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Abstract 

Relationship between the gut microbiome and behaviour                                     
at the molecular, organism, population and evolutionary levels 

 

Katerina Vicky-Ann Johnson 
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Eukaryotes have evolved in the presence of microbial life and so it is unsurprising that 

microorganisms are functionally integrated with many aspects of animal biology.  Research is 

revealing the numerous ways that the gut microbiome interacts with the host’s central nervous 

system, influencing brain development, neurochemistry, emotion and social behaviour.  This 

microbiome–gut–brain axis is bidirectional since the behaviour and emotional state of the host 

can in turn alter microbiome composition and function.  This thesis investigates these two-way 

interactions between the gut microbiome and host behaviour at the molecular, organism, 

population and evolutionary levels. 

I demonstrate using animal models that the gut microbiome alters the expression of 

neuropeptide signalling pathways implicated in social and emotional behaviour, particularly in 

the frontal cortex.  This is the first investigation into the effect of the microbiome on the brain’s 

opioid system.  In a large human cohort I find that sociability, neuroticism, anxiety and stress 

are related to differences in microbiome composition and diversity, revealing a microbial 

dimension to human personality.  I also show in a non-captive macaque population that 

sociability is related to differential abundances of certain bacterial taxa.  From an evolutionary 

perspective, I find evidence that a change in gut microbiome composition may have facilitated 

evolution of a larger brain and complex social behaviour.  Finally, I apply evolutionary theory to 



the microbiome–gut–brain axis and argue against the emerging hypothesis that gut 

microorganisms manipulate host behaviour.  

This multilevel approach provides a holistic view of the microbiome–gut–brain axis, from 

neurogenetics, to personality, social behaviour and evolution of the social brain.  Based on the 

novel insights from this research, I conclude that the gut microbiome is fundamental to our 

understanding of the mammalian brain, behaviour and evolution in ways not currently 

appreciated, but with implications for human psychology and well-being.   
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Chapter 1   
 
Introduction 

1.1 Living in a microbial world 

We inhabit a world teeming with microscopic life (Whitman et al., 1998).  Microorganisms live all 

around us, on us and in us; so much so that bacterial cells make up approximately half the 

number of cells in the human body (Sender et al., 2016).  We also emit an estimated ten million 

biological particles an hour, forming our own personalized microbial cloud which leaves a 

microbial signature behind in the environments we occupy (Meadow et al., 2015).  The 

realization that microbial communities inhabit almost every environment on Earth, combined 

with the evidence that they play key roles in human health, represents one of the most important 

recent developments in the biological and medical sciences.   

Multicellular life has evolved in the presence of microorganisms, resulting in numerous and 

complex symbiotic interactions between a host and its microbiota (Sachs et al., 2011; Shapira, 

2016).  Given the long evolutionary history between animals and their associated microbiota, it 

is unsurprising therefore that the physiological processes of animals are intricately connected to 

their microbial symbionts (McFall-Ngai et al., 2013).  The vast majority of these microorganisms 

inhabit the gastrointestinal tract which is estimated to contain hundreds to thousands of bacterial 

species and strains (Bäckhed et al., 2005; Qin et al., 2010).  In addition, although microbiome 

research is currently focused on characterizing bacterial taxa, the microbiome is a complex 

community consisting of not only bacteria but also archaea, fungi, viruses and eukaryotes such 

as protozoa (Lloyd-Price et al., 2016).  This community of microorganisms inhabiting the gut, 
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known as the gut microbiome, influences development, digestion, immunity, metabolism and 

even behaviour (Round & Mazmanian, 2009; Cryan & Dinan, 2012; Brestoff & Artis, 2013; 

Sommer & Bäckhed, 2013; Sampson & Mazmanian, 2015).  The important contributions made 

by the microbiome to host health are in stark contrast to the widely held view from the antibiotic 

era when microorganisms were considered largely pathogenic (Aminov, 2010). 

1.2 The human gut microbiome 

Upon delivery, the newborn is exposed to the mother’s vaginal microbiota, and subsequently to 

an array of microorganisms from its physical and social environment (Sprockett et al., 2018).  In 

fact, although colonization was assumed to begin postnatally, there is now increasing evidence 

of a microbial presence in utero (Collado et al., 2016; Versalovic, 2016).  Within the first two 

years of life, the taxonomic and functional composition of the gut microbiome approximately 

resembles that of adults (Palmer et al., 2007; Koenig et al., 2011; Bäckhed et al., 2015). 

There is striking variation between individuals in gut microbiome composition (Costello et al., 

2009; Qin et al., 2010), with the majority of this variation remaining unexplained (Falcony et al., 

2016; Zhernakova et al., 2016).  While host genetics plays a role in determining its composition 

(Zoetendal et al., 2001; Benson et al., 2010; Goodrich et al., 2016a), evidence suggests that 

environmental factors may be more important (Goodrich et al., 2016b; Rothschild et al., 2018).  

For example, diet, health, lifestyle and age have all been shown to significantly affect the 

composition of the gut microbial community (Wu et al., 2011; Yatsunenko et al., 2012; David et 

al., 2014a, 2014b; Falcony et al., 2016; Zhernakova et al., 2016; Bressa et al., 2017).  However, 

longitudinal research has revealed that an individual’s gut microbiome is relatively stable over 

time and resilient to environmentally induced fluctuations (Lozupone et al., 2012; Mehta et al., 

2018).  Indeed, the gut microbiome is able to recover from perturbations such as dietary shifts 

(David et al., 2014b) and antibiotic treatment (de la Cochetière et al., 2005), as well as illness 

and changes in the environment due to travel (David et al., 2014a).   
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An explosion of research over the past decade has implicated dysbiosis of the gut microbiota in 

a wide range of conditions including obesity, diabetes, autoimmune illnesses, inflammatory 

bowel disease and irritable bowel syndrome, as well as neuropsychiatric disorders such as 

autism, depression and anxiety (Bruce-Keller et al., 2018).  While some progress has been made 

towards identifying the hallmarks of a healthy microbiome in terms of taxonomic composition, 

functional traits and ecosystem properties (such as stability, resilience and diversity), a better 

understanding of how to assess health of the microbiome is still required (Lloyd-Price et al., 

2016).  

1.3 ‘That gut feeling’: from past to present 

The realization that our gut and brain are intricately connected is centuries-old.  Intestinal auto-

intoxication, the idea that gut contents can cause disease, originated in ancient Egypt (Chen & 

Chen, 1989).  The Greek physician Hippocrates also recognized the importance of the gut to 

systemic health and is claimed to have said that “All disease begins in the gut” (Lyon, 2018).  In 

the nineteenth and early twentieth centuries, scientists postulated that toxins accumulating in 

the colon were linked to depression and neuroses (Bested et al., 2013).  Physicians also 

proposed the first scientific theory of brain–viscera interactions, known as the James–Lange 

theory, suggesting that emotional responses may be the result of signalling from the viscera to 

the brain (Mayer, 2011).  Early in the twentieth century, Nobel Prize winner Ilya Mechnikov 

hypothesized that consumption of bacteria in fermented foods may promote longevity and 

reduce cognitive decline (Mackowiak, 2013; Scott et al., 2017).  Also around this time, 

dermatologists proposed a theory on the interrelations between the gut, emotional disorders and 

inflammatory skin conditions (Stokes & Pillsbury, 1930).  They hypothesized that changes in the 

composition of the gut microbiota or alterations in intestinal permeability might mediate the 

relationship between inflammation and emotions, advocating the use of Lactobacillus cultures 

as a possible treatment.  Although largely dismissed by the medical community at the time, 

these insights laid the foundations for the scientific study of the microbiome–gut–brain axis and 
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are now gaining ever more prominence, given the current evidence that the gut microbiome 

plays an important role in both physical and mental health.    

This gut–brain connection is even reflected in our everyday language with phrases such as ‘that 

gut feeling’, ‘gut instinct’ and ‘gutted’.  While interactions between the gut and brain have been 

extensively researched regarding the regulation of food intake and satiety (Konturek et al., 

2004), such interactions have largely been ignored with respect to the neuroscience of emotions 

and behaviour (Mayer, 2011).  However, re-examination of this gut–brain connection in light of 

the complex microbial community of the gut, revealed through advances in sequencing 

technology, has triggered a paradigm shift in neuroscience (Mayer et al., 2014).  This has 

generated a new dynamic research field investigating the complex bidirectional interactions 

between the gut, its microbial community and the brain, coined the microbiome–gut–brain axis 

(Rhee et al., 2009).  

1.4 The gut microbiome and behaviour 

Research on the microbiome–gut–brain axis has demonstrated the various effects that the gut 

microbial community can have on brain development and function, neurochemistry and 

behaviour, influencing both the developing and adult mammalian brain (Cryan & Dinan, 2012; 

Sampson & Mazmanian, 2015).  In the extreme scenario of a total lack of microorganisms, as 

in germ-free animals, a range of abnormal behaviours is observed, including impaired social 

behaviour (Crumeyrolle-Arias et al., 2014; Desbonnet et al., 2014; Buffington et al., 2016; Lu et 

al., 2018; Luk et al., 2018; Stilling et al., 2018), altered anxiety (Diaz Heijtz et al., 2011; McVey 

Neufeld et al., 2011; Lu et al., 2018) and a heightened stress response (Sudo et al., 2004) which 

can be alleviated upon postnatal colonization.  Although there are limitations of using germ-free 

animals, as discussed in Chapter 2, they do provide a useful model to determine the 

physiological and behavioural processes that are influenced by the gut microbiome.  

Interestingly, even the nervous system of the cnidarian Hydra is modulated by its microbial 

symbionts, as recent research has shown that the body contractions of germ-free Hydra are less 

frequent and more irregular (Murillo-Rincon et al., 2017).  Since the phylum Cnidaria is regarded 
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as one of the first animal groups to have evolved a nervous system (Bosch et al., 2017), this 

suggests an evolutionarily ancient origin of interactions between microorganisms and the 

metazoan nervous system. 

While research on germ-free animals indicates that the presence of microorganisms is 

necessary for normal development of the brain and behaviour, a seminal study adopting faecal 

microbiota transplantation revealed that the gut microbiota can also influence behavioural traits 

in adult mice (Bercik et al., 2011a).  This research exploited the differences in temperament 

between mouse strains since Balb/c mice tend to be timid, exhibiting anxiety-like behaviours, 

whereas NIH Swiss mice are generally more bold and exploratory.  Germ-free mice from these 

two strains were colonized with gut microbiota from specific pathogen-free mice (mice with 

conventional microbiota but lacking certain pathogens) of either the same strain or the 

alternative strain.  Germ-free mice colonized with the gut microbiota from specific pathogen-free 

mice of the same strain exhibited similar behaviour to their specific pathogen-free counterparts.  

However, colonization with the gut microbiota from the alternative mouse strain led to the 

behaviour of the recipient mouse becoming more like that of the strain from which it received 

the gut microbiota transplant.  This was the first study to show that behavioural phenotypes 

could be transferred via the gut microbiota, indicating that the gut microbial community 

contributes to host behaviour.  There has subsequently been a wealth of animal studies, and 

more recently a number of human studies, using techniques to manipulate the gut microbiome 

to investigate how it can influence the brain and behaviour, as described in detail in subsequent 

chapters.   

Notably, studies in rodents have repeatedly demonstrated that the gut microbiome can affect 

numerous aspects of social behaviour (Vuong et al., 2017).  For example, germ-free rodents 

typically show reduced interest in social interactions (Crumeyrolle-Arias et al., 2014; Desbonnet 

et al., 2014; Buffington et al., 2016; Luk et al., 2018; Stilling et al., 2018) and social novelty 

(Desbonnet et al., 2014; Buffington et al., 2016; Lu et al., 2018).  Antibiotic exposure has also 

been found to induce behavioural impairments, including social deficits (Bercik et al., 2011a; 

Desbonnet et al., 2015; Wang et al., 2015; Hoban et al., 2016a; Leclercq et al., 2017; Guida et 
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al., 2018; Kayyal et al., 2018).  While the neuropeptide systems of μ-opioid, oxytocin and 

vasopressin are integral to mammalian social behaviour (Young et al., 2001; Depue & Morrone-

Strupinsky, 2005), little research has yet been conducted into how changes in the gut 

microbiome may influence the expression of both neuropeptides and their receptors in these 

three pathways (Desbonnet et al., 2015; Buffington et al., 2016).  

1.5 The gut microbiome in neuropsychiatry 

Since animal studies have revealed that the gut microbiome can affect social behaviour, the 

stress response, anxiety and depressive-like symptoms (Cryan & Dinan, 2012; Sharon et al., 

2016), this suggests that the human gut microbiome may play a role in neuropsychiatric 

disorders including autism, anxiety and depression.  Indeed, it is an interesting observation that 

neuropsychiatric conditions are often comorbid with gastrointestinal problems.  It is estimated 

that 50% of cases of psychiatric disorders may be accompanied by irritable bowel syndrome 

(Folks, 2004).  Results of a recent study reveal that a third of individuals suffer from depression 

or anxiety prior to the onset of a gastrointestinal disorder such as irritable bowel syndrome, while 

in two-thirds of cases the gastrointestinal disorder precedes psychological distress (Koloski et 

al., 2016), thereby highlighting the bidirectional nature of gut–brain interactions.  Notably, two 

separate studies have shown that rodents colonized with the faecal microbiota from humans 

suffering with depression, but not from healthy individuals, display both physiological and 

behavioural symptoms characteristic of depression, including anhedonia and anxiety-like 

behaviours (Kelly et al., 2016; Zheng et al., 2016).  In addition, a new study has reported that 

faecal microbiota transplantation in patients with gastrointestinal disease can significantly 

improve depressive symptoms, anxiety and sleep (Kurokawa et al., 2018).  There is also 

evidence that probiotics (live bacteria) can ameliorate symptoms of depression, anxiety and 

stress in humans (Messaoudi et al., 2011; Allen et al., 2016; Pinto-Sanchez et al., 2017).  

Indeed, the term psychobiotics was coined to describe any probiotic with a beneficial effect on 

psychiatric symptoms (Dinan et al., 2013). 
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Gastrointestinal comorbidities are also common in individuals with autism (Hsiao, 2014).  In fact, 

up to 70% of children with autism may also suffer from gastrointestinal symptoms (Adams et al., 

2011).  Unsurprisingly, therefore, there has been growing interest in assessing the aetiology of 

autism with respect to the gut microbiome (Krajmalnik-Brown et al., 2015; Needham et al., 2018).  

Indeed, a study involving faecal microbiota transplantation in autistic children found that it not 

only ameliorated gastrointestinal symptoms but also improved behavioural traits including social 

behaviour and communication (Kang et al., 2017), indicating that the gut microbial community 

may contribute to autistic behaviours.  There is also some evidence that probiotics may have a 

beneficial effect on the behaviour of children with autism (Shaaban et al., 2017).  Furthermore, 

a longitudinal study found that probiotic supplementation during the first six months of life may 

reduce the risk of developing autism or attention deficit hyperactivity disorder by the age of 

thirteen (Pärtty et al., 2015), suggesting that the state of the gut microbiome during development 

may be an important factor influencing the likelihood of neuropsychiatric disorders in later life. 

Despite the heterogeneity of autism, a key symptom of this disorder is impaired social behaviour 

(American Psychiatric Association, 2013).  Social behaviour is essential for the survival of many 

animals and is of particular adaptive value in mammals (Silk, 2007), including humans (Holt-

Lunstad et al., 2010; Yang et al., 2016b).  It is important for activities such as foraging, protection 

and breeding, and is also integral to mental health in higher-order species (Filiano et al., 2016).  

Indeed, reduced motivation to engage in and maintain social relationships is a symptom of 

various neuropsychiatric conditions such as autism and depression (Kennedy & Adolphs, 2012).  

Studies on the microbiome–gut–brain axis have repeatedly shown that alterations to the gut 

microbiome, such as antibiotic treatment, germ-free status or a maternal high-fat diet, can all 

result in social deficits which may be ameliorated by a gut microbiota transplant or the 

administration of probiotics (Vuong et al., 2017), as discussed in detail in Chapter 2.  In addition, 

research with germ-free animals has found that males exhibit greater impairments in their social 

behaviour (Desbonnet et al., 2014), as well as more pronounced changes at the neurochemical 

level, compared to females (Clarke et al., 2013; Hoban et al., 2016b).  This observation is 
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particularly relevant given the notable male bias in autism prevalence (Werling & Geschwind, 

2013).  

There is also some evidence that neuropsychiatric conditions may be associated with increased 

permeability of the gut wall.  This is often referred to as ‘leaky gut’, whereby the overgrowth of 

pathogenic bacteria can compromise the integrity of the intestinal epithelium.  This can allow 

toxins produced by the gut bacteria, along with the bacteria themselves, to leak through the 

intestinal barrier into the bloodstream, triggering systemic inflammation (Borre et al., 2014).  

Interestingly, this bears close correspondence to the earlier notion of intestinal auto-intoxication, 

proposing that toxins originating from the gut can disrupt mental health.  Several studies have 

now implicated a leaky gut in depression (Maes et al., 2008, 2012) and it is also hypothesized 

to contribute to the pathophysiology of autism (Rao & Gershon, 2016). 

1.6 Mechanisms mediating the microbiome–gut–brain axis 

Although the main focus of my research is investigating the microbiome–gut–brain axis from a 

behavioural perspective, the underlying signalling pathways are fundamental to the observed 

effects of the gut microbiome on behaviour.  In this section I therefore summarize the possible 

mechanisms mediating the microbiome–gut–brain axis in light of current experimental evidence. 

The gut contains the largest number of endocrine and immune cells in the body, together with a 

complex network of neurones forming the enteric nervous system and trillions of bacteria, fungi, 

viruses and other microorganisms (Forsythe et al., 2016).  Interactions between the gut 

microbiome and the brain are bidirectional and may be mediated via neural, immune and 

endocrine signalling (Figure 1.1).  While there is evidence to support the role of each of these 

signalling systems, as described below, their relative importance remains to be determined.  

Furthermore, given the extensive crosstalk between these systems (Procaccini et al., 2014; 

O’Malley, 2016), it is likely that complex interactions between all three are key to the functioning 

of the microbiome–gut–brain axis. 
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Figure 1.1.  Neural, immune and endocrine pathways mediating the bidirectional microbiome–gut–

brain axis.  There are various direct and indirect pathways via which the gut microbiome and the brain 

may communicate.  Neural communication includes the vagus nerve and enteric nervous system.  Neural 

signalling may be mediated via neuroactive chemicals produced by gut bacteria, such as serotonin 

(5-HT), or their precursors (tryptophan in the case of serotonin).  Gut bacteria may also modulate host 

production of neurotransmitters.  In addition to any direct effect on the nervous system, neuroactive 

chemicals or their precursors may also influence brain function via systemic communication, such as 

through the circulatory or immune system.  Detection of gut microorganisms and their metabolites by the 

immune system can influence the immune response through cytokine signalling.  Endocrine signalling 

may also mediate communication between the gut microbiome and the brain since gut bacteria can 

modulate levels of gut peptides.  Short-chain fatty acids (SCFAs) produced by bacterial fermentation can 

interact with the nervous, immune and endocrine systems.  Given the bidirectional nature of the 

microbiome–gut–brain axis, signals from the brain can in turn affect the gut microbiome via the 

hypothalamus–pituitary–adrenal (HPA) axis.  Stress and emotions can trigger the release of stress 

hormones which change the physiology and microbial composition of the gut, as well as affecting immune 

function such as cytokine secretion.  Other aspects of host behaviour such as social behaviour may also 

influence the gut microbiome.  Diagram adapted from Rogers et al. (2016). 
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1.6.1 Neural signalling 

1.6.1.1 Vagus nerve 

The vagus nerve serves as a direct link between the gut and the brain.  Although the vagus 

nerve consists of both motor and sensory nerve fibres, approximately 80% of the nerve fibres 

are sensory, conveying information to the brain about the state of visceral organs such as the 

gut (Bonaz et al., 2018).  Several animal studies have demonstrated the role of the vagus nerve 

in mediating the microbiome–gut–brain axis.  For example, the probiotic Lactobacillus 

rhamnosus was found to reduce anxiety and depressive-like behaviours in mice only when the 

vagus nerve was functionally intact (Bravo et al., 2011) and this probiotic has since been shown 

to increase the firing rate of vagal afferents (Pérez-Burgos et al., 2013).  Furthermore, research 

published this month has reported that activation of vagal afferents innervating the gut is integral 

to the neuronal reward circuitry, leading to increased levels of striatal dopamine and resulting in 

reward behaviours (Han et al., 2018).  Since the reward system plays a key role in social 

motivation (Krach et al., 2010), this vagal-mediated pathway may provide a mechanism via 

which the gut microbiome can affect social behaviour.  

Although some studies have shown that an intact vagus nerve is required for gut microorganisms 

to affect the brain and behaviour (Lyte et al., 2006; Bercik et al., 2011b; Bravo et al., 2011; 

O’Leary et al., 2018), others find that effects of the gut microbiome can be independent of the 

vagus nerve (Bercik et al., 2010, 2011a).  In addition, since the vagus nerve enables bidirectional 

communication, the brain can also send signals to the gut via efferent fibres of the vagus nerve, 

modulating motility and immune homeostasis of the gut, as well as its neurochemistry (Fung et 

al., 2017).  

1.6.1.2 Enteric nervous system 

The enteric nervous system is estimated to contain over 200 million neurones and so is often 

referred to as the ‘second brain’ (Furness, 2006).  It plays an important role in sensing and 

responding to the microbial community by sending neural signals throughout the gut and to other 
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organs, including the brain (Yoo & Mazmanian, 2017).  Both gut microorganisms and their 

metabolites, such as short-chain fatty acids, can activate enteric neurones which can then 

influence gut motility (Yoo & Mazmanian, 2017).  Metabolites produced by the microbiota can 

also upregulate the synthesis of serotonin by enterochromaffin cells, resulting in increased 

stimulation of enteric neurones (Yano et al., 2015).  In addition, the gut microbiome has recently 

been shown to regulate the maturation of the enteric nervous system through the serotonin 

system (de Vadder et al., 2018).  Activity of the enteric nervous system can also be affected by 

the microbiota via the Toll-like receptors of the immune system (Brun et al., 2013) and secretory 

products of macrophages (Muller et al., 2014).  Thus there are numerous ways in which the gut 

microbial community can alter activity of the enteric nervous system and these changes may 

then influence the central nervous system via the intimate connections between the two (Rao & 

Gershon, 2016).   

1.6.1.3 Microorganism-derived neuroactive chemicals 

Chemicals that have neuroactive properties in animals, such as dopamine, serotonin and 

gamma-amino butyric acid (GABA), are also produced by bacteria (Iyer et al., 2004).  In fact, 

while these chemicals are known as neurotransmitters in animals, they serve as cell signalling 

messengers across the biological kingdoms and are also found in plants and fungi, as well as 

bacteria.  The presence of these cell signalling messengers in eukaryotes is hypothesized to be 

due to horizontal gene transfer from bacteria (Iyer et al., 2004) and points to the intriguing 

possibility of inter-kingdom communication between the host and its associated microbiota.  This 

has therefore been proposed as a possible mechanism mediating the microbiome–gut–brain 

axis (Lyte, 2013).  However, while numerous bacterial species known to inhabit the human gut 

have been shown to produce neuroactive chemicals (Wall et al., 2014; Strandwitz, 2018), this 

has mainly been observed in vitro and the degree to which this occurs in vivo in the gut remains 

unclear (Sampson & Mazmanian, 2015).  Even if such microorganism-derived neuroactive 

chemicals are produced in substantial quantities in the gut, it is unknown whether they have a 

measurable effect on brain function and behaviour (Johnson & Foster, 2018 [Appendix]).  
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There is also evidence that certain bacteria have uptake mechanisms for neurotransmitters, 

potentially modulating host levels.  For example, it has recently been reported that Lactobacillus 

salivarius has a biogenic amine transport system which may affect levels of serotonin, dopamine 

and noradrenaline in the gut (Lyte & Brown, 2018).  In addition, the gut microbiota plays a role 

in generating biologically active forms of these three neurotransmitters from their biologically 

inactive forms in the gut lumen, via deconjugation by bacterial enzymes (Asano et al., 2012; 

Hata et al., 2017).  Bacteria also produce short-chain fatty acids as a result of fermentation, 

which have both anti-inflammatory and neuroactive properties (Koh et al., 2016; Stilling et al., 

2016a) and are able to cross the blood–brain barrier (Sampson & Mazmanian, 2015).  For 

example, acetate can be taken up by the brain, and subsequently alters levels of the 

neurotransmitters glutamate and GABA (Frost et al., 2014).   

1.6.2 Immune signalling 

There is increasing evidence to support the role of the immune system as an important mediator 

of the microbiome–gut–brain axis (Fung et al., 2017).  The gut microbiome has a profound 

influence on the host’s immune system and this is particularly evident in the case of germ-free 

animals whose immune function is severely compromised (Round & Mazmanian, 2009; Hooper 

et al., 2012; Belkaid & Hand, 2014).  Gut microorganisms interact with the host’s innate immune 

system via stimulating pattern-recognition receptors, such as Toll-like receptors, on intestinal 

epithelial cells (Chu & Mazmanian, 2013).  Microbial signalling via pattern-recognition receptors 

is important for development of the immune system and also maintains immune homeostasis 

through secretion of anti-inflammatory cytokines (Chu & Mazmanian, 2013).  Indeed, probiotic 

studies have repeatedly reported the anti-inflammatory effects of bacteria such as 

Bifidobacterium and Lactobacillus (Round & Mazmanian, 2009).  However, in the presence of 

pathogenic microorganisms, a pro-inflammatory response is triggered via pattern-recognition 

receptors (Chu & Mazmanian, 2013).  Both pro-inflammatory and anti-inflammatory cytokines 

released by immune cells can then be transported in the blood to reach the brain (Powell et al., 

2017).  Interestingly, administration of heat-killed bacteria has also been shown to affect both 
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the pain response (Kamiya et al., 2006) and gene expression of intestinal epithelial cells 

(Rousseaux et al., 2007).  Such effects are likely due to components of the peptidoglycan cell 

wall, such as polysaccharide A and lipopolysaccharides, which can interact with Toll-like 

receptors and thus modulate immune signalling (McDonald et al., 2005; Mazmanian & Kasper, 

2006).   

In addition, microbial metabolites, most notably short-chain fatty acids, modulate the 

differentiation and functioning of regulatory T cells which are integral to maintaining immune 

homeostasis of the gut and suppressing inflammation (Furusawa et al., 2013; Smith et al., 2013; 

Rooks & Garrett, 2016).  Microbial metabolites can also cross the intestinal barrier and enter the 

circulatory system where they are detected by the host’s immune cells (Dorrestein et al., 2014).  

Furthermore, the gut microbiome can directly affect the immune response of the central nervous 

system by influencing microglial maturation and function (Erny et al., 2015; Thion et al., 2018).   

Such changes to the immune system may then affect brain function and behaviour through the 

intricate connections between the immune and nervous systems (Steinman, 2004; Baganz & 

Blakely, 2013; Louveau et al., 2015).  For example, cytokines can affect neurotransmitter 

pathways (Miller et al., 2013) and have been implicated in mood regulation (Pollak & Yirmiya, 

2002; Dunn et al., 2005).  Indeed, the state of the immune system is increasingly being linked 

to behaviour (McCusker & Kelley, 2013) and neuropsychiatric conditions such as depression 

(Dantzer et al., 2008; Wohleb et al., 2016) and autism (Hsiao, 2013; Meltzer & van de Water, 

2017).  Notably, probiotic administration leads to significant attenuation of pro-inflammatory 

cytokines (Desbonnet et al., 2008) and since probiotics can alleviate depressive symptoms, it is 

suggested that their primary mechanism of action may be through reducing systemic 

inflammation (Park et al., 2018).  The immune system is therefore thought to play an important 

role in integrating the bidirectional signals between the gut microbiome and the central nervous 

system (Fung et al., 2017; Powell et al., 2017).  However, some studies have reported effects 

of gut bacteria on the brain that appear to be independent of changes in inflammatory state (Lyte 

et al., 2006; Bercik et al., 2011a; Pinto-Sanchez et al., 2017), indicating that other 

communication pathways also mediate the microbiome–gut–brain axis. 
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1.6.3 Endocrine signalling 

Gut microorganisms are in close proximity to enteroendocrine cells and can influence the 

production of various hormones in the gut (Collins et al., 2012; Neuman et al., 2015).  While the 

mechanisms involved in signalling between the microbiome and endocrine system are yet to be 

elucidated, manipulations of the gut microbial community have been shown to alter hormone 

levels (Neuman et al., 2015).  For example, probiotic treatment reduces corticosterone 

concentration in rodents (Gareau et al., 2007; Bravo et al., 2011).  There is also evidence in 

humans that both probiotics and prebiotics (selectively fermented indigestible carbohydrates 

such as fructo- and galacto-oligosaccharides which promote the growth and/or activity of certain 

gut bacteria) can decrease cortisol levels (Messaoudi et al., 2011; Schmidt et al., 2015).  This 

suggests that interactions between the gut microbiome and the endocrine system may play an 

important role in influencing behaviours associated with stress and anxiety (Dinan & Cryan, 

2012; Neuman et al., 2015).  Interestingly, a new study has reported evidence that 

enteroendocrine cells are directly connected to the brainstem in one synapse via vagal neurones 

(Kaelberer et al., 2018) and so this may provide another route via which gut microorganisms 

and their metabolites can affect the brain by interacting with these cells lining the intestinal 

epithelium. 

Experiments with germ-free mice have revealed that the gut microbiome is involved in 

programming the hypothalamus–pituitary–adrenal axis.  Specifically, germ-free mice show an 

exaggerated hypothalamus–pituitary–adrenal axis response to stress which can be normalized 

by colonization with Bifidobacterium infantis (Sudo et al., 2004).  A microbiota transplant from 

specific pathogen-free mice can partly correct the elevated hypothalamus–pituitary–adrenal axis 

response but only at an early developmental stage, highlighting the role played by the microbiota 

during postnatal development (Sudo et al., 2004).  

In addition to stress hormones, the gut microbiome also affects levels of hormones involved in 

metabolism regulation and appetite control, as well as sex hormones and growth hormones 

(Neuman et al., 2015).  Microbial metabolites including short-chain fatty acids can regulate the 
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secretion of gut hormones, such as glucagon-like peptide 1 (GLP-1) and peptide tyrosine–

tyrosine (PYY).  These hormones are integral to host appetite and satiety (Fetissov, 2016) but 

can also have wider effects, influencing behaviour and cognition (Stadlbauer et al., 2015).  

Moreover, a recent study showed that a high-fat diet leads to changes in the gut microbiome 

which can induce anxiety and depressive-like symptoms in mice via the action of insulin (Soto 

et al., 2018).  Specifically, these behavioural abnormalities were associated with decreased 

insulin signalling and increased inflammation in the brain, as well as altered levels of metabolites 

and neurotransmitters in the brain and plasma.  In fact, this effect of the gut microbiome on 

behaviour via changes in insulin sensitivity and metabolism may be one of the reasons why 

diabetes is associated with an increased prevalence of anxiety and depression (Soto et al., 

2018). 

1.7 Bidirectional interactions between the gut microbiome and behaviour 

In addition to the ways in which the gut microbiome can communicate with the brain to affect 

behaviour, the emotional state and behaviour of the host can in turn influence the microbiome.  

Such reciprocal interactions have predominantly been studied with respect to the stress 

response.  As well as the gut microbiome’s role in regulating the hypothalamus–pituitary–

adrenal axis (Rea et al., 2016), the secretion of cortisol can influence gut permeability and leads 

to an altered composition and reduced diversity of the microbial community, as well as affecting 

immune cell function (Collins et al., 2012).   

There is also increasing support for the role of social behaviour in shaping the composition and 

diversity of the gut microbiome (Archie & Tung, 2015), as discussed in detail in Chapter 4.  

Studies in primates have found that different social groups have distinct gut microbial 

communities, with social interactions promoting microbial similarity between individuals (Tung 

et al., 2015; Moeller et al., 2016; Raulo et al., 2017).  In addition, it has also been shown that 

social transmission of microorganisms contributes to gut microbiome diversity in both insect 

(Billiet et al., 2017) and mammalian populations (Li et al., 2016a; Moeller et al., 2016; Perofsky 

et al., 2017). 
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Furthermore, it is interesting to consider the potential for feedback loops to operate between the 

gut microbiome and host behaviour.  For example, stress may negatively alter the composition 

of the gut microbial community, reducing the abundance of beneficial members of the gut 

microbiota such as Lactobacillus (Bailey & Coe, 1999; Bailey et al., 2011; Galley et al., 2014a; 

Marin et al., 2017; Yu et al., 2017).  This disrupted gut microbiome composition may then 

dysregulate the stress response further, given the bidirectional communication between the gut 

microbiome and the hypothalamus–pituitary–adrenal axis.  On the other hand, social behaviour 

may promote a diverse microbial ecosystem in the gut, limiting the growth of potentially 

pathogenic bacteria and thus helping to maintain a healthy abundance of beneficial gut 

microorganisms such as Lactobacillus which may have a positive effect on social behaviour 

(Buffington et al., 2016; Leclercq et al., 2017) and emotional behaviour (Bravo et al., 2011; 

Takada et al., 2016).  Such feedback loops may also be pertinent to the observed association 

between gastrointestinal and neuropsychiatric disorders. 

Thus, as well as the evidence that the gut microbiome can modulate host sociability, stress, 

anxiety and depression, social and emotional behaviour of the host may in turn alter the gut 

microbial community.  This highlights the intricate bidirectional nature of interactions between 

the gut microbiome and behaviour.  

1.8 Assessing the gut microbiome 

The gut microbiome is typically assessed non-invasively through collection of a faecal sample.  

The sample is processed to extract the DNA, which is usually amplified prior to sequencing 

(Goodrich et al., 2014).  Sequencing is a particularly suitable technique for determining gut 

microbiome composition since most gut bacteria are anaerobic and therefore cannot easily be 

detected using traditional culturing methods (Morgan & Huttenhower, 2012).  The most 

commonly used and economical sequencing method to assess microbiome composition is 16S 

ribosomal RNA (rRNA) gene sequencing.  The 16S rRNA gene contains sites that are highly 

conserved between different species and primers are designed to bind to these conserved 

regions, meaning that they can target all prokaryotes (Coenye & Vandamme, 2003).  The 16S 
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rRNA gene also contains hypervariable regions, thereby allowing taxonomic identification 

(Coenye & Vandamme, 2003).   

Microbiome composition can be evaluated at different taxonomic levels, ranging from phylum to 

species.  In addition to taxonomic composition, a common technique to assess a microbial 

community is to estimate its diversity.  There are two main ways in which diversity is assessed: 

alpha diversity measures the diversity within a sample (such that a sample with a greater number 

of taxa and/or a more even distribution of taxa has a higher diversity score), while beta diversity 

measures the differences in taxonomic composition between samples (Finotello et al., 2016).  

Microbiome diversity analyses can be conducted using a range of programmes, including 

several R software packages or the bioinformatics software Quantitative Insights Into Microbial 

Ecology (QIIME). 

1.9 Thesis outline 

The main aim of this thesis is to study the interactions between the gut microbiome and 

behaviour using a multilevel approach.  I begin at the molecular level with experiments in 

antibiotic-treated and germ-free mice to determine how manipulating the gut microbial 

community affects the expression of neuropeptide systems implicated in social and emotional 

behaviour (Chapter 2).  At the organism level, I investigate whether the composition and diversity 

of the gut microbiome is related to behavioural traits such as sociability, neuroticism, anxiety 

and stress in a large human cohort (Chapter 3).  I then study a social network of rhesus 

macaques from a non-captive population to investigate whether they also show variation in the 

gut microbiome with respect to differences in sociability (Chapter 4).  In the following chapter, I 

examine the relationship between the gut microbiome and the brain from an evolutionary 

perspective and test my hypothesis that a more efficient gut microbial community may have 

facilitated evolution of mammalian brain size and thus the development of complex social 

behaviour (Chapter 5).  Finally, I consider the evolution of the microbiome–gut–brain axis 

through the application of evolutionary theory (Appendix).   
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Primarily, my research lies at the interface between the gut microbiome and the behaviour of 

animals, including humans.  Together, these chapters aim to develop an integrated view of the 

microbiome–gut–brain axis and its relationship with host behaviour.  My thesis adopts an 

interdisciplinary approach, spanning microbiology, neuroscience, metagenomics, molecular 

genetics, human psychology, animal behaviour and evolutionary biology.  This allowed me to 

use a range of techniques to address my research from different perspectives.  I summarize 

each of these chapters below, outlining their content and scope, discussing the knowledge gaps 

that they address and their significance and contribution to the field.   

1.9.1 Chapter 2 | Neuropeptide pathways 

Here I study the microbiome–gut–brain axis at the molecular level, using a bottom-up approach 

to investigate the causal relationship between the gut microbiome and the neurogenetics of 

social and emotional behaviour.  Specifically, I examine how experimentally manipulating the 

gut microbiome, using either antibiotic treatment or germ-free conditions, affects the expression 

of neuropeptide systems in the brain.  This complements previous research which has focused 

on how the gut microbiome influences neurotransmitter systems.  Numerous animal studies 

have implicated the microbiome in social behaviour since both antibiotic-treated and germ-free 

animals display social deficits.  As neuropeptide signalling is integral to mammalian social 

behaviour, I examine the effects of manipulating the gut microbiome on the expression of both 

receptors and peptides of the μ-opioid, oxytocin and vasopressin signalling systems.  The impact 

of germ-free status and antibiotic treatment on the expression of these neuroreceptors has not 

previously been investigated.  Furthermore, this is the first study to examine whether the gut 

microbiome interacts with the brain’s opioid system, which could have important implications not 

only for social and emotional behaviour but also pain perception.   

1.9.2 Chapter 3 | Human personality 

Most research on the microbiome–gut–brain axis has so far been conducted in animal models.  

The limited number of human studies has focused on psychiatric traits, revealing that gut 
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microbiome composition and diversity are altered in neuropsychiatric conditions such as 

depression and autism.  While the gut microbiome has been shown to influence stress, anxiety, 

depressive symptoms and social behaviour, it remains unknown whether the microbiome–gut–

brain axis may also be relevant to personality traits in the general population.  Here I combine 

metagenomic analysis of the human gut microbiome with personality phenotyping and collection 

of metadata (relating to diet, health, lifestyle and sociodemographics) to investigate whether 

personality traits are related to the composition and diversity of the gut microbial community in 

a large human population. 

1.9.3 Chapter 4 | Macaque social network 

As in the human study, this chapter provides a top-down approach to investigate the relationship 

between the gut microbiome and behaviour.  Here I examine in a free-ranging macaque 

population how differences between individuals in gut microbiome composition and diversity are 

related to behavioural variation.  While the microbiome–gut–brain axis has been well studied in 

model organisms and clinical populations, it is yet to be explored with respect to the behaviour 

of non-captive animals.  Social network analysis of this macaque population provides a measure 

of an individual’s tendency to engage in social interactions.  The main focus of this chapter is to 

test whether the abundances of certain bacterial genera (namely those previously associated 

with sociability or autistic-like behaviours in rodents and humans) are related to individual 

differences in social behaviour.  I also examine whether social interactions influence both gut 

microbiome diversity and compositional similarity between individuals. 

