up was addressed
(e) Describe any sensitivity analyses

Results

Participants 13*

(a) Report numbers of individuals at each stage of study—
eg numbers potentially eligible, examined for eligibility, confirmed eligible,

included in the study, completing follow-up, and analysed
(b) Give reasons for non-participation at each stage

(c) Consider use of a flow diagram

Descriptive data 14*

(a) Give characteristics of study participants
(eg, demographic, clinical, social)

and information on exposures and potential confounders
(b) Indicate number of participants with missing data for each variable of interest

(c) Summarise follow-up time (eg, average and total amount)
Outcome data 15* Report numbers of outcome events or summary measures over time

Main results 16

(a) Give unadjusted estimates and, if applicable, confounder-adjusted
estimates and their precision (eg, 95% confidence interval).

Make clear which confounders were adjusted for and why they were included
(b) Report category boundaries when continuous variables were categorised

(c) If relevant, consider translating estimates of relative risk
into absolute risk for a meaningful time period

Other analyses 17
Report other analyses done—eg analyses of subgroups

and interactions, and sensitivity analyses
Discussion

Key results 18 Summarise key results with reference to study objectives

Limitations 19
Discuss limitations of the study, taking into account sources of potential bias or imprecision.

Discuss both direction and magnitude of any potential bias

Interpretation 20
Give a cautious overall interpretation of results considering
objectives, limitations, multiplicity of analyses, results from

similar studies, and other relevant evidence
Generalisability 21 Discuss the generalisability (external validity) of the study results

Other information

Funding 22
Give the source of funding and the role of the funders for the present study

and, if applicable, for the original study on which the present article is based
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*Give information separately for exposed and unexposed groups.

Note: An Explanation and Elaboration article discusses each checklist item and gives

methodological background and published examples of transparent reporting. The

STROBE checklist is best used in conjunction with this article (freely available on the Web

sites of PLoS Medicine at http://www.plosmedicine.org/, Annals of Internal Medicine at

http://www.annals.org/, and Epidemiology at http://www.epidem.com/). Information on

the STROBE Initiative is available at http://www.strobe-statement.org.

http://www.plosmedicine.org/
http://www.annals.org/
http://www.epidem.com/
http://www.strobe-statement.org


Chapter 6

A faecal metabolite signature of

prediabetes

10.5% of the total population is affected by T2D. Before the disease onset, individuals

suffer from prediabetes. Prediabetes is a reversible metabolic condition associated with

the gut microbiome, however, mechanisms remain elusive. Faecal metabolites provide a

functional readout of the gut microbiome, offering a novel framework for investigating the

impact of the gut microbiome on human health.

In this chapter, I search for a faecal metabolite signature associated with prediabetes and

predictive of incident T2D. Moreover, I analyse the association between the identified

signature and the gut microbiome composition to gain insights into the underlying

mechanisms of action.

The obtained results illustrate a novel mechanism through which the gut microbiome

impacts prediabetes. Specifically, the gut microbiome might influence prediabetes by

affecting intestinal absorption or excretion of host compounds and xenobiotics.

QC of the faecal metabolites was conducted by Ms Francesca Tettamanzi. Dr Colette

Christiansen cleaned the diabetic data. Andrei-Florin Balean processed the stool samples

for the gut microbiome sequencing, and Dr Alessia Visconti generated and performed
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the quality control of the shotgun metagenome data. I conducted the statistical analyses

on TwinsUK and Ms Qiuling Dong replicated the results in KORA. Finally, I wrote the

original draft of the manuscript.

This chapter has been published in Diabetes (Nogal et al., 2023). An extension of the

discussion, which is not included in the published manuscript, can be found in Appendix

B.
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Prediabetes is ametabolic condition associatedwith gutmi-
crobiome composition, although mechanisms remain elu-
sive. We searched for fecal metabolites, a readout of gut
microbiome function, associated with impaired fasting glu-
cose (IFG) in 142 individuals with IFG and 1,105 healthy indi-
viduals from the UKAdult Twin Registry (TwinsUK). We used
the Cooperative Health Research in the Region of Augsburg
(KORA) cohort (318 IFG individuals, 689 healthy individuals)
to replicate our findings. We linearly combined eight IFG-
positively associatedmetabolites (1-methylxantine, nicoti-
nate, glucuronate, uridine, cholesterol, serine, caffeine,
and protoporphyrin IX) into an IFG-metabolite score, which
was significantly associated with higher odds ratios (ORs)
for IFG (TwinsUK: OR 3.9 [95% CI 3.02–5.02], P < 0.0001,
KORA: OR 1.3 [95% CI 1.16–1.52], P < 0.0001) and incident
type 2 diabetes (T2D; TwinsUK: hazard ratio 4 [95% CI
1.97–8], P = 0.0002). Although these are host-producedme-
tabolites, we found that the gut microbiome is strongly as-
sociated with their fecal levels (area under the curve
>70%). Abundances of Faecalibacillus intestinalis, Dorea
formicigenerans, Ruminococcus torques, and Dorea sp.
AF24-7LB were positively associated with IFG, and such
associations were partially mediated by 1-methylxanthine
and nicotinate (variance accounted for mean 14.4% [SD
5.1], P < 0.05). Our results suggest that the gut microbiome
is linked to prediabetes not only via the production of
microbial metabolites but also by affecting intestinal
absorption/excretion of host-produced metabolites and

xenobiotics, which are correlated with the risk of IFG.
Fecal metabolites enablemodeling of anothermechanism
of gutmicrobiome effect on prediabetes and T2D onset.

Type 2 diabetes (T2D) is a leading cause of mortality and
morbidity (1), affecting >536.6 million people (10.5% of
the total population) worldwide (2), thus representing a
huge public health burden (1). The causation of T2D is mul-
tifactorial, influenced by host genetics and environmental

ARTICLE HIGHLIGHTS

• Prediabetes is a metabolic condition associated with gut
microbiome composition, although mechanisms remain
elusive.

• We investigated whether there is a fecal metabolite sig-
nature of impaired fasting glucose (IFG) and the possible
underlyingmechanisms of action.

• We identified a fecal metabolite signature of IFG associ-
ated with prevalent IFG in two independent cohorts and
incident type 2 diabetes in a subanalysis. Although the
signature consists of metabolites of nonmicrobial origin, it
is strongly correlatedwith gutmicrobiome composition.

• Fecal metabolites enable modeling of another mecha-
nism of gutmicrobiome effect on prediabetes by affecting
intestinal absorption or excretion of host compounds and
xenobiotics.
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factors, including diet, obesity, inactivity, and smoking, and
the interaction between these factors (3). Furthermore, its
onset is gradual, with people progressing through a state of
prediabetes (4), and is defined as impaired levels of fasting
glucose (IFG), and/or glucose intolerance, and/or elevated
hemoglobin A1c (HbA1c) (5).

Over the past decade, T2D and prediabetes have been
linked by us and others (6–8) to changes in the gutmicrobiota,
and we have recently demonstrated that T2D development is
preceded by an alteration in gut microbiota composition (7). A
critical challenge in human microbiome research, however, is
to characterize and quantify metabolic activity across the full
microbial ecosystem (9). The gut microbiome is highly vari-
able, and different bacterial types may have similar metabolic
effects on the host. Microbial metabolites are now widely seen
as keymediators of the effects of gut microbiome composition
on human physiology (10). Fecal metabolites provide a func-
tional readout of the gut microbiome (11,12) and are a novel
tool to explore links between gut microbiome composition
and activity, host phenotypes, and heritable complex traits,
thus improving our understanding of the impact that the gut
microbiome can have on its host (11). As the gut microbiome
is modifiable with nutritional and lifestyle interventions (13),
it is of utmost importance to identify alterations in the fecal
metabolites abundances, which reflect metabolic activity per-
turbations of the human gut microbial ecosystem that might
lead to T2D onset.

In the first fecal metabolomics study of prediabetes to
date, we aim to identify a fecal metabolite signature of this
condition in two independent cohorts to shed light on
mechanisms of action underlying T2D onset and develop-
ment. Addressing this challenge also has long-term im-
plications for future studies into therapies and lifestyle
interventions that alter microbial metabolic activity to
improve human health.

RESEARCH DESIGN AND METHODS

A flowchart of the study design with the main results is
presented in Fig. 1.

Discovery Cohort
We analyzed data from 1,247 nonrelated individuals fromUK
Adult Twin Registry (TwinsUK) (14), for whom concurrent

nontargeted fecal metabolomic profiling (526 metabolites
at fasting) and glucose/diabetes information were available
(cross-sectional design). Concurrent metagenome sequencing
(as a measure of the gut microbiome composition) was also
available for a subset of 342 individuals. Subjects were classi-
fied into three groups following the American Diabetes As-
sociation criteria based on isolated fasting glucose levels
(15) at the time of the initial sampling and at subsequent
visits (on average, 3.5 [SD 2.0] visits, 4.6 [SD 2.7] years
apart): individuals with T2D (fasting glucose $7 mmol/L or
physician’s letter confirming diabetes diagnosis), individuals
with IFG (fasting glucose>5.5 to<7mmol/L, not on diabetes
medication), and subjects without IFG and T2D (fasting glu-
cose>3.9 to#5.5mmol/L) (see Table 1). We refer to “healthy
individuals” to indicate individuals without IFG and/or T2D.

Only one twin per twin pair was included in the analyses
to eliminate potential bias through correlated error, which
might inflate effect estimates.

In a small subanalysis, we included individuals with inci-
dent T2D (average follow-up time 2.1 [SD 1.3] years) and an
independent subset of healthy individuals who remained
healthy during follow-up.

All twins provided informed written consent and the
study was approved by St Thomas’ Hospital Research Ethics
Committee (REC Ref: EC04/015).

Replication Cohort
The Cooperative Health Research in the Region of Augsburg
(KORA) study is a population-based cohort study. The
KORA FF4 study (2013–2014) is the second follow-up of
KORA S4 (1999–2001). The 1,007 samples included in the
study were collected in the morning between 8:00 A.M. and
10:30 A.M. after at least 8 h of fasting. Metabolon untargeted
liquid chromatography/mass spectrometry (MS)-based tech-
niques were applied to measure the metabolites in the
KORA cohort (a different version of the platform used in
TwinsUK). Healthy individuals and IFG individuals were as-
signed based on the same criteria as in TwinsUK (described
in the above section and in Table 1).

Fecal Metabolomics Profiling
Metabolomics profiling was conducted using ultrahigh-
performance liquid chromatography-tandem MS (MS/MS)
by the metabolomics provider Metabolon Inc. (Morrisville,

11Metabolon, Morrisville, NC
12Munich Heart Alliance, German Center for Cardiovascular Research (DZHK e.V.,
Partner-Site Munich), Munich, Germany
13Lund University Diabetes Center, Lund University, Malm€o, Sweden
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NC) on fecal samples from participants in the TwinsUK
and KORA cohorts (Supplementary Material). The metabo-
lomic data set measured by Metabolon includes 526 known
metabolites for TwinsUK belonging to the following broad
categories—amino acids, peptides, carbohydrates, energy in-
termediates, lipids, nucleotides, cofactors and vitamins, and
xenobiotics—of which 357 were also measured in KORA.
These include metabolites of established microbial origin
(16). A complete list of the included metabolites with their
superpathways, subpathways, Kyoto Encyclopedia of Genes
and Genomes and Human Metabolome Database identifiers
are reported in Supplementary Table 1. We imputed to the
day minimum metabolites with <20% missing.

Metagenomic Assessment
Gut microbiota composition was generated from fecal shot-
gun metagenomes for a subset of the discovery cohort. DNA
extraction, library preparation, and sequencing were

conducted as detailed in Visconti et al. (11). For details see
the Supplementary Material. Of note, gut microbiota com-
position is described by species-level genome bins (SGBs),
which is the best proxy to define microbial species (17).

Statistical Analysis
Statistical analyses were conducted using R 4.2.2 software.
To identify a fecal metabolite signature of prediabetes, we
ran logistic regressions adjusting for age, BMI, sex, and mul-
tiple testing using the Benjamini and Hochberg method (18)
(false discovery rate [FDR]<0.05). We then checked whether
the metabolites significantly associated with IFG in the dis-
covery set were also replicated in KORA (P< 0.1). We used a
less stringent threshold for KORA because of the winner’s
curse (the effect sizes of the most strongly associated variables
within a cohort-specific analysis are inflated) (19). Results
were meta-analyzed using inverse-variance random-effect
meta-analysis. We then created the IFG-metabolite score

Figure 1—Flowchart of the study design with the main results. Data, aims, methods, and results are shown in gray, blue, green, and pink
squares, respectively. Mediation analyses were also performed for the metabolites making up the score that was predicted by the gut mi-
crobiome composition with an AUC>70%. Cov, covariates (age, BMI, and sex).
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by linearly combining the replicated metabolites along
with covariates. To assess the performance of the score in
predicting prevalent IFG and incident T2D, we calculated
the area under the curve (AUC) values obtained using five-
fold cross-validation (caret package implemented in R [20]).
Finally, logistic and Cox regressions were used to investigate
the association between the IFG score (Z-scaled) and preva-
lent IFG risk and incident T2D risk, respectively.

Given the strong association between fecal metabolites
and gut microbiome composition (12), we investigated to
what extent the gut microbiota composition was associated
with each of the replicated metabolites using random for-
est regressors and classifiers with compositional data and
fivefold cross-validation. The performance was calculated
using the average of the obtained Spearman correlations
between the observed metabolite levels and the levels pre-
dicted by the model (denoted as r) over the fivefolds used
as a test set for the regressors and the average of the ob-
tained AUC values over the testing folds for the classifiers.
For details see the Supplementary Material.

We further investigated the associations between their
top 100 bacterial features and IFG by running logistic regres-
sionmodels adjusting for covariates andmultiple testing spe-
cies (FDR <0.05). Specifically, we included all of the fecal
metabolites that could be predicted by the gut microbiome
with an AUC >70%, and we then focused on those that had
an outstanding prediction performance (AUC>90%).

Finally, we used formal mediation analysis as implemented
in the R package “mediation” with 1,000 nonparametric boot-
strap samples (21) to test themediation effects of themetabo-
lites on the total effect of the gut bacteria on IFG. The
mediationmodel was used to quantify both the direct effect of
these gut bacterial species on IFG and the indirect (mediated)
effects mentioned above while controlling for age, BMI, and
sex. The variance accounted for (VAF) score, which represents
the ratio of indirect-to-total effect and determines the propor-
tion of the variance explained by the mediation process, was
used to determine the significance of themediation effect.

Data and Resource Availability
The data used in this study are held by the Department of
Twin Research at King’s College London. The data can be
released to bona fide researchers using our normal proce-
dures overseen by the Wellcome Trust and its guidelines as
part of our core funding (https://twinsuk.ac.uk/resources-
for-researchers/access-our-data/). The gut microbiome data
are available on EBI (https://www.ebi.ac.uk/) under accession
number PRJEB32731 (TwinsUK). The KORA FF4 datasets
are available upon application through the KORA-PASST
(project application self-service tool, https://www.helmholtz-
munich.de/epi/research/cohorts/kora-cohort/data-use-and-
access-via-korapasst/index.html).

RESULTS

We included 1,247 unrelated individuals from the TwinsUK
cohort who had fecal metabolite measures along with

glucose/diabetes and prediabetes information. Of these, 142
individuals had IFG (mean fasting glucose 5.9 mmol/L
[SD 0.4]) and 1,105 were healthy individuals (mean fasting
glucose 4.5 mmol/L [SD 0.3]). Descriptive characteristics of
the discovery and replication populations are included in
Table 1.

Fecal Metabolites Associated Cross-sectionally to IFG
Of the 526 known fecal metabolites analyzed in TwinsUK,
the fecal abundances of 26 compounds were associated
with IFG after adjusting for age, BMI, sex, and multiple
testing (FDR <0.05) (Fig. 2). Identified metabolites were
mainly amino acids (n = 7) and lipids (n = 7), but also in-
cluded xenobiotics (n = 4), cofactors and vitamins (n = 3),
nucleotides (n = 2), carbohydrates (n = 2), and one energy-
related metabolite (Fig. 2). All significant metabolites, but
3-hydroxyoleate, octadecanedioate (C18-DC), azelate (C9-
DC), g-tocotrienol, and enterolactone, were positively asso-
ciated with IFG (Fig. 2). Of the 26 metabolites, 18 were
alsomeasured in KORA (Supplementary Table 1), and 8me-
tabolites were replicated (P < 0.1) (Fig. 3). These were the
lipid cholesterol (sterol metabolism), the carbohydrate glu-
curonate (aminosugar metabolism), the cofactors/vitamins
nicotinate (nicotinate and nicotinamide metabolism) and pro-
toporphyrin IX (hemoglobin and porphyrin metabolism),
the xenobiotics caffeine and 1-methylxanthine (both in-
volved in the xanthine metabolism), the amino acid serine
(glycine, serine, and threonine metabolism), and the nucleo-
tide uridine (pyrimidine metabolism). The correlation matri-
ces for the eight fecal metabolites in TwinsUK and KORA
are depicted in Supplementary Fig. 1. We combined the
results from both cohorts using inverse-variance random-
effect meta-analysis (Fig. 3).

IFG-Metabolite Score and Predictive Power
We then generated the IFG-metabolite score using TwinsUK
individuals:

IFG-metabolite score = �8.79 1 0.07 × glucuronate 1
0.25 × protoporphyrin IX 1 0.09 × 1-methylxanthine 1
0.14 × cholesterol 1 0.04 × serine 1 0.07 × uridine 1 0.04 ×
nicotinate 1 0.17 × caffeine 1 0.07 × age 1 0.1 × BMI �
0.6 × sex (female = 1)

The IFG-metabolite score was associated with an in-
creased risk of IFG in TwinsUK (odds ratio [OR] 3.9
[95% CI 43.02–5.02], P < 0.0001) and in KORA (OR 1.3
[95% CI 1.16–1.52], P < 0.0001). The association re-
mained significant when further adjusting for clinical cova-
riates (i.e., systolic and diastolic blood pressure, circulating
levels of HDL, total cholesterol, and triglycerides, alter-
native health eating index [aHEI – not available in
KORA], activity levels and smoking status) (Table 1) in
both cohorts (TwinsUK: OR 3.4 [95% CI 2.65–4.49], P <
0.0001; KORA: OR 1.2 [95% CI 1.06–1.41], P = 0.008).
Finally, the IFG-metabolite score accurately predicted
prevalent IFG in TwinsUK with an AUC of 79.8% (95% CI
76.3–83.3) in fivefold stratified cross-validation and
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outperformed the model including only covariates (AUC
77.2% [95% CI = 73.6–81]) by 2.6% (D95% CI 2.7–2.1).
In KORA, the IFG-metabolite score (top vs. lowest dec-
ile) could satisfactory predict prevalent IFG (AUC 65.4
[95% CI 57.9–73]).

Subanalysis: Incident T2D
In a small independent sample from TwinsUK (descrip-
tive characteristics are shown in Table 1) consisting of
17 healthy individuals (different from the healthy sub-
jects of the IFG data set) and 10 individuals with inci-
dent T2D (follow-up time between fecal metabolite
measurements and incident events: mean 2.1 [SD 1.3] years),
the IFG-metabolite score was also predictive of an in-
creased risk of incident T2D (hazard ratio 4 [95% CI
1.97–8], P = 0.0002) in TwinsUK after further adjusting
for baseline circulating glucose levels. It also accurately pre-
dicted incident T2D (AUC 83.3% [95% CI 74.4–92.2]),
while a model using baseline circulating glucose levels as
predictor presented a lower prediction power (AUC 72.4%
[95% CI 51.8–92.9]).

Gut Microbiome–Fecal Metabolites Association
We further evaluated the extent to which the gut microbiota
was associated with the fecal abundances of the eight repli-
cated metabolites using the AUC obtained by the random
forest classifiers and the Spearman correlations (denoted as
r) between the real abundances and predicted values by the
random forest regressors. We included a subset of 342 indi-
viduals from TwinsUK with concurrent gut microbiota com-
position assessed by shotgun metagenomics and fecal
metabolites measurements. Descriptive characteristics of
this subset are shown in Supplementary Table 2.

The gut microbiome composition was strongly associated
with the replicatedmetabolites, with performancemetric val-
ues ranging from an AUC of 70.7% (95% CI, 69.1–72.4) and
r = 0.24 (95% CI, 0.23–0.25) for caffeine to an AUC of
91.4% (95% CI, 90.8–91.9) and r = 0.62 (95% CI, 0.62–0.62)
for 1-methylxanthine (Fig. 4A and Supplementary Table 3).
Protoporphyrin IX was the only metabolite presenting a
moderate association (AUC 64.8% [95% CI 63.9–65.6]; r =
0.25 [95% CI 0.24–0.26]) (Fig. 4A).