1.9.4 Chapter 5 | Encephalization 

Here I study the macroevolutionary relationship between encephalization and the composition 

of the mammalian gut microbiome.  The primary motivation for this research is the well-known 

theory in anthropology, called the ‘expensive tissue’ hypothesis, proposing that evolution of 

increased brain size was accompanied by a compensatory reduction in the size of other 

metabolically costly organs, particularly the gut.  Since this theory has received limited empirical 
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support, here I propose that rather than a reduction in gut size, perhaps a change in its microbial 

community may have helped to meet the cost of encephalization through increasing the 

efficiency of energy extraction from the diet.  In particular, I examine the relationship between 

encephalization and the relative abundances of Bacteroidetes and Firmicutes, since these are 

the two dominant phyla of the mammalian gut microbiome and have been extensively linked to 

energy harvest efficiency.  While research on the relationship between the gut microbiome and 

the brain has focused on host health, this represents the first investigation into the possible role 

of the gut microbiome in mammalian brain evolution. 

1.9.5 Appendix Chapter | Evolutionary theory 

The final aspect of my thesis is theoretical and considers the selective pressures that may have 

led to the observed effects of the gut microbiome on the brain and behaviour by applying 

evolutionary theory to the microbiome–gut–brain axis.  In particular, I examine the validity of the 

emerging hypothesis that members of the gut microbiota may actively manipulate host 

behaviour to enhance their own transmission, such as increasing host sociability.  I combine the 

evolutionary theory of parasite manipulation with recent empirical studies of the microbiome–

gut–brain axis to determine whether the conditions required for manipulation are satisfied by the 

mammalian gut microbiome and propose alternative explanations for the evolution of microbial 

effects on the brain. 
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Johnson, K.V.-A. & Foster, K.R. (2018) Why does the microbiome affect behaviour? Nat. Rev. 

Microbiol. 16, 647–655.  

Selected to be published in print in special 15th anniversary issue of Nature Reviews 

Microbiology and ranked 1st out of all articles ever published in this journal by Altmetric.  

Notable media coverage including interview on BBC Radio 4 PM programme and Fun Kids 

Science Weekly (most popular UK children's podcast).  

Johnson, K.V.-A. & Burnet, P.W.J. (2016) Microbiome: should we diversify from diversity? Gut 

Microbes 7, 455–458.  
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Johnson, K.V.-A. & Burnet, P.W.J. Opposing effects of antibiotics and germ-free status on the 

neurogenetics of social behaviour (written for submission). 

Johnson, K.V.-A. & Dunbar, R.I.M. Cost of encephalization may have been met by changes in 

the mammalian gut microbiome (submitted). 

Johnson, K.V.-A., Brent, L.J.N., Watson, K.K., Dunbar, R.I.M. & Burnet, P.W.J. Sociability in a 

non-captive macaque population is linked to beneficial gut bacteria (in preparation). 

Sarkar, A., Harty, S., Johnson, K.V.-A. et al. Microbial transmission in animal social networks 

and the emergence of the social macrobiome [review article] (joint second author, submitted).  

Sarkar, A., Harty, S., Johnson, K.V.-A. et al. The role of the microbiome in the neurobiology of 

social behaviour [review article] (joint second author, in preparation).  

Oxford Interdisciplinary Microbiome Team, Johnson, K. V.-A. et al. Setting the agenda for social 

science research in the human microbiome (submitted). 

I also published my findings from both three-month rotation projects that I conducted as part of 

the first year of the Doctoral Training Programme: 

Johnson, K.V.-A. & Dunbar, R.I.M. (2016) Pain tolerance predicts human social network size. 

Sci. Rep. 6, 25267.  

Worldwide media coverage including live filming for Sky and CTV News; ITV News feature 

filming; BBC World Service and international radio interviews; all main newspapers (e.g. The 

Times, Telegraph, Guardian) and online magazines like Time.  Ranked 16th by Altmetric out 

of all articles published in this journal and in top 1,000 out of over 11 million articles ever 

published in any journal.   

Johnson, K.V.-A., Aplin, L.M., Cole, E.F. et al. (2017) Male great tits assort by personality 

during the breeding season. Anim. Behav. 128, 21–32.  

Considerable media coverage, most notably an interview on BBC Radio 4 Inside Science.  

Ranked 11th by Altmetric out of all articles ever published in this journal. 
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Chapter 2  
 
Effect of the gut microbiome on the expression of neuropeptide 
pathways underpinning social and emotional behaviour 

2.1 Abstract 

Recent research has revealed that the community of microorganisms inhabiting the gut affects 

brain development, function and behaviour.  In particular, disruption of the gut microbiome during 

critical developmental windows can have lasting effects on host physiology.  Both antibiotic 

exposure and germ-free conditions impact the central nervous system and can alter multiple 

aspects of behaviour.  Social impairments are typically displayed by antibiotic-treated and germ-

free animals, yet there is a lack of understanding of the underlying neurobiological changes.  

Since the μ-opioid, oxytocin and vasopressin systems are key modulators of mammalian social 

behaviour, here I investigate the effect of experimentally manipulating the gut microbiome on 

the expression of these pathways.  I show that social neuropeptide signalling is disrupted in 

germ-free and antibiotic-treated mice, which may contribute to the behavioural deficits observed 

in these animal models.  The most notable finding is the reduction in neuroreceptor gene 

expression in the frontal cortex of mice administered an antibiotic cocktail post-weaning.  While 

antibiotic exposure is often considered a more amenable alternative to germ-free conditions, my 

contrasting results for these two treatments suggest that they should be viewed as distinct 

models.  Since antibiotic administration is common in childhood and adolescence, my findings 

highlight the potential adverse effects that antibiotic exposure during these key 

neurodevelopmental periods may have on the human brain, including the possible increased 

risk of neuropsychiatric conditions later in life. 
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2.2 Introduction 

The regulation of behaviour and emotion is complex, influenced by both genes and the 

environment.  The microbial environment within the gut, known as the gut microbiome, has 

recently been shown to affect various aspects of brain development and behaviour (Cryan & 

Dinan, 2012; Sampson & Mazmanian, 2015; Sharon et al., 2016).  The brain is particularly 

sensitive to perturbations throughout childhood and adolescence when its structure is 

undergoing rapid change (Lenroot & Giedd, 2006; Lamblin et al., 2017).  During this time, 

environmental disruptions may permanently impact brain function and increase susceptibility to 

neuropsychiatric conditions.  These include changes to the gut microbiome which can affect 

neurodevelopment via gut–brain signalling.  The microbial community of the gut may influence 

the functioning of the central nervous system through various mechanisms, including 

communication via the nervous, immune and endocrine systems (Collins et al., 2012; Cryan & 

Dinan, 2012; Johnson & Foster, 2018 [Appendix]). 

Numerous studies in rodents have revealed that manipulation of the gut microbiome can affect 

the brain’s anatomy and physiology, as well as behaviour (Cryan & Dinan, 2012; Sampson & 

Mazmanian, 2015; Sharon et al., 2016).  In particular, multiple facets of social behaviour are 

influenced by the gut microbial community (Vuong et al., 2017).  Germ-free animals provide a 

useful model to directly investigate which aspects of neurodevelopment and behaviour are 

modulated by the gut microbiome since they are raised in a sterile environment with no 

associated microorganisms.  The germ-free phenotype exhibits behavioural traits reflective of 

autism, such as a reduced preference for social interactions (Crumeyrolle-Arias et al., 2014; 

Desbonnet et al., 2014; Buffington et al., 2016; Luk et al., 2018; Stilling et al., 2018) and social 

novelty (Desbonnet et al., 2014; Buffington et al., 2016; Lu et al., 2018), as well as repetitive 

behaviours (Desbonnet et al., 2014).  However, if germ-free mice are colonized at weaning with 

gut microbiota from conventionally raised mice, their deficits in social interaction and repetitive 

behaviours can be reversed (Desbonnet et al., 2014).  While the majority of studies using the 

standard three-chamber social interaction test (Silverman et al., 2010) have found that germ-

free mice are less sociable (Desbonnet et al., 2014; Buffington et al., 2016; Luk et al., 2018; 
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Stilling et al., 2018), one study has reported an increase in sociability (Arentsen et al., 2015).  

This may be due to different experimental conditions such as the age of the mice being tested, 

the strain of stimulus mouse used in the social interaction test and animal husbandry practices.  

Nonetheless, germ-free studies reveal that the gut microbial community is important for normal 

social development.   

In addition, recent research provides strong support for the causal relationship between a 

dysbiotic gut microbiome and altered social behaviour (Buffington et al., 2016).  Offspring of 

mice which had been fed a high-fat diet exhibited autistic-like behaviours including social 

impairments, anxiety and repetitive behaviours, as well as fewer oxytocin-expressing neurones 

in the hypothalamus.  Notably, offspring were found to have an altered gut microbial community 

but supplementation with the bacterial species Lactobacillus reuteri restored oxytocin levels and 

reversed social deficits in this mouse model of autism. 

Another useful approach to investigate the effect of the gut microbiome on the brain and 

behaviour is the use of antibiotic treatment to deplete the gut microbial community during specific 

developmental periods (Hoban et al., 2016a).  Antibiotics alter the composition and function of 

the gut microbiome, as well as reducing its diversity (Chapter 3; Modi et al., 2014).  Studies in 

rodents have demonstrated that antibiotic treatment can cause visceral pain (Verdú et al., 2006; 

O’Mahony et al., 2014; Hoban et al., 2016a), cognitive deficits (Desbonnet et al., 2015; Fröhlich 

et al., 2015; Hoban et al., 2016a) and behavioural changes, including impairments in social 

behaviour (Bercik et al., 2011a; Desbonnet et al., 2015; Wang et al., 2015; Hoban et al., 2016a; 

Leclercq et al., 2017; Guida et al., 2018; Kayyal et al., 2018).  For example, early-life antibiotic 

exposure to low-dose penicillin can have lasting effects on both gut microbiome composition 

and behaviour, with mice showing decreased sociability and a reduced preference for social 

novelty (Leclercq et al., 2017; Kayyal et al., 2018).  However in both studies, supplementation 

with Lactobacillus rhamnosus at the same time as antibiotic treatment protected animals from 

these social impairments.  Similarly, mice administered an antibiotic cocktail during the key 

developmental stage of early adolescence have an altered microbiome composition and exhibit 

cognitive and social deficits (Desbonnet et al., 2015).  They also show reduced expression of 



Chapter 2 25 

 

the neuropeptides vasopressin and oxytocin, with the latter only reduced when the animals have 

been exposed to stress (Desbonnet et al., 2015).  In addition, administration of L. reuteri in mice 

has been found to increase plasma oxytocin through vagal signalling (Poutahidis et al., 2013). 

While studies have frequently reported the impact of an altered gut microbiome on host social 

behaviour, there is little understanding of the underlying neurochemical changes.  I therefore 

aimed to address this by investigating the effect of antibiotic treatment and germ-free status on 

the gene expression of neuropeptides and their receptors implicated in social behaviour.  

Mammalian social behaviour is underpinned by multiple neuropeptide signalling pathways, 

namely the μ-opioid, oxytocin and vasopressin systems (Young et al., 2001; Depue & Morrone-

Strupinsky, 2005), which have evolutionarily conserved functions in regulating social behaviour 

(Donaldson & Young, 2008).  Specifically, both oxytocin and vasopressin are well known for 

their roles in social cognition, pair bonding and sociosexual behaviours (Donaldson & Young, 

2008; McCall & Singer, 2012).  The endogenous opioid system is also involved in the modulation 

of social behaviour.  As well as mediating physical pain (Zubieta et al., 2001; Holden et al., 

2005), the opioid system plays a key role in social attachment, affiliative behaviour and emotion 

regulation.  Indeed, opioid receptors are abundantly expressed in brain regions central to the 

regulation of social and emotional behaviour (Kennedy et al., 2006; le Merrer et al., 2009; 

Nummenmaa & Tuominen, 2018).  Specifically, β-endorphin, which binds to µ-opioid receptors, 

modulates social motivation and is important for the formation and maintenance of social bonds 

(Burkett et al., 2011; Johnson & Dunbar, 2016; Pearce et al., 2017; Pellissier et al., 2018).  

Activation of the μ-opioid system is associated with increased sociability (Trezza et al., 2011; 

Loseth et al., 2014), while the µ-opioid antagonist naltrexone diminishes feelings of social 

connection in people (Inagaki et al., 2015) and inhibits social behaviour in rodents (Loseth et al., 

2014; Pellissier et al., 2018).  Notably, μ-opioid receptor knockout mice display symptoms 

characteristic of autism, with impairments in social interactions, communication and attachment 

behaviour (Moles et al., 2004; Becker et al., 2014; Gigliucci et al., 2014).  Furthermore, the 

endogenous opioid system regulates both oxytocin and vasopressin release and there is 
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considerable interaction between these three neuropeptide systems (van de Heijning et al., 

1991; Csiffáry et al., 1992; Gao & Yu, 2004; Schorscher-Petcu et al., 2010; Gigliucci et al., 2014).   

Neuropeptides are postulated to play an important part in communication between the gut 

microbiome and the brain, especially since they interact with both the immune system and the 

vagus nerve (Lach et al., 2018).  Interestingly, μ-opioid receptors are not only widely expressed 

in the brain but also in the gut, where they regulate the gut–brain neural circuitry involved in 

satiety (Duraffourd et al., 2012).  In fact, opioids, oxytocin and vasopressin can all influence gut 

physiology, such as motility (Li et al., 2007; Monstein et al., 2008; Holzer, 2011; Welch et al., 

2014).  Certain Lactobacillus species can induce μ-opioid receptor expression in the gut via the 

nuclear factor-κB immune response (Rousseaux et al., 2007), while antibiotic treatment has 

been found to reduce expression of this receptor in the gut (Aguilera et al., 2015).  However, the 

interaction between the gut microbiome and the μ-opioid system in the central nervous system 

has not previously been investigated.  Furthermore, there have been few studies on the 

relationship between the gut microbiome and brain neuropeptide systems (Desbonnet et al., 

2015; Buffington et al., 2016), with research focusing on the expression of the peptides rather 

than their receptors.   

Here I examine the influence of the gut microbiome on neuropeptide pathways implicated in 

social and emotional behaviour by measuring gene expression of both the peptides and their 

corresponding receptors.  The experiments were conducted in mice since they are a naturally 

social mammalian species and therefore represent a suitable model organism (Shemesh et al., 

2014).  I adopt two different approaches, using mice treated with antibiotics post-weaning and 

germ-free mice.  This also provides the opportunity to compare results between the two, since 

both models are commonly used to ascertain the role of the microbiome in host development 

and behaviour.  Given the behavioural impairments typically exhibited by both antibiotic-treated 

and germ-free mice, I hypothesize that the neuropeptide pathways of the brain will be 

dysregulated in both cases.  Specifically, I hypothesize that the expression of the receptors 

and/or peptides may be downregulated in both treatments.  
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2.3 Materials and methods 

2.3.1 Animals 

For the antibiotic experiment, suckling male NIH Swiss mice (Charles River) at postnatal day 16 

were housed with dams in cages maintained under standard controlled laboratory conditions 

with a 12 h light–dark cycle at 21 ± 1°C and 50 ± 5% relative humidity.  At postnatal day 21, mice 

were weaned and housed three per cage under identical environmental conditions and fed a 

standard mouse chow diet ad libitum.  The animals were allocated randomly to the treatment 

and control groups and were provided with either drinking water containing a cocktail of 

antibiotics or drinking water alone, respectively.  For the germ-free experiment, Swiss Webster 

mice were housed by the supplier (Taconic Biosciences) with three to five mice per cage in a 

gnotobiotic isolator under a 12 h light–dark cycle at 21 ± 1°C and an average relative humidity 

of 50%.  Mice were fed an autoclaved chow diet ad libitum and specific pathogen-free mice 

received chlorinated water, while germ-free mice received water that had been chlorinated and 

then autoclaved.  The same strain, supplier and age (8 weeks) of germ-free and specific 

pathogen-free mice were used as in the seminal study showing reduced sociability in germ-free 

mice (Desbonnet et al., 2014).  In both the antibiotic and germ-free experiments there were eight 

male animals in each of the treatment and control groups (n = 8).  This research was carried out 

with local ethical approval and a UK Home Office licence granted under the Animals (Scientific 

Procedures) Act 1986.   

2.3.2 Antibiotic treatment 

This method followed that of a previous study which had shown that an antibiotic cocktail 

administered in early adolescence altered cognitive, social and emotional behaviour (Desbonnet 

et al., 2015).  Mice were treated with antibiotics from postnatal day 21 to deplete the microbiota.  

This high-dose antibiotic cocktail administered in the drinking water comprised ampicillin              

(1 mg/ml), vancomycin (5 mg/ml), neomycin (10 mg/ml), metronidazole (10 mg/ml) and 

amphotericin-B (0.1 mg/ml).  This specific mixture has been shown to reduce faecal bacterial 
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DNA load by 400 fold without causing morbidity (Reikvam et al., 2011).  Fluid intake was 

monitored every two days and the concentrations of antibiotics were adjusted according to the 

volume of fluid consumed.  Mice were weighed routinely to monitor their general health and 

check that antibiotic treatment did not significantly affect body mass (Figure 2.1).  Animals were 

treated with antibiotics until postnatal day 55, when they were sacrificed.  

2.3.3 Tissue dissection 

The brains of the antibiotic-treated and control mice were dissected into the frontal cortex, 

hippocampus, hypothalamus and brainstem and frozen at –80°C.  The brain samples from germ-

free and specific pathogen-free mice were placed in RNAlater (Sigma-Aldrich), transported on 

dry ice and then frozen at –80°C, prior to dissection into the same regions.   

a                                                                                                 b                                                                      

                                                                                                              

Figure 2.1.  Effect of antibiotic treatment on body weight.  Data are plotted as mean weight change 

± SEM, with n = 8 per group.  (a) Line graph depicts weekly changes in weight for each group throughout 

the experiment.  (b) Bar plot shows overall weight gain from prior to the start of antibiotic treatment (week 

0) to the end of treatment (week 5).  There was no significant difference in weight gain between groups 

(Mann–Whitney U test, P = 0.284). 
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2.3.4 RNA extraction and cDNA synthesis 

The mass of each brain region was measured (to the nearest mg) prior to homogenizing the 

tissue in TRI Reagent (Sigma-Aldrich) for RNA extraction.  The RNA concentration of each 

sample was measured using a NanoDrop ND-1000 spectrophotometer (Thermo Scientific) and 

each RNA extract was assessed for purity by ensuring the 260/280 nm absorbance ratio was 

approximately two.  Each RNA sample was diluted in nuclease-free water (Millipore) and stored 

at –20°C.  In preparation for reverse transcription, the RNA was treated with DNase (Promega) 

and heated to 37°C for 20 min, followed by 5 min at 75°C.  Complementary DNA (cDNA) was 

synthesized from 1 µg RNA using the High-Capacity cDNA Reverse Transcription Kit (Applied 

Biosystems) and incubated at 37°C for 1 h, along with a corresponding negative control for each 

sample.  The cDNA samples were then diluted in nuclease-free water to a concentration of          

20 ng/µl, prior to storage at –20°C.   

2.3.5 Quantitative real-time PCR 

Quantitative real-time polymerase chain reaction (RT-PCR) was performed on the 7900HT Fast 

Real-Time PCR System (Applied Biosystems), with all cDNA samples diluted in nuclease-free 

water to a concentration of 5 ng/µl.  Each RT-PCR reaction consisted of 3 µl cDNA, 6 µl TaqMan 

Universal PCR Master Mix (no AmpErase UNG) and 0.6 µl TaqMan probes, and was made up 

to a total volume of 12 µl with nuclease-free water.  The same thermal cycling conditions were 

used for all runs: 5 min at 95°C (initial step), 15 s at 95°C (denaturation step) and 45 s at 60°C 

(annealing and extension step), with the latter two steps repeated for 40 cycles.  TaqMan gene 

expression assays (Table A.1) were used to quantify messenger RNA (mRNA) expression of 

genes encoding the µ-opioid (Oprm1), oxytocin (Oxtr) and vasopressin (Avpr1a) receptors and 

their corresponding peptides, namely pro-opiomelanocortin (Pomc), oxytocin (Oxt) and 

vasopressin (Avp) respectively (note that pro-opiomelanocortin is cleaved into multiple peptides, 

including β-endorphin which binds to µ-opioid receptors).  While there are several opioid and 

vasopressin receptor genes, I measured the expression of Oprm1 and Avpr1a since these are 
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most strongly associated with social behaviour (Koshimizu et al., 2012; Freeman et al., 2014; 

Loseth et al., 2014; Pellissier et al., 2018).   

In addition, gene expression levels were also determined for myeloid differentiation factor 88 

(MyD88) which is a key mediator of host–microorganism communication and integral to the host 

immune response and intestinal homeostasis (Rakoff-Nahoum et al., 2004; Chu & Mazmanian, 

2013).  Expression of the gene encoding brain-derived neurotrophic growth factor (Bdnf), 

important for neuronal growth and survival, was measured as a positive control since several 

studies have reported its downregulation in both antibiotic-treated mice (Desbonnet et al., 2015; 

Fröhlich et al., 2015; Guida et al., 2018) and germ-free mice (Sudo et al., 2004; Diaz Heijtz et 

al., 2011; Clarke et al., 2013).  Negative controls (both no-template and nuclease-free water) 

were also included in each run for the treatment and control groups.  All samples were run in 

triplicate and the average threshold cycle number (CT) recorded.  As recommended for accurate 

normalization of RT-PCR data (Vandesompele et al., 2002), CT values for the target genes were 

normalized to the geometric mean of three endogenous control genes (Gapdh, B2m and Polr2a) 

whose expression did not differ significantly between the control and treatment groups.   

2.3.6 Statistical analyses 

Data were analysed using the comparative CT method (Livak & Schmittgen, 2001; Schmittgen 

& Livak, 2008) and two-sample t-tests were performed on the 2–ΔΔC
T values to test for statistically 

significant differences in gene expression between the control and treatment groups.  Where 

necessary, Welch’s t-test was conducted when the variances of the two groups were significantly 

different (determined using Levene’s test for homogeneity of variances) and the non-parametric 

Mann–Whitney U test was carried out when the assumption of normality was not met 

(determined using the Shapiro–Wilk test).  
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2.4 Results 

2.4.1 Antibiotic-treated mice 

The most striking effect of antibiotic administration was in the frontal cortex, where all three 

receptor genes showed a reduction in expression (Figure 2.2).  This downregulation in the 

treatment group was significant for both Oprm1 (P = 0.021) and Oxtr (P = 0.016), with a trend 

towards reduced expression for Avpr1a (P = 0.079).  While there were no significant differences 

in receptor gene expression in the hippocampus or hypothalamus, there was a significant 

increase in Oprm1 expression in the brainstem (P = 0.046).  

In terms of the corresponding peptides (Figure 2.3), the expression of Pomc and Avp was 

reduced in the frontal cortex and hippocampus of the antibiotic-treated mice.  However, these 

differences were not significant due to the considerable within-group variation in peptide gene 

expression.  In the hypothalamus there was increased expression of both Oxt (P = 0.065) and 

Avp (P = 0.037), which was statistically significant in the case of Avp.  In addition, there was a 

consistent trend towards reduced Pomc expression in each of the four brain regions, and when 

the results from all regions were combined, this downregulation was statistically significant         

(P = 0.010).  

MyD88 expression was reduced in all four brain regions of antibiotic-treated mice (Figure 2.4), 

with a significant downregulation in the frontal cortex (P = 0.021) and brainstem (P = 0.043).  

Antibiotic administration also led to reduced expression of Bdnf (included as the positive control 

gene) in the frontal cortex (P = 0.013, Figure A.1).  This is in accordance with the majority of 

previous research showing a decrease in Bdnf expression in antibiotic-treated mice (Desbonnet 

et al., 2015; Fröhlich et al., 2015; Guida et al., 2018), thereby validating the treatment effects. 
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Figure 2.2.  Effects of post-weaning antibiotic treatment on the expression of neuropeptide 

receptor genes implicated in social behaviour.  Data are plotted as mean expression (relative to the 

control group) ± SEM for Oprm1, Oxtr and Avpr1a (encoding the µ-opioid, oxytocin and vasopressin 

receptors respectively) and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 degrees 

of freedom (df) and asterisks denote P < 0.05. 

Figure 2.3.  Effects of post-weaning antibiotic treatment on the gene expression of neuropeptides 

implicated in social behaviour.  Data are plotted as mean expression (relative to the control group) 

± SEM for Pomc, Oxt and Avp (encoding the peptides pro-opiomelanocortin, oxytocin and vasopressin 

respectively) and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 degrees of 

freedom (df) and asterisks denote P < 0.05.  Note that Oxt was only detectable in the hypothalamus, its 

site of production. 
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2.4.2 Germ-free mice 

The only significant change in receptor gene expression was for Oprm1 in the frontal cortex 

(Figure 2.5).  Notably the treatment effect was in the opposite direction to antibiotic-treated mice 

since Oprm1 expression was upregulated in the frontal cortex of germ-free mice (P = 0.018). 

Regarding peptide gene expression (Figure 2.6), Avp was downregulated in the hypothalamus 

of germ-free mice (P = 0.046), which again contrasted the direction of change in antibiotic-

treated mice.  Pomc expression was significantly reduced in the frontal cortex (P = 0.030) and 

combining the expression results from all four brain regions also revealed a significant overall 

downregulation of Pomc (P = 0.008), as was the case in the antibiotic-treated animals. 

MyD88 expression was significantly reduced in the frontal cortex (P = 0.019) and brainstem       

(P = 0.012) of germ-free mice (Figure 2.7), as in the antibiotic treatment group.  Similarly, Bdnf 

expression in germ-free mice (Figure A.2) was also reduced in the frontal cortex (P = 0.050) and 

brainstem (P = 0.005).  These changes in the positive control gene are consistent with the 

majority of previous findings showing downregulation of Bdnf in germ-free mice (Sudo et al., 

2004; Diaz Heijtz et al., 2011; Clarke et al., 2013; Desbonnet et al., 2015).  

Figure 2.4.  Effects of post-weaning antibiotic treatment on the gene expression of MyD88.  Data 

are plotted as mean expression (relative to the control group) ± SEM for MyD88 (encoding myeloid 

differentiation factor 88) and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 

degrees of freedom (df) and asterisks denote P < 0.05. 
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Figure 2.5.  Effects of germ-free status on the expression of neuropeptide receptor genes 

implicated in social behaviour.  Data are plotted as mean expression (relative to the control group) 

± SEM for Oprm1, Oxtr and Avpr1a (encoding the µ-opioid, oxytocin and vasopressin receptors 

respectively) and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 degrees of 

freedom (df) and asterisks denote P < 0.05. 

Figure 2.6.  Effects of germ-free status on the gene expression of neuropeptides implicated in 

social behaviour.  Data are plotted as mean expression (relative to the control group) ± SEM for Pomc, 

Oxt and Avp (encoding the peptides pro-opiomelanocortin, oxytocin and vasopressin respectively) and all 

comparisons are with n = 8 per group.  Two-sample t-tests have 14 degrees of freedom (df) and asterisks 

denote P < 0.05. 
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2.5 Discussion 

Here I show that the gene expression of social neuropeptides and their receptors is altered in 

both antibiotic-treated and germ-free mice.  This is the first study that directly compares the 

effects in mice of antibiotic treatment and germ-free status on the brain, and the contrasting 

results reported here have implications for future research in this field.  The most notable finding 

is the reduction in neuropeptide receptor gene expression in the frontal cortex of mice 

administered the antibiotic cocktail, which is particularly relevant given the prominent role of this 

brain region in social behaviour (Franklin et al., 2017).  Downregulation of these receptors may 

partly reflect the considerable interaction between the μ-opioid, oxytocin and vasopressin 

systems (van de Heijning et al., 1991; Csiffáry et al., 1992; Gao & Yu, 2004; Schorscher-Petcu 

et al., 2010; Gigliucci et al., 2014).  The behavioural impairments reported in antibiotic-treated 

rodents (Bercik et al., 2011a; O’Mahony et al., 2014; Desbonnet et al., 2015; Wang et al., 2015; 

Hoban et al., 2016a; Leclercq et al., 2017; Guida et al., 2018; Kayyal et al., 2018), including 

mice receiving the identical combination of antibiotics used in this study (Desbonnet et al., 2015), 

may therefore partially be a result of reduced activation of these neuropeptide pathways.   

Figure 2.7.  Effects of germ-free status on the gene expression of MyD88.  Data are plotted as mean 

expression (relative to the control group) ± SEM for MyD88 (encoding myeloid differentiation factor 88) 

and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 degrees of freedom (df) and 

asterisks denote P < 0.05. 
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In contrast to the downregulation of Oprm1 (encoding the μ-opioid receptor) in the frontal cortex 

of antibiotic-treated mice, this gene was significantly upregulated in the brainstem.  Notably, 

research on the serotonergic system has also reported elevated signalling in the brainstem and 

reduced serotonin turnover in the frontal cortex of suicides with a psychiatric diagnosis (Bach et 

al., 2014).  This similar pattern of regional differences in the μ-opioid system may therefore 

reflect the known interaction between serotonin and opioid signalling (Tao & Auerbach, 2002; 

Lopez-Gimenez et al., 2008; Manzke et al., 2009).  The antibiotic-treated mice also showed an 

increase in expression of Avp (encoding vasopressin) and a trend towards upregulation of Oxt 

(encoding oxytocin) in the hypothalamus, their site of synthesis, perhaps compensating for the 

corresponding reduction in receptor gene expression in the frontal cortex.  Interestingly, a similar 

pattern of increased gene expression of the peptide but downregulation of its receptor was also 

reported for the neuropeptide Y pathway in antibiotic-treated mice (Fröhlich et al., 2015).  The 

upregulation of Avp found here is in the opposite direction to a previous study using the same 

antibiotic treatment and mouse strain, where Avp expression was reduced in the hypothalamus 

(Desbonnet et al., 2015).  One important difference, however, is that our animals were 

behaviourally naïve rather than having been subjected to a series of behavioural tests prior to 

measuring gene expression.  In contrast to the increased expression of Oxt and Avp in the 

antibiotic treatment group, Pomc showed an overall reduction in expression when the results of 

all four brain regions were combined.  This suggests reduced endorphin levels in the brains of 

antibiotic-treated mice, since the peptide encoded by Pomc is cleaved to produce β-endorphin.  

Combined with reduced expression of the corresponding receptor gene Oprm1, these data 

indicate that μ-opioid signalling may be attenuated in these animals.  In fact, reduced activation 

of the μ-opioid system has been associated with social deficits (Loseth et al., 2014; Pellissier et 

al., 2018), and such deficits are typically observed in rodents administered antibiotics 

(Desbonnet et al., 2015; Leclercq et al., 2017; Guida et al., 2018; Kayyal et al., 2018). 

The one previous study looking at the effect of antibiotic treatment on the neuropeptides oxytocin 

and vasopressin only measured gene expression of the peptide and not its corresponding 

receptor (Desbonnet et al., 2015).  My results indicate that quantifying mRNA abundance for the 
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receptors, rather than the neuropeptides, may be more informative since they showed 

considerably less variation in gene expression.  Perhaps this is because receptor transcript 

levels are more stable, with a lower turnover than signalling peptides.  Thus, measuring both 

peptide and receptor gene expression may allow a more holistic assessment of the disruption 

of brain signalling pathways and the possible compensatory mechanisms involved.   

It might be expected that germ-free conditions would have similar effects on gene expression 

as antibiotic exposure, and perhaps more extreme given the complete lack of microorganisms, 

rather than just a severe depletion.  Surprisingly, the significant changes in expression were 

generally in the opposite direction to the antibiotic-treated mice.  Notably, microRNAs have 

recently been shown to be differentially expressed in the brains of germ-free mice and antibiotic-

treated adult rats (Hoban et al., 2017).  In my study, Oprm1 was upregulated in the frontal cortex 

of germ-free mice, in contrast to its decreased expression in antibiotic-treated mice.  

Interestingly, germ-free mice showed reduced Pomc expression in the frontal cortex and this 

pattern of peptide downregulation and receptor upregulation in germ-free mice may reflect a 

homeostatic mechanism.  In fact, there is evidence of feedback inhibition in the opioid system 

whereby high levels of receptor activation inhibit pro-opiomelanocortin neurone activity, resulting 

in lower concentrations of the peptide (Pennock & Hentges, 2011).   

In light of the known interactions between these neuropeptides and the immune system 

(Chikanza & Grossman, 1998; Ninković & Roy, 2013; Li et al., 2017) and the increasing evidence 

that the immune system is an important mediator of the microbiome–gut–brain axis (Fung et al., 

2017), I was also interested to investigate the effect of both antibiotic treatment and germ-free 

status on MyD88 expression.  This gene encodes an immune system protein which is a key 

mediator of host–microorganism communication in vertebrates.  Specifically, MyD88 functions 

as an adaptor protein for Toll-like receptors, which detect and respond to gut bacteria in the 

intestinal epithelium (Rakoff-Nahoum et al., 2004; Moynagh, 2005; Chu & Mazmanian, 2013).  

MyD88 signalling therefore plays an integral role in the host’s immune response (Koedel et al., 

2004; Pietras et al., 2011; Chu & Mazmanian, 2013; Karmarkar & Rock, 2013) and is also 

important for homeostasis of the intestinal barrier (Rakoff-Nahoum et al., 2004; Asquith et al., 
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2010; Kubinak et al., 2015).  Both antibiotic treatment and germ-free status had the same effect 

on MyD88 expression, with a significant reduction in both the frontal cortex and brainstem.  Since 

commensal microbiota drive stimulation of MyD88, its downregulation may reflect the reduction 

in microbial interactions with Toll-like receptors due to the lack of microorganisms in antibiotic-

treated and germ-free mice.  In fact, there is evidence that both probiotics and prebiotics benefit 

gut health by stimulating the immune system through MyD88-dependent NF-κB activation (van 

Baarlen et al., 2009, 2011; Pagnini et al., 2010; Ortega-González et al., 2014; Hughes et al., 

2017).  Moreover, MyD88 is expressed in many different organs and cell types beyond the gut, 

including neurones (Liu et al., 2016) and microglia (Dean et al., 2010), suggesting that it may 

also be involved in communicating the state of the gut to distant organs such as the brain.  Future 

studies using immunodeficient animals, such as MyD88 conditional knockout mice, will be 

required to experimentally determine its role in the microbiome–gut–brain axis.   

Overall, my findings suggest that the gut microbiome plays an important role in the correct 

development and functioning of neuropeptide pathways implicated in social and emotional 

behaviour.  This is in line with previous studies showing social impairments in antibiotic-treated 

and germ-free rodents (Crumeyrolle-Arias et al., 2014; Desbonnet et al., 2014, 2015; Buffington 

et al., 2016; Leclercq et al., 2017; Guida et al., 2018; Kayyal et al., 2018; Lu et al., 2018; Stilling 

et al., 2018).  However, while these animal models may be useful for establishing causality, we 

cannot necessarily extrapolate from these findings the role of the gut microbiome in the social 

behaviour of healthy animals.  Future studies involving more fine-scale manipulations of the gut 

microbial community, such as probiotic or prebiotic feeding or narrow-spectrum antibiotic 

administration, are required to determine the contribution of specific members of the gut 

microbiota.  While the use of antibiotics to deplete the gut microbiota is often seen as a more 

accessible alternative to germ-free models (Reikvam et al., 2011; Desbonnet et al., 2015), my 

results have implications for future research since the differences between antibiotic-treated and 

germ-free mice suggest that they should be viewed as distinct models of gut microbiome 

manipulation.  Indeed, antibiotic-treated mice have a normal gut microbiome during the early 

postnatal period whereas germ-free mice represent a rather different biological case since these 
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animals are never exposed to microorganisms and so exhibit impaired physiology and immune 

development from birth.  However, it cannot be eliminated that differences between the 

antibiotic-treated and germ-free mice may be partly due to the different mouse strains, though 

both were outbred strains.  The antibiotic experiment was conducted with NIH Swiss mice since 

this was the same strain used by a previous study which had demonstrated effects of antibiotic 

treatment on the brain and behaviour (Desbonnet et al., 2015), and whose methodology was 

followed here.  The germ-free experiment was carried out with Swiss Webster mice since this is 

the strain most commonly available as a germ-free model and is the primary strain in studies 

reporting impaired sociability in germ-free mice (Desbonnet et al., 2014; Arentsen et al., 2015; 

Luk et al., 2018; Stilling et al., 2018). 

To date, there have been few studies investigating the effects of antibiotics on the brain during 

early life (Diaz Heijtz, 2016), yet antibiotic treatment is arguably more clinically relevant than 

germ-free conditions.  In fact, antibiotics are the most commonly prescribed drug to children 

(Chai et al., 2012) and human population studies have linked antibiotic exposure during early 

life with increased risk of allergy, inflammatory bowel disease and obesity, as well as poorer 

neurocognitive outcomes (Neuman et al., 2018).  The results here, particularly the salient 

reduction in neuroreceptor gene expression in the frontal cortex, have potential implications for 

understanding the impact of antibiotic administration on human brain function.  Furthermore, the 

interaction between the gut microbiome and the brain’s endogenous opioid system has not 

previously been investigated, with the results of this study indicating reduced μ-opioid signalling 

in mice treated with antibiotics in early adolescence.  This may at least partly explain the 

behavioural deficits in animals exposed to antibiotics (Desbonnet et al., 2015; Leclercq et al., 

2017; Guida et al., 2018; Kayyal et al., 2018) since activation of the μ-opioid system is integral 

to social motivation and social bonding (Loseth et al., 2014; Pellissier et al., 2018), as well as 

regulating stress and emotion (Ribeiro et al., 2005; Bali et al., 2015; Nummenmaa & Tuominen, 

2018).  While caution must be exercised when considering the possible impact of antibiotics 

during childhood and adolescent years in humans, I hypothesize that the μ-opioid system may 

also be downregulated, with implications for behaviour.  Notably, μ-opioid receptor density in 
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the human frontal cortex is positively associated with motivation to seek close social 

relationships (Nummenmaa et al., 2015), which is especially relevant given the reduced gene 

expression of this receptor in the frontal cortex of antibiotic-treated mice.  Human brain imaging 

studies have also revealed that activation of the μ-opioid system helps to alleviate the 

experience of social pain and is positively correlated with social motivation and psychological 

resilience (Hsu et al., 2013, 2015).  Thus a decrease in μ-opioid signalling may have 

consequences for mental health and well-being.  In fact, dysregulation of the endogenous opioid 

system has been implicated in depression and schizophrenia, with the majority of human studies 

reporting a reduction in β-endorphin levels (Bernstein et al., 2002; Hegadoren et al., 2009) or 

decreased activity of the μ-opioid system (Kennedy et al., 2006; Hsu et al., 2015).  It is an 

interesting observation that antibiotic exposure in humans is associated with increased risk of 

depression and anxiety (Lurie et al., 2015) and treatment with antibiotics during the first year of 

life has also been linked to an increased risk of depression and behavioural difficulties in 

childhood (Slykerman et al., 2017).  However, further research is required to determine the 

changes in brain function that may underlie these associations and whether the effects are long-

lasting.   

As well as its role in social behaviour, the endogenous opioid system is a key regulator of pain 

(Zubieta et al., 2001; Holden et al., 2005).  These findings therefore have potential clinical 

relevance since they show that the gut microbiome affects the expression of opioid receptors in 

the central nervous system.  In fact, antibiotic treatment in rodents increases visceral pain (Verdú 

et al., 2006; Hoban et al., 2016a), including early-life antibiotic exposure (O’Mahony et al., 2014).  

The mechanisms by which the gut microbiome modulates pain are yet to be elucidated               

(O’Mahony et al., 2017) but my findings suggest that the effect of the microbiome on both pain 

and social behaviour may be underpinned at least in part by its interaction with the μ-opioid 

system.  In support of this, a recent study showed that decreased expression of Oprm1 in the 

prefrontal cortex was associated with increased pain sensitivity in male and female rats (Yan & 

Kentner, 2017).  A reduction in μ-opioid receptor availability in the brain has been linked to 

increased pain sensitivity in heathy volunteers (Prossin et al., 2015) and has also been found in 
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sufferers of chronic pain (Harris et al., 2007).  In addition, since the opioid system is central to 

addiction (Darcq & Kieffer, 2018) and I show that the gut microbiome interacts with this 

neuropeptide system, my findings are also relevant to the observation that antibiotic treatment 

enhances addictive behaviour in mice (Kiraly et al., 2016).  

In terms of further research directions, it would be interesting to investigate whether prebiotic or 

probiotic supplementation in antibiotic-treated animals can rescue the disrupted social 

neuropeptide signalling, and whether any effects of probiotics are species-specific or strain-

specific.  Since antibiotic treatment can deplete the production of short-chain fatty acids, 

particularly butyrate (Dominguez-Bello et al., 2015; Zarrinpar et al., 2018), it would also be 

informative to test whether administration of butyrate helps to reduce the impact of antibiotic 

treatment.  If so, this would suggest that the influence of the gut microbiome on the expression 

of these neuropeptide pathways is at least partly mediated by butyrate.  Future research should 

also examine the impact of antibiotic administration on the neurogenetics of adult mice to 

determine whether the effect is less marked than antibiotic treatment immediately following 

weaning when the developing brain is particularly vulnerable to perturbation.  To avoid 

introducing additional variation, this study was only conducted on male mice but it would be 

interesting to investigate whether females show similar changes in gene expression since there 

are some notable sex differences in the microbiome–gut–brain axis (Davis et al., 2016a; Coretti 

et al., 2017; Leclercq et al., 2017; Sylvia et al., 2017).  Indeed, a recently reported study found 

that early-life antibiotic exposure induced social deficits only in male mice (Kayyal et al., 2018).  

Similarly, male germ-free mice show more pronounced social impairments (Desbonnet et al., 

2014) and alterations in neurochemistry (Clarke et al., 2013; Hoban et al., 2016b) compared to 

their female counterparts, which may be reflective of the higher incidence of autism among 

males.  It would also be informative to investigate whether my findings hold across different 

mouse strains since the effects of the gut microbiota can depend on the host strain (Fujisaka et 

al., 2016; Felice & Moloney, 2018).  This study focused on quantifying mRNA expression which 

is considered to provide a more accurate indication of treatment-induced changes in neuronal 

gene expression than measuring protein levels which may reflect homeostatic balance between 
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neuronal release, translation and storage (Fröhlich et al., 2015).  However, while there is a 

degree of correspondence between mRNA and protein levels (Vogel & Marcotte, 2012; 

Koussounadis et al., 2015), protein abundance cannot necessarily be inferred from quantifying 

mRNA transcripts. 

While antibiotic treatment and germ-free conditions are two helpful approaches to investigate 

causality, both models have limitations.  Germ-free animals show numerous defects, including 

in their development, gut morphology and physiology, nervous system, immune response and 

metabolism (Smith et al., 2007; Round & Mazmanian, 2009; Forsythe et al., 2016; Rooks & 

Garrett, 2016).  Notably, they also have a more permeable blood–brain barrier (Braniste et al., 

2014).  Although this artificial model is useful for investigating which processes are modulated 

by the gut microbiome, the findings are not easily translatable to human physiology and disease.  

In terms of the high-dose antibiotic treatment used in this study, it not only dramatically reduces 

the bacterial load but also significantly restructures the gut microbial community, decreasing its 

diversity and altering its composition (Desbonnet et al., 2015).  While the relative abundances 

of the phyla Firmicutes and Bacteroidetes are reduced, Cyanobacteria and Proteobacteria 

increase in relative abundance with this antibiotic cocktail (Desbonnet et al., 2015).  Indeed, the 

phylum Proteobacteria includes a wide variety of pathogens such as Escherichia, Helicobacter, 

Pseudomonas, Salmonella and Vibrio (Williams et al., 2010) and increased abundance of this 

phylum is associated with psychological distress in patients with irritable bowel syndrome (Peter 

et al., 2018).  In addition, members of the phylum Cyanobacteria produce toxins including 

lipopolysaccharides which can have pathological effects (Stewart et al., 2006).  Thus, the effects 

of antibiotic treatment may not necessarily be through depleting the gut microbiota but also by 

significantly changing its composition.  Furthermore, antibiotics can have systemic effects in 

addition to their antimicrobial actions (Cryan & Dinan, 2012; Forsythe et al., 2016).  Antibiotics 

may even act directly on the brain and there is evidence that they can modulate the enteric 

nervous system, influencing intestinal motility (Delungahawatta et al., 2017).  Such antibiotic-

induced changes may also be involved in mediating gut–brain communication, in addition to the 

direct effects of antibiotics on reducing bacterial load.  Finally, it is important to bear in mind that 
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although mice represent a useful model for understanding mammalian physiology, with many 

similarities between the mouse and human gut microbiome, there are also notable differences 

and caution is needed when extrapolating the potential significance of these findings to humans 

(Loan et al., 2015; Forsythe et al., 2016).   

The results of this study reveal that disruption of the gut microbiome in early life can significantly 

impact social neuropeptide signalling.  The reduced activation of these pathways in mice treated 

with antibiotics post-weaning likely contributes to their social impairments.  This is the first study 

to carry out the same experiments in both antibiotic-treated and germ-free mice, revealing 

opposing effects of these two conditions on gene expression in the brain.  My findings indicate 

the possible effects that early-life exposure to antibiotics may have on pathways in the brain 

mediating social and emotional behaviour, with potential implications for the risk of developing 

neuropsychiatric conditions such as autism, depression and anxiety. 
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Chapter 3  

Analysis of the gut microbiome in relation to human personality 

3.1 Abstract 

The gut microbiome has a measurable impact on the brain, influencing stress, anxiety, 

depressive symptoms and social behaviour.  This microbiome–gut–brain axis may be mediated 

by various mechanisms including neural, immune and endocrine signalling.  To date, the 

majority of research has been conducted in animal models, while the limited number of human 

studies has focused on psychiatric conditions.  Here I investigate whether the composition and 

diversity of the gut microbiome is linked to human personality.  Using regression models to 

control for possible confounding factors, I show that abundances of specific bacterial genera are 

significantly related to personality traits.  Diversity analyses of the gut microbiome reveal that 

people with larger social networks tend to have a more diverse microbiome.  In contrast, anxiety 

and stress are linked to reduced diversity and an altered microbiome composition.  Together, 

these results add a new dimension to our understanding of personality and reveal that the 

microbiome–gut–brain axis may also be relevant to behavioural variation in the general 

population as well as to cases of psychiatric disorders.           

3.2 Introduction 

Personality shapes our world.  It influences our health, our friendships, how we deal with stress, 

what jobs we succeed in and how we like to spend our time.  It is approximately 50% heritable 

in human populations (Power & Pluess, 2015), suggesting that environmental factors also 

contribute significantly to our personality.  In addition to our external environment, the 
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burgeoning field of the microbiome is revealing the many ways that our ‘environment within’ can 

affect our body’s physiology, including our digestion, immunity, metabolism, development and 

even our behaviour (Round & Mazmanian, 2009; Cryan & Dinan, 2012; Brestoff & Artis, 2013; 

Sommer & Bäckhed, 2013; Sampson & Mazmanian, 2015).  In fact, the number of microbial 

cells in our bodies is estimated to be roughly equal to our own human cells (Sender et al., 2016), 

with the majority of these microorganisms inhabiting the gut.  Studies in the past decade provide 

evidence that the gut microbiome interacts with the central nervous system (Eisenstein, 2016) 

and such findings have the exciting potential to aid the development of new treatments for 

conditions such as autism (Gilbert et al., 2013) and depression (Dinan et al., 2013).  However, 

research has largely been conducted in animal models and it is unknown how translatable these 

findings are to humans (Foster & McVey Neufeld, 2013; Dinan & Cryan, 2017; Bruce-Keller et 

al., 2018).  While there is some indication that dysbiosis of the gut microbiota may be implicated 

in neurological and psychiatric disorders (Rogers et al., 2016), an open question remains as to 

whether variation in the gut microbial community is related to personality, that is behavioural 

differences between individuals that are consistent over time and different situations and 

therefore broadly predictable. 

Animal studies have demonstrated that the gut microbiome can influence the stress response, 

anxiety and depressive-like behaviours, as well as social behaviour and communication (Cryan 

& Dinan, 2012; Sharon et al., 2016).  Some of the most convincing findings stem from faecal 

microbiota transplantation whereby behavioural traits can be transferred between mouse strains 

when their gut microbiota are swapped (Bercik et al., 2011a; Collins et al., 2013).  For example, 

when the more anxious and timid Balb/c mice are colonized with the gut microbiota of NIH Swiss 

mice, their temperament becomes more bold and exploratory like that of the donor NIH Swiss 

mice, and vice versa (Bercik et al., 2011a).  Further support comes from the induction of anxiety 

and depressive-like behaviours in rodents colonized with the gut microbiota of humans suffering 

from these symptoms (Kelly et al., 2016; Zheng et al., 2016; de Palma et al., 2017).  The 

transmission of such behaviours via the microbiota therefore suggests that gut microorganisms 

can contribute causally to behavioural traits.  In fact, a recent human study reported 
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improvement in psychiatric symptoms following faecal microbiota transplantation in patients with 

gastrointestinal disease (Kurokawa et al., 2018). 

There are numerous possible mechanisms that may mediate this interaction between the gut 

microbial community and the brain, including communication via neural, immune and endocrine 

pathways (Collins et al., 2012; Cryan & Dinan, 2012; Johnson & Foster, 2018 [Appendix]).  

Microorganisms can also produce various neuroactive chemicals (Wall et al., 2014; Strandwitz, 

2018) and can modulate host neurotransmitter levels (Yano et al., 2015).  Gut dysbiosis might 

therefore lead to imbalances in neurotransmitters, inflammation or heightened activity of the 

hypothalamus–pituitary–adrenal axis that regulates the stress response (Bruce-Keller et al., 

2018).  The observation that psychiatric illnesses are often comorbid with gastrointestinal 

problems (Folks, 2004; Mussell et al., 2008) supports the role of the microbiome–gut–brain axis 

in human biology and psychology.  A number of studies has reported associations between the 

composition of the gut microbiome and conditions such as autism, depression and 

schizophrenia (Table 3.1).  However, results sometimes differ with regard to changes in the 

abundances of specific bacterial taxa, likely due to individual variability in gut microbiome 

composition and underpowered studies. 

Intervention studies in humans have started to investigate whether the gut microbiome makes a 

detectable contribution to the functioning of the central nervous system.  Although studies 

administering probiotics have yielded mixed results in humans, meta-analyses do provide 

support for their beneficial effect on stress, anxiety and depressive symptoms, including in 

healthy humans as well as those suffering from psychiatric conditions (Pirbaglou et al., 2016; 

Wang et al., 2016; McKean et al., 2017; Wallace & Milev, 2017).  In addition, brain imaging 

studies have revealed that consumption of probiotics in healthy volunteers can affect neural 

signatures of emotion (Tillisch et al., 2013; Bagga et al., 2018).  For example, probiotic 

administration over a period of four weeks was found to modulate brain activity, resulting in 

reduced activity of brain regions involved in emotional processing when participants were 

presented with negative facial expressions (Tillisch et al., 2013).  In studies involving prebiotics, 

healthy humans show a reduction in salivary cortisol levels after three weeks of taking the 
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supplement (Schmidt et al., 2015) and patients with irritable bowel syndrome have reported 

reduced anxiety following one month of prebiotic supplementation (Azpiroz et al., 2017).   

Since the gut microbiome has been implicated in social development and behaviour (Hsiao et 

al., 2013; de Theije et al., 2014; Desbonnet et al., 2014; Buffington et al., 2016), recent research 

has investigated whether it may modulate behavioural symptoms of autism (Krajmalnik-Brown 

et al., 2015).  Autism is not only characterized by impaired social behaviour but is frequently 

comorbid with gastrointestinal issues (Hsiao, 2014) and immune dysfunction (Hsiao, 2013; 

Meltzer & van de Water, 2017).  Studies comparing autistic individuals with neurotypical controls 

often report significant differences in gut microbiome composition (Table 3.1) and interestingly, 

a recent trial of faecal microbiota transplantation in children with autism found that it improved 

not only gastrointestinal symptoms but also social behaviour and communication (Kang et al., 

2017).  This suggests that the gut microbial community may play a part in the expression of 

autistic behavioural traits.  Given the evidence that autistic traits are normally distributed across 

the population (Wing, 1988; Constantino & Todd, 2003; Ruzich et al., 2015), gut microbiome 

composition may also be related to variation in sociability in the general population.  

Table 3.1.  Summary of statistically significant associations between bacterial genera in the gut 

and behavioural or psychiatric traits reported in the literature.  Table lists findings from research in 

both animal models and human populations and includes all genera (23 in total) associated with these 

traits in at least two independent studies.  

Genus 
Change in 
abundance 

Behavioural trait/ 
psychiatric condition 

Study 
subject 

References 

Akkermansia 

↓ Autism Children Wang et al., 2011 

↑ Autism Children de Angelis et al., 2013 

↓ Stress Mice Bharwani et al., 2016; Maltz 
et al., 2017 

Alistipes 

↓ Autism Children Strati et al., 2017 

↑ Stress Mice 
Bangsgaard Bendtsen et al., 
2012 

↑ Depression Adults Naseribafrouei et al., 2014; 
Jiang et al., 2015 

Bacteroides 

↑ Autism Children 
Finegold et al., 2010; de 
Angelis et al., 2013 

↓ Stress Mice Bailey et al., 2011; Maltz et 
al., 2017 

↑ Negative mood Adults Li et al., 2016b 

↑ Psychosis Adults Schwarz et al., 2017 
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Table 3.1.  (cont.) 

Genus 
Change in 
abundance 

Behavioural trait/ 
psychiatric condition 

Study 
subject 

References 

Bifidobacterium 

↓ Autism Children 

Finegold et al., 2010; Adams 
et al., 2011; Wang et al., 
2011, 2013; de Angelis et al., 
2013; Son et al., 2015; 
Grimaldi et al., 2017 

↑ Autism Children Pulikkan et al., 2018 

↓ Autism Mice Golubeva et al., 2017 

↓ Stress Mice Wong et al., 2016; Yang et 
al., 2017 

↑ Stress Mice Marin et al., 2017 

↑ Negative mood Adults Li et al., 2016b 

↓ Depression Adults Aizawa et al., 2016 

Blautia 

↓ Autism Infants Inoue et al., 2016 

↓ Autism Children Luna et al., 2017 

↓ Autism Mice Golubeva et al., 2017 

↓ Schizophrenia Adults Shen et al., 2018 

Clostridium 

↑ Autism Children 

Finegold et al., 2002; Song et 
al., 2004; Parracho et al., 
2005; de Angelis et al., 2013; 
Tomova et al., 2015; Grimaldi 
et al., 2017; Luna et al., 2017; 
Strati et al., 2017 

↓ Autism Children Finegold et al., 2010 

↑ Stress Mice 
Bailey et al., 2011; Arase et 
al., 2016; Marin et al., 2017 

↑ Depression Adults Jiang et al., 2015; Lin et al., 
2017 

↑ Schizophrenia Adults Shen et al., 2018 

Collinsella 
↑ Autism Children Strati et al., 2017 

↓ Autism Children Finegold et al., 2010 

↑ Schizophrenia Adults Shen et al., 2018 

Corynebacterium 
↑ Autism Children Strati et al., 2017 

↓ Stress Rats Yu et al., 2017 

Desulfovibrio ↑ Autism Children Finegold et al., 2010; Tomova 
et al., 2015 

Dialister 

↓ Autism Children Finegold et al., 2010; Strati et 
al., 2017 

↑ Sociability Infants Christian et al., 2015 

↓ Depression Adults Jiang et al., 2015; Kelly et al., 
2016 

Dorea 
↑ Autism Children de Angelis et al., 2013; Strati 

et al., 2017 
↓ Autism Children Luna et al., 2017 

↓ Stress Mice Bailey et al., 2011 

Faecalibacterium 
 

↑ Autism Infants Inoue et al., 2016 

↓ Autism Children 
de Angelis et al., 2013; Kang 
et al., 2018 

↓ Negative mood Adults Turroni et al., 2017 

↑ Negative mood Adults Li et al., 2016 

↓ Depression Adults Jiang et al., 2015 

↑ Depression (prenatal) Adults Togher et al., 2017 

↓ Bipolar disorder Adults Evans et al., 2017; Painold et 
al., 2018 

Flavonifractor 
↑ Autism Children Luna et al., 2017 

↑ Depression Adults Jiang et al., 2015 
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Table 3.1.  (cont.) 

Genus 
Change in 
abundance 

Behavioural trait/ 
psychiatric condition 

Study 
subject 

References 

Lactobacillus 

↑ Autism Children 

Adams et al., 2011; Kang et 
al., 2013; Tomova et al., 
2015; Strati et al., 2017; 
Pulikkan et al., 2018 

↓ Autism Children de Angelis et al., 2013 

↓ Stress Mice Bailey et al., 2011; Galley et 
al., 2014a; Marin et al., 2017 

↓ Stress Rats Yu et al., 2017 

↓ Stress Macaques Bailey & Coe, 1999 

↓ Depression Adults Aizawa et al., 2016 

↑ Psychosis Adults Schwarz et al., 2017 

Lactococcus ↓ Autism Children 
Finegold et al., 2010; de 
Angelis et al., 2013 

Oscillibacter 
↑ Depression Adults Naseribafrouei et al., 2014 

↑ Stress Rats Yu et al., 2017 

Oscillospira 

↓ Autism Children de Angelis et al., 2013 

↑ Sociability Mice Szyszkowicz et al., 2017 

↓ Stress Mice 
Maltz et al., 2017; 
Szyszkowicz et al., 2017; 
Zhang et al., 2017 

Parabacteroides 

↓ Autism Children Strati et al., 2017 

↑ Autism Children Finegold et al., 2010 

↑ Sociability Infants Christian et al., 2015 

↓ Stress Mice 
Bailey et al., 2011; Galley et 
al., 2014a; Maltz et al., 2017; 
Szyszkowicz et al., 2017 

↑ Negative mood Adults Li et al., 2016 

↑ Depression Adults Jiang et al., 2015 

Prevotella 

↑ Autism Children de Angelis et al., 2013 

↓ Autism Children Kang et al., 2013 

↑ Stress Mice Szyszkowicz et al., 2017 

↓ Negative mood Adults Li et al., 2016 

↑ Depression Adults Lin et al., 2017 

↓ Depression Adults Kelly et al., 2016 

Roseburia 

↑ Autism Children de Angelis et al., 2013 

↑ Stress Mice Bailey et al., 2011 

↓ Stress Mice Maltz et al., 2017 

↓ Negative mood Adults Li et al., 2016 

↓ Schizophrenia Adults Shen et al., 2018 

Streptococcus 
↓ Autism Children Finegold et al., 2010; de 

Angelis et al., 2013 
↑ Depression Adults Lin et al., 2017 

Sutterella 
↑ Autism Children 

Wang et al., 2011, 2013, 
Williams et al., 2011, 2012 

↓ Autism Children Luna et al., 2017 

↑ Stress Mice Maltz et al., 2017   

Turicibacter 

↓ Autism Children de Angelis et al., 2013 

↑ Sociability Mice Szyszkowicz et al., 2017 

↓ Stress Mice 
Wong et al., 2016; Marin et 
al., 2017; Szyszkowicz et al., 
2017 

↑ Depression Adults Kelly et al., 2016 

 



50 Chapter 3

 

The main aim of this research was to determine whether individual variation in the composition 

and diversity of the human gut microbiome is related to differences in personality.  Previous 

research has focused on animal models or examined broadscale associations between 

microbiome composition and psychiatric symptoms.  In contrast, here I conduct targeted 

regression analyses to investigate the relationship between personality traits and the 

abundances of specific bacterial genera identified in the microbiome–gut–brain axis literature 

(Table 3.1).  I hypothesize that genera previously associated with autism may be related to 

differences in sociability in the general population, while genera previously linked to depression 

and stress in animal models or psychiatric populations may be differentially abundant in the 

general population with respect to neurotic traits.  As well as assessing genus-level composition, 

I also investigate the relationship between personality and measures of microbiome diversity, 

hypothesizing that variables assessing sociability may be positively related to diversity and those 

assessing neurotic traits may be negatively related.     

3.3 Materials and methods 

3.3.1 Study population 

Adults (over 18 years) were invited to take part in the study (Figure 3.1) via advertising to uBiome 

customers and through social media.  A faecal sample was received from 671 individuals but 

sixteen samples were removed (n = 655) since they did not meet the read quality control 

threshold set at 10,000 reads to ensure detection of low abundance taxa (Almonacid et al., 

2017).  The research was conducted under a Human Subjects Protocol provided by an 

institutional review board (Ethical and Independent Review Services, IRB Study #13044-03).  All 

participants provided informed consent and data were analysed anonymously.  While all efforts 

were made to maximize the number of participants involved in the study, ultimately the sample 

size was restricted by those who volunteered within a reasonable time period and provided 

adequate responses to the questionnaire.  The sample size is considerably greater than the 

majority of human microbiome studies and was considered sufficient based on a statistical 

power analysis (Figure A.3).  The sample was 71% female and 29% male, with a mean age of 
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42 years.  Participants resided in twenty different countries and four continents, predominantly 

North America (83%), with participants from USA accounting for 77% of the sample.  11% of the 

study participants were from Europe (4% from UK), 5% from Australasia and 2% from Asia. 

3.3.2 Sample collection, processing and sequencing 

The microbiome sequencing company uBiome provided participants with their commercially 

available Gut Kit.  Each participant was supplied with one kit to be used for faecal sample 

collection at home.  Analysis of faecal samples is the standard procedure in microbiome 

research since they are sufficiently representative of the composition of the gut microbiome 

(Eckburg et al., 2005).  The sampling procedure followed the guidelines of the National Institutes 

of Health Human Microbiome Project (McInnes & Cutting, 2010).  Following sample collection 

by the participant, the sample was posted back to uBiome in their sample collection tube 

containing a lysis and stabilization buffer for DNA preservation during transport at ambient 

temperatures (Almonacid et al., 2017).  The 16S rRNA gene was amplified using universal 

Figure 3.1.  Overview of study design.  A faecal sample was provided by each participant using the 

commercially available uBiome Gut Kit and sample processing and sequencing were carried out by 

uBiome to generate OTU (operational taxonomic unit) abundances.  Participants were asked to complete 

a comprehensive study questionnaire assessing their behaviour, diet, health, lifestyle and 

sociodemographics (see Figure 3.3 for variables tested within each of these categories).  A range of 

statistical analyses were conducted to determine the relationships between gut microbiome composition 

and the study variables, with a primary interest in the variables assessing behavioural traits.  
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primers for the V4 hypervariable region and sequencing was performed on the Illumina NextSeq 

500 platform, alongside positive and negative controls.  Standardized methodology (Almonacid 

et al., 2017) for sample processing and sequencing was conducted by uBiome and has been 

shown to generate reproducible microbiome profiles (Vera-Wolf et al., 2018).   

3.3.3 Questionnaires 

In total, 44 study variables (continuous and categorical) were analysed relating to behavioural 

traits, diet, health and lifestyle and also sociodemographics.  While the majority of variables were 

assessed through binary questions or point scales that I had designed, personality and social 

behaviour were evaluated with widely used and validated questionnaires from psychological 

research.  The 50-item International Personality Item Pool (Goldberg, 2001) was used to assess 

personality traits according to the five-factor model of personality.  A large number of studies 

find that individual differences in human behaviour can broadly be divided into five key domains, 

known as the ‘Big Five’ (Digman, 1990; McCrae & John, 1992), comprising extraversion 

(propensity to seek and enjoy others’ company), agreeableness (trust and cooperation in social 

interactions), conscientiousness (attention to detail and focus), neuroticism (tendency to feel 

negative emotions) and openness (creativity, intellectual curiosity and willingness to seek new 

experiences).  These traits are temporally stable within individuals (McCrae et al., 1999) and are 

found in both sexes, all races and across cultures (McCrae & Costa, 1997).  In addition, the 

State–Trait Anxiety Inventory (Spielberger et al., 1983), specifically the trait subscale, was used 

to determine the participants’ general tendency to feel anxious.  Participants were also scored 

for two subscales (social skill and communication) from the Autism Spectrum Quotient, which 

measures the degree to which any neurotypical adult lies on the continuum between normality 

and autistic-like behaviours (Baron-Cohen et al., 2001).  Social network size was evaluated 

based on the number of people in their two innermost layers, approximately corresponding to 

those individuals contacted on a weekly and monthly basis respectively (Roberts et al., 2008). 

Detailed dietary habits of the participants were assessed with the EPIC-Norfolk Food Frequency 

Questionnaire (Bingham et al., 2001).  The associated software, Food Frequency Questionnaire 
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EPIC Tool for Analysis (Mulligan et al., 2014), was used to estimate total calorie consumption 

and intake of food groups, macronutrients, minerals and vitamins (56 variables in total).  Food 

frequency questionnaires with more than ten missing entries were excluded in accordance with 

the guidelines.    

3.3.4 Multiple regression analyses of bacterial abundances 

Microbiome count data are often overdispersed, with a high proportion of zeros (Xu et al., 2015; 

Weiss et al., 2017) and heavily right-skewed (Xia & Sun, 2017).  This is because there are 

relatively few taxa that are shared by the majority of samples, since most taxa are rare and only 

detected in a small proportion of samples (Xu et al., 2015).  Given this overdispersion, count 

data cannot be normalized via transformation and so negative binomial regression was 

conducted with genus abundance as the response variable (or zero-inflated negative binomial 

regression in cases where the count data contained an excess of zeros).  When modelling 

microbiome data, it is necessary to account for variation in sequencing read depth between 

samples.  However, rarefying count data or transforming it into proportions can lead to a high 

rate of false positives and is not recommended for analyses of taxon abundance (McMurdie & 

Holmes, 2014).  Instead, the logarithm of the total read number was included as an offset in the 

regression models, thereby preserving statistical power by retaining all the count data (Goodrich 

et al., 2014; Xu et al., 2015).  

As opposed to the majority of microbiome studies which only conduct bivariate correlations 

between variables and microbial taxon abundances, key variables known to influence the gut 

microbiome were included in the regression models to avoid potential confounding effects.  

These variables were sex (Arumugam et al., 2011; Ding & Schloss, 2014; Jašarević et al., 2016; 

Martin et al., 2016), age (Arumugam et al., 2011; Yatsunenko et al., 2012), body mass index 

(Arumugam et al., 2011), birth delivery mode (Dominguez-Bello et al., 2010; Bokulich et al., 

2016; Martin et al., 2016), type of infant feeding method (Ding & Schloss, 2014; Praveen et al., 

2015; Martin et al., 2016), whether participants had been treated with oral antibiotics within the 

last six months (since studies suggest the gut microbial community largely recovers after this 
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time (de la Cochetière et al., 2005; Dethlefsen et al., 2008)), whether they suffered from a gut 

condition (Bhattarai et al., 2017; Halfvarson et al., 2017) and if they took probiotic supplements 

(Hemarajata & Versalovic, 2013; Bagga et al., 2018), though evidence is somewhat lacking as 

to the degree to which probiotic supplementation can alter faecal microbiota composition 

(Kristensen et al., 2016; Zmora et al., 2018).  These regression analyses could only be 

conducted on a subset of the population cohort (n = 261) who supplied the necessary data for 

all these variables. 

The variables of primary interest were those relating to personality traits.  Pairwise Kendall’s 

Tau-b correlation coefficients were computed to assess the correlation structure of all variables 

in the study, revealing considerable intercorrelation between extraversion, social skill and 

communication and also between neuroticism, anxiety and stress, as expected from the 

literature (Austin, 2005; Uliaszek et al., 2010).  To avoid multicollinearity in the regression 

models, two new variables were therefore created by summing the z-scores for the individual 

variables: sociability (a combined score of an individual’s extraversion, social skill and 

communication) and neurotic tendencies (a combined score of an individual’s neuroticism, 

anxiety and stress).  These two new variables were used in the regression analyses since social 

behaviour, anxiety, stress and depressive-like behaviours are the main behavioural traits that 

have been linked to the gut microbiome (Vuong et al., 2017).   

Negative binomial regression analyses were conducted using the R package VGAM to model 

microbiome count data.  All statistical analyses in this study were performed using R 3.2.3 

software (R Development Core Team, 2015).  I carried out an extensive literature review to 

identify putative taxa that have been associated with behaviour or psychiatric traits in animal 

research or human population studies (Table 3.1).  Genera were included in these regression 

analyses if they had been significantly associated with behaviour or psychiatric measures in at 

least two independent studies.  Genus-level count data were used for the regression models 

since 16S rRNA sequencing provides an estimated 96% accuracy for genus identification 

(Srinivasan et al., 2015) but has limited phylogenetic resolution at the species level (Janda & 

Abbott, 2007). 
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3.3.5 Analyses of microbiome diversity and community composition 

Analyses were also conducted to determine how the overall compositional profile of the 

microbiome, measured with alpha and beta diversity metrics, was related to the study variables.  

Alpha diversity is the ecological diversity of a single sample, taking into account the number of 

different taxa and their relative abundances, while beta diversity measures differences in 

microbial community composition between individuals (Finotello et al., 2016).  The R package 

phyloseq was used to determine richness and alpha diversity at the genus level (McMurdie & 

Holmes, 2013).  Since the choice of diversity index can significantly influence results (Johnson 

& Burnet, 2016), both Shannon’s diversity index and the inverse Simpson’s diversity index were 

calculated (the inverse of Simpson’s index being more intuitive since its value increases as 

diversity increases).  While these two alpha diversity indices take into account both richness and 

evenness, Shannon’s diversity index is more sensitive to changes in abundance of rare taxa, 

whereas the inverse Simpson’s diversity index gives more weight to common taxa (Hill et al., 

2003). 

Since the correlation between sequencing depth and diversity was not negligible, microbiome 

count data were rarefied prior to diversity analyses by randomly sampling counts without 

replacement such that all samples had an equal number of total counts.  Although rarefying the 

count data was avoided for the regression models, it is still considered a useful normalization 

technique when conducting diversity analyses as uneven sequence counts across samples can 

significantly impact diversity estimates (Goodrich et al., 2014; Weiss et al., 2017).  In terms of 

alpha diversity, associations between each variable and either diversity or richness were 

measured using Kendall’s Tau-b correlation coefficient.  This method is appropriate since it is a 

non-parametric measure of correlation and also accounts for tied values. 

To assess beta diversity, permutational multivariate analysis of variance (PERMANOVA) was 

conducted to determine which variables significantly affect the overall composition of the gut 

microbiome.  Distance matrices were computed using the distance function in the R package 

phyloseq (McMurdie & Holmes, 2013) to assess the pairwise similarity of gut microbiome 
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composition between individuals.  The Bray–Curtis index provides a quantitative measure of 

dissimilarity between microbial communities, while the Jaccard index is qualitative since it only 

takes into account presence versus absence of taxa and not their abundances (Goodrich et al., 

2014).  PERMANOVA was carried out on both Bray–Curtis and Jaccard distance matrices using 

the adonis function from the R package vegan with 1,000 permutations.  This function estimates 

the variance in the distance matrix that is attributable to the variable of interest, that is, the extent 

to which each variable may explain differences between individuals in microbial community 

composition.  The P values from these analyses were then adjusted for multiple comparisons 

using the Benjamini–Hochberg method to control for the false discovery rate (FDR), with           

Padj < 0.1 considered statistically significant. 

3.4 Results 

3.4.1 Summary statistics 

Gut microbiome composition differed markedly between individuals (Figure 3.2), as has 

repeatedly been shown in human populations (Lozupone et al., 2012).  Out of all the genera 

detected across the gut microbiome samples, the top twenty most abundant genera showed 

close correspondence with previous research (Riedel et al., 2014).  Bacteroides was the most 

abundant genus, as found in other studies (The Human Microbiome Project Consortium, 2012; 

Faith et al., 2013).  There was also considerable variation among the study population in the 

variables assessed in the questionnaire (Tables A.2 and A.3).  The majority of study variables 

from the questionnaire showed little to modest intercorrelation (Figure 3.3), though as expected 

there was a high degree of correlation between the nutrient variables assessed in the food 

frequency questionnaire (Figure A.4).   
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3.4.2 Regression models of bacterial abundances 

Negative binomial regression analyses revealed that the abundances for seven of the 23 genera 

were significantly predicted by individual variation in behavioural traits (Figure 3.4; Table A.4).  

Sociability (a combined measure of the participant’s extraversion, social skill and 

communication) was a positive predictor of genus abundance for Akkermansia (P = 0.038), 

Figure 3.3.  Intercorrelation plot for the study variables, divided into the four categories: 

behaviour, diet, health and lifestyle, and sociodemographics.  Plot depicts strength and direction of 

pairwise correlations, as measured by Kendall’s Tau-b correlation coefficient.  Grey squares denote 

associations that were not statistically significant at FDR < 0.1. 
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Lactococcus (P = 0.002) and Oscillospira (P < 0.001), and a negative predictor of the 

abundances of Desulfovibrio (P = 0.019) and Sutterella (P = 0.028).  The variable assessing 

neurotic tendencies (a combined measure of neuroticism, anxiety and stress) negatively 

predicted genus abundance for Corynebacterium (P < 0.001) and Streptococcus (P = 0.029).   

Figure 3.4.  Coefficient plots from regression models predicting abundances of genera in the 

human gut microbiome.  Asterisks denote significant predictors of genus abundance where P < 0.05

and bars indicate 95% confidence intervals.  The key variables of interest for this study were those relating 

to behavioural traits, namely sociability (extraversion, social skill and communication) and neurotic 

tendencies (neuroticism, anxiety and stress), while other variables were also included to avoid potential 

confounding effects.  A positive relationship with gender indicates a higher abundance of the genus in 

females.  Plots displayed here depict genera whose abundances were significantly related to differences 

in behavioural traits (for remaining regression coefficient plots see Figure A.5). 
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There were also notable results in terms of the possible confounding factors included in the 

models.  Age and body mass index were common predictors of abundance, significantly 

predicting the abundances of eight and seven genera, respectively.  In contrast, birth delivery 

mode and infant feeding method had little influence on the abundances of most genera.  Delivery 

mode was only a significant predictor of the abundance of one genus, Flavonifractor, with a 

higher abundance in individuals born by caesarean section.  Notably, Flavonifractor has also 

been found to be more abundant in infants with food allergies (Ling et al., 2014) and birth by 

caesarean section is often linked to an increased risk of allergies (Papathoma et al., 2016).  

Formula feeding during infancy was a positive predictor of Lactobacillus abundance, in 

agreement with previous research findings (Penders et al., 2006).  Surprisingly, abundances of 

only three of the 23 genera were significantly altered by antibiotic treatment in the past six 

months, indicative of the differential effects antibiotics can have on bacterial taxa.  Three genera, 

Lactobacillus, Prevotella and Streptococcus, were more abundant in females.  In fact, 

Lactobacillus has previously been found to be more prevalent in infant girls than boys (Martin et 

al., 2016) and also more abundant in female mice (Fransen et al., 2017).  

3.4.3 Microbiome diversity 

Overall, 25 of the 44 study variables were significantly related to gut microbiome diversity        

(Padj < 0.1), as measured by Shannon’s diversity index, with the majority of these (22 variables) 

also retaining significance at FDR < 0.05 (Figure 3.5; Table A.5).  For the primary variables of 

interest relating to behaviour, both stress (Padj = 0.045) and anxiety (Padj = 0.077) were negatively 

correlated with Shannon’s diversity index, and agreeableness was also negatively related       

(Padj = 0.048).  There was a positive correlation between Shannon’s diversity index and social 

network size (Padj = 0.043), such that individuals with a larger social network tended to have a 

more diverse gut microbiome.  

In terms of the other variables in the study, individuals with a more adventurous diet and those 

who ate more foods with naturally occurring probiotics (fermented foods) or prebiotics (non-

digestible fibre) tended to have a more diverse gut microbial community.  In contrast, 
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consumption of probiotic supplements was significantly correlated with lower diversity.  

Variables relating to ill health were generally associated with reduced diversity and, not 

surprisingly, the strongest negative relationship was with antibiotic treatment.  Adults who were 

formula-fed as infants had a significantly less diverse microbiome compared with those that were 

breast-fed.  There was also evidence that females had a lower gut microbiome diversity than 

males.  Diversity was not related to exercise frequency or body mass index, while the strongest 

positive correlation was with general health.  Microbiome diversity was positively correlated with 

travel, while it was negatively related to dog ownership and also unemployment.   

Comparing the correlation results of Shannon’s diversity index and the inverse Simpson’s 

diversity index revealed good consistency between the two indices (Table A.5).  Most of these 

Figure 3.5.  Bar plot showing results of Kendall’s Tau-b correlation analysis between gut 

microbiome diversity and the study variables.  Opaque shading indicates a significant correlation at 

FDR < 0.1 and asterisks denote significance also at FDR < 0.05.  The negative relationship with gender 

reflects a lower diversity in females compared with males.  Plot depicts results with Shannon’s diversity 

index (for results using the inverse Simpson’s diversity index and genus richness see Table A.5). 



62 Chapter 3

 

relationships were also present when correlating the variables with the observed number of 

genera (Table A.5), though as expected there were some differences between the results since 

this is a measure of community richness rather than diversity.  Notably, there was a significant 

negative correlation between conscientiousness and genus richness (Padj = 0.014), which was 

in the same direction as the non-significant trend with diversity.   

With respect to nutrient intake estimated from the food frequency questionnaire, the 

consumption of fruit and cereals, and therefore fibre (and more generally carbohydrates), was 

positively related to diversity (Table A.6).  This was as expected since the metabolism of 

carbohydrates, particularly fibre, is known to be an important factor driving microbial diversity 

(Koropatkin et al., 2012; Sonnenburg & Sonnenburg, 2014; Sonnenburg et al., 2016).  Diversity 

was also significantly correlated with the dietary abundance of a range of minerals and vitamins 

(Table A.6).  There was little relationship between genus richness and nutrient intake with the 

exception of fish consumption which was positively related, perhaps due to exposure to different 

bacterial genera inhabiting marine ecosystems.  

3.4.4 Microbial community composition 

Differences in the composition of the gut microbiome, as quantified by the Bray–Curtis index, 

were significantly related to 28 of the 44 variables (Padj < 0.1), with most of these (22 variables) 

retaining significance at FDR < 0.05 (Figure 3.6; Table A.7).  While the P values reported below 

refer to results with the Bray–Curtis index, the same variables were also significant when using 

the Jaccard index to measure differences in microbial community composition (Table A.7). 

Regarding behavioural traits, anxiety (Padj = 0.094) and stress (Padj = 0.052) were significantly 

related to an altered microbiome composition.  Another factor influencing composition was 

whether the participant suffered from a mental illness (Padj = 0.020).  The majority of variables 

assessing health and lifestyle were also significantly related to composition.  In accordance with 

previous findings (Falcony et al., 2016), there was no effect of early-life events (mode of delivery, 

premature birth and infant feeding), though these factors may still influence establishment of the 

microbiome during infancy, with potential consequences for development of the immune system.  



Chapter 3 63 

 

While exercise frequency did not significantly influence diversity, it did affect overall composition 

of the gut microbiome, as has been shown in other studies (Mach & Fuster-Botella, 2017).  As 

was the case with diversity, unemployment was a significant factor influencing microbial 

community composition.  Composition also differed by age and gender, in line with previous 

research (Yatsunenko et al., 2012). 