We then investigated whether the abundances from
their top 100 bacterial features based on the random

Figure 2—Fecal metabolites significantly associated with IFG in 1,247 individuals from TwinsUK after adjusting for baseline age and BMI,
sex, and multiple testing (FDR<0.05). Bars represent the OR. Base labels illustrate subpathways. met., metabolism.
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forest models were also significantly associated with IFG
(Supplementary Table 4). We focused on the fecal metab-
olites that presented the strongest associations with the
gut microbiome composition (AUC >90%—outstanding
prediction performance; 1-methylxathine and nicoti-
nate). We identified four characterized gut bacterial
species for 1-methylxanthine and nicotinate, of which
three overlapping (overlapping: Dorea formicigenerans,
Ruminococcus torques, and Faecalibacillus intestinalis;
1-methylxanthine only: Dorea sp. AF24-7LB; nicotinate
only: Dorea sp. AF36-15AT), that were positively associ-
ated with IFG after adjusting for age, BMI and sex
(FDR <0.05) (Supplementary Table 4). We, therefore, per-
formed a formal mediation analysis adjusting for age, BMI,
and sex to determine whether 1-methylxanthine and/or nic-
otinate mediated the associations between these species

and IFG. The analysis revealed that 1-methylxanthine acted
as a potential mediator in the positive associations of Dorea
sp. AF24-7LB (VAF = 10.3%, P = 0.03) and R. torques (VAF
= 9.7%, P = 0.04) with IFG, while nicotinate acted as a po-
tential mediator in the positive associations of F. intesti-
nalis (VAF = 22.3%, P = 0.002), D. formicigenerans (VAF =
15.8%, P = 0.002), and R. torques (VAF = 14.1%, P = 0.03)
with IFG (Fig. 4B). We further ran mediation analyses for
the metabolites that could be predicted by the gut micro-
biome with an AUC >70%. As reported in Supplementary
Fig. 2, uridine, serine, cholesterol, and caffeine were also
mediators in the associations between different species
(e.g., Dorea spp. and Anaerobutyricum hallii) and IFG. Mod-
els were not further adjusted for other comorbidities (e.g.,
systolic and diastolic blood pressure, circulating levels of
HDL, total cholesterol and triglycerides, aHEI, activity

Figure 3—Fecal metabolites significantly associated with IFG after adjusting for age, BMI, and sex in TwinsUK (FDR <0.05), KORA (P < 0.1)
and in the overall cohort (applying inverse-variance random-effect meta-analysis). The OR and 95% CI are indicated.
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Figure 4—Associations of the gut microbiota with the eight fecal replicated metabolites and IFG in 342 TwinsUK participants. A: Influence of the gut
microbiota composition in the fecal abundances of the eight replicated metabolites estimated by random forest regressors (Spearman correlations
between the real value of eachmetabolite and the value predicted) and classifiers (AUC). Red and blue bars represent the mean AUC and Spearman
correlations with the respective 95% CIs across fivefolds, respectively.B: Mediation analyses of the associations between characterized gut bacterial
species and IFG. Models were adjusted for age, BMI, and sex. Path coefficients are shown beside each path, and indirect effects and VAF score are
indicated below eachmediator (left: nicotinate, right: 1-methylxanthine). Onlymetabolites with a predictive power of AUC>90% inA are shown.
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levels, and smoking status) as these were not significantly
associated with the identified bacterial species or with the
metabolites making up the score (Supplementary Table 5).

DISCUSSION

Here we identify for the first time a fecal metabolite signa-
ture of IFG that is associated with prevalent IFG in two in-
dependent cohorts and is also predictive of incident T2D in
a small subanalysis. The fecal metabolites making up the
score are not microbial-derived metabolites but are “host
metabolites” (e.g., xenobiotics, cofactors, and vitamins).
However, the gut microbiome can accurately predict their
fecal abundances (AUC >70%). It is well known that the
gut microbiome composition can affect diseases via several
mechanisms (22). Circulating microbial metabolites have
been reported by us and others to be reflective of gut mi-
crobiome diversity and composition (6–8) and predictive
of prevalent and incident T2D (7). Taken together, this
suggests that the gut microbiome can influence T2D, not
only by producing metabolites that enter the bloodstream
(7) but also by regulating the absorption or excretion of
host-produced compounds, thereby influencing IFG and
T2D risk. This hypothesis is further supported by the re-
sults of our mediation analysis showing that metabolites
making up the score act as partial mediators on the signifi-
cant associations between several gut microbial species,
(e.g., F. intestinalis, D. formicigenerans, R. torques, and Dorea
sp. AF24-7LB) and IFG.

Studies have shown that gut microbiome composition
differs between individuals with prediabetes/diabetes and
healthy subjects (6,7), with compositional shifts correlated
with synthesis profile changes of gut bacteria-derived me-
tabolites, including short-chain fatty acids, indolepropionic
acid, and trimethylamine (7,22). These “microbial” metabo-
lites enter into the bloodstream and reach different tissues,
where they can influence glucose homeostasis and insulin
resistance by activating or inhibiting signaling pathways
(22). Nevertheless, the identified signature of prediabetes in
this study consists of eight metabolites of nonbacterial ori-
gin. Serine is a nonessential amino acid mainly obtained by
intrinsic synthesis (23). Glucuronate is a sugar acid derived
from glucose and involved in the detoxification of xenobiotic
compounds (24). Protoporphyrin IX is a cofactor ubiqui-
tously present in the human body as a heme precursor (25).
Nicotinate, also known as vitamin B3 and niacin, is a water-
soluble vitamin that can be produced by the human body
from tryptophan (26). Cholesterol, which is mainly pro-
duced by the liver, is an essential lipid of eukaryotic cell
membranes and is also a precursor of bile acids and steroid
hormones (27). Uridine is a necessary pyrimidine nucleotide
for RNA synthesis produced by several reversible reactions
(e.g., dephosphorylation of uridine monophosphate, deam-
ination of a cytidine or combination of uracil and ribose
1-phosphate) (28). Caffeine and 1-methylxanthine are xeno-
biotics involved in the caffeine metabolism pathway (29).

Strikingly, we find that the gut microbiome is strongly as-
sociated with fecal levels of these metabolites, suggesting
that the gut microbiome influences the absorption or excre-
tion of compounds involved in various metabolic pathways
(e.g., cholesterol, uridine, and glucuronate) and xenobiotics
(e.g., caffeine and its derivatives), among others, and such
levels of absorption or excretion are directly related to IFG.
Our findings lead us to speculate that individuals with predi-
abetes present gut microbiome composition perturbations,
which likewise influence the absorption or excretion of the
identified compounds. This is further supported by the me-
diation analyses, which suggest that the associations be-
tween specific gut microbial species, including F. intestinalis,
D. formicigenerans, R. torques, and Dorea sp. AF24-7LB, and
IFG are mainly reflecting the effect of the gut microbiome in
the absorption or excretion of the found compounds.

Under normal conditions, the small intestine can break
down, emulsify, and absorb most nutrients, including fats,
simple carbohydrates, and proteins (30). For instance,<5 g/day
of fat are not absorbed and reach the colon (30). Nonethe-
less, the absorption capability of the gut can be limited de-
pending on the gut microbiome composition (31). A study
conducted by Basolo et al. (31) demonstrated that changes
in participants’ gut microbiome composition, due to diet or
antibiotic use, impaired nutrient absorption. Several mecha-
nisms might explain how gut microbiome composition might
influence absorption, and thus, the disease onset (32–34).
For instance, the gut microbiome can affect the gut barrier,
which consists of a collection of physical and chemical struc-
tures that protect the host from pathogenic invasions and
harmful stimuli (32). This can be provoked by the presence of
pathogen-associated molecular patterns, such as lipopolysac-
charides, in the cell walls of some gram-negative bacteria,
which play an important role in intestinal absorption, blood
glucose, and inflammation (33). Moreover, changes in the
permeability of the gut barrier can be caused by an unbal-
anced increase in bacteria able to degrade mucin (the main
component of mucus, which covers the epithelial surfaces of
the gastrointestinal tract) (32). Indeed, in this study, we
identify that individuals with prediabetes present larger
abundances compared with healthy individuals of the mucin-
degraders D. formicigenerans (35) and R. torques (36), which
have been previously associated with lower nutrient absorp-
tion (36). Finally, some gut microbes can also reduce absorp-
tion in the jejunum by altering the expression of intestinal
transporters of different types of compounds (34).

Another possible explanation for our findings could be a
reduction of specific beneficial bacteria able to use these
compounds, thus resulting in increased excretion (27,37).
In the case of cholesterol, bacterial members of the genera
Bifidobacterium, Lactobacillus, and Peptostreptococcus are
needed to convert cholesterol into coprostanol (27). Like-
wise, an inefficient cholesterol-coprostanol conversion is
linked to cardiometabolic diseases (27). For glucuronate,
most of it is not absorbed by the small intestine; however,
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under normal conditions, the amounts that make it to the
colon are then efficiently used by Bifidobacterium (37).

This work has several strengths. Our study benefits from
a large, accurately phenotyped discovery cohort with metab-
olomic profiling and gut microbiome composition. We were
also able to replicate our findings in a large independent co-
hort, thus strengthening our findings. Finally, a machine
learning algorithm was applied to investigate the prediction
of the gut microbiota to the levels of the found eight metab-
olites, allowing us to simultaneously integrate all the species
in the models.

We also note some study limitations. First, the cross-
sectional nature of the data used for our primary analysis
does not allow us to determine the temporal link between
IFG and the identified fecal metabolites.

Second, HbA1c, postprandial glucose to derive impaired
glucose tolerance, which more closely resembles the T2D
state (38), and a clinician’s diagnosis were not available in
the discovery cohort. Thus, the division of categories in
this study is derived from IFG.

Third, the sample size for the subanalysis looking at inci-
dent T2D was limited, and we were unable to seek indepen-
dent replication as, to the best of our knowledge, there are
no other cohorts in the world that have measured this fecal
metabolome panel and incident T2D. Future studies with
larger sample size are therefore needed to test the robust-
ness of the IFGmetabolite score to predict incident T2D.

Fourth, there was not a full overlap between metabolites
measured in the discovery and validation data sets, which
might cause the loss of metabolites of interest to study.

Fifth, the included study groups were unbalanced in age
and sex. Hence, although we adjusted all analyses for them
and other important clinical variants, the confidence of the
results is lowered. In addition, gut microbiota composition
data were only available for a subset from the discovery set,
and therefore, we could not replicate the mediation analysis
in KORA. Furthermore, the Spearman correlations be-
tween the predicted (from gut microbiome composition)
and actual levels of the metabolites were modest. Indeed,
random forest models were trained based on microbial fea-
tures extracted from metagenomic data, which does not
retrieve all species present in a microbiome sample for pro-
cedural and technical reasons.

Finally, this study does not include measures of perme-
ability markers, which would contribute to a better under-
standing of the role of intestinal permeability in the
absorption or excretion of the identified compounds.

In conclusion, we are proposing a novel mechanism of how
gut microbiome composition affects prediabetes and, conse-
quently, the onset of T2D. The gut microbiome is linked to
prediabetes not only by microbial-derived metabolites but
also by affecting intestinal absorption or excretion of metabo-
lites of nonmicrobial origin, which are correlated with the risk
of IFG and incident T2D. Henceforth, to better understand
the onset of T2D, the effect of the gut microbiome in the

excretion and/or absorption of host-produced compounds
and xenobiotics also needs to be also considered.
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Supplementary Fig. 6.1 Pearson’s correlation matrix calculated from the abundances

of the 8 faecal replicated metabolites in TwinsUK (n=1247) and KORA (n=1007). The

shown correlations were significant (p-value<0.05).
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Supplementary Fig. 6.2 Mediation analyses of the associations between characterised

gut bacterial species and IFG. Path coefficients are shown beside each path, and

indirect effects and variance accounted for (VAF) score are indicated below each mediator

(metabolite). Only metabolites with a predictive power of 70%>AUC<90% are shown.

Glucuronate did not present a mediatory role with any species.
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Supplementary Table 6.1 Complete list of the 526 included metabolites in TwinsUK

measured by Metabolon Inc. with their super-pathways, sub-pathways, and KEGG

and HMDB identifiers. From these, the metabolites with measurements available for

KORA participants are indicated.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.



A faecal metabolite signature of prediabetes 127

Supplementary Table 6.2 Descriptive characteristics of the subset of 342 individuals

from TwinsUK with concurrent gut microbiota composition and faecal metabolites

measurements. The p-value from a Wilcoxon test (continuous variable) or chi-squared test

(categorical variable) was calculated to check whether differences between the different

subject groups for the described parameters existed.

Total Healthy individuals IFG individuals Differences between
groups (p-value)

N 342 297 45 -
Females, % 83.9 86.2 68.9 0.006

Age, yrs 56 (16.6) 54.3 (16.8) 67.4 (9.3) <0.0001
BMI, kg/m2 25.6 (5) 25 (4.6) 29.4 (6.1) <0.0001

Fasting glucose, mmol/L 4.7 (0.5) 4.5 (0.2) 5.8 (0.3) <0.0001
SBP, mmHg 126.7 (13.7) 126 (12.6) 134 (17.7) 0.002
DBP, mmHg 74.2 (7.5) 73.8 (6.8) 76.9 (10.8) 0.07

Circulating total
cholesterol, mmol/L 4.1 (0.5) 4.1 (0.5) 4 (0.7) 0.25

Circulating HDL,
mmol/L 1.87 (1.3) 1.91 (1.3) 1.6 (0.8) 0.15

Circulating triglycerides,
mmol/L 0.94 (1.1) 0.91 (1.1) 1.11 (1) 0.03

aHEI 70.6 (5.7) 70.6 (5.6) 70.8 (6.3) 0.88

Current Smoker No: 331
Yes: 11

No: 286
Yes: 11 No: 45 0.39

Activity level
Low: 25

Moderate: 259
High: 58

Low: 22
Moderate: 225

High: 50

Low: 3
Moderate: 34

High: 8
0.98
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Supplementary Table 6.3 Influence of the gut microbiota composition in the faecal

abundances of the 8 replicated metabolites in 342 participants from TwinsUK.

Influence estimated by regression (using Spearman’s correlations) and classification (using

AUC values) Random Forest models.

Metabolite name AUC (%) [95% CI] Spearman’s rho [95% CI]
Protoporphyrin IX 64.8 [63.9,65.6] 0.25 [0.24,0.26]

Caffeine 70.7 [69.1,72.4] 0.24 [0.23,0.25]
Serine 79.1 [78.1,80] 0.44 [0.43,0.45]

Cholesterol 80 [78.4,81.5] 0.46 [0.45,0.47]
Uridine 84.1 [83.1,85] 0.48 [0.47,0.49]

Glucuronate 88.6 [87.4,89.7] 0.53 [0.52,0.54]
Nicotinate 90.5 [89.9,91] 0.59 [0.58,0.6]

1-methylxanthine 91.4 [90.8,91.9] 0.62 [0.62,0.62]
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Supplementary Table 6.4 Associations between the gut microbiota composition and

impaired fasting glucose (IFG). Specifically, the top 100 features from the Random Forest

models predicting the faecal metabolite abundances from the gut microbiome composition

with an AUC>70% are shown. The linear regression models were adjusted for age, BMI,

sex and multiple testing (false discovery rate – FDR). The prevalence of each gut bacteria

is also indicated.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 6.5 Associations of comorbidities with the 8 metabolites

making up the score and the bacterial species involved in the mediation analyses.

Pearson’s correlations run for the continuous comorbidities (systolic and diastolic blood

pressure, circulating HDL, total cholesterol and triglycerides levels, and aHEI) whereas a

two-proportion z-test was used for the categorical comorbidities (activity level and smoking

status).

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Table 6.6 List of gut species represented using species-level genome

bins (SGBs) that were profiled in 342 participants from TwinsUK. Prevalence and if

the composition of a species presents variance zero and/or near zero are indicated.

Large table. Access to the table is given in the attached OneDrive. A list of the entire

OneDrive content is listed in Appendix A.
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Supplementary Text. Methodology details.

Metabolomics profiling

Metabolite concentrations were measured from faecal samples by Metabolon Inc. (Durham,

USA) using an untargeted LC-MS platform. All samples were maintained at -80°C

until processing. As a means of quality control, several recovery standards were added

prior to the first step in the extraction process. Briefly, to remove protein, dissociate

small molecules bound to proteins or trapped within the precipitated protein matrix, and

to recover chemically diverse metabolites, proteins were precipitated in methanol and

vigorously shaken for 2 minutes (Glen Mills GenoGrinder 2000), then centrifuged. The

resulting extract was divided into five fractions; both aliquots (i) and (ii) were analysed

using acidic positive ion conditions and chromatographically optimised for hydrophilic

and hydrophobic compounds respectively, aliquot (iii) was analysed using basic negative

ion optimised conditions using a dedicated separate dedicated C18 column, aliquot (iv)

was analysed using negative ionisation following elution from a hydrophilic interaction

liquid chromatography column, while aliquot (v) was reserved as a back-up.

Several controls were analysed in concert with experimental samples. (i) a pooled sample

generated from a small volume of each experimental sample of interest served as a

technical replicate throughout the platform run; (ii) extracted water samples served as

process blanks; (iii) and a cocktail of standards, known not to interfere with measurements,

spiked into every analysed sample facilitated instrument performance monitoring and aided

chromatographic alignment. Instrument variability was determined by calculating the

median relative standard deviation (RSD) for the standards that were added to each sample

prior to injection into the mass spectrometers. Overall process variability was determined

by calculating the median RSD for all endogenous metabolites (i.e., non-instrument

standards) present in 100% or more of the pooled technical replicate samples. Experimental

samples and controls were randomised across the platform run.
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Compound identification

Metabolites were identified by comparison of the ion features in the experimental samples

to a reference library of chemical standard entries that included retention time/index,

molecular weight (m/z), and MS spectra. Identification of known chemical entities is based

on comparison across all 3 features to metabolomic library entries of purified standards.

More than 3300 commercially available purified standard compounds have been acquired

and registered into the library, while additional mass spectral entries have been created for

structurally unnamed biochemicals, which have been identified by virtue of their recurrent

nature (both chromatographic and mass spectral). These compounds have the potential to

be identified by future acquisition of a matching purified standard or by classical structural

analysis.

Metabolite quantification and normalisation

Peaks were quantified using area-under-the-curve. Raw area counts for each metabolite in

each sample were normalised to correct for variation resulting from instrument inter-day

tuning differences by the median value for each run-day, therefore, setting the medians

to 1.0 for each run. This preserved variation between samples but allowed metabolites of

widely different raw peak areas to be compared on a similar graphical scale.

Metagenomic assessment in TwinsUK

Faecal sample collection

Participants collected stool samples at home in pre-labelled kits (containing 2 x 25ml tube

or 1 x 25ml tube and 1 x 10ml Zymo buffer), which were posted to them before their clinic

visit date and brought with them to the visit. In the laboratory, samples were homogenised,

aliquoted into 4 bijou tubes, and stored at 80°C, within 2 hours of receipt.
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DNA extraction, library preparation, and sequencing

To isolate genomic DNA from faecal material, bijou tubes were removed from the freezer

and grounded with glass beads and 5-6ml distilled water (Spex Grinder, 10 seconds, 800

strokes per minute). The supernatant was centrifuged and further grounded (5 minutes,

1000 strokes per minute) before 200-300µl of the sample was mixed with 10µl PK solution

and 720µl of Lysis/Bind Master Mix). Proteins were degraded by the binding solution

and subsequently extracted by KingFisher Flex robot. DNA was washed in 2 steps using

washing solutions and eluted in MagMax Core Elution Buffer in 100µl. Library preparation

and sequencing were performed by GenomeScan.

Metagenome quality control and preprocessing

Sequenced metagenomes were processed using the YAMP pipeline (v. 0.9.5.3). Briefly,

identical reads were removed. Reads were filtered to remove adapters, known artefacts,

phix174, and then quality trimmed (PhRED quality score<10). Reads that became too

short after trimming (N<60bp) were discarded. We retained singleton reads (i.e., reads

whose mate has been discarded) to retain as much information as possible. Contaminant

reads belonging to the host genome were removed (build: GRCh37), and low-quality

samples (i.e., samples with <10M reads after QC) were discarded.

Microbiome taxonomic profiling

The metagenomic analysis was conducted following the general guidelines and based on

the bioBakery computational environment. High-resolution taxonomic profiling of the

metagenomes was performed using MetaPhlAn 4.beta.2 with the January 2021 database

and default parameters.

Statistical analysis

We run random forest regression (1000 trees and a third of features number as the number

of variables randomly sampled as candidates at each split) and classification models (1000
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trees and the square root of features number as the number of variables randomly sampled

as candidates at each split) with compositional data using 5-folds cross-validation. Before

running the models, gut microbiota variables with variance zero or near to zero were

excluded using the nearZeroVar function implemented in R in the caret package (the

included/excluded SGBs are shown in Supplementary Table 6.6. For the classifiers, the

continuous response was converted into two classes based on the top and bottom quartiles.