All the main dietary variables were significantly related to composition (Figure 3.6).  Both gluten-

free and dairy-free diets were associated with an altered microbial community, in accordance 

with other research findings (David et al., 2014b; Zhu et al., 2015; Bonder et al., 2016).  The 

consumption of naturally occurring prebiotic fibre showed the strongest relationship with gut 

microbiome composition, highlighting the important role of fibre in shaping the microbiome 

(Koropatkin et al., 2012; Sonnenburg & Sonnenburg, 2014; Sonnenburg et al., 2016).  In terms 

Figure 3.6.  Bar plot showing explained variance in gut microbiome composition in relation to the 

study variables.  Opaque shading indicates variables explaining significant inter-individual variation at 

FDR < 0.1 and asterisks denote significance also at FDR < 0.05.  Plot depicts results using the Bray–

Curtis distance matrix (for results with the Jaccard distance matrix see Table A.7). 
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of the results of the food frequency questionnaire, consumption of fruit, vegetables and cereals, 

and therefore the total intake of carbohydrates including fibre, were all significantly related to 

microbiome composition, as well as certain minerals and vitamins (Table A.8). 

3.5 Discussion 

Investigations of the microbiome–gut–brain axis have predominantly been conducted in animal 

models or clinical populations, with few studies exploring whether these findings are translatable 

to the general population.  Here I show that both gut microbiome composition and diversity are 

related to differences in personality.  This is the first time that abundances of microbial genera 

have been modelled with respect to human personality, while also controlling for the possible 

confounding effects of key variables known to influence the gut microbiome.  The regression 

results revealed that abundances of particular genera are significantly related to behavioural 

traits, suggesting that studying the gut microbiome may be relevant to understanding variation 

in human personality.  I also found that people with larger social networks tend to have more 

diverse microbial communities, indicating that social behaviour may promote diversity of the 

human gut microbiome.  By contrast, lower diversity was associated with increased levels of 

stress and anxiety, and these traits were also related to differences in overall composition of the 

microbial community.  In addition, the intercorrelation analysis (Figure 3.3) revealed that people 

who ate more foods with naturally occurring probiotics or prebiotics had significantly lower levels 

of anxiety, stress and neuroticism and were also less likely to suffer from a mental illness, but 

this relationship was not found in those consuming probiotics or prebiotics in supplement form.  

Consistent with this, a previous study reported that females consuming more fermented foods 

(a source of natural probiotics) had fewer symptoms of social anxiety (Hilimire et al., 2015) and 

similarly a traditional Japanese diet rich in fermented soy products has been linked to reduced 

depressive symptoms (Selhub et al., 2014). 

The significant relationships between personality traits and the abundances of particular genera 

targeted in the regression analyses were largely in the expected direction based on studies in 

humans with psychiatric conditions and in laboratory animals (Table 3.1).  The genera 
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Akkermansia, Lactococcus and Oscillospira were found to be more abundant in individuals with 

a higher sociability score.  In accordance with these results, previous studies in children have 

reported a reduction in Lactococcus and Oscillospira in autism, while one study found decreased 

abundance of Akkermansia (Table 3.1).  Oscillospira has also been positively related to 

sociability in mice (Table 3.1).  Two genera, Desulfovibrio and Sutterella, were more abundant 

in less sociable individuals.  This is in line with those studies finding that their abundances are 

also elevated in people suffering from autism (Table 3.1) and in fact, it has been hypothesized 

that Desulfovibrio species may play an important role in the pathophysiology of autism (Finegold, 

2011).  The variable measuring neurotic tendencies was a significant negative predictor of the 

abundances of Streptococcus and Corynebacterium.  Therefore, individuals that were more 

neurotic tended to have lower levels of these genera.  Since higher neuroticism is a known risk 

factor for developing depression (Klein et al., 2009), this result is in agreement with a study in a 

rat model of stress-induced depression reporting a reduction in Corynebacterium (Table 3.1).  

However, in contrast to the findings here, Streptococcus has previously been found to be more 

prevalent in adults suffering from depression (Table 3.1).  Although Streptococcus species are 

part of a healthy microbiome, members of this genus can be opportunistic pathogens 

(Henriques-Normark & Normark, 2010).  The finding here that Streptococcus abundance is 

negatively related to neurotic tendencies is therefore somewhat surprising, especially since this 

genus showed elevated levels in sufferers of a gut condition in this study, in agreement with 

previous research reporting increased abundance in inflammatory bowel disease (Heidarian et 

al., 2017) and irritable bowel syndrome (Rajilić-Stojanović et al., 2011). 

Notably, not all of the 23 genera targeted in these regression analyses were significantly 

predicted by behavioural traits (Figure A.5; Table A.4), though this was expected given the 

somewhat inconsistent results reported in the literature (Table 3.1).  In particular, despite 

extensive findings from animal studies that species belonging to Bifidobacterium and 

Lactobacillus can alleviate symptoms of anxiety, stress and depression, and also improve social 

behaviour (Desbonnet et al., 2010; Bercik et al., 2011b; Bravo et al., 2011; Messaoudi et al., 

2011; Savignac et al., 2014; Buffington et al., 2016; Davis et al., 2016b; Bharwani et al., 2017; 
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Jang et al., 2018), abundances of these genera were not significantly related to either sociability 

or neurotic tendencies in this study.  This may be because these regression analyses were 

conducted at the genus level, yet there is some evidence that the behavioural effects of 

Bifidobacterium and Lactobacillus may be species-specific and even strain-specific (Savignac 

et al., 2014; Buffington et al., 2016). 

Interestingly, the genera targeted in the regression analyses for their putative links with 

behaviour (Table 3.1) also tend to have high representation in the gut microbiome, with 

approximately half in the top twenty most abundant genera (Figure 3.2).  Perhaps their relatively 

high abundance helps these taxa to exert a substantial effect on the body’s physiology (though 

some bacteria may still be able to significantly affect the host with only a modest abundance).  

While many factors may influence microbiome composition, any one factor typically has a 

relatively small effect (Falcony et al., 2016).  Thus, associations between bacterial taxa and host 

phenotypes are often modest, even with clearly defined phenotypes such as gender and body 

mass index (The Human Microbiome Project Consortium, 2012; Fodor, 2014).  In contrast, the 

multifaceted nature of personality makes it harder to objectively quantify so it is noteworthy that 

numerous significant relationships were still found in these analyses, and it is likely therefore 

that these results underestimate true effects.  The results of this study suggest that some 

bacterial genera may be more strongly linked to behaviour and, in light of my findings, perhaps 

future research may benefit from investigating the effects of the genera Akkermansia, 

Desulfovibrio, Lactococcus, Oscillospira and Sutterella on social behaviour and autistic-like 

symptoms in animal models, with a view to developing potential new therapies for autism. 

Interpreting results from this study also requires consideration of the bidirectional interactions 

between the gut microbiome and behaviour.  As well as the behavioural effects of gut 

microorganisms, behaviour can in turn shape the composition of the gut microbiome.  For 

example, the gut microbiome can affect the stress response and stress also disrupts the gut 

microbiome (Cryan & Dinan, 2012; Sharon et al., 2016).  In addition, there is growing evidence 

that how an animal interacts socially can significantly influence its gut microbial community, 

whose composition is the product of microbial immigration and competition throughout life via 
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transmission of microorganisms, primarily through the faecal–oral route (Browne et al., 2017).  

Research in wild primate populations has revealed that social contact shapes gut microbiome 

composition (Tung et al., 2015; Moeller et al., 2016; Amato et al., 2017; Grieneisen et al., 2017; 

Perofsky et al., 2017; Raulo et al., 2017) and studies in humans find that we share gut microbiota 

with household members (Yatsunenko et al., 2012; Song et al., 2013; Lax et al., 2014; Schloss 

et al., 2014; Odamaki et al., 2018).  A key research avenue is untangling the contributions of 

specific microorganisms to social behaviour versus the influence of social behaviour on 

microbial colonization.  In at least some cases, microbial abundances may differ in relation to 

autistic traits or sociability because certain taxa are better adapted for transmission between 

hosts.  Notably, the genus Oscillospira, whose abundance was positively predicted by sociability 

in this study, has also been found to be positively related to host density in a wild animal 

population (Li et al., 2016a).  It is important to bear in mind, therefore, that some genera may be 

efficiently transmitted socially, rather than having a causal effect on social behaviour.  Indeed, 

Oscillospira belongs to the family Ruminococcaceae, many of which are intestinal spore-forming 

bacteria, thereby facilitating transmission between hosts (Browne et al., 2016).  In fact, 

numerous members of the microbiota are well adapted for transmission and it is estimated that 

at least half the bacterial genera in the gut are able to produce resilient spores adapted for 

survival and dispersal (Browne et al., 2016). 

The evidence of social transmission of microorganisms is particularly relevant to the finding here 

that people with larger social networks tend to have a more diverse gut microbiome.  Indeed, 

animal studies have revealed that social interactions are positively associated with microbiome 

diversity (Li et al., 2016a; Moeller et al., 2016; Billiet et al., 2017; Perofsky et al., 2017).  For 

example, reduced social contact in a bumblebee colony results in lower gut microbiome diversity 

(Billiet et al., 2017) and chimpanzees that interact more socially have a more diverse gut 

microbiome (Moeller et al., 2016).  In fact, horizontal transmission of gut microorganisms through 

chimpanzee social interactions appears to play a greater role than vertical transmission from the 

mother in shaping gut microbiome composition (Moeller et al., 2016).  This suggests that 

although the mother provides the primary inoculum for the newborn’s microbiome, the 
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composition of the microbiome through the individual’s lifetime may be more strongly influenced 

by social interactions.  The relationship between gut microbiome diversity and human social 

networks has not previously been explored but the positive relationship found here suggests 

that social interactions may also influence the microbiota of human societies.  Interestingly, a 

study of gut microbiome composition and temperament in infants reported an association 

between gut microbiome diversity and sociability (Christian et al., 2015).  By maintaining 

diversity of the gut microbial community, social transmission of microorganisms may benefit host 

health in numerous ways (Browne et al., 2017).  For example, diversity may help to promote 

stability and resilience of the gut microbiome (Lozupone et al., 2012), and is often linked to good 

health, though this is not always the case (Johnson & Burnet, 2016).  Diversity can provide 

resistance against infection (Dillon et al., 2005; Koch & Schmid-Hempel, 2011; Lawley et al., 

2012; Abt & Pamer, 2014), improve immune function (Browne et al., 2017) and may reduce the 

risk of allergies (Bloomfield et al., 2016).  It is well known that people with more social ties are 

healthier and live longer, and reduced inflammation is postulated to play a role in this relationship 

(Holt-Lunstad et al., 2010; Yang et al., 2016b).  It is interesting therefore to speculate whether 

the microbiome may mediate this association between social integration and health, particularly 

since it is a key regulator of the host immune response (Rooks & Garrett, 2016).   

Participants who were more stressed or anxious, and also those reporting poorer sleep quality, 

tended to have both a less diverse gut microbiome and an altered composition.  In line with 

these results, a recent study found that anxiety status was related to stool consistency, 

suggesting that anxiety may be associated with differences in gut microbiome composition, 

perhaps through inducing dysbiosis (Shiro et al., 2017).  Depression has also been associated 

with differences in microbial community composition (Zhernakova et al., 2016).  In addition, it 

has previously been shown in animal studies that stress not only alters the abundances of 

various microbial taxa but also reduces the diversity of the gut microbial community (Bailey et 

al., 2011; Partrick et al., 2018).  In fact, part of the reason why individuals with a larger social 

network have a more diverse microbiome may be because social support can help buffer the 

adverse effects of stress on diversity (Johnson & Dunbar, 2016).  However, social network size 
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was not significantly correlated with stress in this study (Figure 3.3) and the positive relationship 

between network size and microbiome diversity is consistent with evidence from animal 

populations that members of the microbiota are transmitted through interactions with the social 

environment.  Further research should attempt to validate this finding and investigate the various 

microbial transmission routes and their relative importance.  Indeed, modern lifestyle choices 

are geared towards preventing pathogen transmission but maybe we should instead consider 

ways to promote the spread of beneficial microorganisms (Browne et al., 2017).  Notably, the 

negative relationship found here between conscientiousness and genus richness of the gut 

microbiome may be because conscientious people are more likely to engage in hygienic 

behaviour (Aunger et al., 2016), which may result in a smaller number of microbial genera 

inhabiting the gut.  The observed relationship between sleep quality and gut microbiome 

composition and diversity may be due to its intercorrelation with stress, anxiety and neuroticism 

(Figure 3.3) but may also partly reflect the known relationship between the gut microbiome and 

host circadian rhythms (Paschos & FitzGerald, 2017).  

Although the focus of this research was on personality traits, there are also other novel findings 

of considerable interest from this study.  People who travelled frequently or visited more 

countries tended to have a more diverse gut microbiome, suggesting that our interaction with 

the environment does play a considerable role in influencing our gut microbial community.  This 

increased diversity may also partly reflect the different foods people tend to eat when travelling.  

However, holidays abroad are also positively associated with the prevalence of antibiotic 

resistance genes in the gut (von Wintersdorff et al., 2014).  This suggests that although travelling 

may increase the taxonomic diversity of the gut, it may also increase the risk of acquiring 

antibiotic resistance.  Another interesting result not previously shown was that more adventurous 

eaters also had a greater gut microbiome diversity, supporting the idea that microbiome health 

may be improved through a diverse diet (Heiman & Greenway, 2016).  This finding is particularly 

pertinent given the increasingly restrictive dietary habits of Western cultures and is also in 

agreement with a recent study on a wild primate population which reported a positive association 

between dietary diversity and microbiome richness (Perofsky et al., 2017).  Diversity was also 
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related to the amount of food people consumed containing natural probiotics and prebiotics.  

Indeed, fermentation has been practised by human civilization for over 9,000 years (McGovern 

et al., 2004) and is traditionally used in many cultures in the production of foods such as cheese, 

yogurt, sauerkraut and kimchi.  From an evolutionary perspective, fermented foods may 

represent an adaptation passed on through generations, given their potential beneficial effects 

on health.  However, probiotic supplementation was significantly associated with reduced 

microbiome diversity.  A likely explanation for this finding is that people with reduced microbiome 

diversity (for example, due to a course of antibiotics or gut dysbiosis) may be more inclined to 

take probiotic supplements.  Indeed, while there was no evidence of a relationship between 

probiotic consumption and either antibiotic treatment or general health, probiotic 

supplementation was positively correlated with having a gut condition (Figure 3.3).  Somewhat 

surprisingly, dog ownership was also linked to lower diversity, which contrasts the finding that 

infants living with household pets have a more diverse gut microbiome (Azad et al., 2013).   

Other notable results include females having a significantly lower gut microbiome diversity 

compared to males.  This contrasts a previous human study which found no significant 

differences in diversity between the sexes (Haro et al., 2016) but is in the same direction as 

recent research in a wild baboon population (Grieneisen et al., 2017).  As expected, antibiotic 

treatment was associated with reduced diversity of the microbiome and an altered composition, 

in accordance with previous findings (Jernberg et al., 2007; Dethlefsen et al., 2008; Dethlefsen 

& Relman, 2010; Jakobsson et al., 2010; Dominguez-Bello et al., 2015).  Although there is some 

evidence that birth by caesarean section can affect the diversity and composition of the infant 

gut microbiome (Dominguez-Bello et al., 2010; Bokulich et al., 2016; Martin et al., 2016), other 

studies find that delivery mode does not significantly influence development of the microbiome 

(Chu et al., 2017; Stewart et al., 2017) and no lasting differences were detected here in the adult 

population.  However, individuals that were formula-fed as infants did have a lower gut 

microbiome diversity.  This is the first time the effect of infant diet has been explored with respect 

to the adult gut microbiome.  Most research in infants actually finds that formula feeding is 

associated with increased diversity compared to breastfeeding (Praveen et al., 2015), but results 
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of a two-year longitudinal study have shown that while formula-fed infants in their first year of 

life may have higher gut microbiome diversity, breast-fed infants tend to have higher diversity 

between one and two years of age (Bokulich et al., 2016).  The reduced microbiome diversity of 

people in unemployment may partly be a reflection of socioeconomic status which can influence 

health through lifestyle behaviours, diet, access to medical care and psychosocial factors such 

as stress (Findley et al., 2016).  With respect to other comprehensive population studies of the 

human gut microbiome (Falcony et al., 2016; Zhernakova et al., 2016), the results here replicate 

previous findings that age, gender, body mass index, sleep, constipation, gut conditions, 

antibiotic treatment and consumption of fruit, vegetables and cereals are related to gut 

microbiome variation.  

As this study was cross-sectional, causation cannot be proved, particularly given the 

bidirectional nature of the microbiome–gut–brain axis.  As discussed, gut bacteria can affect 

behaviour and behaviour can in turn influence the composition of the gut microbiome.  Despite 

this limitation, the findings here represent an important step in understanding the relationships 

between the gut microbiome and personality traits, and the potential consequences for mental 

health.  Since previous studies have demonstrated that colonizing mice with the faecal 

microbiota of depressed patients can induce symptoms of depression (Kelly et al., 2016; Zheng 

et al., 2016), it would therefore be interesting to investigate whether colonizing mice with the 

faecal microbiota from people with a range of different personality types also leads to 

behavioural differences in the animals.  It would also be informative to assess how inflammatory 

markers are related to human personality traits and gut microbiome composition, given the link 

between personality and immunological traits (Segerstrom, 2000; Vedhara et al., 2015; 

D’Acquisto, 2017) and the increasing evidence that the immune system is an important mediator 

of the microbiome–gut–brain axis (Fung et al., 2017).  In addition, since this research assessed 

taxonomic composition and diversity of the microbiome, further insight could be gained by 

applying methods such as metabolomics and metatranscriptomics to also determine how 

microbiome function is related to behavioural variation. 
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A key benefit of this study is that rather than examining the expression of extreme traits, as seen 

in psychiatric disorders, this research focused on behavioural variation in the general population.  

The findings reported here challenge the results of a recently published study concluding a lack 

of significant relationships between psychiatric measures in healthy humans and microbiome 

composition and diversity (Kleiman et al., 2017).  However, the research was based on a 

comparatively small sample size and only involved female participants.  Given the very 

exploratory nature of their study, the researchers FDR-corrected their P values for almost 4,000 

hypotheses which may have led to numerous false negative results.  As opposed to their 

conclusions that the gut microbiome may only be relevant in cases of psychiatric illness, my 

findings suggest that the microbiome may also be related to personality traits in the healthy 

population.  Indeed, nearly all the results were replicated when anyone suffering from a mental 

illness was excluded from the dataset (Tables A.9 to A.11), showing that my findings were not 

driven by those scoring towards the extreme end for the personality traits.  The only notable 

exception was for the beta diversity analyses, where stress and anxiety were no longer 

significantly associated with differences in the overall community composition of the gut 

microbiome.  The majority of the regression results were also replicated, although the positive 

relationship between sociability and Akkermansia abundance was not detected.  Additionally, 

there was evidence in this dataset that Blautia was less abundant in more sociable individuals 

(P = 0.043) and Prevotella was less abundant in more neurotic individuals (P = 0.002).  Similarly, 

some previous studies have found Prevotella to be reduced in people with low mood or those 

suffering from depression (Table 3.1). 

In conclusion, I show that differences in gut microbiome composition and diversity are linked to 

personality traits in the general population.  The results of this study add a new dimension to our 

understanding of personality and are in line with accumulating evidence that the gut microbiome 

can influence the central nervous system in humans, with effects on behaviour.  Such findings 

may inform the development of probiotic or prebiotic therapies to help improve mood and treat 

conditions such as autism, anxiety and depression.  Discovering new and effective interventions 

for mental health conditions is of pressing concern, given the declines in psychological health of 
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our modern society.  Finally, it is pertinent to reflect on the ways in which our modern-day living 

may provide a perfect storm for dysbiosis of the gut.  We lead stressful lives with fewer social 

interactions and less time spent with nature, our diets are typically deficient in fibre, we inhabit 

oversanitized environments and are dependent on antibiotic treatments.  All these factors can 

influence the gut microbiome and so may be affecting our behaviour and psychological well-

being in currently unknown ways. 
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Chapter 4  
 
Behaviour and the gut microbiome in a social network of a 
macaque population 

4.1 Abstract 

Studies in laboratory animals have demonstrated that the gut microbiome can affect multiple 

aspects of behaviour, including social behaviour.  Here, I explore for the first time whether the 

microbiome–gut–brain axis is also relevant to behavioural variation in a non-captive animal 

population.  Social behaviour is assessed in a population of rhesus macaques (Macaca mulatta), 

based on grooming interactions, and combined with gut microbiome data.  I focus my analyses 

on bacterial genera previously linked to sociability and autistic behaviours in rodents and 

humans.  I show in this macaque population that some of these genera are also related to an 

individual’s propensity to engage in social interactions.  Interestingly, I find that several of these 

genera positively related to sociability are well known for their beneficial effects on health, such 

as Faecalibacterium.  Overall, my findings highlight the connections between social behaviour, 

microbiome composition and health in a non-captive animal population. 

4.2 Introduction 

The emergence of social systems is considered one of the major evolutionary transitions 

(Maynard Smith & Szathmáry, 1997).  Social organization is a fundamental characteristic of 

many animal populations.  In particular, most primate species, including humans, live in complex 

Analyses in this chapter are based on pre-existing data for the Cayo Santiago macaque population, provided by Dr Lauren Brent 

and Dr Karli Watson.  
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social groups.  While group living comes with numerous benefits, such as the acquisition of 

resources, access to mates and protection from predation (Silk, 2007), social networks can also 

facilitate the spread of disease (Krause & Ruxton, 2002).  To date, most research has focused 

on the transmission of parasites and pathogens within animal social groups (Altizer et al., 2003; 

Craft, 2015), which may occur either directly, via interactions between individuals, or indirectly 

through their shared environment.  However, the advent of microbiome research has revealed 

that the majority of host-associated symbionts are harmless and many may even be beneficial 

to health and survival.  This has prompted studies exploring how the social transmission of 

microorganisms may influence microbiome composition, and the possible consequences for 

host fitness (Archie & Tung, 2015).   

Research over the past few years has started to reveal the role of the host’s social environment 

in shaping an individual’s microbiome (Archie & Tung, 2015).  For example, in a wild baboon 

population, social group membership was found to be the strongest predictor of gut microbiome 

composition, with individuals that interacted more frequently through grooming having more 

similar gut microbial communities (Tung et al., 2015).  This was true for both core and non-core 

microbial taxa, the former constituting taxa considered to provide primary functions to host health 

(Grieneisen et al., 2017).  Studies on various other primates, notably chimpanzees, lemurs and 

howler monkeys, have also shown that different social groups within a species have distinct gut 

microbial communities (Degnan et al., 2012; Bennett et al., 2016; Amato et al., 2017; Perofsky 

et al., 2017) and that social interactions, such as grooming, promote microbial similarity between 

individuals (Moeller et al., 2016; Raulo et al., 2017).  In addition, increased social contact has 

been associated with a more diverse gut microbiome in a range of animal populations (Li et al., 

2016a; Moeller et al., 2016; Billiet et al., 2017; Perofsky et al., 2017).  For example, chimpanzees 

engage in more frequent social interactions during the wet season and this is correlated with 

increased species richness of the gut microbiome, independent of dietary variability (Moeller et 

al., 2016).  In fact, social transmission between chimpanzees was found to play a more important 

role than vertical transmission from the mother in shaping the gut microbiome composition of 

infants.  Further evidence of socially mediated microbial transmission comes from a study of 
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wild baboons showing that the gut microbiome of immigrant males in a social group changes 

over time to resemble the microbiome composition of long-term residents of the group 

(Grieneisen et al., 2017).  There is also evidence that microorganisms are socially transmitted 

between humans since people living in the same household have more similar gut microbial 

communities (Yatsunenko et al., 2012; Song et al., 2013; Lax et al., 2014; Schloss et al., 2014; 

Odamaki et al., 2018) and individuals with a larger social network have a more diverse gut 

microbiome (Chapter 3).  The role of social behaviour in influencing microbiome composition 

may therefore have implications for host health and fitness, since transmission of beneficial 

microorganisms and a more diverse microbiome may help to protect hosts from pathogens 

(Dillon et al., 2005; Koch & Schmid-Hempel, 2011; Lawley et al., 2012; Abt & Pamer, 2014) and 

improve the stability and resilience of the gut microbiome (Lozupone et al., 2012). 

The reciprocal interaction between host behaviour and infection status is well known in 

parasitology (Ezenwa et al., 2016), whereby behaviour can influence parasite transmission 

(Altizer et al., 2003) and parasites can in turn alter the behaviour of their host (Moore, 2013; 

Johnson & Foster, 2018 [Appendix]).  Similarly, in addition to the role of social interactions in 

microbial transmission, recent research in the field of the microbiome–gut–brain axis has 

demonstrated that the mammalian gut microbiome can affect various aspects of host behaviour, 

including anxiety, depressive-like behaviour and sociability (Cryan & Dinan, 2012; Sharon et al., 

2016).  In particular, rodent studies manipulating the gut microbiome (using germ-free 

conditions, antibiotic treatment or probiotic supplementation) have revealed that the gut 

microbiome influences social development and behaviour (Hsiao et al., 2013; Crumeyrolle-Arias 

et al., 2014; de Theije et al., 2014; Desbonnet et al., 2014, 2015; Buffington et al., 2016; Leclercq 

et al., 2017; Guida et al., 2018; Stilling et al., 2018).  These findings have motivated research 

investigating whether the gut microbiome also contributes to the social deficits seen in autism 

(Krajmalnik-Brown et al., 2015), especially since autism is frequently comorbid with 

gastrointestinal issues (Hsiao, 2014).  Differences in gut microbiome composition between 

autistic and neurotypical controls have been found repeatedly in human studies, indicating that 

autism is associated with an altered gut microbial community (Vuong & Hsiao, 2017).  In fact, a 
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recent study involving faecal microbiota transplantation in children with autism showed that it 

improved multiple aspects of behaviour, including social behaviour, as well as ameliorating 

gastrointestinal symptoms (Kang et al., 2017).  However, so far this link between the gut 

microbiome and autistic behaviours has only been investigated in laboratory animals or human 

populations.   

Here I examine the relationship between social behaviour and gut microbiome composition in a 

non-captive population of rhesus macaques on the island of Cayo Santiago, off Puerto Rico.  

Since autistic traits are continuously distributed across the human population (Wing, 1988; 

Constantino & Todd, 2003; Ruzich et al., 2015), it is likely that the same is true for non-human 

primates and indeed, macaques in this population show variation in social motivation and 

behaviour (Watson & Platt, 2012; Madlon-Kay et al., 2017).  Social network analysis was used 

to assess variation in social behaviour, measured through grooming interactions.  Rhesus 

macaques live in large mixed-sex groups and the social structure of this study population is well 

characterized (Maestripieri & Hoffman, 2012).  They are highly social animals and grooming is 

their primary means of making and maintaining relationships, providing a good indicator of social 

interactions between individuals (Figure 4.1).  Since rhesus macaques live in dominance 

hierarchies, rank can influence grooming interactions but only explains a minority of the variation 

in their grooming network (Brent et al., 2013, 2017).  Thus, other factors also likely affect 

Figure 4.1.  Rhesus macaques on Cayo Santiago Island.  Affiliative interactions such as grooming help 

to form and maintain social bonds.  Image courtesy of Lauren Brent, University of Exeter.    
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individual motivation to engage in social interactions.  I hypothesize that inter-individual variation 

in macaque social behaviour may be associated with differential abundances of gut bacteria 

previously linked to autistic and sociability traits in rodent studies and clinical populations (Table 

A.13).  Such differences in gut microbiome composition may result in some individuals showing 

more interest to engage in affiliative grooming interactions than others, thereby contributing to 

the differences in social behaviour observed in the population.  I also consider the role of social 

relationships in influencing gut microbiome composition and diversity in this macaque 

population. 

4.3 Materials and methods 

4.3.1 Study population and behavioural data collection 

Study subjects were adult rhesus macaques from a population on the island of Cayo Santiago, 

off the coast of Puerto Rico.  This free-ranging population stems from a founding population 

introduced to the island from India in 1938 (Rawlings & Kessler, 1986).  Although the animals 

forage for natural vegetation, their diet is also supplemented with daily feed and water but there 

is no regular medical intervention.  Macaques are individually recognized by observers who 

record their behaviours using 10 min focal animal observations (Altmann, 1974).  Behavioural 

data collection is ongoing in this population and is distributed evenly during the day, both 

between and within subjects.  Grooming interactions between individuals were recorded in terms 

of both the duration of the interaction and the identities of the giver and receiver, while 

dominance rank was calculated based on the direction of submissive interactions.  Behavioural 

data relating to grooming interactions and social rank from years 2012 to 2013 for one social 

group from the population were used in this study since this is the period over which the faecal 

samples were collected for microbiome sequencing.  Sample size was limited by the number of 

individuals for whom gut microbiome sequence data were available, with 50 samples in total 

representing 38 individuals (since faecal samples for some individuals were collected on more 

than one occasion). 
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4.3.2 Social network metrics 

Social networks based on grooming interactions were constructed for each year separately, 

using the software UCINET (Borgatti et al., 2002).  Social networks included all members of the 

group, regardless of whether microbiome data were available for that individual.  Network 

metrics were normalized by expressing each individual’s score relative to the mean score in 

each year for the social group.  A sociability index was calculated for each individual by taking 

their cumulative score of the normalized network metrics for degree (number of different 

grooming partners) and strength (amount of time spent both giving and receiving grooming, 

relative to the amount of time for which the individual was observed). 

4.3.3 Sample collection, processing and sequencing 

During behavioural observation of the animals, faecal samples (uncontaminated by urine, water 

or other faeces) were collected opportunistically from both sexes over the two-year period.  

Samples were taken shortly after defecation and then stored at –20°C.  DNA was extracted from 

the samples according to the Earth Microbiome Project standard protocols (Gilbert et al., 2014) 

using the PowerSoil-HTP Kit (Qiagen).  The 16S rRNA gene was amplified via PCR using 

universal primers for the V4 hypervariable region and the resulting amplicons were sequenced 

on the Illumina MiSeq platform, according to a previously described protocol (Caporaso et al., 

2012).  Blanks were also incorporated in sequencing runs to control for contamination.  

Sequencing data were processed and analysed using the QIIME software version 1.9.1 

(Caporaso et al., 2010).  Sequences were demultiplexed and quality filtered in QIIME and then 

assigned to operational taxonomic units (OTUs) with open-reference OTU picking against the 

Greengenes database (DeSantis et al., 2006).  This OTU picking method was used since it 

preserves sequence data and therefore taxonomic diversity (Navas-Molina et al., 2013). 

4.3.4 Multiple regression analyses of bacterial abundances 

Microbiome count data contain a high proportion of zeros (Xu et al., 2015; Weiss et al., 2017) 

and their frequency distributions are heavily right-skewed (Xia & Sun, 2017).  This 
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overdispersion arises because there are relatively few taxa that are found in all samples as most 

taxa are rare (Xu et al., 2015).  Count data cannot typically be normalized using transformation 

and so negative binomial regression was conducted with genus abundance as the response 

variable (or zero-inflated negative binomial regression when the count data contained an excess 

of zeros).  When modelling microbiome data, it is also important to take into account variation in 

sequencing read depth between samples.  Rarefying count data or expressing the data as a 

proportion can result in a high rate of false positives and so is not recommended for models of 

taxon abundance (McMurdie & Holmes, 2014).  Instead, the total read number was included as 

a covariate in the regression models, thereby preserving all sequence data (Goodrich et al., 

2014; Xu et al., 2015).  

Negative binomial regression was conducted using the R package glmmADMB to model 

microbiome count data.  All statistical analyses in this study were performed using R 3.2.3 

software (R Development Core Team, 2015).  Regression models were constructed to predict 

genus abundance as 16S rRNA sequencing is estimated to be 96% accurate for genus 

identification (Srinivasan et al., 2015), whereas its phylogenetic resolution at the species level 

is more limited (Janda & Abbott, 2007).  The main variable of interest, the sociability index, was 

included in each model, as well as the total read number.  Individual identity was added as a 

random effect to control for repeated sampling of some individuals.  Effects of rank, sex, age, 

season and sampling year were assessed as potential confounding variables since these factors 

may vary with both primate microbiome composition (Degnan et al., 2012; Fogel, 2015; Bennett 

et al., 2016; Ren et al., 2016; Sun et al., 2016; Perofsky et al., 2017; Raulo et al., 2017; Springer 

et al., 2017; Hicks et al., 2018; Trosvik et al., 2018) and sociability (Schino, 2001; Krause & 

Ruxton, 2002; Shimizu et al., 2012; Almeling et al., 2016; Perofsky et al., 2017).  Although rank 

can influence grooming relationships (Schino, 2001), it was not significantly correlated with the 

sociability index in this population (P = 0.827) and so could be included in the regression models 

without resulting in multicollinearity.  Given the lack of existing knowledge about how particular 

genera may vary in abundance in relation to these variables, the inclusion of variables in the 

regression models was guided by the Akaike information criterion (Akaike, 1974).  The main 
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reason for this selective inclusion of variables was to avoid losing degrees of freedom that would 

reduce the statistical power, given the relatively small sample size.   

4.3.5 Analyses of microbiome diversity and community composition 

Alpha and beta diversity analyses were conducted to investigate how the overall composition of 

the gut microbiome was related to grooming interactions, while controlling for the effects of rank, 

sex, age, season and sampling year.  While alpha diversity considers the ecological diversity of 

each sample individually, beta diversity measures differences in community composition 

between microbiome samples (Finotello et al., 2016).  For these diversity analyses, microbiome 

count data were rarefied by randomly sampling counts without replacement so that the number 

of total counts for each sample was equal.  This is an advisable normalization method as uneven 

sequence counts across samples can significantly affect diversity estimates (Goodrich et al., 

2014; Weiss et al., 2017).   

A linear mixed model was constructed using the lme function in the R package nlme to predict 

alpha diversity, estimated with the Chao1 index based on genus-level OTUs.  The variables 

rank, sex, age, season and year were also incorporated in the model and individual identity was 

included as a random effect to account for pseudoreplication. 

To assess beta diversity, PERMANOVA was performed to determine which variables 

significantly affect the overall composition of the gut microbiome.  Gut microbial similarity 

between individuals based on genus-level OTUs was calculated in QIIME using both weighted 

UniFrac and unweighted UniFrac distance matrices (Lozupone & Knight, 2005) and visualized 

using EMPeror (Vázquez-Baeza et al., 2013).  UniFrac distances account for the phylogenetic 

relatedness of microbial taxa; unweighted distances only consider presence versus absence of 

taxa, whereas weighted distances also take into account their abundances.  PERMANOVA was 

carried out on these matrices using the adonis function from the R package vegan with 1,000 

permutations, incorporating the same variables as the model predicting alpha diversity.  This 

function estimates the variance in the distance matrix attributable to each variable. 
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4.4 Results 

4.4.1 Taxonomic composition of the microbiome 

Gut microbiome composition differed considerably between individuals (Figure 4.2), as has been 

found in numerous other studies of primate social groups (Fogel, 2015; Tung et al., 2015; Ren 

et al., 2016; Perofsky et al., 2017).  The most abundant genera across all samples were similar 

to previous research on the gut microbiome of captive rhesus macaques (Yasuda et al., 2015; 

Amaral et al., 2017). 

4.4.2 Regression models of bacterial abundances 

Negative binomial regression analyses revealed that the abundances of five of the sixteen 

genera targeted in the regression analyses were significantly predicted by host sociability 

(Figures 4.3 and 4.4; Table A.14).  Sociability positively predicted genus abundance for Dialister 

(P = 0.008), Faecalibacterium (P = 0.002), Prevotella (P = 0.019) and Sutterella (P = 0.006).  On 

the other hand, the abundance of Streptococcus was negatively predicted by sociability                

(P = 0.001).  In terms of the other variables included in the models, sex, age, season and 

sampling year were also significantly related to the abundances of certain genera (Table A.14).  

Notably, the abundance of Faecalibacterium was lower in females compared to males, in 

accordance with findings in humans (Aguirre de Cárcer et al., 2011).  Older animals showed 

reduced abundances of Prevotella and Streptococcus.  Similarly, in humans Prevotella has been 

found to be more prevalent in infants than adults (Yatsunenko et al., 2012) and its abundance 

is negatively predicted by age (Chapter 3).  
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4.4.3 Effects of grooming on microbiome diversity and community composition 

Neither grooming interactions nor any of the other variables included in the linear mixed model 

significantly predicted alpha diversity of the gut microbiome (Table A.15).  In terms of beta 

diversity, the amount of grooming received by an individual explained 5% of the variation in gut 

microbiome composition (P = 0.022), as revealed by PERMANOVA using weighted UniFrac 

distances (Figure 4.5; Table A.16).  Age (P = 0.039) and season (P = 0.007) were also significant 

factors influencing microbiome composition.  However, for unweighted UniFrac distances (Table 

A.16), only season had a significant effect (P = 0.015).  

Figure 4.3.  Coefficient plots from regression models predicting abundances of genera in the 

macaque gut microbiome.  Asterisks denote significant predictors of genus abundance where P < 0.05

and bars indicate 95% confidence intervals.  The main variable of interest was the sociability index (as 

measured by the number of grooming partners and duration of grooming interactions), while other 

variables were also included where appropriate, as determined using Akaike information criterion.  A 

positive relationship with sex indicates a higher abundance of the genus in females.  Plots displayed here 

depict genera whose abundances were significantly related to sociability (for remaining regression 

coefficient plots see Figure A.6).  
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4.5 Discussion 

Investigations of the relationship between the gut microbiome and host social behaviour in 

primates have so far focused on understanding the role of social relationships in microbial 

transmission within social groups.  Here I consider gut microbiome composition from the 

perspective of the microbiome–gut–brain axis and show that a number of genera previously 

Figure 4.4.  Relationship between macaque sociability and abundances of the genera Dialister, 

Faecalibacterium, Prevotella, Sutterella and Streptococcus, as predicted from negative binomial 

regression.  Shaded region denotes 75% confidence interval for the regression line. 
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linked to individual differences in sociability or autistic traits are also significantly related to 

macaque social behaviour in this population.  The majority of significant relationships were in 

the expected direction based on the literature (Table A.13).  The genera Dialister, 

Faecalibacterium, Prevotella and Sutterella were more abundant in individuals scoring higher 

on the sociability index, that is, those engaging in grooming interactions for a longer duration 

and with more partners.   

In line with these findings, some previous studies have reported a reduction in abundance of 

these genera in autism and Dialister has also been positively related to sociability in infants 

(Table A.13).  However, the results of studies comparing the gut microbiota of autistic and 

neurotypical individuals are not always consistent.  For example, while one study found a lower 

abundance of Sutterella in autism (in accordance with the finding here), the majority of studies 

have reported an increased abundance of this genus in autism (Table A.13).  Indeed, the 

abundance of Sutterella was also greater in humans with a lower sociability score (Chapter 3).  

Figure 4.5.  Principal coordinates analysis plot of microbiome composition using weighted 

UniFrac distances.  Principal coordinates analysis reduces the dimensionality of microbiome data so 

that differences in microbiome composition between samples can be visualized, with points clustered 

together indicating more similar gut microbial communities.  Points are coloured on a gradient from white 

(individuals receiving the least grooming) to dark purple (those receiving the most grooming).  
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In contrast to the two studies reporting reduced levels of Streptococcus in the gut microbiota of 

autistic children (Table A.13), in this macaque population Streptococcus was found to be more 

abundant in less sociable individuals.  Notably, some members of this genus can be 

opportunistic pathogens (Henriques-Normark & Normark, 2010), producing pro-inflammatory 

cytokines (van den Bogert et al., 2014), and thus increased Streptococcus abundance in less 

sociable animals may reflect their poorer social integration and health.  In fact, there is evidence 

that this genus is also more prevalent in humans suffering from depression (Lin et al., 2017), 

though somewhat surprisingly Streptococcus was less abundant in more neurotic humans 

(Chapter 3).  One possible explanation for this may be that Streptococcus thermophilus is a 

common constituent of fermented food products such as yoghurts (Burton et al., 2017) and there 

was evidence in the human cohort that neuroticism was negatively related to the consumption 

of probiotic foods.  In comparison, since the macaques are not exposed to probiotics, a higher 

abundance of Streptococcus in less sociable macaques may reflect the presence of potentially 

pathogenic members of this genus, though this cannot be confirmed given the genus-level 

analysis.  However, direct comparison of the microbiome composition of humans and macaques 

may provide limited insight since the human gut microbiome is known to differ from that of non-

human primates (Davenport et al., 2017).  In addition, the macaques were from a semi-wild 

population which is very different from the modern human state since western diets, antibiotic 

intake and sanitized environments can all impact composition and diversity of the gut microbial 

community (Segata, 2015).   

Given the novel and exploratory nature of these analyses, a significant relationship between 

sociability and genus abundance was not found for every genus included in this study (Figure 

A.6).  Notably, there was no relationship between Lactobacillus abundance and engagement in 

social interactions, despite numerous animal studies reporting behavioural effects of 

Lactobacillus species (Bravo et al., 2011; Buffington et al., 2016; Davis et al., 2016b; Bharwani 

et al., 2017; Jang et al., 2018).  One reason for this may be because the analyses were only 

performed at the genus level, yet behavioural effects of Lactobacillus may be species-specific 

(Buffington et al., 2016).  No regression analysis was conducted for Bifidobacterium as this 
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genus was too zero-inflated to be informative, with the majority of macaque microbiome samples 

lacking bacteria belonging to this genus.  Interestingly, Bifidobacterium is also undetected in the 

gut microbiota of Hadza hunter-gatherers but is commonly found in the microbiota of 

industrialized populations (Schnorr et al., 2014). 

It is compelling that some of the gut bacterial genera that are generally reduced in abundance 

in autism also have a lower abundance in less sociable monkeys.  While this may reflect an 

effect of gut microorganisms on the brain and behaviour, as has been repeatedly demonstrated 

in animal models (Cryan & Dinan, 2012; Sampson & Mazmanian, 2015; Sharon et al., 2016), it 

is important to consider the reciprocal interactions that may be involved.  Research in the autism 

field largely investigates the gut microbiome from the viewpoint that dysbiosis may give rise to 

behavioural impairments (Li & Zhou, 2016).  However, people suffering from autism may also 

have limited exposure to the outside environment, including the social environment, and this in 

turn may influence the composition of their gut microbiome.  Similarly, at least some of the 

relationships reported here between macaque social behaviour and bacterial abundances may 

reflect the fact that certain microorganisms are better adapted for social transmission than 

others.  For example, the genus Prevotella was previously found to be positively associated with 

host density in a wild animal population (Li et al., 2016a), suggesting that it may be transmitted 

effectively through social contact, rather than necessarily having a causal effect on host social 

behaviour.  In fact, it is estimated that at least half the bacterial genera living in the gut can 

produce resilient spores and are therefore well adapted for transmission between hosts (Browne 

et al., 2016).  In addition to the social transmission of microorganisms, another factor that can 

influence the gut microbiome is exposure to stress (Bailey & Coe, 1999; Bailey et al., 2011; 

Bangsgaard Bendtsen et al., 2012; Bharwani et al., 2016).  Grooming interactions have been 

shown to reduce heart rate and cortisol levels, thereby buffering the detrimental effects of stress 

(Brent et al., 2014).  This may therefore represent another route through which social behaviour 

may be linked to gut microbiome composition.   

Regardless of the direction of these relationships, it is notable that several of these bacterial 

genera related to sociability have also been associated with beneficial effects on host immunity, 
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such as Faecalibacterium and Prevotella.  The positive relationship between sociability and the 

abundance of Faecalibacterium is particularly interesting since this genus has potent anti-

inflammatory properties (Qiu et al., 2013; Quévrain et al., 2015) and is often associated with 

good health (Miquel et al., 2013).  Indeed, its abundance is typically reduced in illnesses such 

as inflammatory bowel disease (Sokol et al., 2008; Martín et al., 2015), chronic fatigue syndrome 

(Giloteaux et al., 2016), depression (Jiang et al., 2015) and bipolar disorder (Evans et al., 2017).  

This genus is only known to contain one species, F. prausnitzii, which is one of the most 

abundant bacterial species in the human gut microbiome (Chapter 3; Walker et al., 2011; Lopez-

Siles et al., 2012), accounting for approximately 5% of the total bacterial population (Hold et al., 

2003).  It is a prolific producer of the short-chain fatty acid butyrate (Louis & Flint, 2009) which 

has beneficial effects on the immune system and can also cross the blood–brain barrier and 

influence brain development and behaviour (Rogers et al., 2016; Stilling et al., 2016a).  In 

addition, a higher abundance of Prevotella in young macaques has been associated with an 

increased number of regulatory T cells, which are important for host defence against pathogens 

(Ardeshir et al., 2014).  Indeed, Prevotella can produce the anti-inflammatory short-chain fatty 

acid propionate (Cosorich et al., 2017) and this genus has been shown to have beneficial anti-

inflammatory effects in animal models of disease (Marietta et al., 2016; Mangalam et al., 2017).  

In fact, many of the genera targeted in these regression models due to their associations with 

sociability or autistic traits are important producers of short-chain fatty acids that can affect host 

physiology, including the brain (Koh et al., 2016).   

The finding in this study that engagement in social interactions is positively related to the 

abundances of gut microorganisms with beneficial immunological functions is pertinent to the 

well-known association between social relationships and health, which is postulated to be 

mediated at least in part by the immune system (Holt-Lunstad et al., 2010; Yang et al., 2016b).  

In fact, recent research which manipulated the social status of female macaques found that a 

lower rank and reduced engagement in grooming interactions resulted in a heightened 

inflammatory response (Snyder-Mackler et al., 2016).  Given the important anti-inflammatory 

effects of certain members of the microbiota such as Faecalibacterium, the gut microbial 
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community may play a role in mediating the relationship between social integration and health 

via its regulation of the host immune response.  It would be informative therefore for future 

research to assess inflammatory markers in this study population and test whether immune 

status is related to the abundances of these bacterial genera that are associated with host social 

behaviour.  Indeed, examining the potential links between the microbiome, health and sociality 

has been identified as an important research direction (Nunn et al., 2015) and the findings here 

provide some insight into these interrelations.   

In terms of the diversity analyses, none of the variables significantly predicted alpha diversity of 

the gut microbiome.  This contrasts some previous findings that gut microbiome diversity is 

positively related to sociability in primate social groups (Li et al., 2016a; Moeller et al., 2016; 

Billiet et al., 2017; Perofsky et al., 2017) and also to social network size in humans (Chapter 3).  

Perhaps this result reflects the limited sample size, although other primate studies have likewise 

reported no relationship between sociability and diversity (Bennett et al., 2016), or even a 

negative relationship (Raulo et al., 2017).  Previous research in primates has also found no 

effect of age or sex on gut microbiome composition (Raulo et al., 2017) or diversity (Bridgewater 

et al., 2017), while studies that have found an effect typically report small effect sizes (Amato et 

al., 2014; Tung et al., 2015; Bennett et al., 2016).  Although microbiome diversity has been 

linked to seasonal differences in primates (Sun et al., 2016; Raulo et al., 2017; Springer et al., 

2017; Trosvik et al., 2018) and Hadza hunter-gatherers (Schnorr et al., 2014), there was no 

evidence that season significantly influenced diversity in this macaque population.   

In contrast to alpha diversity, social relationships were found to predict beta diversity of the gut 

microbiome in this population.  Specifically, the amount of grooming an individual received was 

a significant factor influencing the overall composition of their gut microbial community.  This is 

consistent with previous research showing that social interactions such as grooming can 

promote gut microbiome similarity within social groups (Tung et al., 2015; Moeller et al., 2016; 

Raulo et al., 2017).  Rhesus macaques are not coprophagic and so grooming is likely the primary 

method of microbial transmission between individuals through hand-to-mouth actions.  The 

results revealed that the amount of grooming an individual received can explain approximately 
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5% of the variation in gut microbiome composition between individuals, which is not negligible 

given the many different factors that can influence the microbiome.  However, this result was 

only significant using weighted, and not unweighted, UniFrac distances.  Previous research has 

also shown that beta diversity analyses on weighted versus unweighted UniFrac distances can 

yield significantly different results (Lozupone et al., 2007).  In particular, weighted UniFrac is 

effective at detecting differences in community composition that are due to differential microbial 

abundance, rather than merely the presence or absence of certain taxa as measured with 

unweighted UniFrac (Navas-Molina et al., 2013).  This therefore suggests that grooming may 

have a greater effect on the abundances of particular microbial taxa, rather than which taxa are 

present in the gut.  I also found evidence that season and age can significantly influence the 

composition of the microbial community, in accordance with previous research (Sun et al., 2016; 

Springer et al., 2017; Hicks et al., 2018; Trosvik et al., 2018).  Notably, there was no effect of 

dominance rank on gut microbiome composition or diversity.  This is somewhat surprising as 

social status is known to impact primate health and immunity (Sapolsky, 2005; Archie et al., 

2012; Tung & Barreiro, 2012; Snyder-Mackler et al., 2016) and so may also be expected to 

influence the host’s microbiome.  This suggests that an individual’s engagement in social 

interactions may be more important than social rank in shaping its gut microbial community and 

adds to current evidence that social contact represents an important route for microbial 

transmission. 

To date, research on the gut microbial communities of primate populations has focused on social 

transmission of the microbiota, revealing the role of social organization and interactions in 

shaping the gut microbiota of individuals living in social groups.  Like parasites, microorganisms 

can be transmitted via social contact and can also affect host behaviour, both of which are likely 

to occur simultaneously (Ezenwa et al., 2016).  This reciprocal interaction between host 

behaviour and the gut microbiome presents a challenging case to disentangle cause from effect.  

While experiments with laboratory animals are useful for manipulating the gut microbiome to 

examine the causal relationships involved (Chapter 2), the very hygienic nature of laboratory 

environments has implications for host physiology, most notably a weakened immune system 



92 Chapter 4

 

(Beura et al., 2016; Abolins et al., 2017; Rosshart et al., 2017).  Thus, one benefit of research 

in non-captive animal populations is that it represents a more ecologically valid system for 

understanding how behaviour might be influenced by the microbiome and vice versa (Allen et 

al., 2017).  

This work adds to the growing research at the interface of microbial ecology and animal 

behaviour (Archie & Theis, 2011; Archie & Tung, 2015) but also extends it in a novel direction.  

This is the first study to investigate whether microbial taxa previously associated with sociability 

or autistic traits are differentially abundant in an animal population with respect to individual 

variation in social behaviour.  Given the demonstrated effects of the gut microbiome on rodent 

behaviour, it is certainly plausible, if not expected, that the gut microbiome may influence 

behaviour of other mammalian species, with implications for behavioural ecology and evolution 

(Amato, 2016).  However, further research is required to determine the causal relationships 

between the gut microbiome and social behaviour in non-captive animal populations.  In fact, 

since probiotic supplementation has been shown to increase sociability in rodent models 

(Buffington et al., 2016; Bharwani et al., 2017), it would be interesting to test whether probiotics 

increase social motivation and engagement in grooming interactions in the macaque population.  

My findings represent the initial step towards understanding how gut microbial communities may 

affect animal behaviour and reveal that social relationships may be intertwined with health via 

the microbiota. 
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Chapter 5  
 
Macroevolutionary relationship between encephalization and 
the mammalian gut microbiome 

5.1 Abstract 

Encephalization trends vary across mammals, with an increase in relative brain size associated 

with sociality.  While having a larger brain brings clear advantages, it also increases energy 

requirements since brains are very metabolically demanding.  The ‘expensive tissue’ hypothesis 

proposes that other energetically expensive organs, such as the gut, shrank in size to 

compensate for the cost of encephalization.  However, this theory has garnered limited support 

and so here I put forward and test the hypothesis that rather than a reduction in gut size, a 

change in composition of the microbial community within the gut may have helped to meet the 

increased energetic demands of a larger brain.  Recent research has demonstrated that the gut 

microbiome plays a key role in host metabolism.  A common finding from animal and human 

studies is that a greater abundance of the gut bacterial phylum Firmicutes relative to the phylum 

Bacteroidetes is associated with increased energy harvest and adiposity.  I therefore predicted 

that mammals with a greater brain size relative to body size may have a lower Bacteroidetes to 

Firmicutes ratio, reflecting a gut microbiome more efficient at extracting energy from the host’s 

diet.  On the contrary, I find that the ratio of Bacteroidetes to Firmicutes positively predicts 

encephalization across mammalian taxa.  This result does however support the previously 

proposed trade-off between relative brain size and mass of adipose depots in mammals.  Thus, 

a change in microbiome composition may have favoured a reduction in adiposity, increasing 

energy availability for the brain.  In addition, since many members of the Bacteroidetes phylum 
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harbour enzymes for carbohydrate metabolism not encoded within the mammalian genome, the 

increased abundance of this phylum may have facilitated an increase in brain size by making 

nutrients more accessible to the host from otherwise indigestible carbohydrates.  The gut 

microbiome may therefore have been an important factor in mammalian encephalization, and 

ultimately the development of complex cognition and social behaviour.   

5.2 Introduction 

Mammals tend to have a larger brain-to-body size ratio compared to most other vertebrates 

(Jerison & Barlow, 1985).  An increase in brain size relative to body size is not a general 

macroevolutionary trend across mammalian taxa but is specifically associated with sociality and 

group living (Dunbar, 1995; Pérez-Barbería et al., 2007; Shultz & Dunbar, 2010).  Since brain 

tissue is very energetically costly, the benefits of evolving a larger brain must be considerable 

to surpass such costs (Dunbar, 2009).  The ‘social brain’ hypothesis proposes that an increase 

in relative brain size, particularly neocortex size, is an adaptation to a more complex social 

environment involving cooperative and deceptive behaviours (Dunbar, 1998; Dunbar & Shultz, 

2007a).  Relative brain size correlates with various indices of social complexity including group 

size (Dunbar, 1992), grooming clique size (Kudo & Dunbar, 2001), the prevalence of social play 

(Lewis, 2001) and the frequency of coalitions (Dunbar & Shultz, 2007a), deception (Byrne & 

Corp, 2004) and social learning (Reader & Laland, 2002). 

Although the ‘social brain’ hypothesis was originally put forward to explain primate 

encephalization, sociality has since generally been associated with relative brain size in a range 

of mammalian taxa, suggesting that living in social groups may play an important role in the 

evolution of large brains in mammals more generally (Gordon & Pérez-Barbería, 2005; Shultz & 

Dunbar, 2006, 2010; Pérez-Barbería et al., 2007; Fox et al., 2017).  For example, relative brain 

size is greater in species that exhibit social monogamy, and this relationship holds not only 

across four orders of mammals but also in birds (Dunbar & Shultz, 2007b).  However, other 

studies suggest that brain size evolution may be better explained by ecological factors 

(González-Forero & Gardner, 2018) such as a switch to frugivory (DeCasien et al., 2017).  In 
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fact, the ‘social brain’ hypothesis can also be considered an ecological hypothesis since it 

proposes that social groups can more effectively solve ecological problems (Dunbar & Shultz, 

2007a).  In reality, it is likely that both social and ecological factors played a role in mammalian 

brain evolution.  However, path analysis suggests that they may have played different roles, with 

sociality being the functional cause of brain size evolution, while ecological factors such as diet 

acted as constraints.  Specifically, path analysis based on data from primate species, combining 

both social and ecological variables, indicates that living in social groups was the key selective 

pressure for a larger neocortex size (Dunbar, 2009), which in turn required improvements in 

dietary quality for increased energy extraction (Dunbar & Shultz, 2007a).   

An increase in brain size relative to body size represents a metabolically expensive adaptation 

(Mink et al., 1981; Karbowski, 2007).  For example, the human brain accounts for only 2% of 

total body mass but uses around 20% of the body’s energy (Raichle, 2006).  In addition, other 

organs in mammals including the heart, liver and intestines also require considerable energy 

resources (Roth & Dicke, 2005).  A long-standing hypothesis in anthropology is the ‘expensive 

tissue’ hypothesis which proposes that the energy demand of our disproportionately large brain 

was compensated for by a reduction in other energetically expensive parts of the body such as 

the gut (Aiello & Wheeler, 1995).  Although this hypothesis was originally put forward to explain 

human encephalization, subsequent studies have tested the idea of a gut–brain trade-off in other 

taxa with mixed results (Isler & van Schaik, 2006; Warren & Iglesias, 2012; Kotrschal et al., 

2013; Tsuboi et al., 2015; Liao et al., 2016).  Moreover, a re-analysis of the original anthropoid 

dataset in light of current phylogenetic methods and using more accurate brain and body 

measurements did not find support for this trade-off (Navarrete et al., 2011). 

Given the numerous challenges to the ‘expensive tissue’ hypothesis, perhaps it is not so much 

a reduction in gut size that might enable the host to meet these increased energy requirements 

but rather changes in the gut’s microbial ecosystem.  Indeed, there is growing evidence that the 

gut microbiome plays a key role in host metabolism and digestion (Brestoff & Artis, 2013; 

Sonnenburg & Bäckhed, 2016).  It is interesting to consider, therefore, whether changes in the 

composition of the gut microbiome and consequent alterations in its metabolic properties may 



96 Chapter 5

 

have helped to fulfil the energetic demands of a larger brain by improving digestive efficiency 

and the host’s ability to extract energy from its diet.   

The gut microbial community breaks down dietary components undigested by the host into 

absorbable nutrients and can thereby influence the host’s energy balance (Postler & Ghosh, 

2017).  In fact, germ-free rats require 30% more calories to maintain body weight (Wostmann et 

al., 1983).  Furthermore, when germ-free mice are colonized with the gut microbiota from 

conventionally raised animals, they show a 60% increase in body fat despite reduced food intake 

(Ding et al., 2004).  These germ-free studies highlight the role of the gut microbiome in energy 

extraction and adipose deposition.  Indeed, microbial metabolism produces simplified 

carbohydrates, amino acids and vitamins that can be used by the host (Rowland et al., 2018).  

Since microbial taxa vary in their ability to extract energy from nutrients, here I hypothesize that 

encephalization is associated with a more efficient gut microbial community, which may help to 

meet the increased energy requirements of a larger brain.  In fact, evidence suggests that the 

gut microbiome contributes to phenotypic plasticity of the host, and thus individuals with a more 

favourable microbiome may undergo positive selection (Alberdi et al., 2016).  From an 

evolutionary perspective, alterations in the gut microbial community may therefore provide a 

faster route for host adaptation to selective pressures.  

Two major bacterial phyla that dominate the gut microbiota of mammals are Bacteroidetes and 

Firmicutes (Eckburg et al., 2005; Ley et al., 2008).  Numerous studies have linked an enrichment 

of Firmicutes over Bacteroidetes to obesity and increased energy harvest by the gut microbiome 

in humans (Ley et al., 2006a; Turnbaugh et al., 2009; Koliada et al., 2017), rodents (Turnbaugh 

et al., 2005, 2006; Fulton et al., 2008) and domesticated animals (Guo et al., 2008; Hou et al., 

2016; Yang et al., 2016a).  For example, in a mouse model of obesity, a higher abundance of 

Firmicutes relative to Bacteroidetes, and thus a reduction in the ratio of Bacteroidetes to 

Firmicutes (B:F ratio), is associated with more efficient energy extraction from the diet 

(Turnbaugh et al., 2006).  This improved capacity for energy harvest can be transferred to germ-

free mice on receiving a faecal microbiota transplant from an obese mouse, resulting in an 

increase in body fat (Turnbaugh et al., 2006).  There has also been a case report in humans 
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documenting the onset of obesity following receipt of a faecal microbiota transplant from an 

overweight donor (Campbell et al., 2015).  These transplant studies therefore indicate that the 

gut microbial community contributes to weight gain and adiposity.  Notably, a negative 

relationship between B:F ratio and body mass index is not always found in human studies, 

perhaps due to methodological variation such as different clinical criteria, population sizes and 

microbiome profiling techniques (Tremaroli, 2012).  However, in support of the association 

between B:F ratio and obesity, a study in humans found that a 20% increase in the proportion 

of Firmicutes (and concomitant decrease in Bacteroidetes) in the gut microbiome was 

associated with an increased energy yield of approximately 150 kcal, whereas a 20% increase 

in Bacteroidetes was linked to a reduction in energy by 150 kcal (Jumpertz et al., 2011).  

Consistent with this, the Hadza hunter-gatherers have a higher B:F ratio (Schnorr et al., 2014) 

and also a lower percent body fat and lower body mass index compared to both farming and 

western populations (Pontzer et al., 2012). 

Further evidence in support of this relationship between B:F ratio and energy extraction comes 

from the finding in human populations that latitude is positively correlated with Firmicutes 

abundance and negatively correlated with Bacteroidetes abundance (Suzuki & Worobey, 2014).  

This is in agreement with the hypothesis that an increased ability to extract energy from nutrients 

represents an adaptation to cooler climes (Suzuki & Worobey, 2014).  Gut microbiome 

composition also differs between hibernation and active periods in mammals, with a lower B:F 

ratio typically observed during the active summer months (Carey et al., 2013; Stevenson et al., 

2014; Sommer et al., 2016).  For example, brown bears have a lower B:F ratio in the summer 

when increased energy extraction from the diet is important to build up energy reserves for 

winter hibernation (Sommer et al., 2016).  Transplanting the summer gut microbiota from the 

bear into germ-free mice promotes adiposity compared to transplanting the gut microbiota from 

hibernating bears (Sommer et al., 2016).  In contrast, a loss of weight and body fat during bear 

hibernation is associated with a higher B:F ratio (Sommer et al., 2016), as is weight loss in 

humans (Ley et al., 2006a; Remely et al., 2015).  These findings are therefore consistent with 
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the theory that differences in gut microbiome composition, and specifically the B:F ratio, are 

associated with variation in energy extraction in mammals (Suzuki, 2017).   

Given the energy trade-offs implicated in encephalization and the role of the gut microbiome in 

energy extraction, a plausible hypothesis is that a change in the composition of the gut microbial 

community helped to increase the energy available for brain expansion.  Metagenomic analysis 

provides the opportunity to explore this energy trade-off hypothesis at the microbial level.  In 

light of the evidence from rodent models, human populations and wild animals that the B:F ratio 

may be used as an estimate of the energy harvest capacity of the microbiome, I predicted that 

a greater relative abundance of Firmicutes and lesser relative abundance of Bacteroidetes may 

be associated with encephalization.   

5.3 Materials and methods 

5.3.1 Datasets 

Data for these analyses were obtained from published datasets on mammalian encephalization 

(Shultz & Dunbar, 2010); microbiome composition, together with fibre intake (Ley et al., 2008); 

and microbiome diversity (Muegge et al., 2011).  The encephalization slope, representing the 

rate at which brain size changes against body size across evolutionary time, had been measured 

at the suborder level, using phylogenetic generalized least squares analysis to account for 

phylogeny.  For a range of 60 mammalian species (Table A.17), data on gut microbiome 

composition (specifically the relative abundances of the bacterial phyla Bacteroidetes and 

Firmicutes) were summarized at the suborder level so that they could be collated with the 

encephalization data (Table A.18).  Dietary fibre index (available for 51 of these species) was 

also taken into account since this is known to influence gut microbiome composition, particularly 

by increasing the B:F ratio (de Filippo et al., 2010; de Vadder et al., 2014; Trompette et al., 

2014).  This fibre index was calculated from the percentage acid detergent fibre (a measure of 

hemicellulose) and neutral detergent fibre (a measure of cell wall content) in the animal’s diet 

(Ley et al., 2008).  For a separate analysis relating to gut microbiome diversity at the species 
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level, data on both Shannon’s diversity index and fibre intake were available for 30 mammalian 

species (Table A.19).  

5.3.2 Statistical analyses 

All statistical analyses were performed using R 3.2.3 software (R Development Core Team, 

2015).  The main relationship assessed was between B:F ratio and encephalization slope, 

modelled using linear regression, with B:F ratio as the independent variable.  Linear regression 

was also conducted to investigate the relationship between fibre intake and B:F ratio since 

studies in both humans and animal models have shown that fibre can influence this ratio.  These 

regression models were also repeated with relative abundance of Bacteroidetes instead of B:F 

ratio, and also with relative abundance of Firmicutes.  All these analyses were performed at the 

suborder level (n = 7), ensuring residuals were normally distributed (Shapiro–Wilk test, P > 0.05) 

and met the assumption of homoscedasticity (non-constant variance test, P > 0.05).  

The relationship between fibre intake and gut microbiome diversity was examined at the species 

level (n = 30) using non-linear regression, since transformation of the data was not sufficient to 

meet the assumptions of linear regression.  The hyperbolic function                    was fitted to the 

data.  A likelihood-ratio test was conducted to determine whether this hyperbolic function fitted 

the data better than a null model containing only the intercept term.  

5.4 Results 

Linear regression analyses revealed a significant relationship between microbiome composition 

and encephalization among mammalian suborders (Table A.20).  Specifically, encephalization 

was positively predicted by B:F ratio (P = 0.010; Figure 5.1) and also by the relative abundance 

of Bacteroidetes (P = 0.030).  However, there was no relationship between the relative 

abundance of Firmicutes and encephalization (P = 0.218).  In terms of fibre intake, this was not 

significantly related to B:F ratio nor relative abundance of either phylum (Table A.20).  However, 

plotting the data indicated that there may be a more nuanced relationship between fibre intake 

and microbiome composition, suggesting that a more fibrous diet may be positively related to 

𝑦 =  
𝑎𝑥

𝑏 + 𝑥
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B:F ratio across mammalian suborders, with the exception of primates (Figure 5.2).  Notably, 

there was no evidence of a relationship between fibre intake and encephalization (Table A.20), 

indicating that the positive relationship between B:F ratio and encephalization is not driven by 

differences in dietary fibre. 

The non-linear regression between fibre intake and microbiome diversity (Figure 5.3; Table 

A.21) predicted that Shannon’s diversity index asymptotes at a value of 7.1 (95% confidence 

interval = 6.3 to 7.9).  A likelihood-ratio test confirmed that this non-linear model fitted the data 

significantly better than the null model (χ(1)
2  = 14.265, P < 0.001).  

Figure 5.1.  Positive relationship between Bacteroidetes: Firmicutes ratio and encephalization 

slope across mammalian suborders.  Shaded region denotes 95% confidence interval for the 

regression line.   
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5.5 Discussion 

I expected that there may be a negative relationship between the ratio of Bacteroidetes to 

Firmicutes and mammalian encephalization, reflecting an increased capacity of the gut 

microbiome to extract energy from the diet.  In fact, the relationship was highly significant in the 

opposite direction, such that B:F ratio positively predicted encephalization.  Notably, a lower 

abundance of Bacteroidetes relative to Firmicutes is linked to increased energy harvest and 

adiposity in animals, including humans, although the mechanisms mediating this association 

remain unexplained (Turnbaugh et al., 2006). 

This positive relationship between B:F ratio and encephalization is, however, in agreement with 

the proposed fat–brain trade-off in mammals, based on a study across 100 species (Navarrete 

Figure 5.2.  Relationship between fibre intake and Bacteroidetes: Firmicutes ratio across 

mammalian suborders.  Oval marks the two primate suborders as potential outliers.  Shaded region 

denotes 95% confidence interval for the regression line if the two primate suborders are excluded from 

the model. 
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et al., 2011).  The study measured brain size, the masses of other energetically expensive 

organs and adipose depots, and found that the strongest trade-off was between encephalization 

and adiposity.  The authors suggest that this fat–brain trade-off may reflect alternative strategies 

to deal with the risk of starvation, providing either a cognitive or physiological buffer.  Although 

fat deposits are not metabolically expensive per se, the energetic cost associated with adiposity 

derives from the additional energy required to carry around an increased body mass (Navarrete 

et al., 2011).  As opposed to the ‘expensive tissue’ hypothesis which was proposed to explain 

the evolution of human brain size, this fat–brain trade-off was found to operate among mammals 

in general (Navarrete et al., 2011).  My analysis suggests that this trade-off between brain size 

and adiposity may also be reflected at the level of the gut microbiome, since B:F ratio positively 

predicts degree of encephalization in mammals.  These results therefore support the hypothesis 

that evolution favoured lean mammals with a large brain.   

Figure 5.3.  Asymptotic relationship between fibre intake and gut microbiome diversity for a range 

of mammalian species.  Shaded region denotes 95% confidence interval for this non-linear function. 
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While an increase in B:F ratio may be linked to reduced adiposity and thus increased energy 

allocation to brain growth, the finding that the relative abundance of Bacteroidetes (irrespective 

of Firmicutes abundance) also significantly predicted encephalization is worthy of discussion.  

Most notably, members of the phylum Bacteroidetes possess an extensive repertoire of 

enzymes, not encoded by the mammalian genome, that are capable of breaking down complex 

plant polysaccharides (Flint et al., 2012).  In fact, polysaccharides are the most abundant 

biological polymer (Wexler, 2007) and therefore represent a key energy source, yet the majority 

cannot be degraded by the host (Flint et al., 2008).  Metagenomic analysis of fibrolytic bacteria 

from Bacteroidetes and Firmicutes has revealed that members of Bacteroidetes have a greater 

number of enzymes for degrading polysaccharides (Flint et al., 2012).  In particular, bacteria 

from the Bacteroides genus (within the Bacteroidetes phylum) have been found to efficiently 

degrade a wide range of polysaccharides (Xu & Gordon, 2003; Xu et al., 2003; Sonnenburg et 

al., 2005; Ley et al., 2006b; Martens et al., 2011; Flint et al., 2012; Larsbrink et al., 2014).  Since 

the amount of dietary fibre that can be metabolized by the host is influenced by the composition 

of its gut microbiome (Sonnenburg & Bäckhed, 2016), an increased abundance of Bacteroidetes 

may therefore signify a gut microbial community more efficient at extracting energy from 

otherwise indigestible fibre.  In addition, when members of the Bacteroidetes phylum break down 

fibre, they produce the short-chain fatty acids acetate and propionate (Macfarlane & Macfarlane, 

2003; de Vadder et al., 2014; Koh et al., 2016).  These short-chain fatty acids can then be 

absorbed by the large intestine and used for energy (Hooper et al., 2002); propionate in 

particular is an important substrate for gluconeogenesis (Wong et al., 2006).  In fact, short-chain 

fatty acids provide a significant proportion of the host’s energy needs and in humans account 

for at least 10% of calories absorbed from the diet (Hooper et al., 2002).   

However, it may not be purely energetics that limits brain size (Gibbons, 1998), but rather certain 

nutrients or metabolites that are important for brain growth and function.  The relationship 

reported here between gut microbiome composition and encephalization may therefore reflect 

a more direct interaction between the gut microbiome and the brain since the microbiome is 

known to affect multiple aspects of brain development and function (Sampson & Mazmanian, 
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2015).  Indeed, microorganisms produce a diverse range of metabolites, including short-chain 

fatty acids that can have direct effects on the brain (Bourassa et al., 2015; Stilling et al., 2016a).  

Gut bacteria can also produce neurotransmitters (Wall et al., 2014; Strandwitz, 2018) and 

modulate host neurotransmitter levels in the gut lumen (Asano et al., 2012; Yano et al., 2015; 

Hata et al., 2017). 

Interestingly, several recent human studies have linked Bacteroidetes abundance to cognitive 

function and brain structure.  For example, relative abundance of Bacteroidetes and B:F ratio 

were both shown to be positively correlated with cognitive performance in adult females, 

independent of percent body fat or dietary fibre intake (Taylor et al., 2017).  Another study in 

healthy women found that those with a higher abundance of the genus Bacteroides, the most 

abundant genus of the human gut microbiota (Chapter 3; The Human Microbiome Project 

Consortium, 2012; Faith et al., 2013), had a larger cerebellum and hippocampus and a greater 

cortical thickness of the frontomarginal gyrus and anterior insula (Tillisch et al., 2017).  Research 

on females with irritable bowel syndrome also reported that those with higher levels of 

Bacteroidetes tended to have thicker grey matter in the frontal cortex and insula, two key brain 

regions involved in processing complex information, whereas Firmicutes abundance was 

negatively related to grey matter volume of these brain regions (Labus et al., 2017).  These 

observations do suggest that there may be a selective advantage to having a higher abundance 

of members of Bacteroidetes.  However, whether Bacteroidetes plays a causal role in this 

relationship with brain structure and function is yet to be determined.  Notably, a recent 

transcriptomic analysis of faecal samples found that bacterial genes involved in producing the 

neurotransmitter GABA are encoded by members of the Bacteroides genus (Terekhova et al., 

2018).  Furthermore, bioinformatics analysis of the human microbiome has revealed that 

Bacteroidetes is the main phylum encoding glutamate decarboxylase enzymes which synthesize 

GABA from glutamate (Yunes et al., 2016).  Since lower levels of GABA in the frontal cortex 

have been associated with poorer cognition in healthy adults (Porges et al., 2017), this may be 

one possible explanation for the link between Bacteroidetes abundance and cognition, though 

further research would be required to test this hypothesis.  Indeed, this relies on the assumption 
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that GABA produced in the gut can have a measurable impact on the brain, which remains 

unclear.  

While the regression analysis found no evidence that fibre intake predicts B:F ratio, visualization 

of the data (Figure 5.2) suggests that fibre may be positively related to B:F ratio among 

mammalian suborders with the exception of primates.  This observation suggests that primates 

are somehow able to maintain a high B:F ratio despite their comparatively low fibre intake.  This 

may partly be due to their diet since many primate species are frugivores (dependent on 

seasonal availability) and a study in a wild population of frugi-folivorous lemurs found that fruit 

consumption was positively correlated with relative abundance of Bacteroidetes and negatively 

correlated with relative abundance of Firmicutes (Springer et al., 2017).  Similarly, capuchin 

monkeys show a reduced abundance of Bacteroidetes in the gut during seasonal declines in 

fruit availability (Orkin et al., 2018).  Although the data indicate that there may be a positive 

relationship between fibre intake and B:F ratio among mammalian suborders (not including 

primates), data for additional mammalian taxa would need to be collected to confirm any such 

relationship.  Notably, a positive relationship between fibre intake and B:F ratio (or relative 

abundance of Bacteroidetes) has been reported in intraspecific studies in humans and animal 

models (de Filippo et al., 2010; de Vadder et al., 2014; Trompette et al., 2014; Sonnenburg et 

al., 2016) and so it may be expected that this relationship also holds at a macroevolutionary 

level across mammalian taxa.   

The non-linear positive relationship between fibre intake and gut microbiome diversity across 

mammalian species is a new finding since previous research has only shown that fibre intake 

promotes diversity within a species.  For example, mice fed a diet lacking in fibre over 

generations show irreversible loss of gut microbiome diversity (Sonnenburg et al., 2016) and 

dietary fibre in humans is associated with a more diverse gut microbiome (Chapter 3; de Filippo 

et al., 2010).  The asymptotic relationship reported here between fibre and microbiome diversity 

in mammals suggests that there is a level of fibre intake beyond which diversity no longer 

increases.  Interestingly, the graph approaches maximum diversity around a fibre index of 250 

which is similar to the dietary fibre intake of primates.  While previous research has simply shown 
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that the gut microbiome of herbivores has the highest phylum-level and genus-level richness, 

followed by omnivores and then carnivores (Ley et al., 2008), my analysis adds to this 

observation by revealing that an asymptotic relationship between fibre and gut microbiome 

diversity operates across mammalian taxa. 

A limitation of this study is that the causal factors mediating the relationship between gut 

microbiome composition and mammalian encephalization cannot be determined.  Indeed, it may 

be that changes in the gut microbiome are correlated with some other aspect of mammalian 

physiology.  However, as discussed, it is plausible that alterations in the composition of the gut 

microbiome may have facilitated brain size evolution.  For example, the reduction in adiposity 

associated with an increased B:F ratio may have allowed more energy to be allocated to brain 

growth.  An alternative explanation is that an increased abundance of Bacteroidetes may have 

helped to meet the energetic demands associated with encephalization through improving 

energy extraction from indigestible fibre.  It should also be noted that the regression analysis of 

encephalization against microbiome composition combines two datasets, and while the 

mammalian species in each dataset are not identical, there is a good degree of overlap between 

the two.  The implicit assumption, therefore, is that variation between species within a suborder 

is smaller than the differences between suborders.  A further consideration is that the gut 

microbiome data for the majority of mammals included in this research were from animals in 

captivity (Table A.17).  However, several studies have reported differences in gut microbiome 

composition between wild and zoo animals (Schwab et al., 2009; Nakamura et al., 2011; Nelson 

et al., 2013; Delsuc et al., 2014; Clayton et al., 2016), which may be due to different diets and 

environmental conditions.   

In conclusion, these analyses of gut microbiome composition in a range of mammalian taxa 

support my hypothesis that encephalization is associated with differences in the gut microbial 

community.  I propose that such changes are likely to have had consequences for the host’s 

metabolism and energy balance, helping to meet the increased energy demands of sustaining 

a larger brain.  There has so far been limited investigation into the role of the microbiome in 

evolution, yet this represents an important avenue for future research (Waldor et al., 2015).  
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Most research on the gut microbiome has been concerned with health, either through studying 

human populations or using animal models.  However, investigating the links between the 

microbiome and trends in mammalian evolution has the potential to provide insights into the 

relationship between host-associated microbial communities and host development and 

physiology.  My findings point towards a possible role of the gut microbiome in facilitating 

mammalian, and ultimately human, brain evolution, and along with it the evolution of complex 

cognition and social behaviour. 
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Chapter 6  
 
Discussion 

This concluding chapter integrates my key findings and their significance.  I also consider the 

general limitations of research on the microbiome–gut–brain axis and how I see the field 

progressing in the future to advance our understanding of the relationship between the gut 

microbiome and behaviour.  I conclude with a personal perspective on my research and its 

contribution. 

6.1 Key findings and significance 

6.1.1 Chapter 2 | Neuropeptide pathways 

By manipulating the gut microbial community using antibiotic treatment or germ-free conditions, 

these experiments provide causal evidence that the microbiome affects the expression of 

neuropeptide systems underlying mammalian social and emotional behaviour.  In particular, the 

marked reduction in gene expression of the μ-opioid and oxytocin receptors (and a trend towards 

downregulation of the vasopressin receptor) in the frontal cortex of antibiotic-treated mice may 

partly account for their reported social deficits, especially given the important role of the frontal 

cortex in social behaviour. 

This is the first study to show that the microbiome interacts with the brain’s opioid system.  The 

evidence of reduced opioid signalling in antibiotic-treated mice is particularly pertinent given the 

role of the endogenous opioid system in modulating social motivation and behaviour.  Since the 

opioid system is also a key regulator of pain, this demonstrated interaction between the gut 
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microbiome and opioid signalling may be relevant to the aetiology of pain disorders that have 

been associated with the microbiome such as irritable bowel syndrome.  These findings also 

have potential implications for medical practice, revealing the adverse effects of antibiotics 

during early adolescence on neuropeptide signalling.  This may potentially increase the risk of 

developing neuropsychiatric disorders in later life, though more research is necessary to 

determine whether such neurobiological changes during development may be reversible. 

In addition, the downregulation of the gene encoding the immune system protein MyD88 in the 

brain of both antibiotic-treated and germ-free mice is an interesting finding to investigate further.  

Given the role of this protein in mediating communication between the host and its microbiota, 

this suggests that a MyD88-dependent pathway may be involved in relaying the state of the gut 

microbial community to the brain. 

The notable differences in the effects of antibiotic treatment and germ-free status on these 

neuropeptide systems represent an important finding relevant to current practices in the field.  