The features were ranked based on node purity.



Chapter 7

Genetic and gut microbiome

determinants of SCFA levels, and their

links with inflammatory responses

Modulating SCFA levels could be a potential target to treat CMD as discussed in the

introduction. It is thus crucial to understand whether circulating (fasting and postprandial)

and faecal SCFA levels are potentially modifiable and the gut microbiome contribution.

SCFAs might positively influence inflammatory responses, and in turn CMD. However,

their role in acute inflammatory responses is still unknown.

In this chapter, I comprehensively assess the host genetics and gut microbiota contribution

to a panel of eight SCFAs measured in serum and stool, examined their postprandial

changes, and explored their links with chronic and acute inflammatory responses.

The findings illustrate that SCFA levels might be modifiable, the gut microbiome is mainly

predictive of their faecal level, and circulating levels change postprandially. Finally,

the obtained results indicate that SCFAs might play a key role in chronic and acute

inflammatory responses.
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postprandial changes and explored their links with chronic and acute inflammatory responses in 
healthy individuals and trauma patients. We report low concordance between circulating and fecal 
SCFAs, significant postprandial changes in most circulating SCFAs, and a heritable genetic compo
nent (average h2: serum = 14%(SD = 14%); stool = 12%(SD = 6%)). Furthermore, we find that gut 
microbiome can accurately predict their fecal levels (AUC>0.71) while presenting weaker associa
tions with serum. Finally, we report different correlation patterns with inflammatory markers 
depending on the type of inflammatory response (chronic or acute trauma). Our results illustrate 
the breadth of the physiological relevance of SCFAs on human inflammatory and metabolic 
responses highlighting the need for a deeper understanding of this important class of molecules.
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Introduction

Short-chain fatty acids (SCFA) are carboxylic acids 
formed by an aliphatic chain of 1–5 carbons1 

mainly produced by colonic bacteria through the 
saccharolytic fermentation of resistant carbohy
drates such as inulin, resistant starch and fructo- 
oligosaccharides, which escape digestion and 
absorption.2 The major formed SCFAs are acetate, 
propionate and butyrate, which account for 
approximately 80% of all SCFAs.3

Once produced, SCFAs can either be absorbed 
by the enterocytes or go into the bloodstream and 
reach different systemic tissues, exerting regulatory 
functions in gut barrier integrity, lipid and glucose 

metabolism, blood pressure, and immune 
function.3 Several studies have shown that SCFAs 
can also influence postprandial responses includ
ing postprandial glucose and insulin.4,5 For 
instance, a host-genetic-driven increase in gut pro
duction of butyrate was associated with improved 
postprandial insulin response.4

SCFAs can also exert anti-inflammatory effects, 
influencing chronic inflammation, by reducing the 
recruitment and migration of macrophages, den
dritic cells, and neutrophils, and by altering T and 
B cell differentiation.6 Previously, levels of fecal 
SCFAs have been reported to be associated with 
mortality in critically ill patients with sepsis.7,8
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However, the role of SCFAs in blood in acute 
inflammatory responses, such as those seen in 
acute trauma cases, has not been explored to date.

In human studies, SCFA levels have been asso
ciated both with gut bacterial species, including 
Coprococcus, Bifidobacterium and Roseburia,3,9 

and with host genetics.4 Nonetheless, these studies 
do not simultaneously integrate SCFAs measured 
in both serum and stool, along with concurrent gut 
microbiome composition and genetic information. 
They also include only a subset of SCFAs available 
and focus on circulating fasting levels. Indeed, 
though humans spend most of their days in 
a postprandial state, postprandial SCFAs responses 
have only been investigated in animal models.10,11

By integrating data from a large population-based 
cohort and a postprandial interventional study, 
using healthy individuals we aimed to investigate 
(i) changes in SCFA levels after a meal challenge 
and (ii) the contribution of the host genetics and 
gut microbiome composition to their levels in serum 
and stool. We further aimed to understand the role 
of circulating SCFAs in chronic and acute inflam
mation by assessing their correlations with a set of 
pro- and anti-inflammatory markers in healthy indi
viduals and in an acute fracture case-control study, 
as well as changes in their levels in response to acute 
inflammatory responses to trauma.

Results

A flowchart of the study design is presented in 
Figure 1.

We included 2507 individuals (age mean = 57.9  
± 15.4 years, 2110 females) from the TwinsUK 
cohort and 328 females (age mean = 53.8 ± 7.1  
years) from the ZOE PREDICT-1 cohort that had 
eight SCFAs, including acetate, propionate and 
butyrate, measured in stool and in fasting serum. 
Additionally, postprandial serum SCFAs were 
measured in ZOE PREDICT-1 participants. Both 
cohorts included twins. The demographic charac
teristics of the study populations and the mean 
baseline levels of the SCFAs in serum and stool 
are presented in Table 1.

The correlations between circulating and fecal 
SCFAs calculated in TwinsUK and ZOE PREDICT- 
1 separately are presented in Figure 2a. We found 
non-significant or low correlations (ρ < ±0.15) 
between the circulating SCFAs with their respective 
fecal SCFAs in both studies. We also detected a low 
correlation between serum and fecal SCFAs and age 
and body mass index (BMI) (ρ < ±0.2) 
(Supplementary Figure S1).

Postprandial changes in SCFA levels

As individuals spend most of the day in 
a postprandial state (i.e., not fasting), we investi
gated whether circulating SCFA levels change after 
a standardized meal and their inter-individual 
variability. For that, we took advantage of the 
ZOE PREDICT-1 cohort, in which SCFA levels 
were measured in a tightly controlled clinic setting 
at fasting, 30 min, 2 h, and 4 h after a meal chal
lenge. Each participant consumed a standardized 
muffin, as described in the Methods section, that

Table 1. Demographic characteristics and SCFA levels of the study populations TwinsUK and ZOE 
PREDICT-1.

Study TwinsUK ZOE PREDICT-1

n 2507 328
Females, (%) 84% 100%
Age, yrs 57.9 (15.4) 53.8 (7.1)
BMI, kg/m2 25.87 (5) 26.24 (5.6)
MZ:DZ:Singlet ons 1376:776:355 164:50:114

SCFA
Fasting 

serum (ng/ml) Stool (μg/g)
Fasting 

serum (ng/ml) Stool (μg/g)

Acetate 3030 (1600) 4060 (1700) 3500 (1620) 4020 (1710)
Propionate 83.3 (29) 1320 (624) 84.9 (32.3) 1340 (676)
Butyrate 40.4 (19.5) 1420 (893) 41.4 (20.0) 1380 (924)
Isobutyrate 72.2 (24.3) 202 (87.7) 90.0 (27.1) 220 (88.8)
Methylbutyrate 117 (42.6) 157 (77) 134 (48.9) 170 (72.6)
Valerate 8.57 (4.47) 254 (119) 7.34 (4.76) 287 (129)
Isovalerate 78.7 (30) 193 (91.9) 93.2 (29.8) 212 (92.7)
Hexanoate 47.2 (17.2) 105 (114) 45.3 (20.1) 130 (121)
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included on average 2.25 g of dietary fiber (50 g fat 
and 85 g carbohydrate). The changes in the SCFA 
levels in response to it are depicted in Figure 2b. 
We report a significant postprandial change in all 
SCFAs from fasting (Wilcoxon test, p < 0.05) 
except for peak hexanoate and butyrate, and dip 
valerate (Supplementary Table S1). Compared to 
the fasting measure, SCFA levels changed on aver
age by at least 1.03-fold for methylbutyrate and by 

as much as 2.6 folds for acetate. The coefficient of 
variation (CV) indicated a moderate postprandial 
inter-individual variability in their highest (CV 
range = 26.5–39.8%) and lowest concentrations 
(CV range = 32–46.7%) (Supplementary Table 
S1). We found only weak non-statistically signifi
cant associations between postprandial SCFAs and 
postprandial lipemic and glycemic parameters 
(2-h glucose iAUC, rise in triglyceride at 6 h

Figure 1. Flowchart of the study design. The three cohorts are independent. From each cohort, we included the subset of individuals 
who had short-chain fatty acids (SCFA) measured. TwinsUK and ZOE PREDICT-1 cohorts consist of healthy individuals, while the acute 
trauma case-control includes fracture patients and healthy individuals.
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postprandially, rise in insulin at 2 h postprandially 
and rise in C-peptide at 2 h postprandially), with 
the exception of the significant associations with 

the rise of triglycerides at 6 h postprandially with 
dip acetate, and 2-h glucose iAUC with dip valerate 
and acetate (Supplementary Table S2).

Figure 2. (a) Fasting circulating and faecal SCFAs correlation in TwinsUK (n=2229) and ZOE PREDICT-1 (n=328). Spearman’s 
correlations are presented. Non-significant correlations (FDR≥0.05) are indicated with a ‘X’. (b) Postprandial changes in circulating 
SCFA levels for 328 ZOE PREDICT-1 participants in response to a meal challenge under a controlled clinic setting at baseline and after 
30 min, 2h and 4h. The bars indicate the standard deviations for each time point.

4 A. NOGAL ET AL.

Genetic and gut microbiome determinants of SCFA levels, and their links with
inflammatory responses 141



Host genetics contribution to SCFA levels

We estimated the contribution of host genetics to 
the SCFA levels in serum and stool by calculating 
heritability estimates using structural equation 
modeling adjusted for covariates and pooling 
together TwinsUK and ZOE PREDICT-1 partici
pants (serum: n = 2835, 1540 monozygotic (MZ) 
pairs, 826 dizygotic (DZ) pairs, and 469 singletons; 
stool: n = 2557, 1258 MZ pairs, 734 DZ pairs, and 
565 singletons). The estimated additive genetic 
component (h2) for circulating SCFA levels were 
on average 14% (SD = 14%), ranging from 0% for 
valerate (95%CI = 0%,0%), isovalerate (95%CI =  
0%,19%), and hexanoate (95%CI = 0%,0%), to 
38% (95%CI = 32%,44%) for butyrate. In stool, 
the estimated additive genetic component was on 
average 12% (SD = 6%) ranging from 3% (95%CI =  
0%,27%) for valerate to 19% for acetate (95%CI =  
0%,42%) and isovalerate (95%CI = 0%,44%) 
(Figure 3a). Acetate, propionate and butyrate pre
sented larger heritability estimates for serum (aver
age h2 = 27%(SD = 12%)) than for stool levels 
(average h2 = 14%(SD = 5%)). In a sub-analysis, 
we also explored the host genetics contribution to 
the postprandial SCFA levels in ZOE PREDICT-1 
participants (n = 328, 164 MZ pairs, 50 DZ pairs 
and 114 singletons). The ACE model obtained for 
the peak and dip calculated for each SCFA revealed 
that postprandial levels of propionate, isobutyrate 
and isovalerate are environmentally driven, 
whereas hexanoate and acetate have a large genetic 
component with heritability estimates of 54% (95% 
CI = 37%,72%) and 10% (95%CI = 0%,82%) for the 
peak, and of 28% (95%CI = 4%,52%) and 58% (95% 
CI = 43%,73%) for the dip, respectively (Figure 3a).

Gut microbiota contribution to SCFA levels

As SCFAs are gut microbial-derived metabolites, we 
investigated the gut microbiome contribution to 
SCFA levels in serum and stool using RF classifiers 
and regressors trained on relative abundance values 
of gut microbiome species. The performance was 
evaluated with the median AUC values for the clas
sifiers and the median Spearman’s correlation values 
(defined as “ρ”) for the regressors over 100 bootstrap 

folds (see Methods). We found that the gut micro
biota was able to accurately predict the fecal SCFA 
levels (AUC>0.71 and ρ>0.29), with the strongest 
associations observed for acetate: AUC[95%CI] =  
0.85 [0.85,0.86], ρ[95%CI] = 0.48 [0.47,0.49]; pro
pionate: AUC[95%CI] = 0.86 [0.85,0.87], ρ[95%CI]  
= 0.53 [0.52,0.54] and butyrate: AUC[95%CI] = 0.89 
[0.88, 0.89], ρ[95%CI] = 0.56 [0.55,0.56] (Figure 3b). 
We also identified Akkermansia muciniphila, 
Faecalibacterium prausnitzii and Roseburia spp., 
among others, as important predictors 
(Supplementary Figure S2). On the other hand, 
a moderate association was found between the gut 
microbiota and circulating SCFAs with an AUC and 
ρ average of 0.63 (95%CI = 0.61,0.63) and 0.15 (95% 
CI = 0.14,0.16), respectively (Figure 3b). These find
ings were consistent with the results obtained for 
TwinsUK and ZOE PREDICT-1 separately 
(Supplementary Table S3). In a sub-analysis, we 
also report that postprandial SCFA levels are poorly 
linked with gut microbiome composition (average 
AUC = 0.53 (95%CI = 0.51,0.54) and ρ =0 .07(95% 
CI = 0.05,0.08) for the peak, and average AUC =  
0.56 (95%CI = 0.54,0.58) and ρ = 0.07(95%CI =  
0.05,0.09) for the dip (Figure 3b).

Circulating SCFA levels in chronic and acute 
inflammation

SCFAs are known to modulate immune responses 
by regulating the production of immune cells and 
cytokines 6. We thus investigated the role of circu
lating SCFAs in chronic and acute inflammatory 
responses. A deep understanding of how SCFAs 
can influence inflammation is crucial for develop
ing strategies for the management and recovery of 
patients with inflammatory disorders.

We first investigated the relationship between cir
culating SCFA levels and systemic inflammation. For 
that, we performed Pearson’s correlations between 
serum levels of SCFAs and cytokines in the 328 
individuals from ZOE PREDICT-1, a subset of 82 
women from TwinsUK, and in 21 healthy individuals 
from the acute trauma case-control study (see 
Supplementary Table S4 for descriptive characteris
tics). We then combined the results from the different 
studies using an inverse variance random effect meta- 
analysis (Figure 4a). We found that healthy
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individuals tended to have negative correlations with 
pro-inflammatory markers including interferon- 
gamma (IFN-γ) (isovalerate: ρ=-0.61, p-value =  
0.004; isobutyrate: ρ=-0.5, p-value = 0.03) and 
GlycA (acetate: ρ=-0.14, p-value = 0.0005).

We further explored whether there were any links 
between fasting and postprandial changes in SCFA 
and postprandial interleukin-6 (IL-6) and GlycA 
levels 12 in the ZOE PREDICT-1 participants 
(Figure 4b). We found postprandial GlycA (measured

Figure 3. Contribution of host genetics and gut microbiome composition to SCFA levels in serum and stool. Analyses using serum at 
fasting and stool measurements were performed using the TwinsUK and ZOE PREDICT-1 participants together, while analyses using 
postprandial measurements were run using ZOE PREDICT-1 participants. Postprandial measures were defined as peak (the maximum 
SCFA concentration in the 4 hours following the test meal challenge minus the fasting level) and dip (the fasting level minus the 
minimum SCFA concentration in the 4 hours following the test meal challenge) (a) Heritability estimates of (left) fasting circulating 
and fecal SCFAs, and (right) postprandial circulating SCFAs. A, C and E labeling indicates the amount of variance attributed to the 
additive genetic factors or heritability, common/shared environmental factors, and unique environmental factors/error, respectively. 
(b) Influence of the gut microbiota composition in fecal and circulating (fasting and postprandial) SCFA levels estimated by Random 
Forest regression (using Spearman’s correlations) and classification (using AUC) models. Blue bars indicate the median and the 95% 
confidence intervals of the correlation between the real value of each component and the value predicted by regression models across 
100 training/testing folds. Red bars represent the median AUC and the 95% confidence intervals across 100 folds for a corresponding 
binary classifier between the highest and lowest quartile.
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Figure 4. Role of circulating SCFAs in chronic and acute inflammation. (a) Pearson’s correlations between SCFA levels and anti- (IL-10) 
and pro-inflammatory (IL-6, TNF-α, GlycA,IFN-γ) markers stratified by healthy individuals and acute trauma cases. For the healthy 
group, correlation results obtained in the healthy individuals from the acute trauma case-control cohort, in the subset from TwinsUK 
and ZOE PREDICT-1 were combined by applying inverse variance random effect meta-analysis. Cases are from the acute trauma case- 
control cohort. The controls illustrate the links between SCFAs and chronic inflammation, whereas the cases show the links between 
SCFAs and acute inflammatory responses. (b) Pearson’s correlations between fasting and postprandial SCFA levels and the 
postprandial pro-inflammatory markers available in ZOE PREDICT-1 (IL-6 and GlycA). (c) Differences in the SCFA levels between 
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as the highest concentration within 6 h postpran
dially) to be strongly correlated with fasting (ρ=- 
0.26, p-value = 9.2 × 10–6) and postprandial (ρ = 0.2, 
p-value = 0.0008) acetate, while no significant corre
lations were found with postprandial IL-6.

We then investigated whether there were links 
between serum SCFAs and acute inflammatory 
responses measuring SCFA levels and their corre
lations to inflammatory markers in serum samples 
taken immediately preoperatively from individuals 
who had undergone either fragility hip fractures (n  
= 32) or multiple rib fractures (n = 18) requiring 
surgery (see Supplementary Table S4 for descrip
tive characteristics). The fragility fractures are mea
sured in individuals with frailty (i.e., with high 
systemic inflammation)13 whereas the rib fractures 
cases are individuals who were otherwise healthy 
before the trauma.

When we assessed SCFA-cytokines correlations 
in the acute trauma cases (Figure 4a), we identified 
different patterns depending on whether the indivi
dual had a rib or a hip fracture. Specifically, the hip 
fracture patients presented significant negative cor
relations between the pro-inflammatory marker 
tumor necrosis alpha (TNF-α) and two SCFAs, 
namely propionate (ρ=-0.47, p-value = 0.007) and 
valerate (ρ=-0.39, p-value = 0.03). On the other 
hand, patients with multiple rib fractures presented 
significant associations with the interleukin-10 (IL- 
10), either positive or negative. Butyrate and valerate 
were positively associated with IL-10 levels (buty
rate: ρ = 0.6, p-value = 0.007; valerate: 
ρ = 0.48, p-value = 0.04), whereas isobutyrate was 
presenting the opposing direction (ρ=-0.54, p-value  
= 0.02). No significant associations were found with 
IL-6 levels. Likewise, when comparing the circulat
ing SCFA levels between healthy controls, rib or hip 
fracture patients using pairwise t.tests, we observed 
that acetate levels were significantly different in the 
three groups, whereas propionate and isovalerate 
levels in trauma cases were significantly higher 

than in the controls, and valerate levels were higher 
in the hip fracture patients in comparison with the 
controls. On the other hand, patients with a hip 
fracture presented significantly lower levels than 
patients with multiple rib fractures (Figure 4c). 
Results were consistent when running linear models 
and when further adjusting for age and sex 
(Supplementary Table S5).

Discussion

To our knowledge, this is the first study to date 
investigating simultaneously the contribution of 
host genetics and gut microbiome to the fasting 
and postprandial levels of eight SCFAs in serum 
and stool in two independent cohorts of healthy 
individuals. Specifically, we have shown that (i) 
there is a very low concordance between fecal and 
circulating SCFA levels, which might be due to the 
fact that most absorbed SCFAs act as an energy 
source for the enterocytes and are not systemically 
transported3, (ii) SCFA levels change postpran
dially and there are substantial inter-individual 
differences in these responses, (iii) stool and 
serum SCFA levels are heritable, with the exception 
of circulating valerate, isovalerate and hexanoate 
that are environmentally determined, (iv) most 
postprandial SCFA levels appear to be environ
mentally driven, (v) the gut microbiome composi
tion is an important contributor of fecal levels, but 
presents weaker associations with circulating levels. 
Importantly, using an independent acute trauma 
case-control cohort, we report for the first time that 
circulating SCFA levels vary between trauma 
patients and controls and that there is a different 
relationship between pro- and anti-inflammatory 
cytokines and SCFAs depending on the type of 
inflammatory response (chronic or acute).