Antibiotic treatment is sometimes viewed as a more accessible alternative to using germ-free 

animals, but the results here demonstrate that they represent two distinct manipulations of the 

gut microbial community, with differing effects on gene expression in the brain. 

6.1.2 Chapter 3 | Human personality 

I show in a large human cohort that sociability, neuroticism, anxiety and stress are related to 

differences in the composition and diversity of the gut microbiome.  I find that the abundances 

of numerous bacterial genera previously associated with behaviour in laboratory animals or with 

psychiatric symptoms in humans, are also related to variation in personality traits in the general 

population.  In particular, it is interesting that multiple genera associated with autism in the 

literature are significantly related to individual differences in sociability in the neurotypical 

population in the same direction as is typically found in autistic populations.  This indicates that 

the gut microbiome may contribute not only to the behavioural traits seen in autism but also to 

variation in social behaviour in the general population.  Since this is a cross-sectional study, the 

direction of causality in the relationship between behaviour and the gut microbiome cannot be 
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confirmed.  However, the results of Chapter 2 do reveal that the gut microbiome can affect the 

expression of neuropeptide pathways implicated in social and emotional behaviour.  

Experiments involving fine-scale manipulations of the gut microbial community, specifically with 

respect to the bacterial genera found to be significantly related to human personality traits in this 

chapter, may provide a means to determine which of these genera have a causal effect on 

behaviour.  Nonetheless, these findings represent a key step to understanding the relationship 

between the gut microbiome and human psychology and well-being. 

In addition, I report the important finding that human social network size is positively related to 

gut microbiome diversity.  This is the first study in humans providing evidence that sociability is 

associated with microbiome diversity, suggesting that social interactions may represent a key 

route for microbial transmission.  This has implications for our modern-day living practices, 

particularly regarding the tendency towards oversanitation in industrialized societies which likely 

impedes transmission of members of the microbiota and thus may result in reduced diversity of 

the gut microbiome.  This is also the first demonstration in humans that stress is negatively 

associated with microbiome diversity, in accordance with previous findings in animal models.  

This is particularly relevant given the increasing stress of modern life and the numerous studies 

showing the benefit of a diverse microbiome for health. 

As well as my primary findings relating to behaviour, I also investigated the relationship between 

the gut microbiome and diet, health, lifestyle and sociodemographics.  I report a number of novel 

relationships, most notably that adults who were formula-fed as children have a less diverse 

microbiome and that females tend to have a lower diversity than males.  I also show that diversity 

is positively related to international travel, a more diverse diet and a diet high in natural sources 

of probiotics and prebiotics. 

6.1.3 Chapter 4 | Macaque social network 

In this study of a social network in a macaque population, I show that the abundances of multiple 

bacterial genera previously associated with autism or sociability are also related to individual 

motivation to engage in social interactions.  The most striking, and novel, finding is that several 
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of the bacterial genera whose abundances were significantly related to sociability also have 

important immunomodulatory properties.  This is particularly pertinent given the established link 

between social ties and both health and longevity, which is considered to be mediated, at least 

in part, by the immune system.  Since the gut microbiome is a key regulator of the immune 

response, the gut microbial community may play an important, but so far unrecognized, role in 

this relationship between social integration and well-being.  In this chapter I also find that social 

interactions through grooming influence gut microbiome composition.  This is in accordance with 

the evidence that gut microorganisms are socially transmitted, deriving both from primate 

studies and my finding in Chapter 3 that human social network size is associated with gut 

microbiome diversity. 

6.1.4 Chapter 5 | Encephalization 

In comparison to the extensive research investigating the role of the gut microbiome in host 

health and behaviour, this chapter provides a novel perspective on the relationship between the 

gut microbiome and social behaviour from a macroevolutionary viewpoint.  I find evidence to 

support my hypothesis that a change in the gut microbial community during mammalian 

evolution may have facilitated encephalization by helping to meet the increased energy 

demands of a larger brain through improved energy extraction from the diet.  In light of the ‘social 

brain’ hypothesis and the evidence that trends in encephalization are associated with sociality, 

this finding suggests that the gut microbiome may not only influence individual social behaviour 

but may also have played a role in the evolution of the social brain and thus the development of 

complex social behaviour in mammals.  

The positive relationship between relative abundance of the bacterial phylum Bacteroidetes and 

relative brain size among mammalian taxa is particularly interesting in view of recent research 

findings in humans linking a higher Bacteroidetes abundance to better cognitive function and 

increased volumes of certain brain regions.  In light of the proposal that evolved dependence 

may be integral to the microbiome–gut–brain axis (Johnson & Foster, 2018 [Appendix]), perhaps 

the mammalian brain has come to depend on members of Bacteroidetes that play a role in brain 
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growth and function, such that a decrease in their abundance in the human gut microbiome may 

negatively impact cognition.  Thus by examining how the gut microbial community has changed 

over evolutionary time, this may offer a route towards identifying members of the gut microbiota 

that have been favoured by natural selection during mammalian evolution.   

6.1.5 Appendix Chapter | Evolutionary theory 

The key outcome of this chapter is the proposal of an evolutionary framework for studying the 

microbiome–gut–brain axis, by considering the selection pressures acting on the microbiota and 

the host that may have led to the gut microbiome affecting the brain and behaviour.  Through 

reviewing recent empirical data from the field, combined with the application of evolutionary 

theory, there is evidence that the conditions required to favour manipulation of host behaviour 

by the gut microbiota appear rarely satisfied.  Most notably, the diversity of this microbial 

ecosystem is likely to preclude the evolution of bacterial strains that can manipulate host 

behaviour for their own fitness benefit.  This represents an important insight, countering recent 

suggestions in the field that the observed effects of gut microorganisms on behaviour, such as 

increased sociability, may be due to manipulation of the host to enhance their own transmission.   

While I find that the manipulation hypothesis is poorly supported, the behavioural effects of 

members of the microbiota can be most simply explained by natural selection on 

microorganisms to grow and divide in the gut and natural selection on their hosts to depend on 

their microbiota for particular functions.  Since metabolites generated as a result of microbial 

growth can influence the host’s physiology, the host may evolve to depend on, monitor and 

regulate their gut symbionts.  A key corollary, therefore, is that there should be greater focus on 

the host as we seek to understand the effects of the gut microbiome on the brain and behaviour.  

Indeed, if we have evolved to depend on members of the microbiota that have a measurable 

impact on our neurobiology, then their absence may alter brain function and behaviour and affect 

the risk of neuropsychiatric conditions.  This concept of evolved dependence has not previously 

been considered in relation to the microbiome–gut–brain axis but may prove fundamental to our 

understanding of behavioural effects of gut microorganisms. 
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6.2 Outlook: microbiome, modern-day lifestyles and mental conditions 

The findings of this thesis are especially pertinent in this era of antibiotic overuse, refined diets 

lacking in fibre, modern hygiene practices which impede microbial transmission and our stressful 

lifestyles.  Indeed, as summarized above, I report that antibiotic administration in young animals 

can affect the expression of neuropeptide pathways, with possible adverse effects on behaviour 

and potential implications for the later development of autism or mood disorders.  I show that 

gut microbiome diversity is negatively related to stress and antibiotic treatment but positively 

related to fibre intake.  I also find that social transmission of microorganisms likely plays a role 

in shaping the human gut microbiome, given the positive association between microbiome 

diversity and social network size. 

While the focus of this thesis is the relationship between the gut microbiome and behaviour, 

rather than the expression of extreme behavioural traits as seen in neuropsychiatric conditions, 

my findings do also have clinical relevance.  Indeed, since our microbiome lies at the interface 

between our external environment and our physiology, environmental changes due to 

modernization may be expected to have consequences for our physical and mental health.  It is 

notable that cases of autism have increased in recent times, particularly around the 1990s, which 

is unlikely to be wholly due to developments in diagnosis (Taylor et al., 2013).  There is also a 

trend towards increasing prevalence of mood disorders with modernization (Hidaka, 2012).  

These recent changes suggest that modern-day lifestyle factors may be increasing the likelihood 

of such neuropsychiatric conditions.   

A theory gaining traction in light of microbiome research is the hygiene hypothesis, which is 

based on the observation that improved hygiene is linked to a rise in autoimmune conditions 

(Strachan, 1989).  This association is thought to be due to a lack of microbial exposure (Rook, 

2012) and there is growing evidence from animal models and human studies that early-life 

exposure to microorganisms is important for immune system development and function 

(Stiemsma et al., 2015; de Agüero et al., 2016).  Indeed, modern lifestyle factors such as 

antibiotic use, western diets, oversanitation and stress have the potential to reduce microbiome 
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diversity and the abundances of particular members of the gut microbiota that may play 

beneficial roles in immune function (Round & Mazmanian, 2009).  Notably, the immune system 

is commonly dysregulated in autism (Hsiao, 2013) and there is evidence that autism may be 

associated with autoimmunity (Brimberg et al., 2013).  The hygiene hypothesis may too be 

relevant to psychiatric conditions such as depression and anxiety (Rook & Lowry, 2008), in line 

with increasing evidence of a link between mood disorders and both inflammation (Dantzer et 

al., 2008) and autoimmunity (Benros et al., 2013).  Thus therapies that target the microbiome 

may represent key advances in treating a range of neuropsychiatric disorders.  Discovering new 

treatments for psychiatric conditions is of pressing concern since they account for a growing 

proportion of disability in developed countries, yet their aetiologies often remain unknown and 

current treatments have limited efficacy (Sampson & Mazmanian, 2015). 

6.3 Limitations 

In addition to the specific limitations previously discussed within each chapter, here I outline 

those limitations applicable to much of the research currently conducted in the microbiome field. 

6.3.1 Sampling the gut microbiome 

The gut is a spatially heterogeneous environment, with differences in microbial community 

composition both along its cross-section and longitudinally (Galley et al., 2014b; Lu et al., 2014; 

Suzuki & Nachman, 2016).  For example, different microbial communities inhabit the gut lumen, 

mucosal layers and colonic crypts (Donaldson et al., 2015).  It may be that microbial 

communities located at particular sites in the intestine play a dominant role in the microbiome–

gut–brain axis but invasive procedures such as enteroscopy would be required to determine the 

role of site-specific microbiota (Chen et al., 2013).  The majority of studies are therefore currently 

limited to determining microbiome composition from faecal material.  However, research has 

demonstrated that faecal samples can provide a sufficient representation of the gut microbial 

community (Eckburg et al., 2005). 
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6.3.2 Assessing the gut microbiome 

My analyses in Chapters 3 and 4 focused on the taxonomic classification of the microbiome.  It 

is relevant to note that while the human microbiome shows a high degree of inter-individual 

variability in terms of its composition, studies suggest that its functional properties are more 

conserved between individuals (The Human Microbiome Project Consortium, 2012; Zhernakova 

et al., 2016).  Functional redundancy is a common characteristic of microbial ecosystems (Louca 

et al., 2018), including the gut microbiome (Moya & Ferrer, 2016).  In fact, a recent study of 

patients with inflammatory bowel disease reported that some abundant microorganisms in the 

gut may be inactive, showing little or no gene expression (Schirmer et al., 2018). 

In addition, the function of the microbiome relies not only on the microbial genes expressed, but 

perhaps more importantly on the proteins and metabolites produced (Moya & Ferrer, 2016).  

Integration of microbiome compositional data (metagenomics) with analysis of expressed genes 

(metatranscriptomics), proteins (metaproteomics) and metabolites (metabolomics) will provide 

a more holistic view of the role of the gut microbiome and its relationship with the brain and 

behaviour.  Indeed, it may be that variation in microbiome function is more strongly related to 

differences in brain function and behaviour than variation in microbiome composition.  Notably, 

there has also been a recent shift in macroecology towards examining functional traits, rather 

than simply taxonomic composition, to assess the health and dynamics of an ecosystem, termed 

functional-trait ecology (Cernansky, 2017).  

6.3.3 Microbiome sequencing 

While I used 16S rRNA sequencing to determine microbiome composition, in the past few years 

there has been a rise in whole-genome shotgun sequencing for microbiome analysis.  By 

sampling all the DNA present in the community, rather than just sequencing the 16S rRNA gene, 

this method enables researchers to infer the functional traits of microorganisms by comparing 

the genes to databases such as the Kyoto Encyclopedia of Genes and Genomes (Arnold et al., 

2016). 
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16S rRNA sequencing is still the most commonly used method to determine the composition of 

microbial communities and has numerous advantages; it is cost effective, suitable for analysing 

a large number of samples and there are established bioinformatics pipelines such as QIIME 

(Jovel, 2016; Ranjan et al., 2016).  However, whole-genome shotgun sequencing can accurately 

classify sequences at the species level, whereas 16S rRNA sequencing provides limited 

taxonomic resolution (Ranjan et al., 2016).  Whole-genome shotgun sequencing also has the 

advantage that it can identify archaea, viruses, fungi and protozoa, as well as bacteria (Jovel, 

2016; Ranjan et al., 2016).  Although whole-genome shotgun sequencing has the potential for 

strain-level identification (Brito & Alm, 2016), the determination of strain-level diversity remains 

challenging and further methodological development is required (Jovel, 2016).  The ability to 

accurately identify bacterial strains within the microbiome would represent a key advance since 

different strains within a species can have distinct biological effects (Ahern et al., 2014).  Indeed, 

some studies provide evidence of strain-specific effects of probiotics on inflammation (Kekkonen 

et al., 2008), the brain (Wall et al., 2012) and behaviour (Savignac et al., 2014). 

6.4 Future directions 

As well as the future research directions previously addressed within each chapter, here I 

discuss the future of the field more generally in terms of further developments that may advance 

our understanding of the microbiome–gut–brain axis and the potential opportunities to benefit 

human health.  

6.4.1 Faecal microbiota transplants 

Faecal microbiota transplants can effectively treat Clostridium difficile infections and there have 

also been numerous trials investigating their potential to alleviate inflammatory bowel disease 

(Gianotti & Moss, 2017).  In comparison, there has been little investigation to date on the effect 

of faecal microbiota transplants on human psychiatric traits.  Notably, a faecal microbiota 

transplant study did report improved behaviour in autistic children (Kang et al., 2017) and a 

recent study found that this procedure can also ameliorate psychiatric symptoms in patients with 
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gastrointestinal disease (Kurokawa et al., 2018).  While faecal microbiota transplants are still a 

relatively new medical procedure, evidence from preliminary studies such as these indicates the 

possibility of using such transplants in the future to help treat neuropsychiatric disorders that are 

resistant to standard treatments.  However, a more thorough assessment of the risks, benefits 

and ethics of microbiota transplants is required, as well as improved regulation (Lagier, 2014; 

Hoffmann et al., 2017).  For example, it is important to screen stool for infectious pathogens, but 

even then, we do not have a comprehensive knowledge of all the biological agents contained 

within faeces and their potential to cause disease in recipients. 

6.4.2 Psychobiotics 

Psychobiotics offer the potential to help treat conditions such as depression and autism (Dinan 

et al., 2013; Gilbert et al., 2013).  Indeed, there is evidence from human studies that probiotics 

can improve symptoms of depression, anxiety, stress and autism (Messaoudi et al., 2011; Allen 

et al., 2016; Pinto-Sanchez et al., 2017; Shaaban et al., 2017), and can also change brain activity 

(Tillisch et al., 2013; Bagga et al., 2018).  Although not all studies find a beneficial effect of 

probiotics on mental health, recent meta-analyses have concluded that they can have a positive 

impact on mood and improve psychological symptoms, including in healthy humans (Pirbaglou 

et al., 2016; Wang et al., 2016; McKean et al., 2017; Wallace & Milev, 2017).  Currently the 

majority of bacteria used as probiotics belong to the genera Lactobacillus or Bifidobacterium 

(Thomas et al., 2015).  Since neither of my studies on the human nor macaque population 

(Chapters 3 and 4) found a relationship between the abundances of these genera and 

behaviour, it may also be of interest to consider other bacterial taxa as potential probiotics which 

I found were related to beneficial behavioural traits.  In addition, there is evidence that the effects 

of probiotics on murine behaviour can depend on host diet and genotype (Ohland et al., 2013) 

and thus the efficacy of psychobiotics in humans may also differ depending on the individual’s 

genes and environment.  Indeed, a growing trend in microbiome research is the development of 

personalized treatments and diets (Zmora et al., 2016), and this is likely to be applicable to the 

treatment of mental, as well as physical, health. 
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Despite the beneficial effects that probiotics may have, evidence is lacking as to whether they 

have a significant impact on gut microbiome composition (Kristensen et al., 2016), since the 

intrinsic colonization resistance of a healthy human gut can limit colonization by probiotic strains 

(Zmora et al., 2018).  Other methods to manipulate the human gut microbiome, such as using 

prebiotics (Gibson & Roberfroid, 1995) or postbiotics which are metabolic products of bacteria 

(Suez & Elinav, 2017), can circumvent reliance on colonization of the gut.  Since microbial 

metabolites are hypothesized to play an important role in mediating gut–brain communication 

(Stilling et al., 2016a; Johnson & Foster, 2018 [Appendix]), postbiotics may prove to be an 

effective treatment for neuropsychiatric conditions, but their therapeutic potential is yet to be 

explored.  

Although psychobiotics may provide a promising new therapy for the treatment of disorders 

associated with the microbiome–gut–brain axis, a recent study on probiotic administration in rats 

found that while probiotics may have some cognitive benefits in cases of gut dysbiosis, they can 

actually have a negative effect on memory in healthy animals (Beilharz et al., 2018).  Notably, 

there is also new evidence in humans of a possible causal link between probiotic use and both 

brain fogginess and gastrointestinal symptoms (Rao et al., 2018).  Like all new medical 

treatments, psychobiotics should therefore be approached with caution given this nascent field 

and their poorly defined mechanisms of action. 

6.4.3 Manipulation of the microbiome 

Most experimental manipulations of the gut microbial community involve antibiotic treatment, 

administration of probiotics or prebiotics, or in the extreme case, a total lack of microorganisms 

as in germ-free animals.  However, more fine-scale manipulations will help provide insight into 

the role of specific bacterial species or strains in the gut and how they may influence the brain 

and behaviour.  For example, a new area of research is the development of antimicrobials to 

eliminate particular members of the microbiota, using technologies such as the CRISPR–Cas 

gene-editing system (Bikard et al., 2014; Fagen et al., 2017).  Bacteriophage treatment also 

offers a method to remove bacteria in a strain-specific manner (Sheth et al., 2016).   
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Currently, research is focused on manipulation of the gut microbiome with respect to bacterial 

taxa.  However, the gut microbiota comprises an array of microorganisms including archaea, 

viruses, bacteriophages, fungi and other microbial eukaryotes (Mirzaei & Maurice, 2017).  For 

instance, archaea are estimated to represent approximately 10% of anaerobic microorganisms 

living in the large intestine but are yet to be integrated into microbiome research (Pike & Forster, 

2018).  The mycobiome has also been neglected with respect to the microbiome–gut–brain axis 

(Enaud et al., 2018).  Interestingly, a recent study found that fungi can functionally replace gut 

bacteria and protect against intestinal injury and infection (Jiang et al., 2017).  Similarly, an 

enteric virus has been shown to replace the beneficial role of gut bacteria in intestinal 

homeostasis and immunity (Kernbauer et al., 2014).  Together, these findings reveal a more 

intricate picture, highlighting that functional redundancies may operate at a higher taxonomic 

level than previously considered.  Thus it would be interesting to examine the interactions 

between the brain and other members of the gut microbiota such as fungi and viruses. 

6.4.4 Ex vivo systems 

A new and increasingly popular technique in microbiome research is the use of ex vivo systems 

which may help to disentangle the complexity of host–microbiome interactions by enabling 

precise experimental control outside the host (May et al., 2017).  For example, the microfluidic 

gut-on-a-chip allows particular gut microorganisms to be co-cultured with human intestinal 

epithelial cells, making it possible to simulate interactions between the microbiome and host 

physiology under different experimental conditions (Kim et al., 2015).  This device allows 

investigation into the effects of treatments such as probiotics, antibiotics and the inflammation-

inducing lipopolysaccharide endotoxin.  However, a disadvantage of this approach is that the 

architecture of the gut tissue is not preserved.  Researchers therefore recently developed a 

three-dimensional organ culture system which maintains normal architecture and intercellular 

connections within the gut tissue, enabling precise investigation of the interactions between the 

gut microbiome and the immune and nervous systems (Yissachar et al., 2017).  Another newly 

developed ex vivo method is the recording of electrophysiological activity of vagal afferent 



120 Chapter 6

 

neurones to examine the effect of stimulating the distal colon with neuromodulatory reagents or 

bacterial products (Buckley & O’Malley, 2018).   

In addition, organoid cultures enable interactions between host tissue and members of the 

microbiota to be investigated by microinjecting microorganisms into the lumen of organoids (May 

et al., 2017).  Intestinal organoids can also provide insight into communication between cells 

lining the gut and the enteric nervous system, helping to uncover the possible mechanisms 

underpinning the gut–brain link.  For example, intestinal organoids were used to elucidate the 

signalling properties of the rare enterochromaffin cells of the gut, revealing that they form 

synaptic connections with afferent nerve fibres and signal via serotonin release upon activation 

(Bellono et al., 2017). 

Ex vivo research therefore has exciting potential to reveal the key mechanisms involved in 

signalling between the gut microbiome, the immune system and the nervous system.  While it 

may represent a reductionist approach, ex vivo modelling allows researchers to monitor the 

effects of specific bacterial taxa or bacterial products under a range of conditions, which can 

subsequently be tested in vivo. 

6.4.5 Model organisms 

The majority of studies on the microbiome–gut–brain axis have used rodent models, particularly 

mice.  Although rodents are generally social species, it would be informative for future research 

to investigate the relationship between the gut microbiome and social behaviour in highly social 

species such as the prairie vole which can also be kept in a laboratory setting (Curtis et al., 

2018).  Indeed, the social neuropeptide signalling systems (opioid, oxytocin and vasopressin) 

have been well characterized in this species (Young & Wang, 2004; Burkett et al., 2011; 

Resendez et al., 2013).  Thus it would be interesting to determine how altering the gut microbial 

community, such as using antibiotic or probiotic treatment, influences behaviour and expression 

of neuropeptide systems in this species. 
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6.5 Conclusions 

In this thesis I have explored the relationship between the gut microbiome and the brain and 

behaviour using multiple levels of enquiry.  By studying animal models, a human population, an 

animal social network, mammalian encephalization and evolutionary theory, I demonstrate the 

multiple scales over which interactions between the microbiota and host behaviour operate.  My 

findings reveal that the microbiome–gut–brain axis may not only be relevant to cases of 

psychiatric illness but also to biological psychology and our understanding of behavioural 

variation within, and even across, species. 

Despite the recent growth of research on the microbiome–gut–brain axis, it is clear that we have 

only scratched the surface.  Indeed, the human brain is considered to be one of the most 

complex structures in the known universe and similarly, the gut microbiome is also very complex, 

representing one of the most diverse ecosystems so far described.  We are certainly at a very 

exciting and challenging frontier of both modern medicine and psychology.  Future advances in 

technology and the rise of systems biology may provide key insights into these immensely 

complex and dynamic systems and the nature of interactions between the two.  

In closing, the evidence that microbial communities living within animals can affect their 

behaviour is captivating, as is the realization that our gut microbiome may even influence 

something as unique as our own personality.  In my view, this microbial contribution to our 

physiology and psychology, reflecting our intimate symbiotic relationship with microorganisms, 

does not detract from our sense of self.  Rather we should marvel at this integration of microbial 

and human life, which has opened up a new avenue in neuroscience research, and with it the 

potential to enhance well-being. 
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Figure A.2.  Effects of germ-free status on the gene expression of Bdnf.  Data are plotted as mean 

expression (relative to the control group) ± SEM for Bdnf (encoding brain-derived neurotrophic growth 

factor) and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 degrees of freedom 

(df) and asterisks denote P < 0.05.   
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Figure A.1.  Effects of post-weaning antibiotic treatment on the gene expression of Bdnf.  Data are 

plotted as mean expression (relative to the control group) ± SEM for Bdnf (encoding brain-derived 

neurotrophic growth factor) and all comparisons are with n = 8 per group.  Two-sample t-tests have 14 

degrees of freedom (df) and asterisks denote P < 0.05. 
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Figure A.3.  Statistical power analysis for sample size estimation.  Graph is plotted for a range of 

statistical powers, with a power of at least 0.8 considered acceptable. 

Tables 

Table A.1.  Gene expression assays used for quantitative real-time PCR.  All IDs refer to TaqMan 

assays (Applied Biosystems). 

Gene  Protein encoded by gene TaqMan gene expression assay ID 

Oprm1 Opioid receptor µ1 Mm01188089_m1 
Oxtr Oxytocin receptor Mm01182684_m1 
Avpr1a Arginine vasopressin receptor 1A Mm00444092_m1 
Pomc Pro-opiomelanocortin Mm00435874_m1 
Oxt Oxytocin Mm01329577_g1 
Avp Vasopressin Mm00437761_g1 
MyD88 Myeloid differentiation factor 88 Mm00440338_m1 
Bdnf Brain-derived neurotrophic factor Mm00432069_m1 
Gapdh Glyceraldehyde 3-phosphate dehydrogenase Mm99999915_g1 
B2m Βeta-2-microglobulin Mm00437762_m1 
Polr2a Polymerase (RNA) II subunit A Mm00839502_m1 
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Figure A.4.  Intercorrelation plot for the nutrient variables, divided into the four categories: food 

groups, macronutrients, minerals and vitamins.  Plot depicts strength and direction of pairwise 

correlations, as measured by Kendall’s Tau-b correlation coefficient.  Grey squares denote associations 

that were not statistically significant at FDR < 0.1.  Note that the quantity of each nutrient variable was 

calculated relative to estimated total calorie intake prior to the intercorrelation analysis. 
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Tables 

Table A.2.  Summary statistics for continuous variables.  Mean, standard error and range for each 

study variable are given.  For the questionnaires assessing personality phenotype, the maximum possible 

range of scores are 10 to 50 for the 50-item International Personality Item Pool Inventory, 20 to 80 for the 

State–Trait Anxiety Inventory and 0 to 20 for the Autism Spectrum Quotient (social skill and 

communication). 

Category Variable Mean SE Minimum Maximum 

Behaviour 

Extraversion 29.6 0.3 10 50 
Agreeableness 40.2 0.2 16 50 
Conscientiousness 37.2 0.3 13 50 
Neuroticism 30.5 0.3 10 50 
Openness 38.8 0.2 14 50 
Social network size 33.8 2.3 2 1005 
Social skill/commn 14.0 0.1 0 20 
Anxiety 42.4 0.5 20 77 
Stress 5.6 0.1 1 10 

Diet 

Adventurous eater 6.8 0.1 1 10 
Probiotic foods 8.0 0.2 0 35 
Prebiotic foods 19.8 0.3 0 43 
Total supplements 4.6 0.1 0 15 

Health & lifestyle 

General health 6.9 0.1 1 10 
Body mass index 24.5 0.2 12.4 54.9 
Days exercise 2.9 0.1 0 7 
Travel abroad/yr 0.7 0.0 0 6 
Different countries/yr 0.8 0.0 0 6 
Sleep quality 5.8 0.1 1 10 
Pain tolerance 6.5 0.1 1 10 
Stomach sickness freq 2.1 0.1 0 6 
Constipation freq 2.0 0.1 0 6 

Sociodemographics 
Age 41.9 0.5 18 84 
Siblings 1.7 0.1 0 10+ 
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Table A.3.  Data summary for binary variables.  Values represent percentage of participants who 

answered ‘yes’ to each variable. 

Category Variable Percent (%) 

Diet 

Gluten free 34 
Dairy free 22 
Probiotic supplements 53 
Prebiotic supplements 12 

Health & lifestyle 

Caesarean section 9 
Premature birth 9 
Breast-fed 53 
Formula-fed 47 
Allergy/asthma/eczema 67 
Mental illness 19 
Smoking history 14 
Alcohol/drug history 5 
Antibiotics last 6 mos 17 
Irritable bowel syndrome 24 
Inflammatory bowel disease 3 
Cancer 6 
Chronic infectious disease 6 
Immunodeficiency 13 

Sociodemographics 

Male 29 
Female 71 
Unemployed 13 
Dog owner 39 
Cat owner 29 

 

 

 

 

 

 

 

 

 

 

 

 

 



164 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

A
k

ke
rm

a
n

s
ia

 

P
 v

a
lu

e
 

0.
0

3
8

 
0.

4
9

7
 

0.
8

9
7

 
0.

0
5

2
 

0.
8

5
1

 
0.

3
8

4
 

0.
3

7
5

 
0.

1
1

3
 

0.
0

0
1

 
0.

1
6

1
 

C
o

ef
fic

ie
n

t 
0

.2
1

0
 

0.
2

1
0

 
0.

0
5

0
 

0.
0

2
5

 
-0

.0
0

5
 

-0
.4

8
6

 
0.

2
9

4
 

-0
.5

5
2

 
-1

.4
5

2
 

-0
.4

6
7

 
Lo

w
e

r 
C

L
 

0
.0

1
1

 
0.

0
1

1
 

-0
.7

0
6

 
0.

0
0

0
 

-0
.0

5
8

 
-1

.5
8

0
 

-0
.3

5
6

 
-1

.2
3

4
 

-2
.3

2
6

 
-1

.1
2

0
 

U
p

pe
r 

C
L

 
0

.4
0

8
 

0.
4

0
8

 
0.

8
0

6
 

0.
0

5
1

 
0.

0
4

8
 

0.
6

0
8

 
0.

9
4

4
 

0.
1

3
0

 
-0

.5
7

7
 

0.
1

8
6

 

A
li

st
ip

es
 

P
 v

a
lu

e
 

0.
5

7
3

 
0.

3
4

3
 

0.
3

3
6

 
0.

0
1

9
 

0.
0

2
6

 
0.

8
7

4
 

0.
7

9
2

 
0.

4
4

5
 

0.
3

2
0

 
0.

8
9

0
 

C
o

ef
fic

ie
n

t 
-0

.0
2

8
 

0.
0

3
2

 
0.

1
8

1
 

0.
0

1
5

 
-0

.0
3

0
 

0.
0

4
3

 
-0

.0
4

3
 

-0
.1

3
0

 
-0

.2
1

6
 

0.
0

2
2

 
Lo

w
e

r 
C

L
 

-0
.1

2
5

 
-0

.0
3

4
 

-0
.1

8
8

 
0.

0
0

2
 

-0
.0

5
6

 
-0

.4
9

1
 

-0
.3

6
0

 
-0

.4
6

2
 

-0
.6

4
3

 
-0

.2
9

6
 

U
p

pe
r 

C
L

 
0

.0
6

9
 

0.
0

9
8

 
0.

5
5

0
 

0.
0

2
7

 
-0

.0
0

4
 

0.
5

7
7

 
0.

2
7

4
 

0.
2

0
3

 
0.

2
1

0
 

0.
3

4
1

 

B
a

ct
er

o
id

es
 

P
 v

a
lu

e
 

0.
1

2
0

 
0.

1
0

8
 

0.
9

4
7

 
0.

9
8

3
 

0.
7

7
4

 
0.

9
1

9
 

0.
3

9
4

 
0.

4
6

8
 

0.
9

0
1

 
0.

1
6

3
 

C
o

ef
fic

ie
n

t 
0

.0
3

9
 

0.
0

2
8

 
0.

0
0

6
 

0.
0

0
0

 
0.

0
0

2
 

-0
.0

1
4

 
0.

0
7

0
 

0.
0

6
3

 
0.

0
1

4
 

0.
1

1
6

 
Lo

w
e

r 
C

L
 

-0
.0

1
0

 
-0

.0
0

6
 

-0
.1

8
2

 
-0

.0
0

6
 

-0
.0

1
1

 
-0

.2
8

7
 

-0
.0

9
1

 
-0

.1
0

7
 

-0
.2

0
4

 
-0

.0
4

7
 

U
p

pe
r 

C
L

 
0

.0
8

9
 

0.
0

6
1

 
0.

1
9

5
 

0.
0

0
6

 
0.

0
1

5
 

0.
2

5
8

 
0.

2
3

2
 

0.
2

3
3

 
0.

2
3

2
 

0.
2

7
8

 

B
if

id
o

b
ac

te
ri

u
m

 

P
 v

a
lu

e
 

0.
6

4
3

 
0.

7
7

3
 

0.
2

1
1

 
0.

3
4

8
 

0.
0

4
3

 
0.

4
6

4
 

0.
2

1
2

 
0.

3
9

3
 

0.
9

3
6

 
0.

0
1

8
 

C
o

ef
fic

ie
n

t 
-0

.0
3

9
 

0.
0

1
7

 
-0

.4
0

2
 

-0
.0

1
0

 
0.

0
4

6
 

-0
.3

4
0

 
0.

3
4

5
 

-0
.2

4
8

 
-0

.0
3

0
 

-0
.6

5
8

 
Lo

w
e

r 
C

L
 

-0
.2

0
5

 
-0

.0
9

6
 

-1
.0

3
3

 
-0

.0
3

1
 

0.
0

0
2

 
-1

.2
5

2
 

-0
.1

9
6

 
-0

.8
1

6
 

-0
.7

5
9

 
-1

.2
0

2
 

U
p

pe
r 

C
L

 
0

.1
2

6
 

0.
1

2
9

 
0.

2
2

8
 

0.
0

1
1

 
0.

0
9

1
 

0.
5

7
1

 
0.

8
8

7
 

0.
3

2
1

 
0.

6
9

9
 

-0
.1

1
4

 

B
la

u
ti

a
 

P
 v

a
lu

e
 

0.
1

2
6

 
0.

2
1

1
 

0.
3

5
7

 
0.

0
1

8
 

0.
0

3
6

 
0.

1
0

9
 

0.
3

4
7

 
0.

3
6

9
 

0.
0

7
5

 
0.

9
0

1
 

C
o

ef
fic

ie
n

t 
-0

.0
3

1
 

-0
.0

1
7

 
0.

0
7

2
 

-0
.0

0
6

 
0.

0
1

2
 

-0
.1

8
1

 
0.

0
6

3
 

-0
.0

6
3

 
0.

1
6

0
 

-0
.0

0
8

 
Lo

w
e

r 
C

L
 

-0
.0

7
1

 
-0

.0
4

5
 

-0
.0

8
1

 
-0

.0
1

1
 

0.
0

0
1

 
-0

.4
0

1
 

-0
.0

6
8

 
-0

.2
0

1
 

-0
.0

1
6

 
-0

.1
4

0
 

U
p

pe
r 

C
L

 
0

.0
0

9
 

0.
0

1
0

 
0.

2
2

5
 

-0
.0

0
1

 
0.

0
2

2
 

0.
0

4
0

 
0.

1
9

4
 

0.
0

7
5

 
0.

3
3

7
 

0.
1

2
3

 

C
lo

s
tr

id
iu

m
 

P
 v

a
lu

e
 

0.
9

2
6

 
0.

3
8

4
 

0.
2

8
7

 
0.

3
0

7
 

0.
1

5
2

 
0.

8
5

2
 

0.
4

5
6

 
0.

5
7

6
 

0.
5

8
4

 
0.

8
8

3
 

C
o

ef
fic

ie
n

t 
-0

.0
0

3
 

-0
.0

2
2

 
-0

.1
5

1
 

-0
.0

0
5

 
-0

.0
1

4
 

0.
0

3
8

 
-0

.0
9

1
 

-0
.0

7
1

 
-0

.0
9

0
 

-0
.0

1
8

 
Lo

w
e

r 
C

L
 

-0
.0

7
6

 
-0

.0
7

2
 

-0
.4

2
8

 
-0

.0
1

4
 

-0
.0

3
4

 
-0

.3
6

3
 

-0
.3

2
9

 
-0

.3
2

2
 

-0
.4

1
0

 
-0

.2
5

8
 

U
p

pe
r 

C
L

 
0

.0
6

9
 

0.
0

2
8

 
0.

1
2

7
 

0.
0

0
4

 
0.

0
0

5
 

0.
4

3
9

 
0.

1
4

8
 

0.
1

7
9

 
0.

2
3

1
 

0.
2

2
2

 
 

T
ab

le
 A

.4
. 

 O
u

tp
u

t 
fr

o
m

 r
e

g
re

s
si

o
n

 m
o

d
el

s
 p

re
d

ic
ti

n
g

 a
b

u
n

d
an

ce
s 

o
f 

g
e

n
e

ra
 i

n
 t

h
e 

h
u

m
a

n
 g

u
t 

m
ic

ro
b

io
m

e.
  

P
 v

al
ue

s 
hi

g
h

lig
ht

e
d 

in
 g

re
e

n
 d

e
n

o
te

 s
ig

n
ifi

ca
n

t 

pr
e

di
ct

or
s 

of
 g

e
nu

s 
a

bu
nd

a
n

ce
 w

h
er

e
 P

 <
 0

.0
5.

  N
ot

e
 th

a
t t

w
o

 P
 v

al
ue

s 
ar

e 
gi

ve
n 

fo
r 

ze
ro

-in
fla

te
d

 n
e

ga
tiv

e
 b

in
om

ia
l r

e
gr

es
si

o
n 

m
od

el
s,

 w
ith

 th
e

 fi
rs

t P
 v

al
u

e
 in

d
ic

at
in

g 

w
h

et
h

e
r 

th
e

 v
a

ri
a

b
le

 p
re

d
ic

ts
 g

e
n

u
s 

a
b

u
nd

an
ce

, 
an

d 
th

e 
se

co
n

d 
P

 v
a

lu
e

 i
n

d
ic

at
in

g 
w

he
th

e
r 

th
e 

va
ri

ab
le

 p
re

d
ic

ts
 t

h
e 

pr
es

en
ce

 v
er

su
s 

ab
se

n
ce

 o
f 

th
e 

g
e

nu
s.

  
C

L 

re
p

re
se

nt
s 

9
5%

 c
on

fid
en

ce
 li

m
it 

fo
r 

e
ac

h 
re

g
re

ss
io

n
 c

o
ef

fic
ie

n
t. 

 A
 p

os
iti

ve
 r

e
g

re
ss

io
n

 c
o

ef
fic

ie
n

t f
or

 g
e

n
d

er
 in

d
ic

at
e

s 
a 

h
ig

h
e

r 
a

b
u

nd
an

ce
 o

f 
th

e 
g

en
us

 in
 f

e
m

a
le

s.
  

  



Appendix 165 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

C
o

lli
n

s
el

la
 

P
 v

al
ue

 
0.

4
8

4
 

0.
1

0
1

 
0.

1
0

1
 

0.
5

5
3

 
0.

0
1

5
 

0.
7

3
9

 
0.

3
8

0
 

0.
5

5
1

 
0.

2
1

5
 

0.
1

6
8

 
C

o
ef

fic
ie

n
t 

-0
.0

2
6

 
-0

.0
4

1
 

-0
.2

3
1

 
-0

.0
0

3
 

0.
0

2
4

 
0.

0
6

8
 

0.
1

0
6

 
-0

.0
7

6
 

-0
.2

0
2

 
-0

.1
6

7
 

Lo
w

e
r 

C
L

 
-0

.0
9

8
 

-0
.0

9
1

 
-0

.5
0

6
 

-0
.0

1
2

 
0.

0
0

5
 

-0
.3

3
1

 
-0

.1
3

1
 

-0
.3

2
4

 
-0

.5
2

0
 

-0
.4

0
5

 
U

p
pe

r 
C

L
 

0
.0

4
6

 
0.

0
0

8
 

0.
0

4
5

 
0.

0
0

6
 

0.
0

4
4

 
0.

4
6

6
 

0.
3

4
3

 
0.

1
7

3
 

0.
1

1
7

 
0.

0
7

1
 

C
o

ry
n

e
b

a
ct

er
iu

m
 

P
 v

al
ue

 
0.

1
2

9
 

0.
0

0
0

 
0.