We found that a large proportion of the SCFA 
levels in serum and stool are explained by environ
mental factors, which is in line with the proposed

controls and cases in the acute trauma case-control cohort. The p-values obtained from t-tests between groups are indicated. For 
these analyses, only individuals with both serum SCFAs and cytokines are included (i.e., TwinsUK, n=82; ZOE PREDICT-1, n= 328; acute 
trauma case-control cohort: controls, n= 21, rib fracture, n= 18, hip fracture, n=32). Levels were log-transformed and Z-scaled. P-value: 
*0.05; **0.01; ***0.001. Pro- and anti-inflammatory cytokines are colour-coded in red and green, respectively. Abbreviations: Frx: 
Fracture; IFN, interferon; IL, interleukin; Methylbut., methylbutyrate; TNF, tumour necrosis factor.
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importance of non-genetic factors in the SCFAs 
formation, including the different environmental 
factors modulating the gut microbiota.14 Of note, 
we found that the three most widely studied SCFAs 
(acetate, butyrate and propionate) had moderate 
heritability estimates, with a larger genetic contri
bution to serum (average h2 = 27%(SD = 12%)) 
than to stool levels (average h2 = 14%(SD = 5%)). 
Our results are supportive of Sanna and coworkers 
previous report suggesting that host genetics influ
ence the microbial expression of propionate and 
butyrate.4 The lower heritability for stool level we 
found is not surprising given that fecal levels are 
more likely to reflect SCFA bacterial generation, 
whereas serum levels will reflect absorption from 
the gut but also synthesis by the host (e.g., acetate is 
a metabolite involved in the tricarboxylic acid 
(TCA) cycle).15 On the other hand, we were unable 
to detect a genetic contribution for the postpran
dial levels of most SCFAs, similar to what we 
observed in this same cohort for postprandial 
c-peptide and insulin responses (see16). The only 
exceptions were postprandial acetate and hexano
ate both of which presented large heritability esti
mates, which can be due to the fact that, as 
previously mentioned, acetate is involved in the 
TCA cycle,15 and hexanoate can be also generated 
by hepatic peroxisomal beta-oxidation of long- 
chain fatty acids.17

When investigating the contribution of the gut 
microbiome, we found that it can accurately pre
dict SCFA levels in stool (AUC>0.71), however, the 
predictive power is reduced for serum levels, both 
fasting and postprandial. This is consistent with 
our findings indicating that SCFA levels in serum 
and stool are not correlated with each other. These 
observations highlight the fact that fecal levels are 
not representative of the actual absorption and 
suggest that caution should be taken when infer
ring microbiome-disease associations,18 from 
either serum or fecal SCFA levels. Both types of 
measurements are needed to fully understand the 
role of SCFAs in health. Moreover, we were able to 
identify the key gut microbial species modulating 
SCFAs fecal abundances. These include the widely 
known SCFA producers F. prausnitzii,19 Roseburia 
spp,20 or C. comes,9 among others, positively cor
related with acetate, propionate and butyrate, 
which also confirms the robustness of our 

methodology. On the other hand, we identify 
Alistipes spp. showing negative associations. 
Alistipes spp. has been associated with gut dysbiosis 
and chronic inflammation diseases.21 Of note, 
some of the identified species were showing an 
opposing direction between acetate, propionate 
and butyrate, and isobutyrate, methylbutyrate and 
isovalerate (e.g., R. lactatiformans is negative for 
the first three and positive for the last three). This 
can be explained by the distinct substrate used to 
produce SCFAs.22 Indeed, acetate, butyrate and 
propionate are mainly produced by the fermenta
tion of resistant carbohydrates,23 while isobutyrate, 
methylbutyrate and isovalerate are mainly pro
duced from the amino acid fermentation.24

We also explored the links between serum SCFAs 
and chronic and acute inflammation. When exam
ining the correlations between cytokines and SCFA 
levels in healthy individuals, we observed that 
SCFAs are linked to lower systemic inflammation 
consistent with these compounds being involved in 
downregulating pro-inflammatory markers (e.g., 
isovalerate and isobutyrate vs IFN-γ) and their post
prandial responses (e.g., fasting and postprandial 
acetate vs postprandial GlycA). This is in line with 
the already reported benefits of SCFAs in chronic 
inflammation.25 In acute trauma patients we report 
that hip fragility fractures and multiple rib impact 
fractures led to differences in some circulating SCFA 
levels with respect to healthy individuals and with 
each other. According to animal studies, SCFAs are 
mostly metabolized by the muscles and kidneys.11 

After a fragility fracture, like hip fractures, acute 
kidney injury is a frequent complication, whereas it 
is significantly less frequent in impact fractures, like 
rib fractures,26 which might explain some of the 
observed differences in SCFA levels between distinct 
trauma patients and healthy individuals. When we 
analyzed the observed differences in the acute 
trauma patients in relation to their correlations 
with inflammatory markers, we noted that SCFA 
levels were positively correlated with the anti- 
inflammatory cytokine IL-10 (butyrate and isovale
rate) but only among rib fracture, whereas SCFA 
levels were negatively associated with pro- 
inflammatory cytokines in hip fracture cases (e.g., 
TNF-α vs propionate and valerate). Therefore, the 
associations between SCFAs and cytokines are dif
ferent in rib fractures (young and healthy before
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trauma) and hip fractures (frail elderly individuals). 
Importantly, mortality rates within 30 days of frac
tures are < 1% for rib fractures for individuals under 
the age of 6527 and > 10% for fragility hip fractures28 

which is also one of the global top 10 causes of 
disability in adults.29 The differences in inflamma
tory responses in these two trauma scenarios suggest 
that SCFAs and their links to pro- and anti- 
inflammatory pathways might be related also to the 
recovery process. Taken together, SCFAs might help 
to dampen the inflammatory response in acute 
inflammation, while they might contribute to the 
maintenance of a low-grade inflammatory state in 
systemic inflammation by influencing fasting and 
postprandial inflammation.

We acknowledge the following study limitations. 
First, in ZOE PREDICT-1, SCFAs were measured 
only in women, and therefore, postprandial results 
might not be generalized to men. Unfortunately, 
we could not compare the postprandial findings in 
TwinsUK, which include men and women, as post
prandial measurements are not available for this 
cohort. Likewise, it was not possible to assess the 
postprandial responses in the acute trauma case- 
control cohort as samples were collected in an 
acute hospital setting. The heritability analyses 
that exclusively include the ZOE PREDICT-1 par
ticipants lack statistical power, and the results 
might differ if more participants are included. 
Lack of power also prevented us from examining 
the genetic factors that influence postprandial 
levels of SCFAs. Although we meta-analyzed the 
correlations obtained from the acute trauma case- 
control, a subset of TwinsUK and ZOE PREDICT- 
1 studies, not all of them presented the same cyto
kines measures. Besides, postprandial levels were 
only available for GlycA and IL-6 in the ZOE 
PREDICT-1 study, and the data used in this study 
does not allow us to infer causality between SCFA 
levels and the studied inflammatory markers. 
Finally, we were unable to evaluate variations in 
SCFA levels over time as longitudinal SCFA data 
was unavailable for the included cohorts.

Despite the above limitations, we benefit from an 
independent and well-characterized large population- 
based study, a detailed postprandial interventional 
study and an acute fracture case-control study that 
allowed us to investigate the link between circulating 
SCFAs and acute inflammation.

In conclusion, in the most comprehensive 
study to date examining the contribution of 
host genetics and gut microbiome composition 
to fecal and circulating levels in two independent 
population-based cohorts, our findings indicate 
that SCFA levels are mostly modifiable and 
change postprandially, and fecal SCFAs reflect 
the gut microbiome composition. We also show 
for the first time that the SCFA profile and their 
correlations with inflammatory markers change 
depending on the type of inflammatory response 
(chronic or acute trauma). Taken together, our 
results illustrate the breadth of the physiological 
relevance of SCFAs on human inflammatory and 
metabolic responses highlighting the need for 
a deeper understanding of this important class 
of molecules.

Patients and methods

Study populations

This study consists of three completely indepen
dent cohorts. TwinsUK and ZOE PREDICT-1 
consist of healthy individuals, whereas the acute 
trauma case-control cohort includes three subsets 
of individuals (healthy individuals, patients with 
rib fractures and patients with hip fractures). The 
acute trauma case-control cohort was included to 
exemplify the role of circulating SCFA levels in 
an acute inflammatory situation, as the rest of the 
work focused on SCFA levels in healthy 
individuals.

TwinsUK
TwinsUK registry is a national register of adult 
twins recruited as volunteers without selecting 
for any particular disease or trait.30 We included 
2507 and 2229 individuals with serum and fecal 
SCFA measurements, respectively. For those, 
2197 had measurements in both stool and 
serum. Along with the SCFA measurements, 
shotgun metagenomes from the gut microbiome 
were also available. A subset of 82 individuals 
also had measurements of circulating cytokines. 
The study was approved by NRES Committee 
London – Westminster, and all twins provided 
informed written consent.
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ZOE PREDICT-1
We included a subset of 328 individuals from the UK- 
based ZOE PREDICT-1 study with SCFAs measured 
in serum and stool, and gut microbiome composition 
assessed with shotgun metagenomes. The ZOE 
PREDICT-1 study16 was a single-arm nutritional 
intervention conducted between June 2018 and 
May 2019. Study participants were healthy individuals 
(thus eliminating potential confounders brought 
about by the presence of infections or other comor
bidities) aged between 18–65 years recruited from the 
TwinsUK registry,30 and the general population using 
online advertising. Although the ZOE PREDICT- 1 
participants were recruited from the TwinsUK regis
try, in this study the two cohorts, ZOE PREDICT-1 
and TwinsUK, are completely independent and there 
is no overlap in participants. Participants attended 
a full-day clinical visit consisting of test meal chal
lenges followed by a 13-day home-based phase, as 
previously described.16

Test meal challenge. Within a tightly controlled 
clinical setting, participants consumed meal 1: 
breakfast muffins and a milkshake (890 kcal, 85.5  
g carbohydrate (38.4%), 52.7 g fat (53.3%), 16.1 g 
protein (7.2%), and 2.3 g fiber at the 0-hour time
point, following baseline blood draw). Venous 
blood samples were collected at 15, 30, 60, 120, 
180, 240, 300, 360 minutes post-meal 1.

Acute trauma case-control cohort
Patients were all recruited at Queens Medical 
Hospital part of the Nottingham University 
Hospital’s (NUH) NHS Trust.

Rib fracture cohort (OPERA). Inclusion criteria 
were: adult patients (16 years and above) present
ing multiple (3+) rib fractures suitable for surgical 
repair and having, as per British Orthopaedic 
Association Audit Standards For Trauma 
(BOAST-15) Standard 8, indications for fixation 
as: clinical flail chest; respiratory difficulty requir
ing respiratory support or uncontrollable pain 
using standard modalities; was a surgical candidate.

Patients were excluded if: they had a head or 
thoracic injury requiring emergency intervention; 
could not be operated on within 72 hours as unfit 
for surgery; presented with significant thoracic 
injury requiring surgery where conservative 

management would be inappropriate. Blood sam
ples were taken at the time of the patient going into 
anesthesia ahead of entering the operating theater.

Hip fracture cohort (FEMUR). Inclusion criteria: 
age over 65 (no upper age limit), Rockwood frailty 
score ≥ 4, fractured hip sustained following a fall 
that required surgery. Good understanding of spo
ken and written English language, ability to give 
informed consent or to provide assent and avail
ability of a legally acceptable surrogate to provide 
consent. Exclusion criteria: those who fell and sus
tained the hip fracture more than 12 hours prior to 
hospitalization. Patients who had fallen and sus
tained a hip fracture whilst in-patient. Surgery that 
had to be delayed to 96 hours or more after the fall.

Control cohort with SCFAs and cytokines. Healthy 
students from the School of Medicine at the 
University of Nottingham or healthcare workers.

Ethics
TwinsUK: This study was carried out under 
TwinsUK BioBank ethics, approved by North West 
– Liverpool Central Research Ethics Committee 
(REC reference 19/NW/0187), IRAS ID 258,513. 
This approval supersedes earlier approvals granted 
to TwinsUK by the St Thomas’ Hospital Research 
Ethics Committee, later London – Westminster 
Research Ethics Committee (REC reference EC04/ 
015), which have now been subsumed within the 
TwinsUK BioBank.
ZOE PREDICT-1: The study was approved by the 
London – Hampstead Research Ethics Committee 
(REC reference 18/LO/0663) and the trial was 
registered on ClinicalTrials.gov (registration num
ber: NCT03479866).

The rib fractures cohort was collected as part of 
The Operative Rib Fixation (ORiF) Study (REC 
Reference: 18/SC/066, IRAS 248,460, IRSCTN 
10,777,575). The hip fracture cohort was collected 
under Functioning of Elder Muscle; Understanding 
Recovery (FEMUR) study (REC approval: 20/LO/ 
0841 clinicaltrials.gov registration NCT04764617). 
The control individuals collected alongside were 
collected under REC ref FMHS 302–0621 by the 
internal review board by the University of 
Nottingham School of Medicine.
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All participants provided written informed 
consent.

SCFA measurements

Metabolomic profiling was performed on 2906 
serum samples (2507, 328 and 71 participants 
from TwinsUK, ZOE PREDICT-1 and the acute 
trauma case-control cohort, respectively) and 
2557 stool samples (2229 and 328 participants 
from TwinsUK and ZOE PREDICT-1, respec
tively) by Metabolon Inc. using liquid chromato
graphy coupled with tandem mass spectrometry 
(LC-MS/MS), as previously described.31 For 
TwinsUK and ZOE PREDICT-1 cohorts, stool 
and fasting serum samples were available, whereas 
only fasting serum samples were available for the 
acute trauma case-control cohort, as samples were 
collected in a hospital setting. For the ZOE 
PREDICT-1 participants, postprandial (30 min, 2  
h and 4 h) serum samples were also collected after 
consuming a standardized meal (see Methods:Test 
meal challenge). Full details and quality control are 
included in Supplementary Text 1. In all the sam
ples, the SCFA acetate, propionate, butyrate, 
methylbutyrate, isobutyrate, valerate and isovale
rate, and the medium-chain fatty acid hexanoate 
were measured. For the sake of ease of reading, 
hexanoate is included in the definition of SCFA.

Postprandial metrics

For each SCFA, we defined as (i) peak the max
imum SCFA concentration in the 4 hours following 
the test meal challenge minus the fasting level, and 
(ii) dip the fasting level minus the minimum SCFA 
concentration in the 4 hours following the test meal 
challenge. Postprandial lipemic and glycemic para
meters (the 2-h glucose iAUC, rise in triglyceride at 
6 h postprandially, rise in insulin at 2 h postpran
dially and rise in C-peptide at 2 h postprandially - 
see Berry et al., 202016 for more details), and cyto
kines (the highest concentration of GlycA and IL-6 
within 6 h postprandially) were also available.

Microbiome sequencing and profiling

Deep shotgun metagenomic sequencing in stool 
samples from TwinsUK and ZOE PREDICT-1 

was performed as previously described,22,32, and 
as detailed below.

Faecal sample collection
TwinsUK and ZOE PREDICT-1 participants col
lected stool samples at home in pre-labeled kits (con
taining 2 × 25 ml tube or 1 × 25 ml tube and 1 × 10 ml 
Zymo buffer) posted to them prior to their clinic visit 
date and brought with them to the visit. Alternatively, 
samples can be posted to the clinic using blue Royal 
Mail safe boxes. In the laboratory, samples were 
homogenized, aliquoted into 4 bijou tubes, and stored 
at − 80°C, within 2 hours of receipt.

DNA extraction, library preparation and DNA 
sequencing
To isolate genomic DNA from fecal material in 
TwinsUK, bijou tubes are removed from the free
zer and ground with glass beads and 5-6 ml dis
tilled water (Spex Grinder, 10 seconds, 800 
strokes per minute). The supernatant is centri
fuged and ground further (5 minutes, 1000 
strokes per minute) before 200–300 µl of the 
sample is mixed with 10 µl PK solution and 720  
µl of Lysis/Bind Master Mix). Proteins are 
degraded by the binding solution and subse
quently extracted by KingFisher Flex robot. 
DNA is washed in 2 steps by washing solutions 
and eluted in MagMax Core Elution Buffer in 
100 µl. In ZOE PREDICT-1, DNA was isolated 
by QIAGEN Genomic Services using DNeasy 96 
PowerSoil Pro from the microbiome samples. 
Library preparation and sequencing were per
formed by GenomeScan for TwinsUK. For ZOE 
PREDICT-1, the quality and yield after sample 
preparation were measured with the Fragment 
Analyzer system following the manufacturer’s 
guidelines. The size of the resulting product was 
consistent with the expected size of approxi
mately 500–700 bp. Libraries were sequenced 
for 300 bp paired-end reads using the Illumina 
NovaSeq6000 platform according to the manufac
turer’s protocols. 1.1 nM library was used for 
flow cell loading. NovaSeq control software NCS 
v1.5 was used. Image analysis, base calling, and 
the quality check were performed with the 
Illumina data analysis pipeline RTA3.3.5 and 
Bcl2fastq v2.20.
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Metagenome quality control and preprocessing
TwinsUK sequenced metagenomes were processed 
using the YAMP pipeline (v. 0.9.5.3).33 Briefly, iden
tical reads were removed. Reads were filtered to 
remove adapters, known artifacts, phi X 174, and 
then quality trimmed (PhRED quality score < 10). 
Reads that became too short after trimming (N < 60  
bp) were discarded. We retained singleton reads 
(i.e., reads whose mate has been discarded) to retain 
as much information as possible. Contaminant 
reads belonging to the host genome were removed 
(build: GRCh37). Low-quality samples, i.e., samples 
with <10 M reads after QC were discarded (n = 4). 
Sequenced metagenomes in ZOE PREDICT-1 were 
QCed using the pipeline implemented in https:// 
github.com/SegataLab/preprocessing.

Microbiome taxonomic profiling

The metagenomic analysis was conducted follow
ing the general guidelines34 and based on the 
bioBakery computational environment.35,36 High- 
resolution taxonomic profiling of the TwinsUK 
and ZOE PREDICT-1 metagenomes was per
formed using MetaPhlAn 4.beta.2 with the Jan21 
database that comprises 26,970 species-level gen
ome bins, with default parameters.37

Inflammatory markers measurements

Pro-inflammatory markers TNF-α, IFN-γ, 
GlycA and IL-6, and the anti-inflammatory 
marker IL-10 were measured by ELISA by 
Affinity biomarkers in the acute trauma case- 
control cohort. In TwinsUK, IL-10, TNF-α, and 
IL-6 were measured using the bead-based high- 
sensitivity human cytokine kit (HSCYTO-60SK, 
Linco-Millipore) according to the manufac
turer’s instructions. In ZOE PREDICT-1, IL-6 
was measured by Affinity Biomarkers Lab 
using a Sandwich Immunoassay by Meso Scale 
Diagnostics. In TwinsUK and ZOE PREDICT-1, 
GlycA was measured using the high-throughput 
NMR metabolomic (Nightingale) 2016 panel.

Data availability statement

The data used in this study are held by the 
Department of Twin Research at King’s 

College London. The data can be released to 
bona fide researchers using our normal proce
dures overseen by the Wellcome Trust and its 
guidelines as part of our core funding (https:// 
twinsuk.ac.uk/resources-for-researchers/access- 
our-data/). The gut microbiome data is available 
on EBI (https://www.ebi.ac.uk/) under accession 
numbers PRJEB39223 (ZOE- PREDICT-1) and 
PRJEB32731 (TwinsUK).

Statistical analyses

Statistical analyses were performed using 
RStudio version 1.3.1093, and python. All the 
models were corrected for multiple testing using 
false discovery rate (FDR – Benjamini and 
Hochberg method).38 If not indicated otherwise, 
the level of statistical significance was set at 
FDR < 0.05 in all the analyses. Before running 
the analyses, outliers of SCFA measures defined 
as values 4 standard deviations from the mean 
were excluded, and values were Z-scaled. 
Analyses with postprandial SCFA levels were 
performed only in ZOE PREDICT-1. To achieve 
the second aim of this study, TwinsUK cohort 
and ZOE PREDICT-1 were processed together, 
and findings were checked for consistency with 
results obtained for each individual cohort. To 
achieve the last aim, data from ZOE PREDICT- 
1, a subset of TwinsUK, and the acute trauma 
case-control cohort was included (see Figure 1).

Correlations between circulating and fecal SCFA 
levels
To investigate the correlations between circulating 
and fecal SCFA levels, we used non-parametric 
Spearman’s correlations as the SCFA measure
ments in TwinsUK and ZOE PREDICT-1 did not 
follow a normal distribution.

Changes in postprandial SCFA levels and 
associations with postprandial lipemic and glycemic 
parameters

We examined postprandial changes from fasting in 
each SCFA using the Wilcoxon test, and the inter- 
individual variability in the highest and lowest 
postprandial concentration of each SCFA using
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the coefficient of variation (CV – calculated as SD/ 
mean, %). We assessed the associations with post
prandial SCFA levels and Z-scaled log-transformed 
postprandial lipemic and glycemic parameters run
ning linear mixed models adjusting for age, BMI 
and family relatedness as random effects.

Host genetics contribution to SCFA levels: heritability 
estimates
To estimate the heritability of the SCFA levels in 
serum (fasting and postprandial) and stool, we 
utilized the classical twin model and compared 
the degree of similarity among monozygotic (MZ) 
twins, who share 100% of their genetic make-up, 
and dizygotic (DZ) twins, who share on average 
50% of their segregating genes. Under the equal 
environment assumption (EEA), the variance of 
the trait/phenotype (P) is explained by three latent 
parameters: additive genetic variance (A), shared 
(familial) environmental variance (C) and indivi
dual-specific environmental variance/error (E).39 

To estimate the heritability, we utilized the struc
tural equation models (SEM), which uses the 
observed covariances from both MZ and DZ pairs 
to establish a causal relationship between the cov
ariances and the latent parameters. We performed 
the heritability analysis using the twinlm function 
(R METs package).40 Heritability of the SCFA 
levels in fasting serum and stool was calculated in 
TwinsUK and ZOE PREDICT- 1 participants 
together to increase the sample size ensuring accu
rate estimates. Heritability models of the fecal and 
fasting circulating SCFA levels were adjusted for 
age, sex and BMI, whereas models of the postpran
dial levels were adjusted for age and BMI (sex was 
not included as all the participants were women).

Gut microbiota contribution to SCFA levels: random 
forest models. The machine learning framework 
employed is based on the scikit-learn Python 
package.41 The ML algorithms used for the pre
diction of SCFAs in serum (fasting and post
prandial) and stool from the species-level 
relative abundances (as estimated by 
MetaPhlAn 4.beta.2 and normalized using the 
arcsin-sqrt transformation for compositional 
data) are based on Random Forest (RF) classifi
cation and regression. We selected RF-based 
methods a priori as it has been repeatedly 

shown to be particularly suitable and robust to 
the statistical challenges inherent to microbiome 
abundance data.42 A cross-validation approach 
was implemented, based on 100 bootstrap itera
tions and an 80/20 random split into training 
and testing folds. To specifically avoid overfitting 
due to the twin nature of our data and their 
shared factors, we removed any twin from the 
training fold if their twin was present in the test 
fold.

For the classifiers, we divided the continuous 
features into two classes: the top and bottom quar
tiles. From the scikit-learn package, we used the 
RandomForestClassifier function with n_estimators  
= 1000, max_features=‘sqrt’ parameters. For the 
regressors, we trained an RF regressor to learn the 
feature to predict and simple linear regression to 
calibrate the output for the test folds on the range 
of values in the training folds. From the scikit-learn 
package, we used the RandomForestRegressor func
tion with n_estimators = 1000, criterion=’mse’, 
max_features=‘sqrt’ parameters and LinearRegres 
sion with default parameters.

As an additional control, we verified that 
when randomly swapping the target labels or 
values (classification and regression, respec
tively), the performances were reflecting 
a random prediction, hence an area under the 
ROC curve (AUC) very close to 0.5 and a non- 
significant correlation between the real and pre
dicted values approaching 0.
Links between circulating SCFA levels and chronic and 
acute inflammatory responses, and differences in 
SCFA levels between controls and acute fracture 
patients. Circulating SCFA levels and cytokines 
were log-transformed to obtain a normal distri
bution and then Z-scaled. We first assessed the 
associations between SCFA levels and cytokines 
in healthy individuals from the acute trauma 
case-control study, a subset of TwinsUK with 
measurements of circulating cytokines and 
SCFAs, and ZOE PREDICT-1 by running 
Pearson’s correlations. We then combined the 
results from the different studies using an 
inverse variance random effect meta-analysis. 
Moreover, Pearson’s correlations between each 
marker (IL-10, TNF-α, IFN-γ GlycA, IL-6) and 
SCFA stratifying by the type of acute trauma 
(hip fracture or rib fracture) were also run to
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investigate the potential link between SCFA 
levels and acute inflammatory responses. 
Pairwise t.test and linear models were employed 
to test differences in circulating SCFAs between 
trauma patients (hip/rib fracture) and controls. 
Linear models were further adjusted for age (set 
as a two levels factor defined by age ≥ 50 and 
age < 50) and sex.
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Supplementary Fig. 7.1 Spearman’s correlations between age and BMI, and SCFAs

in serum and stool in participants from the TwinsUK and ZOE PREDICT-1 cohorts.

Significant correlations (FDR <0.05) are indicated with an asterix.
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Supplementary Fig. 7.2 Partial Spearman’s correlations between abundances of single

gut microbial species and faecal SCFAs levels for 1178 individuals from TwinsUK

and ZOE PREDICT-1. Correlations were adjusted for age, BMI and sex. Characterised

species with a prevalence>20%, presenting significant correlations in the 3 datasets -

TwinsUK together with ZOE PREDICT-1 (FDR<0.2), TwinsUK, and ZOE PREDICT-1

(nominal p-value=0.05) -, and with at least 3 different SCFAs were presented. Correlations
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that were not replicated in TwinsUK and/or ZOE PREDICT-1 (nominal p-value≤0.05) are

indicated with an asterisk. The species are presented using their Species-level Genome

Bins (SGBs) identifiers. The species and SCFAs were hierarchically clustered (complete

linkage, Euclidean distance). The horizontal bars indicate the prevalence values (%) for

each species.
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Supplementary Table 7.1 Postprandial changes from fasting and inter-individual

variability for each SCFA assessed using Wilcoxon tests and coefficient of variation

(CV-calculated as SD/mean, %).

SCFA Postprandial measure CV Wilcoxon p-value
Peak 36.8 9.6 x 10−5

Acetate
Dip 41.6 4.1 x 10−52

Peak 28.2 3.6 x 10−23
Propionate

Dip 37.9 1.3 x 10−11

Peak 33.6 4.0 x 10−28
Butyrate

Dip 41.3 6.1 x 10−11

Peak 29.8 0.37
Methylbutyrate

Dip 36.5 1.5 x 10−35

Peak 26.5 9.6 x 10−5
Isobutyrate

Dip 32 6.9 x 10−40

Peak 32.7 5.9 x 10−32
Valerate

Dip 46.7 0.08
Peak 25.4 1.4 x 10−17

Isovalerate
Dip 33.8 1.2 x 10−18

Peak 39.8 0.37
Hexanoate

Dip 39.2 2.1 x 10−27
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Supplementary Table 7.2 Associations between postprandial SCFA levels and

postprandial lipaemic and glycaemic parameters in ZOE PREDICT-1 participants.

The beta estimates and p-values (FDR) (shown in parenthesis) obtained from linear mixed

models adjusted for age, BMI and family relatedness are reported.

SCFA Postprandial
measure

Triglycerides
6h-rise

Glucose
iAUC0-2h

C-peptide
2h-rise

Insulin
2h-rise

Peak 0.15 (0.11) 0.04 (0.91) 0.02 (0.95) 0.08 (0.68)
Acetate

Dip 0.22 (0.001) -0.2 (0.005) -0.01 (0.97) 0.06 (0.64)
Peak 0.01 (0.95) 0.15 (0.11) 0.08 (0.7) 0.04 (0.91)

Propionate
Dip 0.06 (0.63) 0.15 (0.07) 0.12 (0.13) 0.07 (0.54)
Peak -0.06 (0.91) 0.14 (0.11) 0.06 (0.91) 0.04 (0.91)

Butyrate
Dip 0.03 (0.93) 0.14 (0.08) 0.12 (0.11) 0.07 (0.55)
Peak 0.06 (0.91) 0.04 (0.91) 0.05 (0.91) 0.04 (0.91)

Methylbutyrate
Dip 0.02 (0.94) -0.08 (0.5) -0.03 (0.93) -0.03 (0.93)
Peak 0.03 (0.91) -0.01 (0.97) 0 (0.97) 0 (0.97)

Isobutyrate
Dip 0.01 (0.98) -0.07 (0.54) 0 (0.98) -0.02 (0.94)
Peak -0.03 (0.91) 0.14 (0.14) 0.02 (0.95) 0.05 (0.91)

Valerate
Dip -0.03 (0.93) 0.14 (0.08) 0.03 (0.93) 0.02 (0.94)
Peak -0.02 (0.95) -0.03 (0.91) 0.02 (0.95) 0 (0.97)

Isovalerate
Dip 0 (0.98) -0.16 (0.04) -0.02 (0.94) -0.01 (0.94)
Peak -0.03 (0.95) 0.07 (0.83) 0.01 (0.95) -0.01 (0.97)

Hexanoate
Dip -0.03 (0.93) 0.05 (0.69) 0 (0.98) -0.04 (0.81)
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Supplementary Table 7.3 Influence of the gut microbiota composition in faecal and

circulating SCFA levels estimated by Random Forest regression (using Spearman’s

correlations) and classification (using AUC) models. The median AUC and the 95%

confidence intervals across 100 folds for a corresponding binary classifier between the

highest and lowest quartile, and the median values and the 95% confidence intervals of the

Spearman’s correlation between the real value of each component and the value predicted

by regression models across 100 training/testing folds are shown.

Sample SCFA Cohort AUC AUC
95% CI Spearman’s rho Spearman’s rho

95% CI
TwinsUK 0.51 0.51,0.53 0.07 0.06,0.09

Acetate
ZOE PREDICT-1 0.57 0.56,0.59 0.05 0.02,0.07

TwinsUK 0.51 0.51,0.53 0.03 0,0.03
Propionate

ZOE PREDICT-1 0.67 0.65,0.68 0.17 0.15,0.19
TwinsUK 0.6 0.59,0.61 0.06 0.04,0.07

Butyrate
ZOE PREDICT-1 0.61 0.6,0.63 0.12 0.09,0.14

TwinsUK 0.6 0.59,0.61 0.1 0.08,0.11
Methylbutyrate

ZOE PREDICT-1 0.52 0.5,0.54 0 -0.01,0.03
TwinsUK 0.56 0.56,0.58 0.08 0.07,0.09

Isobutyrate
ZOE PREDICT-1 0.52 0.5,0.53 0.01 0,0.04

TwinsUK 0.61 0.61,0.63 0.14 0.13,0.16
Valerate

ZOE PREDICT-1 0.59 0.57,0.6 0.08 0.05,0.1
TwinsUK 0.5 0.48,0.51 -0.02 -0.04,-0.01

Isovalerate
ZOE PREDICT-1 0.57 0.54,0.58 0.05 0.04,0.08

TwinsUK 0.63 0.62,0.64 0.19 0.16,0.19

Serum

Hexanoate
ZOE PREDICT-1 0.56 0.53,0.57 0.02 -0.01,0.04

TwinsUK 0.82 0.81,0.82 0.43 0.41,0.43
Acetate

ZOE PREDICT-1 0.91 0.9,0.92 0.59 0.56,0.59
TwinsUK 0.82 0.81,0.82 0.47 0.45,0.48

Propionate
ZOE PREDICT-1 0.93 0.91,0.93 0.62 0.6,0.63

TwinsUK 0.86 0.85,0.86 0.55 0.54,0.55
Butyrate

ZOE PREDICT-1 0.91 0.89,091 0.61 0.59,0.62
TwinsUK 0.78 0.77,0.79 0.41 0.39,0.42

Methylbutyrate
ZOE PREDICT-1 0.64 0.62,0.66 0.19 0.15,0.2

TwinsUK 0.75 0.74,0.76 0.33 0.31,0.34
Isobutyrate

ZOE PREDICT-1 0.6 0.58,0.62 0.1 0.08,0.13
TwinsUK 0.75 0.73,0.75 0.35 0.34,0.36

Valerate
ZOE PREDICT-1 0.78 0.75,0.78 0.33 0.31,0.35

TwinsUK 0.78 0.78,0.79 0.42 0.4,0.43
Isovalerate

ZOE PREDICT-1 0.66 0.64,0.67 0.23 0.2,0.25
TwinsUK 0.83 0.83,0.84 0.46 0.45,0.47

Stool

Hexanoate
ZOE PREDICT-1 0.82 0.8,0.83 0.39 0.37,0.42
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Supplementary Table 7.4 Demographic characteristics of the participants from the

subset of TwinsUK with measurements of circulating SCFAs and cytokines, and the

acute trauma case-control cohort.

Cohort Type n Females, (%) Age, yrs
Healthy (controls) 21 55% 38.7 (14.97)

Rib fracture 18 38% 59.6 (16.18)
Acute trauma
case-control

Hip fracture 32 80% 88.7 (5.03)
TwinsUK Healthy 82 100% 67.6 (10.9)
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Supplementary Table 7.5 Associations between circulating SCFA levels and fracture

in individuals from the acute trauma case-control cohort. Results are presented without

adjusting and after adjusting for age and sex.

Without adjusting Adjusting for age and sex

SCFA Compared
groups Beta SE P-value Beta SE P-value

Hip-Control 1.51 0.23 0 1.82 0.36 0
Rib-Control 0.39 0.26 0.14 0.61 0.32 0.06Acetate

Rib-Hip -1.11 0.23 0 -1.21 0.26 0
Hip-Control 0.75 0.28 0.01 1.11 0.43 0.01
Rib-Control 0.79 0.32 0.02 1.13 0.39 0Propionate

Rib-Hip 0.04 0.28 0.88 0.03 0.32 0.93
Hip-Control 0.07 0.31 0.83 0.34 0.46 0.47
Rib-Control 0.13 0.34 0.71 0.44 0.41 0.29Butyrate

Rib-Hip 0.06 0.31 0.84 0.1 0.34 0.76
Hip-Control -0.52 0.28 0.07 -0.51 0.43 0.24
Rib-Control 0.48 0.31 0.13 0.46 0.38 0.24Methylbutyrate

Rib-Hip 1 0.28 0 0.97 0.32 0
Hip-Control 0.12 0.3 0.69 0.19 0.47 0.69
Rib-Control 0.2 0.34 0.55 0.15 0.42 0.71Isobutyrate

Rib-Hip 0.08 0.3 0.79 -0.03 0.35 0.92
Hip-Control 0.63 0.3 0.04 1.14 0.44 0.01
Rib-Control 0.36 0.33 0.29 0.82 0.4 0.04Valerate

Rib-Hip -0.27 0.3 0.36 -0.32 0.33 0.33
Hip-Control 0.66 0.28 0.02 0.84 0.44 0.06
Rib-Control 0.95 0.32 0 1 0.39 0.01Isovalerate

Rib-Hip 0.28 0.28 0.32 0.16 0.32 0.63
Hip-Control 0.02 0.3 0.96 0.19 0.47 0.69
Rib-Control 0.08 0.34 0.82 0.14 0.42 0.75Hexanoate

Rib-Hip 0.06 0.3 0.84 -0.05 0.35 0.88
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Supplementary Text 7.1 Full details and quality control of the SCFA measurements.

Human serum and stool samples were spiked with stable labelled internal standards,

homogenized and subjected to protein precipitation with an organic solvent. After

centrifugation, an aliquot of the supernatant is derivatized. The reaction mixture was

injected onto an Agilent 1290/AB Sciex QTrap 5500 LC MS/MS system equipped with

a C18 reversed-phase UHPLC column. The mass spectrometer is operated in negative

mode using electrospray ionization (ESI). The peak area of the individual analyte product

ions was measured against the peak area of the product ions of the corresponding internal

standards. Quantitation was performed using a weighted linear least squares regression

analysis generated from fortified calibration standards prepared immediately prior to each

run. LC-MS/MS raw data were collected and processed using AB SCIEX software Analyst

1.6.3 and processed using SCIEX OS-MQ software v1.7

Sample analyses were carried out in a 96-well plate format containing two calibration

curves. Accuracy was evaluated using the corresponding QC replicates in the sample runs.

QCs met acceptance criteria at all levels for all analytes (QC acceptance criteria: At least

50% of QC samples at each concentration level per analyte should be within ±20.0% of

the corresponding historical mean, and at least 2/3 of all QC samples per analyte should

fall within ±20.0% of the corresponding historical mean).



Chapter 8

Mediatory effect of acetate between the

gut microbiome and visceral fat

As discussed in the introduction (Chapter 1), acetate is one of the major SCFAs, and

which has been associated with different cardiometabolic traits. However, integrating

different types of data is necessary to gain further insights into the host-microbial cross-talk

involving its circulating levels and its implications in CMD.

In this chapter, I assess the associations between circulating acetate levels, gut microbiome

composition and diversity, and visceral fat. Furthermore, I explore the phylogenetic

diversity and metabolic complexity of the identified acetate-associated gut genera by

performing genomic analyses.

The obtained results show the beneficial effects of circulating acetate on visceral fat, and

its mediatory role in the influence of the gut microbiome with visceral fat. Moreover, the

findings highlight the role of different gut microbiome species in CMD.

Collaborator Dr Philippa M. Wells cleaned and generated the amplicon sequence variants

for the gut microbiome data. I performed the statistical analyses and wrote the original

draft of the manuscript.

This chapter has been published in Frontiers in Microbiology (Nogal et al., 2021).
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Circulating Levels of the Short-Chain
Fatty Acid Acetate Mediate the Effect
of the Gut Microbiome on Visceral
Fat
Ana Nogal1†, Panayiotis Louca1†, Xinyuan Zhang1, Philippa M. Wells1, Claire J. Steves1,
Tim D. Spector1†, Mario Falchi1, Ana M. Valdes1,2† and Cristina Menni1*†

1 Department of Twin Research and Genetic Epidemiology, King’s College London, London, United Kingdom, 2 Nottingham
NIHR Biomedical Research Centre at the School of Medicine, Nottingham City Hospital, University of Nottingham,
Nottingham, United Kingdom

Background: Acetate is a short-chain fatty acid (SCFA) produced by gut bacteria,
which has been implicated in cardio-metabolic health. Here we examine the
relationships of circulating acetate levels with gut microbiome composition and diversity
and with visceral fat in a large population-based cohort.

Results: Microbiome alpha-diversity was positively correlated with circulating
acetate levels (Shannon, Beta [95%CI] = 0.12 [0.06, 0.18], P = 0.002) after
adjustment for covariates. Six serum acetate-associated bacterial genera were also
identified, including positive correlations with Coprococcus, Barnesiella, Ruminococcus,
and Ruminococcaceae NK4A21 and negative correlations were observed with
Lachnoclostridium and Bacteroides. We also identified a correlation between visceral
fat and serum acetate levels (Beta [95%CI] = −0.07 [−0.11, −0.04], P = 2.8 × 10−4)
and between visceral fat and Lachnoclostridium (Beta [95%CI] = 0.076 [0.042, 0.11],
P = 1.44 × 10−5). Formal mediation analysis revealed that acetate mediates ∼10% of
the total effect of Lachnoclostridium on visceral fat. The taxonomic diversity showed that
Lachnoclostridium and Coprococcus comprise at least 18 and 9 species, respectively,
including novel bacterial species. By predicting the functional capabilities, we found that
Coprococcus spp. present pathways involved in acetate production and metabolism of
vitamins B, whereas we identified pathways related to the biosynthesis of trimethylamine
(TMA) and CDP-diacylglycerol in Lachnoclostridium spp.

Conclusions: Our data indicates that gut microbiota composition and diversity
may influence circulating acetate levels and that acetate might exert benefits on
certain cardio-metabolic disease risk by decreasing visceral fat. Coprococcus may
play an important role in host health by its production of vitamins B and SCFAs,
whereas Lachnoclostridium might have an opposing effect by influencing negatively
the circulating levels of acetate and being involved in the biosynthesis of detrimental
lipid compounds.

Keywords: acetate, Lachnoclostridium, Coprococcus, human gut microbiota, visceral fat
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INTRODUCTION

Acetate is a short-chain fatty acid (SCFA) produced by colonic
bacteria through the saccharolytic fermentation of fibres (e.g.,
resistant starch, polysaccharides and simple sugars), which
escape digestion and absorption (Topping and Clifton, 2001).
The molar ratio of acetate in the colon is three times
larger than that of the two other major SCFAs, butyrate and
propionate (Cummings et al., 1987). Enteric bacteria, including
Ruminococcus spp., Prevotella spp., Bifidobacterium spp., and
Akkermansia muciniphila are suggested to be the main acetate-
producing bacteria (Rey et al., 2010).

Recently SCFAs have received increasing attention as they
have been shown to play an important role in cardio-metabolic
diseases (CMD), including obesity, type-2 diabetes (T2D), arterial
stiffness and atherosclerosis (Den Besten et al., 2013). Once
these bacteria-derived metabolites are synthetised, they have the
capacity to reach different systematic tissues, improving the gut
barrier integrity, glucose, cholesterol and lipid metabolism, and
regulating the immune system and anti-inflammatory response,
energy intake, and blood pressure (Martin-Gallausiaux et al.,
2020). For instance, acetate was shown to decrease appetite by
impacting directly on the hypothalamus (Frost et al., 2014),
inhibit endogenous lipolysis (Hron et al., 1978), enhance hepatic
uptake of blood cholesterol (Zhao Y. et al., 2017) and reduce
hyperglycaemia (Sakakibara et al., 2006). However, to gain further
insight into the host-microbial cross-talk involving circulating
acetate levels and its implications in cardio-metabolic health
(CMH), it is important to integrate different types of data.

In this study, we analyzed the associations between circulating
acetate levels, gut microbiome composition and diversity and
visceral fat in a cohort of 948 women from TwinsUK.
Furthermore, by performing genomic analyses, we have explored
the phylogenetic diversity and metabolic complexity of the
acetate-associated gut genera.