1
4

7
 

0.
0

0
0

 
0.

1
6

8
 

0.
7

6
9

 
0.

6
0

4
 

0.
0

1
1

 
0.

0
6

2
 

0.
3

7
7

 
C

o
ef

fic
ie

n
t 

-0
.1

6
5

 
-0

.3
2

0
 

-0
.5

9
9

 
-0

.0
6

3
 

-0
.0

4
0

 
-0

.1
7

6
 

0.
1

8
4

 
-0

.9
4

3
 

-0
.8

9
3

 
0.

3
1

5
 

Lo
w

e
r 

C
L

 
-0

.3
7

7
 

-0
.4

6
5

 
-1

.4
0

9
 

-0
.0

9
0

 
-0

.0
9

8
 

-1
.3

4
7

 
-0

.5
1

2
 

-1
.6

7
4

 
-1

.8
3

0
 

-0
.3

8
4

 
U

p
pe

r 
C

L
 

0
.0

4
8

 
-0

.1
7

5
 

0.
2

1
0

 
-0

.0
3

6
 

0.
0

1
7

 
0.

9
9

5
 

0.
8

8
1

 
-0

.2
1

3
 

0.
0

4
4

 
1.

0
1

4
 

D
e

su
lf

o
v

ib
ri

o
 

P
 v

al
ue

 
0.

0
1

9
 

0.
9

8
1

 
0.

9
6

4
 

0.
6

0
1

 
0.

7
9

2
 

0.
6

0
2

 
0.

7
6

0
 

0.
8

0
7

 
0.

0
9

1
 

0.
9

5
3

 
P

 v
a

lu
e

ze
ro

-i
nf

l 
0.

3
1

7
 

0.
9

0
9

 
0.

9
7

2
 

0.
0

1
6

 
0.

1
3

7
 

0.
7

0
1

 
0.

0
3

8
 

0.
0

4
2

 
0.

4
2

9
 

0.
3

7
1

 
C

o
ef

fic
ie

n
t 

-0
.2

0
1

 
0.

0
0

1
 

0.
0

1
5

 
0.

0
0

6
 

0.
0

0
7

 
-0

.2
5

2
 

0.
0

8
8

 
-0

.0
7

4
 

-0
.7

3
5

 
0.

0
1

7
 

Lo
w

e
r 

C
L

 
-0

.3
6

9
 

-0
.1

1
5

 
-0

.6
3

0
 

-0
.0

1
6

 
-0

.0
4

2
 

-1
.2

0
0

 
-0

.4
7

4
 

-0
.6

7
1

 
-1

.5
8

7
 

-0
.5

4
4

 
U

p
pe

r 
C

L
 

-0
.0

3
3

 
0.

1
1

8
 

0.
6

5
9

 
0.

0
2

7
 

0.
0

5
6

 
0.

6
9

6
 

0.
6

5
0

 
0.

5
2

2
 

0.
1

1
7

 
0.

5
7

8
 

D
ia

li
st

e
r 

P
 v

a
lu

e
 

0.
6

0
8

 
0.

7
6

2
 

0.
7

2
9

 
0.

0
3

5
 

0.
7

1
3

 
0.

3
0

1
 

0.
3

5
3

 
0.

2
7

5
 

0.
9

9
1

 
0.

1
5

7
 

P
 v

al
ue

ze
ro

-i
nf

l 
0.

2
4

3
 

0.
4

6
4

 
0.

7
4

8
 

0.
0

0
0

 
0.

0
9

1
 

0.
4

4
3

 
0.

9
8

1
 

0.
2

8
7

 
0.

9
6

6
 

0.
5

1
7

 
C

o
ef

fic
ie

n
t 

0
.0

3
9

 
-0

.0
1

6
 

0.
0

9
6

 
0.

0
2

2
 

0.
0

0
7

 
0.

3
9

3
 

-0
.2

3
4

 
0.

2
8

8
 

-0
.0

0
4

 
-0

.3
5

4
 

Lo
w

e
r 

C
L

 
-0

.1
1

0
 

-0
.1

1
6

 
-0

.4
4

8
 

0.
0

0
2

 
-0

.0
3

1
 

-0
.3

5
2

 
-0

.7
2

6
 

-0
.2

2
9

 
-0

.6
5

0
 

-0
.8

4
3

 
U

p
pe

r 
C

L
 

0
.1

8
8

 
0.

0
8

5
 

0.
6

4
1

 
0.

0
4

3
 

0.
0

4
6

 
1.

1
3

7
 

0.
2

5
9

 
0.

8
0

5
 

0.
6

4
3

 
0.

1
3

6
 

D
o

re
a

 

P
 v

al
ue

 
0.

8
0

0
 

0.
6

8
3

 
0.

1
3

4
 

0.
0

4
7

 
0.

0
1

0
 

0.
6

6
2

 
0.

7
6

4
 

0.
1

4
3

 
0.

1
3

4
 

0.
3

9
4

 
C

o
ef

fic
ie

n
t 

0
.0

0
9

 
0.

0
0

9
 

-0
.1

9
3

 
-0

.0
0

9
 

0.
0

2
3

 
-0

.0
8

2
 

-0
.0

3
3

 
-0

.1
7

0
 

-0
.2

2
3

 
-0

.0
9

5
 

Lo
w

e
r 

C
L

 
-0

.0
5

8
 

-0
.0

3
6

 
-0

.4
4

5
 

-0
.0

1
7

 
0.

0
0

6
 

-0
.4

4
7

 
-0

.2
5

0
 

-0
.3

9
8

 
-0

.5
1

5
 

-0
.3

1
3

 
U

p
pe

r 
C

L
 

0
.0

7
5

 
0.

0
5

5
 

0.
0

6
0

 
0.

0
0

0
 

0.
0

4
1

 
0.

2
8

4
 

0.
1

8
4

 
0.

0
5

8
 

0.
0

6
9

 
0.

1
2

3
 

F
a

ec
al

ib
a

ct
e

ri
u

m
 

P
 v

al
ue

 
0.

8
5

4
 

0.
6

6
7

 
0.

9
9

5
 

0.
2

1
8

 
0.

3
3

8
 

0.
7

1
2

 
0.

7
5

4
 

0.
6

9
8

 
0.

8
3

7
 

0.
5

7
1

 
C

o
ef

fic
ie

n
t 

-0
.0

0
7

 
-0

.0
1

2
 

-0
.0

0
1

 
-0

.0
0

6
 

-0
.0

1
1

 
0.

0
8

3
 

-0
.0

4
2

 
0.

0
5

4
 

-0
.0

3
7

 
-0

.0
7

6
 

Lo
w

e
r 

C
L

 
-0

.0
8

7
 

-0
.0

6
6

 
-0

.3
0

5
 

-0
.0

1
7

 
-0

.0
3

2
 

-0
.3

5
7

 
-0

.3
0

3
 

-0
.2

2
0

 
-0

.3
8

9
 

-0
.3

3
9

 
U

p
pe

r 
C

L
 

0
.0

7
2

 
0.

0
4

2
 

0.
3

0
3

 
0.

0
0

4
 

0.
0

1
1

 
0.

5
2

3
 

0.
2

2
0

 
0.

3
2

9
 

0.
3

1
5

 
0.

1
8

7
 

F
la

vo
n

if
ra

c
to

r 

P
 v

al
ue

 
0.

8
8

1
 

0.
6

4
8

 
0.

1
3

0
 

0.
2

5
4

 
0.

3
6

2
 

0.
0

4
8

 
0.

7
6

9
 

0.
0

0
1

 
0.

1
6

0
 

0.
0

8
3

 
C

o
ef

fic
ie

n
t 

0
.0

0
6

 
0.

0
1

2
 

0.
2

2
2

 
0.

0
0

6
 

0.
0

0
9

 
0.

4
2

0
 

-0
.0

3
7

 
0.

4
3

0
 

0.
2

3
8

 
0.

2
1

9
 

Lo
w

e
r 

C
L

 
-0

.0
7

0
 

-0
.0

3
9

 
-0

.0
6

5
 

-0
.0

0
4

 
-0

.0
1

1
 

0.
0

0
4

 
-0

.2
8

4
 

0.
1

7
1

 
-0

.0
9

4
 

-0
.0

2
9

 
U

p
pe

r 
C

L
 

0
.0

8
1

 
0.

0
6

3
 

0.
5

1
0

 
0.

0
1

5
 

0.
0

3
0

 
0.

8
3

6
 

0.
2

1
0

 
0.

6
8

9
 

0.
5

7
1

 
0.

4
6

8
 

 

T
ab

le
 A

.4
.  

(c
o

n
t.

)  



166 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

L
a

ct
o

b
ac

ill
u

s
 

P
 v

al
ue

 
0.

7
5

0
 

0.
8

8
4

 
0.

0
0

7
 

0.
0

0
2

 
0.

2
2

3
 

0.
9

3
8

 
0.

0
4

8
 

0.
9

3
1

 
0.

1
4

1
 

0.
0

7
4

 
C

o
ef

fic
ie

n
t 

0
.0

3
0

 
-0

.0
0

9
 

0.
9

6
0

 
-0

.0
3

7
 

0.
0

3
0

 
-0

.0
4

0
 

0.
6

0
2

 
-0

.0
2

8
 

-0
.6

0
2

 
0.

5
4

5
 

Lo
w

e
r 

C
L

 
-0

.1
5

2
 

-0
.1

3
3

 
0.

2
6

6
 

-0
.0

6
0

 
-0

.0
1

9
 

-1
.0

4
2

 
0.

0
0

6
 

-0
.6

5
3

 
-1

.4
0

4
 

-0
.0

5
3

 
U

p
pe

r 
C

L
 

0
.2

1
2

 
0.

1
1

5
 

1.
6

5
4

 
-0

.0
1

4
 

0.
0

7
9

 
0.

9
6

3
 

1.
1

9
8

 
0.

5
9

8
 

0.
2

0
0

 
1.

1
4

4
 

L
a

ct
o

c
o

c
cu

s
 

P
 v

al
ue

 
0.

0
0

2
 

0.
4

0
1

 
0.

6
1

3
 

0.
1

5
9

 
0.

8
4

3
 

0.
0

6
4

 
0.

2
0

7
 

0.
0

9
3

 
0.

1
1

5
 

0.
9

7
2

 
P

 v
al

ue
ze

ro
-i

nf
l 

0.
2

3
7

 
0.

6
2

3
 

0.
6

1
2

 
0.

8
1

4
 

0.
3

1
9

 
0.

9
9

0
 

0.
8

4
5

 
0.

9
2

0
 

0.
9

9
2

 
0.

8
0

6
 

C
o

ef
fic

ie
n

t 
0

.2
8

7
 

0.
0

5
4

 
-0

.1
8

3
 

0.
0

1
7

 
0.

0
0

5
 

0.
8

1
7

 
0.

3
8

6
 

0.
5

4
2

 
0.

6
4

6
 

0.
0

1
1

 
Lo

w
e

r 
C

L
 

0
.1

0
3

 
-0

.0
7

2
 

-0
.8

9
0

 
-0

.0
0

7
 

-0
.0

4
1

 
-0

.0
4

6
 

-0
.2

1
4

 
-0

.0
9

0
 

-0
.1

5
9

 
-0

.5
9

1
 

U
p

pe
r 

C
L

 
0

.4
7

2
 

0.
1

8
0

 
0.

5
2

5
 

0.
0

4
2

 
0.

0
5

1
 

1.
6

8
0

 
0.

9
8

6
 

1.
1

7
3

 
1.

4
5

1
 

0.
6

1
3

 

O
s

ci
lli

b
a

ct
e

r 

P
 v

al
ue

 
0.

4
6

8
 

0.
1

4
3

 
0.

9
5

3
 

0.
8

6
7

 
0.

0
0

5
 

0.
8

5
6

 
0.

3
4

2
 

0.
8

8
8

 
0.

0
1

9
 

0.
6

6
2

 
P

 v
al

ue
ze

ro
-i

nf
l 

0.
5

0
2

 
0.

5
6

6
 

0.
8

7
7

 
0.

0
2

3
 

0.
7

5
2

 
0.

9
1

9
 

0.
6

1
2

 
0.

0
4

4
 

0.
0

0
4

 
0.

6
6

2
 

C
o

ef
fic

ie
n

t 
0

.0
4

8
 

0.
0

6
6

 
0.

0
1

5
 

0.
0

0
1

 
-0

.0
5

2
 

-0
.0

7
1

 
-0

.2
0

5
 

0.
0

3
2

 
-0

.8
0

9
 

-0
.0

9
5

 
Lo

w
e

r 
C

L
 

-0
.0

8
2

 
-0

.0
2

2
 

-0
.4

9
1

 
-0

.0
1

5
 

-0
.0

8
9

 
-0

.8
4

3
 

-0
.6

2
9

 
-0

.4
0

9
 

-1
.4

8
4

 
-0

.5
2

1
 

U
p

pe
r 

C
L

 
0

.1
7

7
 

0.
1

5
4

 
0.

5
2

1
 

0.
0

1
8

 
-0

.0
1

6
 

0.
7

0
0

 
0.

2
1

8
 

0.
4

7
2

 
-0

.1
3

5
 

0.
3

3
1

 

O
s

ci
llo

sp
ir

a
 

P
 v

al
ue

 
0.

0
0

0
 

0.
7

8
3

 
0.

2
9

0
 

0.
0

0
0

 
0.

5
3

9
 

0.
7

4
2

 
0.

2
0

9
 

0.
0

0
4

 
0.

3
6

6
 

0.
0

0
3

 
P

 v
al

ue
ze

ro
-i

nf
l 

0.
6

4
3

 
0.

0
7

5
 

0.
9

3
7

 
0.

0
5

2
 

0.
1

2
8

 
0.

4
8

1
 

0.
3

6
3

 
0.

3
4

7
 

0.
0

3
7

 
0.

7
3

0
 

C
o

ef
fic

ie
n

t 
0

.1
7

9
 

0.
0

1
0

 
0.

2
0

7
 

0.
0

2
6

 
-0

.0
0

9
 

0.
0

9
8

 
0.

2
0

8
 

0.
4

9
7

 
-0

.2
2

0
 

0.
4

9
6

 
Lo

w
e

r 
C

L
 

0
.0

8
0

 
-0

.0
5

9
 

-0
.1

7
7

 
0.

0
1

4
 

-0
.0

3
7

 
-0

.4
8

6
 

-0
.1

1
7

 
0.

1
5

6
 

-0
.6

9
8

 
0.

1
6

9
 

U
p

pe
r 

C
L

 
0

.2
7

7
 

0.
0

7
8

 
0.

5
9

1
 

0.
0

3
9

 
0.

0
1

9
 

0.
6

8
2

 
0.

5
3

3
 

0.
8

3
9

 
0.

2
5

7
 

0.
8

2
2

 

P
a

ra
b

a
ct

e
ro

id
e

s
 

P
 v

al
ue

 
0.

5
0

6
 

0.
9

8
4

 
0.

9
1

5
 

0.
1

7
4

 
0.

7
8

0
 

0.
1

6
7

 
0.

2
1

0
 

0.
3

6
9

 
0.

3
8

1
 

0.
6

0
3

 
C

o
ef

fic
ie

n
t 

-0
.0

3
7

 
-0

.0
0

1
 

0.
0

2
2

 
0.

0
1

0
 

0.
0

0
4

 
-0

.4
1

9
 

0.
2

2
6

 
-0

.1
7

0
 

0.
2

1
2

 
0.

0
9

4
 

Lo
w

e
r 

C
L

 
-0

.1
4

4
 

-0
.0

7
4

 
-0

.3
8

8
 

-0
.0

0
4

 
-0

.0
2

5
 

-1
.0

1
3

 
-0

.1
2

7
 

-0
.5

4
0

 
-0

.2
6

3
 

-0
.2

6
0

 
U

p
pe

r 
C

L
 

0
.0

7
1

 
0.

0
7

3
 

0.
4

3
3

 
0.

0
2

3
 

0.
0

3
3

 
0.

1
7

5
 

0.
5

7
9

 
0.

2
0

1
 

0.
6

8
7

 
0.

4
4

9
 

P
re

v
o

te
ll

a
 

P
 v

al
ue

 
0.

7
9

2
 

0.
1

2
9

 
0.

0
0

2
 

0.
0

1
0

 
0.

4
0

8
 

0.
1

4
2

 
0.

6
4

2
 

0.
8

9
1

 
0.

0
0

0
 

0.
7

2
2

 
C

o
ef

fic
ie

n
t 

-0
.0

2
8

 
-0

.1
0

9
 

1.
2

6
2

 
-0

.0
3

5
 

-0
.0

2
3

 
0.

8
5

4
 

-0
.1

6
0

 
-0

.0
5

0
 

-1
.6

7
9

 
-0

.1
2

3
 

Lo
w

e
r 

C
L

 
-0

.2
3

5
 

-0
.2

5
0

 
0.

4
7

4
 

-0
.0

6
1

 
-0

.0
7

9
 

-0
.2

8
5

 
-0

.8
3

8
 

-0
.7

6
0

 
-2

.5
9

1
 

-0
.8

0
3

 
U

p
pe

r 
C

L
 

0
.1

7
9

 
0.

0
3

2
 

2.
0

5
0

 
-0

.0
0

8
 

0.
0

3
2

 
1.

9
9

2
 

0.
5

1
7

 
0.

6
6

0
 

-0
.7

6
8

 
0.

5
5

7
 

R
o

se
b

u
ri

a
 

P
 v

al
ue

 
0.

9
8

3
 

0.
1

1
5

 
0.

6
9

7
 

0.
1

1
4

 
0.

1
6

7
 

0.
3

2
7

 
0.

8
9

6
 

0.
5

5
4

 
0.

5
2

2
 

0.
0

6
0

 
C

o
ef

fic
ie

n
t 

0
.0

0
1

 
-0

.0
3

1
 

-0
.0

4
3

 
-0

.0
0

6
 

0.
0

1
1

 
0.

1
5

5
 

0.
0

1
2

 
0.

0
5

8
 

0.
0

8
1

 
-0

.1
7

7
 

Lo
w

e
r 

C
L

 
-0

.0
5

6
 

-0
.0

6
9

 
-0

.2
5

6
 

-0
.0

1
3

 
-0

.0
0

4
 

-0
.1

5
5

 
-0

.1
7

2
 

-0
.1

3
5

 
-0

.1
6

7
 

-0
.3

6
2

 
U

p
pe

r 
C

L
 

0
.0

5
7

 
0.

0
0

8
 

0.
1

7
1

 
0.

0
0

1
 

0.
0

2
6

 
0.

4
6

4
 

0.
1

9
6

 
0.

2
5

1
 

0.
3

2
8

 
0.

0
0

7
 

 

T
ab

le
 A

.4
.  

(c
o

n
t.

)  



Appendix 167 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

S
tr

ep
to

co
c

c
u

s
 

P
 v

a
lu

e
 

0.
6

5
2

 
0.

0
2

9
 

0.
0

3
0

 
0.

3
3

5
 

0.
0

0
4

 
0.

1
4

4
 

0.
5

9
1

 
0.

0
2

7
 

0.
0

8
6

 
0.

0
1

1
 

C
o

ef
fic

ie
n

t 
-0

.0
2

6
 

-0
.0

8
5

 
0.

4
7

2
 

-0
.0

0
7

 
0.

0
4

4
 

0.
4

6
0

 
-0

.1
0

1
 

0.
4

3
6

 
0.

4
3

2
 

-0
.4

7
8

 
Lo

w
e

r 
C

L
 

-0
.1

3
8

 
-0

.1
6

2
 

0.
0

4
5

 
-0

.0
2

1
 

0.
0

1
4

 
-0

.1
5

8
 

-0
.4

6
8

 
0.

0
5

1
 

-0
.0

6
2

 
-0

.8
4

7
 

U
p

pe
r 

C
L

 
0

.0
8

6
 

-0
.0

0
9

 
0.

8
9

9
 

0.
0

0
7

 
0.

0
7

4
 

1.
0

7
8

 
0.

2
6

7
 

0.
8

2
1

 
0.

9
2

6
 

-0
.1

0
9

 

S
u

tt
e

re
ll

a
 

P
 v

a
lu

e
 

0.
0

2
8

 
0.

6
7

2
 

0.
9

2
0

 
0.

7
4

7
 

0.
7

3
5

 
0.

8
0

7
 

0.
9

5
6

 
0.

1
8

9
 

0.
9

0
9

 
0.

5
4

1
 

C
o

ef
fic

ie
n

t 
-0

.2
4

8
 

0.
0

3
3

 
0.

0
4

3
 

-0
.0

0
5

 
0.

0
1

0
 

-0
.1

5
2

 
0.

0
2

0
 

-0
.5

0
9

 
0.

0
5

6
 

-0
.2

2
7

 
Lo

w
e

r 
C

L
 

-0
.4

6
9

 
-0

.1
1

8
 

-0
.7

9
8

 
-0

.0
3

3
 

-0
.0

4
9

 
-1

.3
6

8
 

-0
.7

0
3

 
-1

.2
6

7
 

-0
.9

1
6

 
-0

.9
5

3
 

U
p

pe
r 

C
L

 
-0

.0
2

7
 

0.
1

8
3

 
0.

8
8

4
 

0.
0

2
4

 
0.

0
7

0
 

1.
0

6
5

 
0.

7
4

3
 

0.
2

5
0

 
1.

0
2

9
 

0.
5

0
0

 

T
u

ri
c

ib
a

c
te

r 

P
 v

a
lu

e
 

0.
0

7
1

 
0.

1
0

1
 

0.
3

9
4

 
0.

1
0

5
 

0.
4

0
9

 
0.

3
2

9
 

0.
6

7
7

 
0.

1
6

7
 

0.
7

9
2

 
0.

5
4

2
 

C
o

ef
fic

ie
n

t 
-0

.1
7

3
 

-0
.1

0
7

 
0.

3
1

1
 

-0
.0

2
0

 
0.

0
2

1
 

0.
5

1
6

 
-0

.1
3

1
 

0.
4

5
6

 
0.

1
1

1
 

-0
.1

9
2

 
Lo

w
e

r 
C

L
 

-0
.3

6
1

 
-0

.2
3

5
 

-0
.4

0
5

 
-0

.0
4

4
 

-0
.0

2
9

 
-0

.5
1

9
 

-0
.7

4
7

 
-0

.1
9

0
 

-0
.7

1
7

 
-0

.8
1

1
 

U
p

pe
r 

C
L

 
0

.0
1

5
 

0.
0

2
1

 
1.

0
2

7
 

0.
0

0
4

 
0.

0
7

2
 

1.
5

5
1

 
0.

4
8

5
 

1.
1

0
1

 
0.

9
3

9
 

0.
4

2
6

 
 

T
ab

le
 A

.4
.  

(c
o

n
t.

)  



168 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

S
h

an
n

o
n

 d
iv

e
rs

it
y

 in
d

ex
 

In
v

er
se

 S
im

p
so

n
 d

iv
er

s
it

y
 in

d
ex

 
G

e
n

u
s 

ri
ch

n
es

s
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

B
e

h
a

v
io

u
r 

E
xt

ra
ve

rs
io

n
 

-0
.0

14
 

0.
6

0
8

 
0.

7
1

0
 

-0
.0

1
8

 
0.

4
9

0
 

0.
5

9
4

 
-0

.0
1

9
 

0.
4

7
1

 
0.

5
7

5
 

A
g

re
e

a
b

le
n

e
ss

 
-0

.0
63

 
0.

0
2

0
 

0.
0

4
8

 
-0

.0
5

3
 

0.
0

5
0

 
0.

0
9

7
 

-0
.0

6
9

 
0.

0
1

2
 

0.
0

3
4

 
C

o
ns

ci
en

tio
us

n
es

s 
-0

.0
50

 
0.

0
6

2
 

0.
1

1
5

 
-0

.0
4

3
 

0.
1

1
4

 
0.

1
7

8
 

-0
.0

7
8

 
0.

0
0

4
 

0.
0

1
4

 
N

e
ur

ot
ic

is
m

 
-0

.0
29

 
0.

2
7

7
 

0.
3

6
6

 
-0

.0
3

8
 

0.
1

5
4

 
0.

2
2

0
 

0.
0

0
6

 
0.

8
1

9
 

0.
8

5
5

 
O

p
en

n
e

ss
 

0.
02

9
 

0.
2

8
7

 
0.

3
7

5
 

0.
0

3
1

 
0.

2
5

3
 

0.
3

3
7

 
0.

0
2

9
 

0.
2

9
6

 
0.

3
8

3
 

S
o

ci
a

l n
et

w
o

rk
 s

iz
e

 
0.

06
4

 
0.

0
1

7
 

0.
0

4
3

 
0.

0
7

7
 

0.
0

0
4

 
0.

0
1

4
 

0.
0

3
1

 
0.

2
4

8
 

0.
3

3
4

 
S

o
ci

a
l s

ki
ll/

co
m

m
n 

-0
.0

48
 

0.
0

7
9

 
0.

1
3

4
 

-0
.0

4
5

 
0.

1
0

4
 

0.
1

6
3

 
-0

.0
5

8
 

0.
0

3
8

 
0.

0
7

7
 

A
n

xi
e

ty
 

-0
.0

56
 

0.
0

3
8

 
0.

0
7

7
 

-0
.0

6
3

 
0.

0
1

9
 

0.
0

4
7

 
-0

.0
2

2
 

0.
4

3
0

 
0.

5
3

1
 

S
tr

es
s 

-0
.0

66
 

0.
0

1
8

 
0.

0
4

5
 

-0
.0

6
2

 
0.

0
2

6
 

0.
0

5
9

 
-0

.0
3

9
 

0.
1

6
5

 
0.

2
3

5
 

D
ie

t 

A
d

ve
nt

ur
o

us
 e

at
e

r 
0.

07
2

 
0.

0
1

0
 

0.
0

2
9

 
0.

0
8

4
 

0.
0

0
3

 
0.

0
1

0
 

0.
0

5
6

 
0.

0
4

6
 

0.
0

9
0

 
G

lu
te

n 
fr

ee
 

-0
.0

49
 

0.
1

2
9

 
0.

1
9

8
 

-0
.0

5
4

 
0.

0
9

2
 

0.
1

5
1

 
-0

.0
2

1
 

0.
5

2
5

 
0.

6
2

4
 

D
a

ir
y 

fr
ee

 
-0

.0
66

 
0.

0
3

8
 

0.
0

7
7

 
-0

.0
6

1
 

0.
0

5
8

 
0.

1
0

9
 

-0
.0

7
0

 
0.

0
3

1
 

0.
0

6
7

 
P

ro
b

io
tic

 f
oo

ds
 

0.
09

0
 

0.
0

0
1

 
0.

0
0

5
 

0.
0

8
7

 
0.

0
0

1
 

0.
0

0
6

 
0.

0
6

7
 

0.
0

1
5

 
0.

0
3

9
 

P
re

b
io

tic
 f

oo
ds

 
0.

11
8

 
0.

0
0

0
 

0.
0

0
0

 
0.

1
2

8
 

0.
0

0
0

 
0.

0
0

0
 

0.
0

5
1

 
0.

0
6

3
 

0.
1

1
5

 
P

ro
b

io
tic

 s
up

p
le

m
en

ts
 

-0
.0

98
 

0.
0

0
2

 
0.

0
0

8
 

-0
.0

9
8

 
0.

0
0

2
 

0.
0

0
9

 
-0

.0
4

9
 

0.
1

3
3

 
0.

1
9

8
 

P
re

b
io

tic
 s

up
p

le
m

en
ts

 
-0

.0
46

 
0.

1
5

0
 

0.
2

1
8

 
-0

.0
4

8
 

0.
1

3
4

 
0.

1
9

8
 

-0
.0

5
8

 
0.

0
7

1
 

0.
1

2
5

 
T

ot
al

 s
u

pp
le

m
e

nt
s 

-0
.1

09
 

0.
0

0
0

 
0.

0
0

0
 

-0
.1

2
9

 
0.

0
0

0
 

0.
0

0
0

 
-0

.0
4

8
 

0.
0

7
9

 
0.

1
3

4
 

H
e

al
th

 &
 l

if
e

st
yl

e
 

 

C
a

es
ar

ea
n 

se
ct

io
n

 
0.

00
0

 
0.

9
9

5
 

0.
9

9
5

 
-0

.0
0

8
 

0.
8

2
1

 
0.

8
5

5
 

0.
0

0
4

 
0.

9
1

4
 

0.
9

2
1

 
P

re
m

at
ur

e
 b

irt
h

 
-0

.0
04

 
0.

8
9

0
 

0.
9

1
0

 
-0

.0
0

7
 

0.
8

3
3

 
0.

8
5

9
 

0.
0

0
7

 
0.

8
2

1
 

0.
8

5
5

 
F

o
rm

ul
a-

fe
d 

-0
.0

86
 

0.
0

1
1

 
0.

0
3

3
 

-0
.0

7
7

 
0.

0
2

4
 

0.
0

5
6

 
-0

.0
4

3
 

0.
2

1
2

 
0.

2
9

8
 

G
e

ne
ra

l h
e

a
lth

 
0.

13
2

 
0.

0
0

0
 

0.
0

0
0

 
0.

1
3

6
 

0.
0

0
0

 
0.

0
0

0
 

0.
1

0
7

 
0.

0
0

0
 

0.
0

0
1

 
B

o
d

y 
m

as
s 

in
d

ex
 

-0
.0

27
 

0.
3

1
0

 
0.

3
9

7
 

-0
.0

2
3

 
0.

3
8

5
 

0.
4

7
9

 
-0

.0
1

0
 

0.
7

0
5

 
0.

7
8

8
 

D
a

ys
 e

xe
rc

is
e

 
0.

03
5

 
0.

2
1

6
 

0.
3

0
0

 
0.

0
2

6
 

0.
3

4
3

 
0.

4
3

2
 

0.
0

0
7

 
0.

8
0

3
 

0.
8

5
5

 
T

ra
ve

l a
b

ro
a

d/
yr

 
0.

10
4

 
0.

0
0

1
 

0.
0

0
3

 
0.

0
9

6
 

0.
0

0
2

 
0.

0
0

6
 

0.
1

1
4

 
0.

0
0

0
 

0.
0

0
1

 
D

iff
er

en
t c

ou
nt

ri
e

s/
yr

 
0.

12
3

 
0.

0
0

0
 

0.
0

0
0

 
0.

1
0

9
 

0.
0

0
0

 
0.

0
0

2
 

0.
1

3
5

 
0.

0
0

0
 

0.
0

0
0

 
S

le
ep

 q
ua

lit
y 

0.
08

1
 

0.
0

0
3

 
0.

0
1

3
 

0.
0

7
7

 
0.

0
0

6
 

0.
0

1
8

 
0.

0
4

9
 

0.
0

8
2

 
0.

1
3

7
 

P
a

in
 to

le
ra

n
ce

 
0.

00
7

 
0.

7
9

9
 

0.
8

5
5

 
0.

0
1

1
 

0.
6

9
8

 
0.

7
8

8
 

0.
0

1
0

 
0.

7
3

4
 

0.
8

1
4

 
A

lle
rg

y/
as

th
m

a
/e

cz
em

a 
-0

.0
22

 
0.

5
0

1
 

0.
6

0
1

 
-0

.0
1

4
 

0.
6

6
2

 
0.

7
6

0
 

-0
.0

3
8

 
0.

2
4

5
 

0.
3

3
4

 
M

e
nt

al
 il

ln
es

s 
-0

.0
39

 
0.

2
2

7
 

0.
3

1
2

 
-0

.0
5

4
 

0.
0

9
2

 
0.

1
5

1
 

-0
.0

0
9

 
0.

7
8

9
 

0.
8

5
5

 
S

m
ok

in
g 

hi
st

o
ry

 
-0

.0
19

 
0.

5
6

1
 

0.
6

6
1

 
-0

.0
0

7
 

0.
8

2
3

 
0.

8
5

5
 

-0
.0

1
4

 
0.

6
7

4
 

0.
7

6
7

 
A

lc
oh

ol
/d

ru
g

 h
is

to
ry

 
-0

.0
67

 
0.

0
3

7
 

0.
0

7
7

 
-0

.0
5

6
 

0.
0

7
7

 
0.

1
3

4
 

-0
.0

8
3

 
0.

0
1

0
 

0.
0

3
1

 

 

T
ab

le
 A

.5
. 

 R
e

su
lt

s
 o

f 
K

en
d

a
ll’

s 
T

a
u

-b
 c

o
rr

el
a

ti
o

n
 a

n
a

ly
si

s
 b

e
tw

e
en

 g
u

t 
m

ic
ro

b
io

m
e 

d
iv

e
rs

it
y 

an
d

 s
tu

d
y 

v
ar

ia
b

le
s.

  
H

ig
h

lig
h

te
d

 c
el

ls
 d

en
ot

e
 s

ig
ni

fic
a

nt
 

as
so

ci
a

tio
ns

 w
h

er
e 

P
 <

 0
.0

5
 a

n
d

 w
h

e
re

 P
a

dj
 <

 0
.1

.  
V

al
ue

s 
in

 b
o

ld
 in

d
ic

a
te

 P
a

d
j <

 0
.0

5.
 



Appendix 169 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

S
h

an
n

o
n

 d
iv

e
rs

it
y 

in
d

e
x

 
In

v
er

se
 S

im
p

so
n

 d
iv

er
s

it
y

 in
d

ex
 

G
e

n
u

s 
ri

ch
n

es
s

 
T

au
 

P
 v

al
ue

 
P

a
dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

H
e

al
th

 &
 l

if
e

st
yl

e 
(c

o
n

t.
) 

 

A
n

tib
io

tic
s 

la
st

 6
 m

o
s 

-0
.1

6
3

 
0.

0
0

0
 

0.
0

0
0

 
-0

.1
5

1
 

0.
0

0
0

 
0.

0
0

0
 

-0
.1

5
8

 
0.

0
0

0
 

0.
0

0
0

 
S

to
m

ac
h 

si
ck

ne
ss

 fr
eq

 
-0

.1
2

8
 

0.
0

0
0

 
0.

0
0

0
 

-0
.1

3
2

 
0.

0
0

0
 

0.
0

0
0

 
-0

.0
8

7
 

0.
0

0
2

 
0.

0
0

9
 

C
o

ns
tip

at
io

n
 f

re
q

 
0.

04
3

 
0.

1
3

0
 

0.
1

9
8

 
0.

0
1

4
 

0.
6

3
2

 
0.

7
3

2
 

0.
0

9
6

 
0.

0
0

1
 

0.
0

0
5

 
G

u
t c

on
d

iti
on

 
-0

.1
4

0
 

0.
0

0
0

 
0.

0
0

0
 

-0
.1

4
1

 
0.

0
0

0
 

0.
0

0
0

 
-0

.1
0

3
 

0.
0

0
1

 
0.

0
0

6
 

C
a

nc
er

 
-0

.0
8

1
 

0.
0

1
1

 
0.

0
3

3
 

-0
.1

1
4

 
0.

0
0

0
 

0.
0

0
2

 
-0

.0
6

2
 

0.
0

5
7

 
0.

1
0

9
 

C
h

ro
n

ic
 in

fe
ct

io
us

 d
is

e
as

e
 

-0
.1

0
4

 
0.

0
0

1
 

0.
0

0
6

 
-0

.1
0

3
 

0.
0

0
1

 
0.

0
0

6
 

-0
.0

7
5

 
0.

0
2

0
 

0.
0

4
8

 
Im

m
u

no
de

fic
ie

nc
y 

-0
.1

4
6

 
0.

0
0

0
 

0.
0

0
0

 
-0

.1
4

0
 

0.
0

0
0

 
0.

0
0

0
 

-0
.1

2
1

 
0.

0
0

0
 

0.
0

0
1

 

S
o

ci
o

d
em

o
g

ra
p

h
ic

s
 

G
e

nd
er

 
-0

.0
9

8
 

0.
0

1
7

 
0.

0
4

3
 

-0
.0

9
1

 
0.

0
2

7
 

0.
0

5
9

 
-0

.0
4

0
 

0.
3

3
1

 
0.

4
2

1
 

A
g

e
 

-0
.0

4
8

 
0.

0
6

7
 

0.
1

1
9

 
-0

.0
5

3
 

0.
0

4
5

 
0.

0
9

0
 

-0
.0

4
9

 
0.

0
6

7
 

0.
1

1
9

 
U

n
em

pl
o

ye
d

 
-0

.0
9

2
 

0.
0

0
4

 
0.

0
1

4
 

-0
.0

7
9

 
0.

0
1

3
 

0.
0

3
5

 
-0

.1
3

5
 

0.
0

0
0

 
0.

0
0

0
 

S
ib

lin
gs

 
-0

.0
4

7
 

0.
1

0
2

 
0.

1
6

3
 

-0
.0

4
2

 
0.

1
4

4
 

0.
2

1
2

 
-0

.0
7

8
 

0.
0

0
8

 
0.

0
2

5
 

D
o

g 
o

w
ne

r 
-0

.0
8

8
 

0.
0

0
6

 
0.

0
2

0
 

-0
.0

8
0

 
0.

0
1

3
 

0.
0

3
5

 
-0

.0
7

1
 

0.
0

2
9

 
0.

0
6

3
 

C
a

t o
w

ne
r 

0.
00

8
 

0.
8

0
2

 
0.

8
5

5
 

-0
.0

0
4

 
0.

8
9

6
 

0.
9

1
0

 
0.

0
5

4
 

0.
0

9
4

 
0.

1
5

1
 

 

T
ab

le
 A

.5
.  

(c
o

n
t.

)  



170 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

S
h

an
n

o
n

 d
iv

e
rs

it
y

 in
d

e
x

 
In

v
er

se
 S

im
p

so
n

 d
iv

er
si

ty
 in

d
ex

 
G

e
n

u
s 

ri
ch

n
e

ss
 

T
au

 
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

T
au

 
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

T
au

 
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

F
o

o
d

 

E
n

er
g

y 
(k

ca
l)

 
0.

06
0

 
0.

0
2

7
 

0.
0

9
8

 
0.

0
7

6
 

0.
0

0
5

 
0.

0
3

2
 

0.
0

0
7

 
0.

7
8

7
 

0.
8

6
0

 
M

e
at

 
-0

.0
08

 
0.

7
5

6
 

0.
8

4
7

 
-0

.0
0

6
 

0.
8

3
5

 
0.

8
9

3
 

0.
0

0
9

 
0.

7
5

2
 

0.
8

4
7

 
F

is
h 

0.
05

6
 

0.
0

4
4

 
0.

1
3

3
 

0.
0

4
2

 
0.

1
2

9
 

0.
2

3
5

 
0.

0
7

7
 

0.
0

0
6

 
0.

0
3

3
 

E
g

gs
 

0.
04

8
 

0.
0

9
4

 
0.

1
9

9
 

0.
0

4
7

 
0.

1
0

1
 

0.
2

0
7

 
0.

0
5

8
 

0.
0

4
6

 
0.

1
3

4
 

M
ilk

 p
ro

du
ct

s 
0.

04
0

 
0.

1
4

9
 

0.
2

5
8

 
0.

0
4

1
 

0.
1

3
3

 
0.

2
3

7
 

0.
0

3
9

 
0.

1
5

7
 

0.
2

6
9

 
F

a
ts

 &
 o

ils
 

0.
01

8
 

0.
5

0
0

 
0.

6
4

1
 

0.
0

2
1

 
0.

4
4

4
 

0.
5

9
2

 
0.

0
1

5
 

0.
5

9
4

 
0.

7
1

8
 

P
o

ta
to

e
s 

0.
05

3
 

0.
0

5
8

 
0.

1
5

1
 

0.
0

6
1

 
0.

0
2

9
 

0.
1

0
0

 
0.

0
3

4
 

0.
2

2
4

 
0.

3
6

1
 

F
ru

it 
0.

08
3

 
0.