MATERIALS AND METHODS

Study Subjects
Study subjects were female twins enrolled in the TwinsUK
registry, a national register of adult twins recruited as volunteers
without selecting for any particular disease or trait (Moayyeri
et al., 2013). In this study, we analyzed data from 948 female twins
with concurrent measures of 16S gut microbiome composition,
serum acetate levels and visceral fat. The study was approved by
NRES Committee London–Westminster, and all twins provided
informed written consent. A flowchart of the study design is
presented in Figure 1A.

Abbreviations: ANI, average nucleotide identity; ASV, amplicon sequence
variants; CMD, cardio-metabolic diseases; CMH, cardio-metabolic health; CVD,
cardiovascular diseases; KEGG, Kyoto Encyclopedia of Genes and Genomes;
MAG, metagenome-assembled genomes; MetaCyc, Metabolic Pathway Database;
NCBI, National Center for Biotechnology Information; SCFA, short-chain fatty
acids; T2D, type-2 diabetes; TMA, trimethylamine; TMAO, trimethylamine-N-
oxide; UHGG, Unified Human Gastrointestinal Genome.

Measurements
Microbiome Analysis
Fecal samples were collected and the composition of the gut
microbiome was determined by 16S rRNA gene sequencing
carried out as previously described (Goodrich et al., 2016).
Briefly, the V4 region of the 16S rRNA gene was amplified and
sequenced on Illumina MiSeq. 16S sequences were demultiplexed
in QIIME 1 (Caporaso et al., 2010). The following analyses
were conducted in RStudio version 1.3.1093. Amplicon sequence
variants (ASV) were then generated using the “DADA2” R
package following the pipeline described by Wells and colleagues
(Wells et al., 2020). The ASVs were grouped into genera and
the samples with less than 10,000 reads were discarded. The
indices of microbiome alpha-diversity, quantified as Shannon,
inverse Simpson, Gini Simpson diversity, CHAO1 and number of
observed ASVs were calculated using the “microbiome” package
(Lahti and Shetty, 2018).

Acetate Measure
Circulating levels of acetate were measured from serum by
Nightingale Health Ltd. (Helsinki, Finland; previously known as
Brainshake Ltd.) using a targeted NMR spectroscopy platform
that has been extensively applied for biomarker profiling in
epidemiological studies (Würtz et al., 2015) as previously
described (Barrios et al., 2018).

Visceral Fat Measure
Measurements of whole body composition were performed for
948 female twins aged 48 to 87 years using the DXA fan-
beam technology (Hologic QDR; Hologic, Inc., Waltham, MA,
United States) as was indicated by Menni and colleagues (Menni
et al., 2016). This DXA-based measurement has been validated
against VF measured by CT scan (Kaul et al., 2012) and shown to
be reliable and reproducible.

Briefly, subjects were positioned in a supine position wearing
only a gown. The DXA machine was calibrated following the
manufacturer’s suggestions. The scans were analyzed using the
QDR System Software v12.6. Regions of interest were defined
manually by the same operator following the SOP (derived from
the manufacturer’s guidelines). The lower and upper horizontal
margins were placed just above the iliac crest and at the half of the
distance between the acromions and the iliac crest, respectively.
The vertical margins were adjusted at the external body borders
so that all the soft tissue was included.

Fibre Intake
A validated 131-item semi-quantitative Food Frequency
Questionnaire (FFQ) established for the EPIC (European
Prospective Investigations into Cancer and Nutrition)-Norfolk
study (Bingham et al., 2001) was used to assess dietary intake.
Estimated intakes of fiber (in grams per day) were derived from
the UK Nutrient Database (McCance and Widdowson, 2014)
and were adjusted for energy intake using the residual method
prior to analysis (Willett and Stampfer, 1986).
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FIGURE 1 | Overview of the flowchart (A) integrating gut microbiota composition and diversity, visceral fat and circulating acetate levels, and (B) showing the applied
filters and conducted steps to genomically characterize the Lachnoclostridium spp. and Coprococcus spp. Steps exclusively applied for Lachnoclostridium and
Coprococcus are indicated in orange and green, respectively, whereas the rest of steps were conducted in the genomes from both species. ANI, average nucleotide
identity; LMM, linear mixed model; UHGG, Unified Human Gastrointestinal Genome; QC, quality control.

Statistical Analyses
Statistical analyses were conducted in RStudio version 1.3.1093.
We assessed the association between circulating acetate and
(i) indices of alpha-diversity (Shannon, inverse Simpson, Gini
Simpson, CHAO1, and number of observed OTUs), (ii) gut
bacterial genera abundance (genera with abundance >0.001),
(iii) visceral fat using linear mixed model adjusting for
age, BMI, family relatedness and multiple testing using false
discovery rate [Benjamini and Hochberg (Thissen et al., 2002)].
Indices of alpha diversity were also adjusted for sequencing
depth. Then, linear mixed models were further employed to
investigate the association between visceral fat and any acetate-
associated genera. All variables included in the models were
Z-score normalized.

Finally, we employed mediation analysis as implemented in
the R package “mediation” (Tingley et al., 2014) with 1,000
Monte Carlo draws for a quasi-Bayesian approximation, to test
the mediation effects of acetate (indirect effect) on the total effect
of Lachnoclostridium on visceral fat adjusting for BMI, age and
fiber intake. We constructed a mediation model to quantify both
the direct effect Lachnoclostridium on visceral fat and the indirect
(mediated) effects mentioned above. The variance accounted for
(VAF) score, which represents the ratio of indirect-to-total effect
and determines the proportion of the variance explained by the

mediation process, was further used to determine the significance
of mediation effect.

Genomic Characterization of the
Identified Acetate-Associated Gut
Genera
A flowchart of the steps conducted for the genomic
characterisation is presented in Figure 1B.

Selection of Genome Sequences and Preliminary
Filtering
Genomes belonging to the acetate-associated gut genera
(Lachnoclostridium and Coprococcus) and their corresponding
metadata were obtained from the UHGG catalog and RefSeq
dataset (January, 2021), respectively (Almeida et al., 2020). We
removed the RefSeq genomes derived from metagenomes and
not sampled from human faeces, stool or the gastrointestinal
tract, Inconsistencies related to the variable country were
corrected and the missing sample accessions were added.
Genomes from sample identifiers not found in the National
Center for Biotechnology Information (NCBI) (Sayers et al.,
2019) were discarded. The two datasets were merge and we then
filtered by completeness, contamination and number of contigs
(>90%, <3%, and <400 for Lachnoclostridium and >95%, <1%,
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and <300 for Coprococcus). The thresholds in Lachnoclostridium
were less strict due to the scarcity of genomes presenting
higher standards. Duplicated genomes were discarded, keeping
the one with the highest N50 value. In total, we downloaded
271 Lachnoclostridium and 1,121 Coprococcus high-quality
genomes (Supplementary Table 1). Finally, genomes from
uncharacterized species or misclassified species were renamed
based on the cluster given by fastANI classification (see section
“Materials and Methods”).

Quality Assessment of Genome Assemblies and
Genome Annotation
Completeness and contamination were estimated with CheckM
version 1.1.3 (Parks et al., 2015) using the “lineage_wf” workflow.
QUAST version 5.0.2 (Gurevich et al., 2013) was run to retrieve
the total length, GC-content, contig number and N50. Genome
annotation was performed using Prokka version 1.12 (Seemann,
2014) using the default parameters.

Average Nucleotide Identity-Based Taxonomic
Classification
FastANI version 1.32 (Jain et al., 2018) was separately run
on Lachnoclostridium and Coprococcus genomes to calculate
the average nucleotide identity (ANI) between all pairs of
sequences (Supplementary Tables 2, 3, 4). Results were filtered
by the alignment fraction (>0.4), and symmetric pairwise ANI
dissimilarities (100-95, ANI = 95%) were calculated from the ANI
values to construct a dendrogram for each genus using the single
linkage hierarchical clustering method [“hclust” R function,
stats package (R Core Team and DC, 2019)]. Two networks
analyses based on the information given by the dendrograms
were conducted using the “layoutwithdrl” layout implemented
in the “igraph” R package (Csardi and Nepusz, 2006) with an
expansion and simmer attraction of 0, and an innit, liquid and
crunch temperature of 100, 50, and 50, respectively.

Verification of Misclassified Coprococcus Species
The inconsistencies in the taxonomic classification were verified
using BLASTn. For that, barrnap v0.9 was run to predict the 16S
rRNA sequences of genomes from C. eutactus, C. sp. BIOML-
A2, C. sp. BIOML-A1, C. sp. NSJ-10, C. sp900066115, and
C. sp000154245. These were used as query and subject to perform
a BLASTn search. The matches were filtered by 99% of identity
and a query cover of 50%.

Phylogeny Inference at the Genus Level
Evolutionary relationships among the Coprococcus and
Lachnoclostridium species were inferred using ezTree version 0.1
(Wu, 2018). For each species, up to three genomes (depending
on the number of available genomes) sequenced from isolates
were used as input. If genomes sequenced from isolates were not
available, then the metagenome-assembled genomes (MAGs)
with the highest completeness percentage were selected.

Prediction of the Functional Capabilities of
Coprococcus spp. and Lachnoclostridium spp.
Metabolic Pathway Database (Metacyc) (Caspi et al., 2018) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa

et al., 2014) information for each genome was retrieved using
the enzyme commission numbers from the gff files generated
by Prokka and MinPath (Minimal set of Pathways) (Ye and
Doak, 2009; Supplementary Table 5). For Coprococcus spp,
only the KEGG and MetaCyc pathways related to metabolism,
and fermentation, biosynthesis and degradation, respectively,
were kept. C. sp6 was not included in the analyses due to
its scarcity of genomes (n = 1). The retrieved information
was utilized to construct heatmaps [“Heatmap” R function
implemented in the “ComplexHeatmap” package (Gu et al.,
2016)] showing the genome percentage of each species with
a given pathway. For KEGG data, only the highly different
pathways between species were selected (for a given pathway, at
least one species has a percentage <5% and another species has
a percentage >80%). Moreover, a principal component analysis
(PCA) was performed using the presence/absence matrix with the
MetaCyc biosynthesis/degradation pathways using the “prcomp”
R function within the “stats” package. For the three major species
of Lachnoclostridium (species with >15 genomes), only the
MetaCyc pathways related to the lipid metabolism were selected
and utilized to construct a heatmap as previously indicated.

RESULTS

Associations Between Circulating
Acetate Levels, Gut Microbiota
Composition and Diversity and Visceral
Fat
The descriptive characteristics of the study participants are
depicted in Table 1. Overall, 948 women were included, aged
between 48 and 87 years, with an average BMI of 26.2 km/m2

(SD = 4.9) and concurrent measures of serum acetate levels, 16S
microbiome data and visceral fat.

As shown in Figure 2, circulating acetate levels were
positively correlated with several measures of microbiome

TABLE 1 | Descriptive characteristics of the study population.

Phenotype N %

N 948

Females 948 100

Mean SD

Age, years 65 7.84

BMI, km/m2 26.25 4.90

Acetate, mmol/l (log) −0.745 0.594

Fiber intake, gr 20.3 5.70

Visceral fat, gr 613 294

Indices of microbiome alpha-diversity

Shannon diversity 3.8 0.505

CHAO1 230 67.3

Number of observed OTUs 224 64.5

Inverse Simpson diversity 23.1 12.2

Gini Simpson diversity 0.938 0.05

Frontiers in Microbiology | www.frontiersin.org 4 July 2021 | Volume 12 | Article 711359

Mediatory effect of acetate between the gut microbiome and visceral fat 168



fmicb-12-711359 July 9, 2021 Time: 19:4 # 5

Nogal et al. Acetate, Gut Microbiome and Visceral Fat

FIGURE 2 | Forest plot showing the significant associations of acetate with microbiome alpha-diversity, gut bacterial genera and visceral fat. P-values are
FDR-adjusted.

alpha-diversity, including Shannon (Beta [95%CI] = 0.12
[0.06, 0.18], P = 0.002), CHAO1 (Beta [95%CI] = 0.14
[0.06, 0.21], P = 0.002), number of observed OTUs (Beta
[95%CI] = 0.13 [0.06, 0.21], P = 0.002), inverse Simpson (Beta
[95%CI] = 0.095 [0.03, 0.16], P = 0.009) and Gini Simpson
(Beta [95%CI] = 0.083 [0.021, 0.15], P = 0.02). We then
examined the association between acetate and bacterial genera
abundances (genera with abundance >0.001). We identified
six genera significantly associated with acetate levels after
adjusting for age, BMI, family relatedness and multiple testing
using FDR correction (FDR < 0.05) (Figure 2). These include
Coprococcus, Barnesiella, Ruminococcus, and Ruminococcaceae
NK4A214 positively associated with acetate levels and two
genera negatively associated, namely, Lachnoclostridium and
Bacteroides. Among them, Lachnoclostridium presented the most
robust association (P = 0.006).

As SCFAs exert benefits on CMH, we tested the correlation
between serum levels of acetate and the cardio-metabolic
trait visceral fat. We found a strong negative association
between both variables (Beta [95%CI] = −0.07 [−0.11, −0.04],
P = 2.8 × 10−4) (Figure 2).

We then assessed the correlation between the acetate-
associated gut genera and visceral fat. We found a strong positive
correlation between Lachnoclostridium abundances and visceral
fat (Beta [95%CI] = 0.076 [0.042, 0.11], P = 1.44 × 10−5). No
significant associations were identified for the remaining five

genera. We therefore conducted a formal mediation analysis
to determine the indirect effects of acetate on the total effect
of Lachnoclostridium on visceral fat. The analysis revealed
that acetate acted as a potential partial mediator in the
positive association between Lachnoclostridium and visceral fat
(VAF = 10.3%, P = 2 × 10−16). These associations remained
significant even after adjusting for dietary fiber intake.

Among the bacterial genera identified, we then genomically
characterized Lachnoclostridium and Coprococcus because they
presented the largest coefficient estimates in the association with
acetate (Figure 2).

Genomic-Based Taxonomic
Classification and Phylogenetic
Relationships of Coprococcus and
Lachnoclostridium Species
The dendrograms created from the symmetric pairwise ANI
values revealed the grouping of the 271 Lachnoclostridium
and 1,121 Coprococcus genomes in 18 and 9 different species,
respectively. Among them, most Lachnoclostridium species has
been characterized (14 species), whereas Coprococcus presented
four novel bacterial species and one has not been formally
characterized so far.

In addition, we found that genomes identified as
C. sp900066115, C. sp00015424, C. sp. BIOML-A2, C. sp.
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FIGURE 3 | Weighted undirected graph based on symmetric pairwise ANI values of Lachnoclostridium (A) and Coprococcus (B). Each node represents a single
genome, and each edge represents a connection between two genomes that share a mean ANI value higher than 95%. Nodes are colored by the belonging
Coprococcus and Lachnoclostridium species. The species that have not been formally characterized yet, have been named using “sp” followed by the cluster
number given by the dendrogram. “n” indicates the genome number of each species.

BIOML-A1, and C. sp. NSJ-10 were assigned to the clusters
of C. eutactus, C. sp4 and C. sp5 by the dendrogram. These
misclassifications were further verified using their 16S rRNA
sequences in a BLASTn search.

We also constructed two networks based on these ANI
values, allowing us to study the genomes as members of a
connected system (Figure 3). Here, the largest clusters of
Lachnoclostridium were shown by C. bolteae (113 genomes, 41%
of the total), C. symbiosum (68 genomes, 25% of the total)
and C. clostridioforme (37 genomes, 13% of the total), whereas
C. eutactus A (549 genomes, 49% of the total), C. sp4 (208
genomes, 19% of the total), C. sp5 (117 genomes, 10% of the
total) and C. eutactus (103 genomes, 9% of the total) presented
the largest clusters of Coprococcus.

Additionally, the computed maximum-likelihood
phylogenetic trees show the existing diversity of the gut bacteria
Lachnoclostridium and Coprococcus (Figure 4). We observed
that all the identified Lachnoclostridium and Coprococcus species
represented well-defined independent lineages.

Of note, the shown Clostridium species in Part
A of Figures 3, 4 belong to Lachnoclostridium
(Yutin and Galperin, 2013).

Prediction of the Functional Capabilities
of Coprococcus spp. and
Lachnoclostridium spp.
The percentage of genomes in which a fermentative pathway
was predicted in each Coprococcus species is depicted in
Figure 5A. Genomes from all the Coprococcus species presented
fermentative pathways involved in the acetate formation from
pyruvate (range = 90–100% genomes), acetoin biosynthesis
(100% genomes), butanediol biosynthesis (100% genomes)
and butyrate formation from acetyl-CoA (range = 90–100%
genomes). The pyruvate fermentation to acetone and propionate
(acrylate pathway) was exclusively present in genomes from
C. catus (100% genomes), whereas the production of ethanol
from pyruvate was mainly found in genomes from C. comes (80%
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FIGURE 4 | Maximum-likelihood phylogenetic tree of the genera Lachnoclostridium (A) and Coprococcus (B). Tree is collapsed into clades at the species level and
colored by species. Bootstrapping values for each branch are shown. The scale bar represents the average number of substitutions per site.

genomes). Production of lactate from pyruvate was predicted in
the latter two species (100% genomes).

The PCA performed using the presence/absence matrix with
the biosynthesis and degradation pathways show each species
formed a well-defined cluster, being C. sp4 and C. sp5, and
C. eutactus A, C. eutactus, and C. sp7 closely grouped (Figure 5B).

As shown in the heatmap of the KEGG metabolic pathways
(Figure 5C), differences in the functional capabilities exit

between Coprococcus species. For instance, beta-alanine
metabolism was present in all the species (∼100% genomes),
except in C. catus, whereas chloroalkene degradation was found
only in C. catus and C. comes (100% genomes). On the other hand,
some metabolic pathways were present in all the Coprococcu
species in a percentage higher than 90% (Supplementary
Table 5). The majority of them were related to the metabolism
of amino acids such as alanine, aspartate, glutamate, arginine,
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FIGURE 5 | MetaCyc and KEGG results obtained for Coprococcus spp (A–C) and Lachnoclostridium spp (D). (A) Heatmap of the MetaCyc fermentative pathways.
(B) PCA clustering based on the MetaCyc data related to the biosynthesis and degradation processes of each species. (C) Heatmap of the KEGG metabolic
pathways. Only the pathways highly differential (for a given pathway, at least one species has an abundance value <5% and another species has a value >80%)
between species are shown. (D) Heatmap of the MetaCyc pathways related to lipid metabolism in the three major species of Lachnoclostridium (species with >15
genomes). Of note, the shown Clostridium species belong to Lachnoclostridium (Yutin and Galperin, 2013). For all the heatmaps, the pathways and species are
hierarchically clustered, and color intensities represent the percentage of genomes of a given species with a specific metabolic pathway. Pyr, pyruvate; ferm.,
fermentation; metab, metabolism; deg, degradation; biosyn, biosynthesis.

proline, cysteine, glycine, serine and tyrosine, as well as essential
amino acids such histidine, lysine, methionine, threonine,
phenylalanine and tryptophan. Additionally, all the species
presented the metabolism of several vitamins B, including
vitamin B1 (thiamine), B2 (riboflavin), B3 (nicotinate), B6
(pyridoxine), B7 (biotin), and B9 (folate), and pathways involved
in the carbohydrate metabolism, such as the pentose phosphate
pathway and the starch and sucrose metabolism.

As we found a positive association between visceral fat and
Lachnoclostridium, we focused on the metabolic pathways
related to lipid metabolism. As depicted in Figure 5D, a

high homogeneity in the functional capabilities related to
lipid metabolism is presented in the three major species
of Lachnoclostridium, above all between C. bolteae and
C. clostridioforme. Furthermore, all the predicted pathways
belong to the higher category of lipid biosynthesis, such as
biosynthesis of choline I, CDP-diacylglycerol I and III, with the
exception of the fatty acid beta-oxidation IV pathway, which
belongs to the lipid degradation category. Moreover, genomes
from the three major species presented pathways involved in the
production of trimethylamine (TMA), including the biosynthesis
of choline (∼100% genomes of C. bolteae and C. symbiosum) and
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phosphatidylethanolamine (∼100% genomes of C. bolteae and
C. clostridioforme).

DISCUSSION

In what is to our knowledge the largest study to date
investigating the associations of circulating acetate levels with
gut microbiome composition and diversity and visceral fat, we
report that circulating acetate levels are positively associated
with microbiome alpha-diversity, while different gut bacterial
genera are associated with either higher or lower acetate
levels, and higher serum levels of acetate are correlated with
lower visceral fat. We have also shown for the first time that
the identified acetate-associated genus Lachnoclostridium has a
strong positive correlation with visceral fat, and such association
is partially mediated by acetate. Moreover, this is the first study
genomically characterizing the acetate-associated gut genera
Lachnoclostridium and Coprococcus, specifically, presenting their
diversity and evolution at the genus level and annotating the
functional capabilities of their species.

The identified positive associations between acetate and
Barnesiella and Ruminococcus are consistent with the fact they
contain genes involved in acetate production (Rey et al., 2010;
Lustgarten, 2019). We also found a negative correlation between
acetate levels and Bacteroides. Strikingly, Bacteroides spp. are
acetate producers (Miller, 1978; Robert et al., 2007). We speculate
that a plausible reason why Bacteroides present a negative
correlation is the co-presence of other bacteria that might utilize
the acetate produced by Bacteroides to generate other metabolites.

Among the bacterial genera identified, we genomically
characterized Lachnoclostridium and Coprococcus as they
presented the largest coefficient estimates in the association with
acetate, as well as the positive association between visceral fat
and Lachnoclostridium. In addition, these two genera presented
opposing effects on acetate levels, even though they are within
the same family, and thus, their genomic characterisation can
provide a more holistic perspective of the influence of the gut
bacteria on human health.

The dendrogram of Coprococcus revealed that half of the
identified species remained uncharacterized, indicating that
Coprococcus is still a poorly known genus, whereas most
Lachnoclostridium species presented less than six genomes
suggesting that its members are very rare (low prevalence) or
that may be present in the human gut at such extremely low
abundances that are difficult to detect.

In addition, the dendrogram allowed us to identify
misclassified genomes, emphasizing the importance of
performing quality controls and taxonomic classification. We
could further confirm that the groups of species obtained using
an ANI threshold of 95% were correct, since all the identified
species formed completely independent lineages. It is important
to note that the bacterial species delineation was not affected
by the high proportion of MAGs used (92% of Coprococcus
genomes and 71% of Lachnoclostridium genomes from the
total number). Therefore, the genomic methods proposed
here can be generalizable to genomes from other bacterial

species, independently of the genome type (reconstructed from
metagenomes or sequenced from isolates).

Furthermore, to the best of our knowledge, the phylogenetic
results represent the most complete overview of the
phylogenetic relationships of species from the genera
Coprococcus and Lachnoclostridium so far, as it includes
non-characterized species.

The annotation of the fermentative pathways confirmed that
the identified Coprococcus species present genes involved in the
formation of acetate, explaining the found positive association
between this genus and acetate. Moreover, Coprococcus species
are known as butyrate producers (Pryde et al., 2002), supporting
with our results, which show that the formation of butyrate
was predicted in all species. Our results are also in line with
the fact that C. catus can produce propionate via the acrylate
pathway (Reichardt et al., 2014). C. catus and C. comes present
fermentative pathways (e.g., ethanol and acetone production)
which are not found in other species. Interestingly, these species
clustered in a different clade in the phylogenetic tree at the
genus level. Additionally, both might produce lactate. It is
known that C. comes can also produce lactate and C. catus
can produce propionate from this compound (Reichardt et al.,
2014), however, C. catus is not recognized as a lactate producer.
We hypothesize that the produced lactate in C. catus might be
used to generate propionate or that this fermentative pathway
is not active, as this genomic approach facilitates the prediction
of the functional capabilities of this genus, but unable to infer
active pathways.

When we analyzed the diversity of the functional capabilities
related to the biosynthesis and degradation of compounds using
a PCA, we observed a considerable functional diversity among
species. Of note, C. sp5 and C. sp6, and C. eutactus A, C.
eutactus and C. sp7 were closely clustered, again, these are closely
related according to the phylogenetic tree, and thus, the lack of
differences might be due to their evolutionary closeness. These
results suggest that different species might be distinguished by
their metabolic functional capabilities.

We also noted differences in several KEGG metabolic
pathways between species. Some of these pathways have been
associated with CMH. For instance, a higher aminobenzoate
degradation has been associated with a body weight decrease
(Pataky et al., 2016). Our results show that genomes from
C. catus, C. eutactus A, C. eutactus and C. sp7 might degrade
aminobenzoate, and thus, positively influencing body weight.

Regarding the shared KEGG metabolic pathways, all the
genomes presented starch and sucrose metabolism and pentose
phosphate pathway, which are necessary to produce SCFAs
(Topping and Clifton, 2001; Basen and Kurrer, 2020), and
metabolism of essential amino acids, which can be absorbed
meeting the amino acids requirements (Fuller and Tomé,
2005). Furthermore, all the species might be able to metabolize
several vitamins/nutrients; including vitamins B, which has
been associated with protective pathways involved in CMH;
folate levels, which have been correlated with a lower metabolic
syndrome score, plasma fasting glucose and a higher plasma HDL
cholesterol (Navarrete-Muñoz et al., 2020); biotin, which has
been shown to be involved in the glucose and lipid homeostasis
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(Fernandez-Mejia, 2005); thiamine, which may attenuate
hypertension (Alaei-Shahmiri et al., 2015); and pyridoxine,
might decrease triglyceride levels (Mottaghian et al., 2020).

Finally, we examined the lipid metabolism of the three major
species of Lachnoclostridium as we found a positive association
with visceral fat, as well as several studies have reported it to be
related to diet-induced obesity (Zhao L. et al., 2017; Li et al., 2019;
Sun et al., 2020), total cholesterol and LDL-C (Wang et al., 2020).
Additionally, the mechanisms by through Lachnoclostridium
impacts obesity remain unknown. Our results suggest that
Lachnoclostridium spp. might negatively impact obesity and T2D.
For instance, Lachnoclostridium spp might biosynthesize choline
and phosphatidylethanolamine. Phosphatidylethanolamine can
be methylated producing choline (Li and Vance, 2008), which can
be subsequently used to produce TMA, and then trimethylamine-
N-oxide (TMAO) in the liver (Zhu et al., 2018). This is in line
with the fact that Lachnoclostridium has been suggested to be a
TMA-producing bacteria (Jameson et al., 2016). Likewise, TMAO
pathway has been associated with CMD in humans such as
obesity and T2D (Dambrova et al., 2016; Schugar et al., 2017).
Moreover, we identified in C. bolteae and C. clostridioforme two
pathways involved in the biosynthesis of CDP-diacylglycerol,
which might be a potential mediator of insulin resistance
(Petersen and Shulman, 2018).

We are aware of some limitations in this study. The
study sample includes only woman, and thus, our results
might not be generalisable to men or different ranges of age.
Only measures of acetate were available in this study, and
therefore, we could not assess the associations between other
relevant SCFAs, such as butyrate and propionate, and gut
microbiota and visceral fat. These measures were performed
using NMR, which provides different levels as compared to the
gold standard LC-MS methodology. Furthermore, the association
study was performed using 16S rRNA gene sequencing data. Our
findings would have benefited from metagenomic sequencing
analyses and an independent dataset to replicate our results or
in vitro demonstrations.

Notwithstanding the above limitations, we have shown for the
first time that higher abundances of Lachnoclostridium lead to
lower circulating levels of acetate, resulting in increasing visceral
fat. In addition, Coprococcus may play an important role in
host health by its production of vitamins B and SCFAs, whereas
Lachnoclostridium might have a negative impact on CMH by
influencing negatively the circulating levels of acetate and being
involved in the biosynthesis of harmful lipid compounds, such
as TMA and CDP-diacylglycerol. We have also presented a
dataset that compiles 271 and 1,121 high-quality genomes of
Lachnoclostridium and Coprococcus, respectively, which can be
very useful for scientists working in this area.
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Chapter 9

Discussion and conclusions

In this concluding chapter, I discuss the findings from the previous chapters and I frame

them in the context of the thesis’ aims and hypotheses. Moreover, I identify the limitations

and strengths of this work. Finally, I provide some suggestions on future research

lines based on the observed results, and I highlight the scientific, social, and economic

implications of my research.

By leveraging data from multiple population-based cohorts and applying a variety of

statistical and computational approaches, this thesis tested two interconnected hypotheses:

(i) that specific metabolites contribute to the individual metabolic risk and are useful

biomarkers of prevalent and incident CMD; and (ii) that circulating and faecal gut

microbial-derived metabolites, such as SCFAs, are important determinants of CMD and

represent specific pathways to be targeted by gut microbiome interventions.

To test the first hypothesis, I searched for biomarkers of prevalent and incident CMD. I

assessed the association between metabolites measured in serum and stool and different

cardiometabolic traits, including incident cardiovascular mortality, incident MI, and

prevalent prediabetes. Moreover, I explored the underlying molecular pathways and
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estimated the gut microbiota contribution to the faecal abundances of the identified

metabolites.

To test the second hypothesis, I investigated the role of the gut bacteria-derived metabolites

SCFAs in the interplay between gut microbiota and CMD. I comprehensively assessed

the host genetics and gut microbiota contribution to a panel of eight SCFAs in serum

and stool, examined their changes after a meal challenge, and explored the links with

inflammatory responses. I then focused on acetate, one of the major SCFAs, and explored

the associations between its circulating levels, the gut microbiota and visceral fat. Finally,

I genomically characterised the identified acetate-associated gut genera.

In this final chapter, I first provide a summary and a comprehensive discussion of these

results. I then summarise the limitations and strengths of the presented work. Lastly, I

propose potential future research lines based on the present findings.

9.1 Summary and discussion of findings

This thesis identified specific circulating and faecal metabolites, including the gut

bacteria-derived metabolites SCFAs, as key contributors to the onset and progression

of CMD. My results confirmed previous associations (e.g., the positive effect of SCFAs

in chronic inflammation), thus highlighting the robustness of my approach and they also

identified novel biomarkers and metabolic signatures (e.g., the faecal metabolic signature

associated with a higher risk of prediabetes). In addition, the results of this thesis showed

the metabolic pathways in which the identified metabolites are involved, and the gut

microbiota contribution to their levels. Taken together, these findings open promising

avenues for future research and potential treatments for CMD (discussed in detail in

Section 9.4).

In Chapters 4, 5 and 6, I searched for circulating and faecal biomarkers of prevalent

and incident CMD. In Chapter 4, I identified a panel of 21 circulating metabolites

cross-sectionally associated with ASCVD at two timepoints explaining 9.3% of the variance

not already explained by environmental and traditional risk factors. This panel added
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an incremental predictive value of incident cardiac disease and CVD mortality over the

aforementioned factors. Then in Chapter 5, I found 56 circulating biomarkers (10 novel)

of incident MI in the largest MWAS of MI to date, consisting of 7897 individuals from 6

intercontinental COMETS cohorts. Finally, in Chapter 6, I identified a faecal metabolite

signature of prediabetes, and found that the gut microbiome affects this metabolic condition

by influencing the absorption and/or excretion of host-produced metabolites.

In Chapters 7 and 8, I then focused on the role of the gut bacteria-derived metabolites

SCFAs as biomarkers of CMD and their interplay with the gut microbiota. In Chapter 7, I

reported that SCFA levels are mostly modifiable and change postprandially, and that faecal

SCFAs reflect gut microbiome composition. I also showed for the first time that the SCFA

levels and their correlations with inflammatory markers change depending on the type of

inflammatory response (chronic or acute trauma). Finally, in Chapter 8, I reported that

gut microbiota diversity and specific bacteria are associated with circulating acetate levels

and identified the mediatory role of acetate in the association between gut microbiota and

visceral fat.

Below, I discuss the main findings, moving from the broad identification of metabolites as

biomarkers of CMD to the investigation of the role of the gut bacteria-derived metabolites

SCFAs in the interplay between gut microbiota and CMD.

Biomarkers of prevalent and incident CMD: In Chapters 4 and 5, I identified circulating

biomarkers of incident cardiovascular traits. Both studies presented similarities with respect

to the obtained results. First, the serum metabolome of individuals with cardiovascular

morbidities or mortality starts to be dysregulated before the disease is well-established,

underscoring the potential of metabolomics as a proactive tool in the screening and

prevention of CVD. Second, the dysregulated metabolites are primarily lipids (47% in

ASCVD and 37% in MI) and amino acids (23% in ASCVD and 30% in MI), highlighting

the importance of these types of molecules in the onset of CVD, and their potential

use as targets for CVD prevention. However, these dysregulated metabolites consist of

a wide range of sub-classes, particularly in the case of lipids (e.g., lysophospholipids,

steroids and sterols), pointing out the complexity of the aetiology of these diseases. Third,
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enrichment pathway analyses revealed that the identified metabolites are involved in

pathways that had already been previously reported to be associated with CVD (e.g.,

sphingomyelin metabolism, choline biosynthesis, and glycine, serine and threonine

metabolism). Therefore, these pathways should be further studied and validated using

experimental models to better understand the mechanisms underlying these diseases. Of

note, most studies investigating circulating metabolites associated with cardiovascular

traits to date have used univariate and linear approaches, and/or a limited number of

participants [250, 291]. Unlike these, the metabolite panel associated with ASCVD was

identified using a machine learning algorithm that goes beyond linear and univariate

associations.Likewise, the COMETS study benefits from a large number of individuals

(n=7897) from diverse races and backgrounds with metabolomics profiling and prospective

MI information, allowing us to identify novel universal biomarkers.

As highlighted in Chapter 1, faecal metabolomics can provide mechanistic insights

into microbiome-linked host phenotypes [236, 292]. In Chapter 6, I identified a faecal

metabolite signature associated with a higher risk of prediabetes and potentially predictive

of incident T2D. Though the 8 metabolites making up the signature are not produced by the

gut microbiome but by the host (e.g., cofactors and vitamins), gut microbiome composition

can accurately predict their faecal abundances (AUC>70%). Prediabetes had been linked to

the gut microbiome composition, however, the underlying mechanisms remained unclear

[293]. My results suggest that the gut microbiome might affect prediabetes risk by

regulating the absorption or excretion of host-produced compounds, possibly via changes

in gut barrier permeability or shifts in beneficial bacteria populations. For instance, this

might occur due to alterations in gut barrier permeability caused by mucin-degrading

bacteria or a decrease in beneficial bacteria utilising these metabolites. This is further

supported by the mediation analysis results, showing the metabolites in the signature act

as partial mediators on the significant associations between several gut microbial species

(e.g., Faecalibacillus intestinalis, Dorea spp. and Ruminococcus torques) and prediabetes.

The role of SCFAs in the interplay between gut microbiota and CMD: In Chapters

7 and 8, I then explored the gut bacteria-derived metabolites SCFAs as biomarkers of

CMD. Specifically, I focused on their role in inflammatory responses and visceral fat,
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which are key elements for the understanding of CMD (see Section 1.1). In Chapter

7, I explored the links between circulating SCFAs and chronic and acute inflammatory

responses. When examining the links with chronic inflammation, I observed that SCFAs

are linked to lower systemic inflammation, which is in line with previous reports [294].

Moreover, for the first time, I analysed their role in acute inflammatory responses, such

as those seen in acute trauma cases. I found that certain types of fractures (rib or hip

fractures) led to changes in circulating SCFA levels with respect to healthy individuals and

with each other. The differences in inflammatory responses in different trauma scenarios

suggest that SCFAs may play a role in the recovery process, potentially by dampening

the inflammatory response in acute inflammation and contributing to the maintenance of a

low-grade inflammatory state in systemic inflammation. On the other hand, in Chapter 8,

I assessed the association between circulating levels of acetate and visceral fat, and I found

that higher levels were associated with less visceral fat. This suggests that the potential role

of circulating SCFAs in exerting benefits in CMD is by regulating inflammatory responses

and decreasing visceral fat.

I also explored the role of host genetics in regulating SCFA levels (Chapter 7), as

this would enable the understanding of how we can modulate their levels to enhance

cardiometabolic health. I found that a large proportion of the SCFA levels in serum

and stool are explained by environmental factors (average h2: serum=14%(SD=5%);

stool=12%(SD=6%)). These findings reinforce the importance of non-genetic factors in

SCFA formation. Differences in individual dietary and lifestyle patterns, including alcohol

intake, smoking intensity, exercise, and sleep patterns, might be driving the observed

variations, as some studies have suggested for other metabolites in serum and stool [236,

295]. These factors have been reported to modulate the gut microbiota composition and

function [83], which might result in changes in SCFA levels [2].

Consequently, I assessed the contribution of the gut microbiota to SCFA levels. When

integrating the gut microbiota compositional data using a machine learning approach to

predict SCFA levels in serum and stool (Chapter 7), I identified that the gut microbiome

can accurately predict their faecal levels (AUC>0.71) with Akkermansia muciniphila,

Faecalibacterium prausnitzii and Roseburia spp. as important predictors, while presenting
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weaker associations with serum. This is consistent with the obtained low correlation

between circulating and faecal levels of SCFAs. These observations highlight the fact that

faecal levels are not representative of the actual absorption and suggest that caution should

be taken when inferring microbiome-disease associations [67] from either serum or faecal

SCFA levels.

Furthermore, in Chapter 8, I identified alpha-diversity metrics to be positively associated

with circulating acetate levels, and the abundances of 6 gut bacterial genera to be either

positively (e.g., Lachnoclostridium) or negatively (e.g., Coprococcus) associated with its

levels. Importantly, I found Lachnoclostridium to be also positively associated with visceral

fat, and acetate was partially mediating such an association (VAF=10%). Additionally, in

Chapter 8, these results were combined with the identification of the species belonging to

Lachnoclostridium and Coprococcus followed by their functional characterisation to further

confirm the observed associations and to better understand the mechanisms through which

they might impact human health. I identified genes involved in acetate formation, aligning

with the obtained results. Moreover, while Lachnoclostridium spp. might negatively

impact obesity and T2D by potentially biosynthesising choline, phosphatidylethanolamine

[296] and CDP-diacylglycerol [297], Coprococcus spp. might be able to metabolise

several vitamins B, which have been associated with protective pathways involved in

cardiometabolic health [298–300].

Finally, in Chapter 7, I examined for the first time the changes in SCFA levels after a meal

challenge. Although humans spend most of their days in a postprandial state, postprandial

SCFA responses had only been investigated in animal models [301, 302]. I found that

there are significant individual differences in these responses. Moreover, the heritability

analysis revealed that for most SCFAs these were largely environmentally driven. However,

the gut microbiome presented a weak association with these levels, as happened with the

circulating levels at fasting. Therefore, other potential factors underlying these changes

need to be investigated.
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9.2 Limitations

This thesis presents several limitations that should be carefully considered.

• Phenotype collection in TwinsUK: Although TwinsUK provides an extensive,

well-phenotyped, population-based cohort [218], concurrent data is not always

available. Given that the gut microbiome and metabolome are inherently dynamic

and susceptible to extrinsic environmental perturbations [303], these variations

could potentially introduce different sources of bias into the results, including

inter-individual variability, temporal bias and confounding bias. Furthermore, the

availability of data varies across different subsets of the cohort. When integrating

different subsets, the sample size containing all available data tends to decrease,

affecting the statistical power of the conducted analyses. Finally, TwinsUK mainly

consists of middle-aged Caucasian women [218]. As such, the generalisability of

my findings may vary when extrapolating to populations with distinct demographic

characteristics.

• Cross-sectional design: Most analyses conducted in this thesis have a

cross-sectional design rather than a prospective design. Longitudinal data for some

of the outcomes of interest was not available (e.g., prediabetes) or was limited to

a small number of participants (e.g., T2D). This restricts the ability to evaluate

temporal changes in the metabolome and determine causation. For example, in

Chapter 8, the effect of circulating acetate levels on visceral fat is cross-sectionally

explored, thus, its impact on visceral fat over time cannot be inferred. Furthermore,

while the included cohorts provide a wealth of observational data, experimental

analyses are needed for a more comprehensive understanding of the underlying

mechanisms. However, the obtained findings can serve as a foundation for other

researchers to test some of the hypotheses that arise from my results.

• Relative measures for Metabolon metabolomics data: Metabolites profiled by

Metabolon Inc. are relative rather than absolute quantifications. Consequently, the

effect sizes obtained from the analyses incorporating such data (e.g., Chapters

4, 5 and 6) have no direct biological significance and might be influenced by the
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sample size. Nonetheless, I was still able to identify the deregulated metabolites

and their directions in the association with CMD. Also, I was able to meta-analyse

Metabolon data with metabolites measured by other metabolomics providers (i.e.,

Broad Institute and Nightingale) in Chapter 5.

• Data collection bias: In addition to the biases previously discussed, other biases

might have also arisen during the process of data collection. For metabolomics,

16S rRNA data and metagenomics, procedural and technical sources might

introduce variability in the metabolite and gut bacterial abundances. For instance,

there could be species not properly extracted from wet lab procedures as well

as species not represented as not enough genomic data sequenced or either

below the limit of detection of taxonomic profiling tools. Despite this, I was

able to replicate in different cohorts the identified associations between gut

microbiota-metabolites-cardiometabolic traits (e.g., in Chapter 6, the associations

between the identified faecal metabolite signature and prediabetes were replicated

in TwinsUK and KORA, while in Chapter 7, the power of the gut microbiome

composition to predict SCFA levels was consistent in TwinsUK and ZOE

PREDICT-1). Moreover, diverse kits and wet-lab assays were employed to

measure the cytokines used in Chapter 7 across studies, including TwinsUK,

ZOE PREDICT-1 and the acute trauma case-control cohort. Variations in sample

collection protocols, handling, and storage could have led to systematic variability,

potentially affecting the results. To mitigate potential measurement bias, inverse

variance random effect meta-analysis was applied to combine the estimates derived

from each cohort. Finally, MI and comorbidities were recorded from self-reported

questionnaires, which might suffer from misreporting bias, instead of being directly

extracted from medical records. However, when running sensitivity analysis in

Chapter 5 excluding cohorts where MI was assessed by self-reported questionnaires,

results remained consistent.
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9.3 Strengths

Despite the above-mentioned limitations, the presented work has several strengths.

• Data variety in TwinsUK: TwinsUK is one of the most genotyped and phenotyped

population-based cohorts in the world, enriched by the availability of several omics

data, including serum and stool metabolomics, and shotgun metagenomes. This has

allowed me to explore the interplay between the gut microbiome and metabolome

and their impact on several cardiometabolic traits. Moreover, this cohort consists

of twins enabling the study of genetic/hereditary factors (e.g., in Chapter 7, the

heritability of circulating and faecal SCFA levels was estimated).

• Replication of findings: I had access to independent cohorts to replicate my findings,

highlighting the robustness of my results. This was the case for Chapters 4, 5, 6 and

7. In particular, for Chapter 5, I had access to data from 6 intercontinental COMETS

cohorts, which provided me with a high number of participants, increasing the power

of my statistical analyses, and allowed me to study the influence of demographic

diversity in the identified MI-metabolite associations. Furthermore, despite the

extensive range of tests conducted in these chapters, analyses have been extensively

adjusted for covariates and multiple testing, mitigating the risk of false positives and

enhancing the reliability of the findings.

• Comprehensive assessment of SCFA levels in two independent cohorts: SCFA

levels were measured in serum and stool for two cohorts, namely TwinsUK and

ZOE PREDICT-1, providing a more holistic understanding of their interrelation and

how the host genetics and the gut microbiome influence both levels. In the ZOE

PREDICT-1 cohort, postprandial measurements were also available, which provides

a dynamic picture of their physiological responses.

• Variety of statistical and computational analyses: Throughout this thesis, I

have applied a wide range of statistical methods, ranging from univariate and

traditional linear models to machine learning algorithms, which allow the study

of the contribution of many features to a given response, and explore beyond



Discussion and conclusions 189

linear relations. For instance, in Chapters 6 and 7, I applied Random Forest

models, allowing me to integrate the compositional profiles of all the detected

gut microbiome species and assess their associations with the levels of different

metabolites, including SCFAs. Likewise, different computational approaches

were employed to genomically characterise acetate-associated gut bacterial genera,

shedding light on their functional capabilities at a deeper taxonomic level (i.e.,

species level) and their potential impact on human health.

9.4 Future directions

In this thesis, I identified novel biomarkers and metabolic signatures of CMD risk, including

sphingolipid molecules in MI and SCFAs in acute inflammation. Moreover, I provided

mechanistic insights into the pathways regulating CMD and the interplay of the gut

microbiota and metabolites in CMD.

Future studies should validate these biomarkers and develop strategies that modulate the

levels of these biomarkers to prevent the onset and development of different CMD.

Biomarker validation: To validate these biomarkers as reliable indicators of CMD risk,

causality, directionality, and the underlying molecular mechanisms need to be further

investigated. It is still unclear whether metabolome changes contribute to the onset of CMD

or are a result of it [304]. Therefore, moving from associations to causation is a crucial

step for biomarker validation. This implies establishing a cause-and-effect relationship

between the biomarker and the CMD; and ensuring that deregulation of the biomarker

levels appears before the disease onset. Data from large population-based studies with a

prospective study design and experimental models are pivotal for that purpose.

Population-based cohorts should include participants with different demographic

characteristics (e.g., different races and ranges of age, and a balanced representation

of genders), extensive metadata and repeated measures over time. This would enable

the identification of more generalised and reproducible biomarkers, while accounting for

potential confounders.
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Human microbiota-associated rodent studies, gnotobiotics, in vitro models, human

organotypic cultures, synthetic cultures, microbiome-depleted, germ-free, and Wildling

mouse models could be applied in the context of experimental models for the

microbial-derived metabolites [292, 305]. For instance, human microbiota-associated

rodent studies provide insights into the host-microbiome interplay and its implications for

CMD by replicating human microbial communities in a rodent host. Human organotypic

cultures are another model that enables the investigation of human cellular and tissue

responses while mimicking the in vivo conditions. Specifically, the tissue-specific effects

of the gut microbiota and their metabolic products can be studied [305], providing valuable

insights into the localised responses and molecular processes that may contribute to

CMD progression. On the other hand, synthetic cultures can be used to dissect the

metabolic interactions between defined microbial communities and the host. Furthermore,

microbiome-depleted models, including germ-free animals, are invaluable in assessing the

role of microbiota—or the lack thereof—in the development of CMD. These models can

identify causal relationships between microbial presence, or specific microbial constituents,

and host phenotypes [292, 305]. Lastly, Wildling mouse models, which are captured

from wild environments and thus harbour a naturally acquired microbiota, provide a more

realistic depiction of how environmental exposures to various microbial communities affect

the host and potentially modulate CMD risk.

To understand the molecular mechanisms underlying the association between the biomarker

and CMD, the biochemical pathways and interactions that lead to the presence of these

biomarkers need to be further understood. Genomic, proteomic, and metabolomic

analyses, along with animal models and clinical trials could be employed to elucidate these

mechanisms. Likewise, my results could be complemented with flux balance analyses

(FBA). While metabolomics provides a snapshot of the metabolic profile under particular

conditions, FBA study biological networks in a quantitative manner [306], shedding light on

the potential metabolic capacity and metabolic fluxes in a network. Such a comprehensive

understanding of biomarkers would not only enhance our knowledge of the disease process,

but also pave the way for reproducible and generalised targeted therapeutic strategies.
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Translational strategies: Based on the validated biomarkers, different translational

strategies with potential for future clinical implementation could be then investigated

and developed. As a large proportion of the metabolites are influenced by the gut

microbiome [1], here I will focus on discussing potential strategies that modulate the

levels of specific biomarkers by targeting the gut microbiome (e.g., dietary interventions,

pathobiont depletion, pre-, pro- and postbiotic usage, and whole community transfer).

Future research could focus on designing personalised dietary approaches that target

the gut microbiome, modulating specific biomarkers, for effective CMD prevention and

treatment. However, there are still scientific challenges that also need to be tackled to

achieve this. These include understanding (i) the inter-individual heterogeneity in metabolic

responses to dietary interventions due to the temporal and inter-individual variability of

the gut microbiome, and (ii) the impact of single foods and dietary compounds in the

gut microbiome and metabolome. Leveraging data from large cohorts with extensive

omics data and applying different sophisticated machine learning algorithms, such as

neural networks and kernel-based methods, could provide insights into these scientific

gaps. Non-dietary strategies, such as the administration of pre-, pro- and postbiotics, are

other potential promising alternatives to modulate the biomarkers of interest. Notably, the

Food and Drug Administration (FDA) has approved certain live biotherapeutic products to

treat various conditions [307]. However, some still present issues in relation to the dosage

(dose-specific effects of target metabolite) and variability of response between individuals.

Trials supplementing these compounds and determining their effects on the identified

biomarkers are needed to fully understand their clinical applicability. In contrast, whole

community transfer, including therapies like faecal microbiota transplantation (FMT),

which involves the transfer of complete microbiota from a healthy donor to a recipient

to restore a balanced microbial ecosystem, has been shown to be effective in treating C.

difficile infections [308] and is being explored for other conditions [309]. Additionally,

when compared with other FDA-approved live biotherapeutic products, which are limited

to one or a few bacteria strains, these types of therapies might provide a longer-lasting effect

in the patient (recipient) and be more cost effective. Nevertheless, for FMT to be widely

adopted as a therapeutic strategy, it must undergo rigorous standardisation. Protocols
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for donor selection, stool processing, and delivery methods need to be established [310].

In parallel, validation studies are imperative to ensure that these treatments are not only

safe and effective but also reproducible. Inconsistencies in the effectiveness of FMT

for treating CMD, such as metabolic syndrome, might also be addressed through such

standardisation, as observed in inconsistent effects from studies citing progressive loss

of donor microbes [311, 312]. In this context, the work of Karen Madsen has shown the

potential of orally-administered FMT combined with fibre supplementation to improve

insulin sensitivity in severe obesity and metabolic syndrome patients [313]. FMT would

be able to modify the recipient’s microbial ecology, thereby improving insulin sensitivity,

while the fibre supplementation would enhance or maintain these effects [313].

Further work: Finally, my findings could be further expanded in future work. For

instance, a significant proportion of the profiled metabolites are unknown compounds

and they do not have any match in public databases [314]. Nonetheless, many of them

are highly likely to play an important role in the interplay between gut microbiota and

human health [315]. In this context, future research could apply recent approaches known

as guilt-by-association, in which the unknown compounds can be inferred based on

their associations with other known compounds [292]. The findings can shed light on

the biological processes in which these unknown compounds participate, increasing our

knowledge of the metabolome in cardiometabolic health. Moreover, the gut microbiome

profile assessment in the presented studies of this thesis was performed from stool samples,

which tends to reflect the luminal microbiome content rather than the microbiome residing

in the intestinal wall [316]. Importantly, the mucosa-associated microbiome has been

suggested to play key roles in the host’s immunity and metabolism [317]. Therefore,

future studies should also integrate mucosa-associated microbiome analyses, enabling a

more holistic picture of the whole gut microbiome community. Furthermore, to better

understand the gut microbiome-metabolites-CMD interactions is necessary to integrate

transkingdom analyses with other omics. The shown findings in this thesis primarily

focus on gut bacteria members, however, the gut microbiome community consists of other

members, including viruses, archeae and fungi, which, as discussed in Chapter 1, also

play an important role in human health. The compositional data of these members can



Discussion and conclusions 193

now be extracted using novel or updated computational approaches. For instance, Soverini

and colleagues have recently developed a tool called HumanMycobiomeScan that allows

the characterisation of the fungal fraction from metagenomic samples [318]. Additionally,

the virome can now be profiled using the novel pipeline ViroProfiler [319] or by running

the gut microbiome compositional profiling tool MetaPhlAn, which in its latest version

(MetaPhlAn 4), integrates a novel viral catalogue [248, 320].

Scientific, social, and economic implications: My results along with the findings from

the discussed research will have profound scientific, social, and economic implications.

From the scientific perspective, they will unlock fundamental mechanisms underlying gut

microbiome-metabolites-cardiometabolic health interactions, which can be transferred

to other research lines and applied to other diseases, such as cancer, autoimmune and

neurodegenerative diseases. From a social and economic perspective, they will directly

improve patients’ lives by providing low-risk and non-expensive strategies, which are

aligned with the sustainable development goals (SDGs) established by the United Nations

(e.g., numbers 3 and 10), for the treatment and prevention of CMD.

9.5 Conclusions

The findings of this thesis illustrate the breadth of the physiological relevance of

metabolites, particularly SCFAs, on CMD, and highlight the importance of the gut

microbiota in the pathogenesis of CMD not only by producing metabolic products but also

by affecting intestinal absorption/excretion of host-produced metabolites. Future studies

should determine causality and explore translational strategies that could modulate the

identified metabolites by for example targeting the gut microbiota.
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Appendix A

OneDrive files

Chapter 5

• Supplementary Table 5.1 Metabolites significantly associated (meta-analysis

FDR<0.05) with incident MI. TE and SE refer to estimated overall treatment effect

and standard error, respectively.

• Supplementary Table 5.2 Literature references for the metabolites previously

associated with any cardiac diseases, and the super- and sub-pathways for

metabolites associated with incident MI. For the metabolites that did not remain

significant after further adjusting the meta-analyses for prevalent hypertension,

dyslipidaemia and type-2 diabetes, references showing their associations with any of

these 3 conditions are indicated.

• Supplementary Table 5.4 Meta-analysis results from the 56 metabolites

significantly associated with incident MI when the analyses were run excluding

the cohorts in which MI was assessed by self-reported questionnaires (TwinsUK

and ET2DS). TE and SE refer to estimated overall treatment effect and standard

error, respectively.

• Supplementary Table 5.5 Meta-analysis results from the 56 metabolites

significantly associated with incident MI when the models were further
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adjusted for prevalent hypertension, prevalent type-2 diabetes and prevalent

dyslipidemia. Significant associations are marked in red. TE and SE refer to

estimated overall treatment effect and standard error, respectively.

• Supplementary Table 5.6 Meta-analysis results from the 56 metabolites

significantly associated with incident MI when the models were stratified by race

(White individuals and Black individuals). Significant associations are marked

in red. TE and SE refer to estimated overall treatment effect and standard error,

respectively.

• Supplementary Table 5.7 Metabolites associated (meta-analysis nominal

p-value<0.05) with prevalent MI, and that are also significantly associated

with incident MI (meta-analysis FDR<0.05). TE and SE refer to estimated overall

treatment effect and standard error, respectively.

Chapter 6

• Supplementary Table 6.1 Complete list of the 526 included metabolites

in TwinsUK measured by Metabolon Inc. with their super-pathways,

sub-pathways, and KEGG and HMDB identifiers. From these, the metabolites

with measurements available for KORA participants are indicated.

• Supplementary Table 6.4 Associations between the gut microbiota composition

and impaired fasting glucose (IFG). Specifically, the top 100 features from the

Random Forest models predicting the faecal metabolite abundances from the gut

microbiome composition with an AUC>70% are shown. The linear regression

models were adjusted for age, BMI, sex and multiple testing (false discovery rate –

FDR). The prevalence of each gut bacteria is also indicated.

• Supplementary Table 6.5 Associations of comorbidities with the 8 metabolites

making up the score and the bacterial species involved in the mediation analyses.

Pearson’s correlations run for the continuous comorbidities (systolic and diastolic

blood pressure, circulating HDL, total cholesterol and triglycerides levels, and aHEI)



OneDrive files 229

whereas a two-proportion z-test was used for the categorical comorbidities (activity

level and smoking status).

• Supplementary Table 6.6 List of gut species represented using species-level

genome bins (SGBs) that were profiled in 342 participants from TwinsUK.

Prevalence and if the composition of a species presents variance zero and/or near

zero are indicated.

Chapter 8

• Supplementary Table 8.1 The created dataset containing 1,121

ultra-high-quality genomes belonging to Coprococcus and 271 high-quality

genomes belonging to Lachnoclostridium and their respective metadata.

• Supplementary Tables 8.2, 8.3, 8.4 Average nucleotide identity (ANI) values

obtained for each pair of genomes belonging to Lachnoclostridium and

Coprococcus using FastANI. Previously, genomes were filtered by alignment

fraction (>0.4).

• Supplementary Table 8.5 KEGG and MetaCyc pathways obtained for

Coprococcus and Lachnoclostridium genomes along with the percentage of

genomes of each species presenting a given pathway.



Appendix B

Extended discussion

In the following sections, some important points/limitations from Chapters 5 ("Circulating

biomarkers of incident myocardial infarction") and 6 ("A faecal metabolite signature

of prediabetes)", which are not included in their respective published manuscripts, are

discussed in greater detail.

Chapter 5

Unbalanced case-control ratio

In the Discussion section, the imbalanced ratio of cases to controls (the control number is

5.7-fold larger than the incident MI case number), is acknowledged as a limitation. An

unbalanced distribution of the response might increase the variance, resulting in wider

confidence intervals and reducing the statistical power. Nevertheless, the conducted

meta-analysis identified 56 metabolites with significantly altered levels between incident

MI cases and controls, underscoring notable findings despite the challenges presented by

the nature of our data.
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Potential confounding variables

Diet and smoking intensity might be important confounders in the reported

metabolite-incident MI associations. Unfortunately, this data could not be retrieved for the

included cohorts. However, the models were adjusted for multiple potential confounders

including age, sex, race, BMI, education level, physical activity levels, alcohol consumption

and smoking status. Likewise, sensitivity analyses were also performed to confirm the

reported associations after further adjusting the models for prevalent T2D, hypertension

and dyslipidaemia – conditions closely related to diet and potentially reflective of the

dietary patterns [321–323].

Imputation approach

Missing physical activity was replaced by the medium category of physical activity

level (0=low, 1=medium, 2=high). The variable design used across cohorts was decided

following the COnsortium of METabolomics Studies (COMETS)’ advice. This imputation

approach was selected since physical activity was not the main outcome, but one of the

eight potential confounders used in the models. Moreover, only a very small proportion of

individuals had this variable imputed (<10%). However, I acknowledge that this imputation

approach might have introduced a certain degree of bias to the results.

Independence of the obtained results

To get insights on the independence of the findings, especially for the novel metabolites

identified, a pairwise correlation analysis for the identified incident MI-associated

metabolites was performed in TwinsUK (Appendix B - Figure 1 ). The results suggest that

the findings are independent as most metabolites present low correlations with each other.

Specifically, 89% of the pairwise correlations presented rho values between 0.25 and -0.25,

and 88% of the pairwise correlations with the 10 novel identified metabolites presented

rho values between 0.25 and -0.25. Ideally, these results would benefit from conditional

analyses. Conditional analyses would enable the assessment of each metabolite’s effect

after adjusting for the others, thereby clarifying the unique contribution of each metabolite
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to the risk of incident MI. This is particularly crucial for the novel metabolites, as it would

provide stronger evidence for their potential role as independent biomarkers or causal

factors in the development of MI. Unfortunately, the execution of conditional analyses

would require the independent implementation of these analyses by each contributing

cohort, which was not possible primarily due to the logistical challenges involved.
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Pearson’s correlation

Appendix B - Fig.1 Pearson’s correlation matrix calculated from the abundances in

TwinsUK (n=911) of the 56 incident MI-associated metabolites in 6 cohorts from the

COnsortiun of METabolomics Studies (COMETS). The novel identified metabolites

are indicated in bold.
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Chapter 6

Methodological approach for building the IFG-metabolite score

To construct the IFG-metabolite score, univariate analyses in TwinsUK (discovery set) and

KORA (replication set) were conducted separately. Faecal metabolites that were significant

and showing the same directional association in both cohorts were selected and linearly

combined. Although other methods such as elastic net regression and lasso could have

been applied to derive the score, their use was considered but not implemented. These

approaches might identify a set of metabolites able to accurately distinguish IFG cases

from healthy individuals in the discovery set. However, such a metabolite set may not

generalise well across different datasets or populations. To develop an IFG-metabolite

score potentially more representative of diverse populations with varying demographic

characteristics, such as those in KORA, the score was based on metabolites replicated in

the KORA cohort.

Potential selection bias in the subset with gut microbiome profiling

As the gut microbiome was available only from a subset of individuals from the original

dataset, there might have been any potential selection bias. To investigate this, the baseline

characteristics of the individuals with the microbiome profiled were compared with those of

the individuals who did not have the microbiome profiled. As it is observed in Appendix B

– Table 1, there were no significant differences in the demographic characteristics between

these two groups of subjects, thus mitigating the concern of potential selection bias.

Appendix B - Table 1 Descriptive characteristics of the individuals from TwinsUK

with and without concurrent gut microbiota composition and faecal metabolites

measurements. The p-value from a Wilcoxon test (continuous variable) or chi-squared

test (categorical variable) was calculated to check whether differences between the different

subject groups for the described parameters existed.
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Individuals with
gut microbiome

Individuals without
gut microbiome

Differences between
groups (p-value)

N 342 905 -
Females, % 83.9 89.2 0.02

Age, yrs 56 (16.6) 58.5 (14) 0.23
BMI, kg/m2 25.6 (5) 25.5 (4.7) 0.82

Circulating total
cholesterol, mmol/L 4.1 (0.5) 4.1 (0.5) 0.78

Fasting glucose,
mmol/L 4.7 (0.5) 4.7 (0.5) 0.85

Alternate health
eating index 70.6 (5.7) 70.3 (6.7) 0.64

Current
smoker

No: 331
Yes: 11

No: 868
Yes: 37 0.58

Activity
level

Low: 25
Moderate: 259

High: 58

Low: 88
Moderate: 645

High: 172
0.24

Potential permeability markers for finding validation

In Chapter 6, the potential utility of measuring permeability markers to elucidate the role

of intestinal permeability in the absorption or excretion of the eight identified metabolites

is discussed. A variety of permeability markers could be used in conjunction with the

existing data presented in this study. For instance, an ELISA assay could be used to detect

and quantify biomarkers related to intestinal permeability, including faecal or circulating

zonulin (a protein that modulates the permeability of tight junctions between epithelial

cells), faecal alpha-1 antitrypsin (a protease inhibitor that reflects the protein loss into the

intestinal lumen) and circulating LPS (which under normal conditions are prevented from

entering the bloodstream by the gut barrier) [324]. Elevated levels of these biomarkers

would suggest a potential disruption of the gut barrier integrity [324].
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