0
0

2
 

0.
0

1
8

 
0.

0
9

4
 

0.
0

0
1

 
0.

0
0

9
 

-0
.0

0
4

 
0.

8
8

4
 

0.
9

2
2

 
V

e
g

e
ta

b
le

s 
0.

04
8

 
0.

0
7

8
 

0.
1

7
4

 
0.

0
4

0
 

0.
1

3
6

 
0.

2
4

0
 

0.
0

0
8

 
0.

7
6

5
 

0.
8

4
8

 
C

e
re

a
ls

 
0.

06
4

 
0.

0
1

9
 

0.
0

7
2

 
0.

0
9

5
 

0.
0

0
1

 
0.

0
0

9
 

0.
0

1
5

 
0.

5
8

5
 

0.
7

1
2

 
N

u
ts

 &
 s

e
ed

s 
0.

04
9

 
0.

0
7

7
 

0.
1

7
4

 
0.

0
5

2
 

0.
0

6
1

 
0.

1
5

6
 

-0
.0

0
2

 
0.

9
5

3
 

0.
9

6
9

 
S

u
g

a
rs

 &
 s

n
ac

ks
 

0.
04

3
 

0.
1

1
2

 
0.

2
2

2
 

0.
0

5
4

 
0.

0
4

8
 

0.
1

3
4

 
0.

0
3

0
 

0.
2

7
6

 
0.

4
1

5
 

S
o

u
p

s 
&

 s
a

u
ce

s 
-0

.0
01

 
0.

9
7

7
 

0.
9

7
7

 
-0

.0
1

0
 

0.
7

0
5

 
0.

8
1

3
 

-0
.0

2
5

 
0.

3
6

8
 

0.
5

2
9

 

M
ac

ro
n

u
tr

ie
n

ts
 

P
ro

te
in

 
0.

03
3

 
0.

2
1

9
 

0.
3

5
7

 
0.

0
4

4
 

0.
1

0
3

 
0.

2
0

7
 

0.
0

1
1

 
0.

6
8

9
 

0.
8

0
4

 
C

a
rb

oh
yd

ra
te

 -
 f

ru
ct

os
e 

0.
07

0
 

0.
0

0
9

 
0.

0
4

4
 

0.
0

8
8

 
0.

0
0

1
 

0.
0

1
0

 
-0

.0
1

6
 

0.
5

5
9

 
0.

6
9

6
 

C
a

rb
oh

yd
ra

te
 -

 g
al

a
ct

os
e

 
0.

03
5

 
0.

2
2

6
 

0.
3

6
1

 
0.

0
2

5
 

0.
3

8
4

 
0.

5
3

7
 

0.
0

3
5

 
0.

2
3

2
 

0.
3

6
4

 
C

a
rb

oh
yd

ra
te

 -
 g

lu
co

se
 

0.
07

4
 

0.
0

0
7

 
0.

0
3

5
 

0.
0

8
9

 
0.

0
0

1
 

0.
0

1
0

 
-0

.0
0

7
 

0.
8

1
1

 
0.

8
7

4
 

C
a

rb
oh

yd
ra

te
 -

 la
ct

os
e

 
0.

04
1

 
0.

1
3

3
 

0.
2

3
7

 
0.

0
4

2
 

0.
1

2
4

 
0.

2
3

2
 

0.
0

3
2

 
0.

2
3

6
 

0.
3

6
4

 
C

a
rb

oh
yd

ra
te

 -
 m

al
to

se
 

0.
03

2
 

0.
2

4
2

 
0.

3
7

0
 

0.
0

4
9

 
0.

0
6

8
 

0.
1

6
3

 
0.

0
1

7
 

0.
5

3
8

 
0.

6
8

0
 

C
a

rb
oh

yd
ra

te
 -

 s
ta

rc
h

 
0.

05
4

 
0.

0
4

5
 

0.
1

3
3

 
0.

0
8

4
 

0.
0

0
2

 
0.

0
1

6
 

0.
0

0
2

 
0.

9
3

7
 

0.
9

6
5

 
C

a
rb

oh
yd

ra
te

 -
 s

uc
ro

se
 

0.
05

9
 

0.
0

3
0

 
0.

1
0

0
 

0.
0

7
7

 
0.

0
0

4
 

0.
0

2
7

 
-0

.0
1

0
 

0.
7

0
7

 
0.

8
1

3
 

C
a

rb
oh

yd
ra

te
 -

 s
ug

ar
s 

(t
ot

a
l) 

0.
07

2
 

0.
0

0
8

 
0.

0
3

9
 

0.
0

8
9

 
0.

0
0

1
 

0.
0

1
0

 
-0

.0
0

7
 

0.
7

9
3

 
0.

8
6

0
 

C
a

rb
oh

yd
ra

te
 -

 t
o

ta
l 

0.
06

6
 

0.
0

1
4

 
0.

0
5

9
 

0.
0

9
3

 
0.

0
0

1
 

0.
0

0
9

 
-0

.0
0

7
 

0.
7

9
0

 
0.

8
6

0
 

F
ib

re
 

0.
08

1
 

0.
0

0
3

 
0.

0
2

2
 

0.
0

9
4

 
0.

0
0

1
 

0.
0

0
9

 
-0

.0
0

8
 

0.
7

6
8

 
0.

8
4

8
 

M
o

no
un

sa
tu

ra
te

d
 f

a
tt

y 
ac

id
s 

0.
04

1
 

0.
1

2
9

 
0.

2
3

5
 

0.
0

4
2

 
0.

1
2

1
 

0.
2

3
2

 
0.

0
1

4
 

0.
6

0
7

 
0.

7
1

9
 

P
o

ly
u

ns
at

ur
a

te
d 

fa
tt

y 
ac

id
s 

0.
05

2
 

0.
0

5
6

 
0.

1
4

8
 

0.
0

5
0

 
0.

0
6

3
 

0.
1

5
6

 
0.

0
1

4
 

0.
6

0
3

 
0.

7
1

9
 

S
a

tu
ra

te
d

 f
at

ty
 a

ci
d

s 
0.

03
0

 
0.

2
6

6
 

0.
4

0
3

 
0.

0
3

6
 

0.
1

8
7

 
0.

3
1

7
 

0.
0

2
4

 
0.

3
8

9
 

0.
5

3
7

 
F

a
t -

 to
ta

l 
0.

04
0

 
0.

1
3

9
 

0.
2

4
3

 
0.

0
4

4
 

0.
1

0
3

 
0.

2
0

7
 

0.
0

1
8

 
0.

5
1

2
 

0.
6

5
1

 
C

h
ol

es
te

ro
l 

0.
01

5
 

0.
5

7
9

 
0.

7
1

0
 

0.
0

1
6

 
0.

5
5

9
 

0.
6

9
6

 
0.

0
2

0
 

0.
4

6
8

 
0.

6
1

0
 

 

T
ab

le
 A

.6
. 

 R
e

su
lt

s
 o

f 
K

e
n

d
al

l’s
 T

au
-b

 c
o

rr
el

a
ti

o
n

 a
n

a
ly

s
is

 b
et

w
ee

n
 g

u
t 

m
ic

ro
b

io
m

e 
d

iv
er

s
it

y 
an

d
 n

u
tr

ie
n

t 
v

ar
ia

b
le

s.
  

H
ig

hl
ig

h
te

d 
ce

lls
 d

e
no

te
 s

ig
n

ifi
ca

n
t 

as
so

ci
a

tio
ns

 w
h

e
re

 P
 <

 0
.0

5
 a

n
d

 P
a

d
j <

 0
.1

.  
V

al
ue

s 
in

 b
ol

d 
in

di
ca

te
 P

a
dj
 <

 0
.0

5.
 



Appendix 171 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

S
h

an
n

o
n

 d
iv

e
rs

it
y

 in
d

e
x

 
In

v
er

se
 S

im
p

s
o

n
 d

iv
er

s
it

y
 in

d
ex

 
G

e
n

u
s 

ri
ch

n
es

s
 

T
au

 
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

T
au

 
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

T
au

 
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

M
in

e
ra

ls
 

C
a

lc
iu

m
 

0
.0

5
9

 
0.

0
2

9
 

0.
1

0
0

 
0.

0
6

9
 

0.
0

1
1

 
0.

0
4

8
 

0.
0

2
1

 
0.

4
4

2
 

0.
5

9
2

 
C

h
lo

ri
d

e
 

0
.0

3
3

 
0.

2
2

9
 

0.
3

6
4

 
0.

0
5

4
 

0.
0

4
7

 
0.

1
3

4
 

-0
.0

1
9

 
0.

4
8

4
 

0.
6

2
6

 
C

o
pp

er
 

0
.0

9
1

 
0.

0
0

1
 

0.
0

0
9

 
0.

1
0

2
 

0.
0

0
0

 
0.

0
0

6
 

0.
0

2
4

 
0.

3
7

7
 

0.
5

3
2

 
Io

d
in

e
 

0
.0

3
5

 
0.

1
9

9
 

0.
3

3
5

 
0.

0
3

4
 

0.
2

1
2

 
0.

3
4

9
 

0.
0

2
4

 
0.

3
9

0
 

0.
5

3
7

 
Ir

o
n

 
0

.0
7

0
 

0.
0

1
0

 
0.

0
4

7
 

0.
0

9
0

 
0.

0
0

1
 

0.
0

0
9

 
-0

.0
0

9
 

0.
7

3
7

 
0.

8
3

7
 

M
a

gn
es

iu
m

 
0

.0
9

4
 

0.
0

0
0

 
0.

0
0

9
 

0.
1

0
9

 
0.

0
0

0
 

0.
0

0
3

 
0.

0
0

4
 

0.
8

7
6

 
0.

9
2

2
 

M
a

ng
an

es
e

 
0

.1
0

8
 

0.
0

0
0

 
0.

0
0

3
 

0.
1

2
0

 
0.

0
0

0
 

0.
0

0
1

 
0.

0
2

1
 

0.
4

3
8

 
0.

5
9

2
 

N
itr

o
g

e
n

 
0

.0
3

4
 

0.
2

1
2

 
0.

3
4

9
 

0.
0

4
5

 
0.

0
9

4
 

0.
1

9
9

 
0.

0
1

0
 

0.
7

1
7

 
0.

8
2

0
 

P
h

os
p

h
or

us
 

0
.0

6
1

 
0.

0
2

5
 

0.
0

9
1

 
0.

0
7

4
 

0.
0

0
6

 
0.

0
3

5
 

0.
0

1
3

 
0.

6
3

7
 

0.
7

4
8

 
P

o
ta

ss
iu

m
 

0
.0

9
0

 
0.

0
0

1
 

0.
0

0
9

 
0.

1
0

2
 

0.
0

0
0

 
0.

0
0

6
 

0.
0

0
4

 
0.

8
7

3
 

0.
9

2
2

 
S

e
le

n
iu

m
 

0
.0

5
1

 
0.

0
6

1
 

0.
1

5
6

 
0.

0
5

9
 

0.
0

3
0

 
0.

1
0

0
 

0.
0

2
9

 
0.

2
8

6
 

0.
4

2
5

 
S

o
d

iu
m

 
0

.0
2

5
 

0.
3

5
7

 
0.

5
1

9
 

0.
0

4
6

 
0.

0
8

9
 

0.
1

9
4

 
-0

.0
2

5
 

0.
3

5
8

 
0.

5
1

9
 

Z
in

c 
0

.0
2

4
 

0.
3

7
4

 
0.

5
3

2
 

0.
0

4
2

 
0.

1
2

4
 

0.
2

3
2

 
-0

.0
1

4
 

0.
6

0
8

 
0.

7
1

9
 

V
it

am
in

s
 

A
lp

ha
 c

ar
o

te
n

e
 

0
.0

6
3

 
0.

0
2

0
 

0.
0

7
5

 
0.

0
6

7
 

0.
0

1
3

 
0.

0
5

7
 

0.
0

3
2

 
0.

2
3

6
 

0.
3

6
4

 
B

e
ta

 c
a

ro
te

n
e

 
0

.0
4

9
 

0.
0

7
1

 
0.

1
6

4
 

0.
0

4
5

 
0.

0
9

7
 

0.
2

0
4

 
0.

0
2

0
 

0.
4

5
7

 
0.

6
0

4
 

C
a

ro
te

n
e 

- 
to

ta
l 

0
.0

5
0

 
0.

0
6

2
 

0.
1

5
6

 
0.

0
4

7
 

0.
0

7
9

 
0.

1
7

5
 

0.
0

2
0

 
0.

4
6

1
 

0.
6

0
5

 
V

ita
m

in
 A

 -
 r

et
in

o
l 

0
.0

5
0

 
0.

0
6

7
 

0.
1

6
2

 
0.

0
4

4
 

0.
1

0
1

 
0.

2
0

7
 

0.
0

5
0

 
0.

0
6

9
 

0.
1

6
4

 
V

ita
m

in
 A

 -
 r

et
in

o
l e

qu
iv

s 
0

.0
4

9
 

0.
0

7
1

 
0.

1
6

4
 

0.
0

4
2

 
0.

1
2

1
 

0.
2

3
2

 
0.

0
2

9
 

0.
2

9
6

 
0.

4
3

6
 

V
ita

m
in

 B
1 

- 
th

ia
m

in
 

0
.0

7
8

 
0.

0
0

4
 

0.
0

2
7

 
0.

0
9

7
 

0.
0

0
0

 
0.

0
0

9
 

-0
.0

0
4

 
0.

8
8

1
 

0.
9

2
2

 
V

ita
m

in
 B

2 
- 

ri
b

of
la

vi
n

 
0

.0
7

1
 

0.
0

0
8

 
0.

0
4

1
 

0.
0

7
7

 
0.

0
0

4
 

0.
0

2
7

 
0.

0
2

3
 

0.
4

0
0

 
0.

5
4

7
 

V
ita

m
in

 B
3 

- 
n

ia
ci

n
 

0
.0

6
6

 
0.

0
1

4
 

0.
0

5
9

 
0.

0
7

8
 

0.
0

0
4

 
0.

0
2

7
 

0.
0

1
6

 
0.

5
6

5
 

0.
6

9
8

 
V

ita
m

in
 B

6 
- 

p
yr

id
ox

in
e

 
0

.0
7

5
 

0.
0

0
6

 
0.

0
3

3
 

0.
0

9
1

 
0.

0
0

1
 

0.
0

0
9

 
0.

0
0

1
 

0.
9

7
3

 
0.

9
7

7
 

V
ita

m
in

 B
9 

- 
fo

la
te

 
0

.0
7

3
 

0.
0

0
7

 
0.

0
3

5
 

0.
0

8
2

 
0.

0
0

2
 

0.
0

1
9

 
0.

0
0

1
 

0.
9

5
7

 
0.

9
6

9
 

V
ita

m
in

 B
12

 -
 c

o
b

a
la

m
in

 
0

.0
5

5
 

0.
0

4
1

 
0.

1
2

6
 

0.
0

5
4

 
0.

0
4

5
 

0.
1

3
3

 
0.

0
4

3
 

0.
1

2
0

 
0.

2
3

2
 

V
ita

m
in

 C
 -

 a
sc

or
bi

c 
a

ci
d

 
0

.0
5

3
 

0.
0

5
0

 
0.

1
3

8
 

0.
0

5
8

 
0.

0
3

3
 

0.
1

0
5

 
-0

.0
0

4
 

0.
8

8
9

 
0.

9
2

2
 

V
ita

m
in

 D
 -

 e
rg

oc
a

lc
ife

ro
l 

0
.0

6
8

 
0.

0
1

2
 

0.
0

5
5

 
0.

0
6

4
 

0.
0

1
8

 
0.

0
7

1
 

0.
0

5
3

 
0.

0
5

3
 

0.
1

4
5

 
V

ita
m

in
 E

 -
 a

lp
h

a
 to

co
ph

er
o

l e
qu

iv
s 

0.
0

5
8

 
0.

0
3

3
 

0.
1

0
5

 
0.

0
5

9
 

0.
0

2
9

 
0.

1
0

0
 

-0
.0

0
2

 
0.

9
4

2
 

0.
9

6
5

 
 

T
ab

le
 A

.6
.  

(c
o

n
t.

)  



172 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

B
ra

y
–C

u
rt

is
 d

is
ta

n
c

e
 m

at
ri

x
 

Ja
cc

ar
d

 d
is

ta
n

c
e

 m
a

tr
ix

 

R
2  

P
 v

a
lu

e
 

P
a

dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 
R

2  
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 

B
e

h
a

v
io

u
r 

E
xt

ra
ve

rs
io

n
 

0.
00

1
 

0.
8

3
7

 
0.

8
5

7
 

0.
0

6
9

 
0.

0
6

9
 

0.
6

1
5

 
0.

0
0

1
 

0.
9

2
3

 
0.

9
2

3
 

0.
1

2
9

 
0.

1
2

9
 

0.
6

6
1

 
A

g
re

e
a

b
le

n
e

ss
 

0.
00

2
 

0.
1

9
2

 
0.

2
6

4
 

0.
1

4
5

 
0.

1
4

5
 

1.
2

9
4

 
0.

0
0

2
 

0.
2

2
2

 
0.

2
9

6
 

0.
2

3
2

 
0.

2
3

2
 

1.
1

9
0

 
C

o
ns

ci
en

tio
u

sn
es

s 
0.

00
3

 
0.

0
8

3
 

0.
1

1
8

 
0.

1
8

3
 

0.
1

8
3

 
1.

6
2

9
 

0.
0

0
2

 
0.

1
4

3
 

0.
1

9
6

 
0.

2
5

2
 

0.
2

5
2

 
1.

2
9

0
 

N
e

ur
ot

ic
is

m
 

0.
00

2
 

0.
2

2
9

 
0.

3
0

5
 

0.
1

3
9

 
0.

1
3

9
 

1.
2

3
9

 
0.

0
0

2
 

0.
1

3
8

 
0.

1
9

6
 

0.
2

5
8

 
0.

2
5

8
 

1.
3

2
0

 
O

p
en

n
e

ss
 

0.
00

1
 

0.
7

1
9

 
0.

7
5

4
 

0.
0

8
3

 
0.

0
8

3
 

0.
7

3
8

 
0.

0
0

1
 

0.
6

8
0

 
0.

7
6

8
 

0.
1

6
3

 
0.

1
6

3
 

0.
8

3
5

 
S

o
ci

a
l n

et
w

o
rk

 s
iz

e
 

0.
00

3
 

0.
0

7
3

 
0.

1
0

7
 

0.
2

2
0

 
0.

2
2

0
 

1.
9

6
2

 
0.

0
0

3
 

0.
0

7
9

 
0.

1
2

0
 

0.
3

1
9

 
0.

3
1

9
 

1.
6

3
3

 
S

o
ci

a
l s

ki
ll/

co
m

m
n 

0.
00

2
 

0.
3

6
1

 
0.

4
5

0
 

0.
1

2
0

 
0.

1
2

0
 

1.
0

7
4

 
0.

0
0

2
 

0.
3

6
5

 
0.

4
5

8
 

0.
2

0
4

 
0.

2
0

4
 

1.
0

4
7

 
A

n
xi

e
ty

 
0.

00
3

 
0.

0
6

0
 

0.
0

9
4

 
0.

1
9

5
 

0.
1

9
5

 
1.

7
6

2
 

0.
0

0
3

 
0.

0
3

4
 

0.
0

5
7

 
0.

3
3

1
 

0.
3

3
1

 
1.

7
0

8
 

S
tr

es
s 

0.
00

3
 

0.
0

2
7

 
0.

0
5

2
 

0.
2

2
1

 
0.

2
2

1
 

1.
9

9
1

 
0.

0
0

3
 

0.
0

2
6

 
0.

0
5

0
 

0.
3

2
9

 
0.

3
2

9
 

1.
7

0
1

 

D
ie

t 

A
d

ve
nt

ur
o

us
 e

at
e

r 
0.

00
7

 
0.

0
0

1
 

0.
0

0
4

 
0.

5
1

6
 

0.
5

1
6

 
4.

6
4

7
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

7
4

3
 

0.
7

4
3

 
3.

8
3

3
 

G
lu

te
n 

fr
ee

 
0.

00
5

 
0.

0
0

3
 

0.
0

0
8

 
0.

3
4

7
 

0.
3

4
7

 
3.

1
1

3
 

0.
0

0
4

 
0.

0
0

3
 

0.
0

0
8

 
0.

4
7

8
 

0.
4

7
8

 
2.

4
6

0
 

D
a

ir
y 

fr
ee

 
0.

00
4

 
0.

0
0

8
 

0.
0

2
0

 
0.

2
8

2
 

0.
2

8
2

 
2.

5
2

3
 

0.
0

0
3

 
0.

0
1

0
 

0.
0

2
2

 
0.

3
9

2
 

0.
3

9
2

 
2.

0
1

3
 

P
ro

b
io

tic
 f

oo
ds

 
0.

00
6

 
0.

0
0

2
 

0.
0

0
6

 
0.

4
2

6
 

0.
4

2
6

 
3.

8
1

7
 

0.
0

0
5

 
0.

0
0

3
 

0.
0

0
8

 
0.

5
6

3
 

0.
5

6
3

 
2.

8
9

4
 

P
re

b
io

tic
 f

oo
ds

 
0.

01
4

 
0.

0
0

1
 

0.
0

0
4

 
0.

9
7

0
 

0.
9

7
0

 
8.

7
7

3
 

0.
0

1
1

 
0.

0
0

1
 

0.
0

0
4

 
1.

3
1

5
 

1.
3

1
5

 
6.

8
1

1
 

P
ro

b
io

tic
 s

up
p

le
m

en
ts

 
0.

00
6

 
0.

0
0

2
 

0.
0

0
6

 
0.

4
3

1
 

0.
4

3
1

 
3.

8
6

9
 

0.
0

0
5

 
0.

0
0

2
 

0.
0

0
6

 
0.

6
2

3
 

0.
6

2
3

 
3.

2
0

9
 

P
re

b
io

tic
 s

up
p

le
m

en
ts

 
0.

00
3

 
0.

0
2

0
 

0.
0

4
2

 
0.

2
3

9
 

0.
2

3
9

 
2.

1
4

3
 

0.
0

0
3

 
0.

0
1

5
 

0.
0

3
0

 
0.

3
5

7
 

0.
3

5
7

 
1.

8
3

6
 

T
ot

al
 s

u
pp

le
m

e
nt

s 
0.

01
2

 
0.

0
0

1
 

0.
0

0
4

 
0.

8
8

0
 

0.
8

8
0

 
7.

9
4

4
 

0.
0

0
9

 
0.

0
0

1
 

0.
0

0
4

 
1.

1
8

8
 

1.
1

8
8

 
6.

1
4

6
 

H
e

al
th

 &
 l

if
e

st
yl

e
 

C
a

es
ar

ea
n 

se
ct

io
n

 
0.

00
2

 
0.

6
0

8
 

0.
6

8
6

 
0.

0
9

1
 

0.
0

9
1

 
0.

8
3

3
 

0.
0

0
2

 
0.

7
0

0
 

0.
7

7
0

 
0.

1
6

0
 

0.
1

6
0

 
0.

8
2

8
 

P
re

m
at

u
re

 b
irt

h
 

0.
00

1
 

0.
6

8
4

 
0.

7
5

3
 

0.
0

8
6

 
0.

0
8

6
 

0.
7

6
3

 
0.

0
0

1
 

0.
7

2
9

 
0.

7
8

3
 

0.
1

5
8

 
0.

1
5

8
 

0.
8

0
7

 
F

o
rm

ul
a-

fe
d 

0.
00

3
 

0.
0

7
3

 
0.

1
0

7
 

0.
1

9
4

 
0.

1
9

4
 

1.
7

2
7

 
0.

0
0

3
 

0.
0

8
6

 
0.

1
2

6
 

0.
2

8
6

 
0.

2
8

6
 

1.
4

6
7

 
G

e
ne

ra
l h

e
a

lth
 

0.
01

2
 

0.
0

0
1

 
0.

0
0

4
 

0.
8

5
9

 
0.

8
5

9
 

7.
7

6
5

 
0.

0
0

9
 

0.
0

0
1

 
0.

0
0

4
 

1.
1

1
1

 
1.

1
1

1
 

5.
7

4
7

 
B

o
d

y 
m

as
s 

in
d

ex
 

0.
00

4
 

0.
0

2
1

 
0.

0
4

2
 

0.
2

5
2

 
0.

2
5

2
 

2.
2

6
1

 
0.

0
0

3
 

0.
0

1
0

 
0.

0
2

2
 

0.
4

0
1

 
0.

4
0

1
 

2.
0

6
1

 
D

a
ys

 e
xe

rc
is

e
 

0.
00

3
 

0.
0

4
3

 
0.

0
7

3
 

0.
2

0
4

 
0.

2
0

4
 

1.
8

2
8

 
0.

0
0

2
 

0.
0

4
3

 
0.

0
7

0
 

0.
3

0
2

 
0.

3
0

2
 

1.
5

5
3

 
T

ra
ve

l a
b

ro
a

d/
yr

 
0.

00
7

 
0.

0
0

1
 

0.
0

0
4

 
0.

4
7

8
 

0.
4

7
8

 
4.

2
9

7
 

0.
0

0
5

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
7

2
 

0.
6

7
2

 
3.

4
6

2
 

D
iff

er
en

t c
ou

nt
ri

e
s/

yr
 

0.
00

7
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

4
4

 
0.

5
4

4
 

4.
8

8
1

 
0.

0
0

6
 

0.
0

0
1

 
0.

0
0

4
 

0.
7

5
2

 
0.

7
5

2
 

3.
8

6
8

 
S

le
ep

 q
ua

lit
y 

0.
00

5
 

0.
0

0
1

 
0.

0
0

4
 

0.
3

6
5

 
0.

3
6

5
 

3.
2

6
9

 
0.

0
0

4
 

0.
0

0
1

 
0.

0
0

4
 

0.
4

8
2

 
0.

4
8

2
 

2.
4

8
0

 
P

a
in

 to
le

ra
nc

e
 

0.
00

1
 

0.
8

8
1

 
0.

8
8

1
 

0.
0

6
4

 
0.

0
6

4
 

0.
5

7
2

 
0.

0
0

1
 

0.
8

8
4

 
0.

9
0

5
 

0.
1

3
6

 
0.

1
3

6
 

0.
6

9
6

 
A

lle
rg

y/
as

th
m

a
/e

cz
em

a 
0.

00
1

 
0.

5
7

4
 

0.
6

6
5

 
0.

0
9

6
 

0.
0

9
6

 
0.

8
5

7
 

0.
0

0
1

 
0.

5
7

5
 

0.
6

6
6

 
0.

1
7

6
 

0.
1

7
6

 
0.

9
0

4
 

 T
ab

le
 A

.7
.  

R
e

su
lt

s
 o

f 
P

E
R

M
A

N
O

V
A

 to
 te

st
 f

o
r 

a
n

 a
s

so
ci

at
io

n
 b

et
w

ee
n

 g
u

t 
m

ic
ro

b
io

m
e

 c
o

m
p

o
si

ti
o

n
 a

n
d

 s
tu

d
y

 v
a

ri
ab

le
s.

  P
E

R
M

A
N

O
V

A
 w

ith
 1

,0
00

 p
er

m
u

ta
tio

ns
 

w
a

s 
co

n
du

ct
e

d 
on

 b
o

th
 B

ra
y–

C
ur

tis
 a

n
d 

Ja
cc

ar
d 

d
is

ta
n

ce
 m

a
tr

ic
e

s.
  

H
ig

h
lig

ht
ed

 c
el

ls
 d

e
n

o
te

 s
ig

ni
fic

a
nt

 a
ss

oc
ia

tio
ns

 w
he

re
 P

 <
 0

.0
5

 a
n

d 
P

a
d

j <
 0

.1
. 

 V
a

lu
es

 i
n 

b
ol

d 

in
d

ic
at

e
 P

a
dj
 <

 0
.0

5
. 



Appendix 173 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

B
ra

y
–C

u
rt

is
 d

is
ta

n
c

e
 m

at
ri

x
 

Ja
cc

ar
d

 d
is

ta
n

c
e

 m
a

tr
ix

 

R
2  

P
 v

a
lu

e
 

P
a

dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 
R

2  
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 

H
e

al
th

 &
 l

if
e

st
yl

e 
(c

o
n

t.
) 

M
e

nt
al

 il
ln

es
s 

0.
00

4
 

0.
0

0
9

 
0.

0
2

0
 

0.
2

9
4

 
0.

2
9

4
 

2.
6

3
2

 
0.

0
0

3
 

0.
0

0
6

 
0.

0
1

5
 

0.
4

3
3

 
0.

4
3

3
 

2.
2

2
6

 
S

m
ok

in
g 

hi
st

o
ry

 
0.

00
2

 
0.

3
7

9
 

0.
4

5
0

 
0.

1
1

5
 

0.
1

1
5

 
1.

0
2

8
 

0.
0

0
2

 
0.

4
0

3
 

0.
4

7
9

 
0.

1
9

6
 

0.
1

9
6

 
1.

0
0

5
 

A
lc

oh
ol

/d
ru

g
 h

is
to

ry
 

0.
00

2
 

0.
3

7
0

 
0.

4
5

0
 

0.
1

1
9

 
0.

1
1

9
 

1.
0

5
9

 
0.

0
0

2
 

0.
4

0
2

 
0.

4
7

9
 

0.
1

9
8

 
0.

1
9

8
 

1.
0

1
9

 
A

n
tib

io
tic

s 
la

st
 6

 m
o

s 
0.

00
8

 
0.

0
0

1
 

0.
0

0
4

 
0.

5
6

7
 

0.
5

6
7

 
5.

0
9

4
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

7
6

0
 

0.
7

6
0

 
3.

9
1

7
 

S
to

m
ac

h 
si

ck
ne

ss
 fr

eq
 

0.
00

8
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

8
1

 
0.

5
8

1
 

5.
2

2
9

 
0.

0
0

6
 

0.
0

0
1

 
0.

0
0

4
 

0.
7

1
6

 
0.

7
1

6
 

3.
6

9
1

 
C

o
ns

tip
at

io
n

 f
re

q
 

0.
00

9
 

0.
0

0
1

 
0.

0
0

4
 

0.
6

2
0

 
0.

6
2

0
 

5.
5

7
6

 
0.

0
0

7
 

0.
0

0
1

 
0.

0
0

4
 

0.
8

6
0

 
0.

8
6

0
 

4.
4

3
8

 
G

u
t c

on
d

iti
on

 
0.

00
7

 
0.

0
0

2
 

0.
0

0
6

 
0.

5
0

1
 

0.
5

0
1

 
4.

5
0

2
 

0.
0

0
6

 
0.

0
0

2
 

0.
0

0
6

 
0.

7
4

0
 

0.
7

4
0

 
3.

8
1

4
 

C
a

nc
er

 
0.

00
4

 
0.

0
0

5
 

0.
0

1
3

 
0.

3
2

5
 

0.
3

2
5

 
2.

9
1

5
 

0.
0

0
4

 
0.

0
0

3
 

0.
0

0
8

 
0.

5
0

0
 

0.
5

0
0

 
2.

5
7

1
 

C
h

ro
n

ic
 in

fe
ct

io
us

 d
is

e
as

e
 

0.
0

0
3

 
0.

0
3

8
 

0.
0

6
7

 
0.

2
2

8
 

0.
2

2
8

 
2.

0
3

8
 

0.
0

0
3

 
0.

0
2

9
 

0.
0

5
1

 
0.

3
5

2
 

0.
3

5
2

 
1.

8
0

9
 

Im
m

u
no

de
fic

ie
nc

y 
0.

00
5

 
0.

0
0

1
 

0.
0

0
4

 
0.

3
9

4
 

0.
3

9
4

 
3.

5
3

1
 

0.
0

0
5

 
0.

0
0

1
 

0.
0

0
4

 
0.

5
8

8
 

0.
5

8
8

 
3.

0
2

3
 

S
o

ci
o

d
em

o
g

ra
p

h
ic

s
 

G
e

nd
er

 
0.

00
7

 
0.

0
0

9
 

0.
0

2
0

 
0.

2
8

9
 

0.
2

8
9

 
2.

7
3

0
 

0.
0

0
5

 
0.

0
1

2
 

0.
0

2
5

 
0.

3
9

5
 

0.
3

9
5

 
2.

0
9

0
 

A
g

e
 

0.
00

7
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

3
8

 
0.

5
3

8
 

4.
8

3
8

 
0.

0
0

6
 

0.
0

0
1

 
0.

0
0

4
 

0.
7

3
3

 
0.

7
3

3
 

3.
7

7
9

 
U

n
em

pl
o

ye
d

 
0.

00
3

 
0.

0
3

0
 

0.
0

5
5

 
0.

2
3

2
 

0.
2

3
2

 
2.

0
7

4
 

0.
0

0
3

 
0.

0
2

9
 

0.
0

5
1

 
0.

3
4

3
 

0.
3

4
3

 
1.

7
6

1
 

S
ib

lin
gs

 
0.

00
2

 
0.

2
4

0
 

0.
3

1
0

 
0.

1
3

6
 

0.
1

3
6

 
1.

2
1

4
 

0.
0

0
2

 
0.

2
7

4
 

0.
3

5
4

 
0.

2
1

6
 

0.
2

1
6

 
1.

1
1

1
 

D
o

g 
o

w
ne

r 
0.

00
3

 
0.

0
5

3
 

0.
0

8
6

 
0.

1
9

5
 

0.
1

9
5

 
1.

7
4

2
 

0.
0

0
2

 
0.

0
6

3
 

0.
0

9
9

 
0.

2
9

2
 

0.
2

9
2

 
1.

4
9

8
 

C
a

t o
w

ne
r 

0.
00

1
 

0.
7

1
8

 
0.

7
5

4
 

0.
0

8
0

 
0.

0
8

0
 

0.
7

1
2

 
0.

0
0

1
 

0.
7

8
8

 
0.

8
2

6
 

0.
1

4
6

 
0.

1
4

6
 

0.
7

5
0

 
 T

ab
le

 A
.7

.  
(c

o
n

t.
)  



174 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

B
ra

y
–C

u
rt

is
 d

is
ta

n
c

e
 m

at
ri

x
 

Ja
cc

ar
d

 d
is

ta
n

c
e

 m
a

tr
ix

 

R
2  

P
 v

a
lu

e
 

P
a

dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 
R

2  
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 

F
o

o
d

 

E
n

er
g

y 
(k

ca
l)

 
0

.0
0

3
 

0.
0

7
4

 
0.

1
5

3
 

0.
1

8
4

 
0.

1
8

4
 

1.
6

5
8

 
0.

0
0

2
 

0.
0

6
1

 
0.

1
3

1
 

0.
2

9
4

 
0.

2
9

4
 

1.
5

1
8

 
M

e
at

 
0

.0
0

2
 

0.
3

8
7

 
0.

5
5

0
 

0.
1

1
7

 
0.

1
1

7
 

1.
0

5
0

 
0.

0
0

2
 

0.
5

1
5

 
0.

6
4

1
 

0.
1

8
3

 
0.

1
8

3
 

0.
9

4
3

 
F

is
h 

0
.0

0
3

 
0.

1
0

3
 

0.
1

9
2

 
0.

1
7

0
 

0.
1

7
0

 
1.

5
3

1
 

0.
0

0
2

 
0.

1
1

7
 

0.
2

1
1

 
0.

2
6

1
 

0.
2

6
1

 
1.

3
4

5
 

E
g

gs
 

0
.0

0
1

 
0.

5
2

1
 

0.
6

6
4

 
0.

0
9

8
 

0.
0

9
8

 
0.

8
7

9
 

0.
0

0
2

 
0.

5
2

5
 

0.
6

4
1

 
0.

1
7

9
 

0.
1

7
9

 
0.

9
2

5
 

M
ilk

 p
ro

du
ct

s 
0

.0
0

3
 

0.
0

9
1

 
0.

1
8

2
 

0.
1

8
3

 
0.

1
8

3
 

1.
6

4
7

 
0.

0
0

3
 

0.
0

7
4

 
0.

1
4

3
 

0.
2

9
8

 
0.

2
9

8
 

1.
5

3
7

 
F

a
ts

 &
 o

ils
 

0
.0

0
1

 
0.

8
6

1
 

0.
8

6
1

 
0.

0
6

4
 

0.
0

6
4

 
0.

5
7

4
 

0.
0

0
1

 
0.

7
3

9
 

0.
8

2
8

 
0.

1
5

2
 

0.
1

5
2

 
0.

7
8

3
 

P
o

ta
to

e
s 

0
.0

0
3

 
0.

0
5

4
 

0.
1

2
1

 
0.

1
9

5
 

0.
1

9
5

 
1.

7
5

0
 

0.
0

0
3

 
0.

0
5

3
 

0.
1

2
4

 
0.

2
9

8
 

0.
2

9
8

 
1.

5
3

6
 

F
ru

it 
0

.0
0

8
 

0.
0

0
1

 
0.

0
0

5
 

0.
5

6
0

 
0.

5
6

0
 

5.
0

6
2

 
0.

0
0

7
 

0.
0

0
1

 
0.

0
0

4
 

0.
7

7
9

 
0.

7
7

9
 

4.
0

3
5

 
V

e
g

e
ta

b
le

s 
0

.0
0

4
 

0.
0

1
3

 
0.

0
4

0
 

0.
2

4
7

 
0.

2
4

7
 

2.
2

1
9

 
0.

0
0

3
 

0.
0

1
2

 
0.

0
3

5
 

0.
3

6
2

 
0.

3
6

2
 

1.
8

6
6

 
C

e
re

a
ls

 
0

.0
0

6
 

0.
0

0
1

 
0.

0
0

5
 

0.
4

1
1

 
0.

4
1

1
 

3.
7

0
5

 
0.

0
0

5
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

7
8

 
0.

5
7

8
 

2.
9

8
6

 
N

u
ts

 &
 s

e
ed

s 
0

.0
0

1
 

0.
6

0
7

 
0.

7
0

9
 

0.
0

9
1

 
0.

0
9

1
 

0.
8

1
6

 
0.

0
0

2
 

0.
5

1
4

 
0.

6
4

1
 

0.
1

8
4

 
0.

1
8

4
 

0.
9

4
8

 
S

u
g

a
rs

 &
 s

n
ac

ks
 

0
.0

0
3

 
0.

0
9

5
 

0.
1

8
3

 
0.

1
7

6
 

0.
1

7
6

 
1.

5
8

5
 

0.
0

0
2

 
0.

0
8

5
 

0.
1

5
9

 
0.

2
7

9
 

0.
2

7
9

 
1.

4
4

1
 

S
o

u
p

s 
&

 s
a

u
ce

s 
0

.0
0

2
 

0.
1

9
6

 
0.

3
3

2
 

0.
1

4
7

 
0.

1
4

7
 

1.
3

2
2

 
0.

0
0

2
 

0.
1

9
0

 
0.

3
2

2
 

0.
2

4
1

 
0.

2
4

1
 

1.
2

4
2

 

M
ac

ro
n

u
tr

ie
n

ts
 

P
ro

te
in

 
0

.0
0

1
 

0.
7

8
9

 
0.

8
4

0
 

0.
0

7
1

 
0.

0
7

1
 

0.
6

4
1

 
0.

0
0

1
 

0.
8

5
7

 
0.

8
7

3
 

0.
1

3
6

 
0.

1
3

6
 

0.
6

9
9

 
C

a
rb

oh
yd

ra
te

 -
 f

ru
ct

os
e 

0
.0

0
9

 
0.

0
0

1
 

0.
0

0
5

 
0.

6
2

1
 

0.
6

2
1

 
5.

6
2

4
 

0.
0

0
7

 
0.

0
0

1
 

0.
0

0
4

 
0.

8
3

1
 

0.
8

3
1

 
4.

3
0

3
 

C
a

rb
oh

yd
ra

te
 -

 g
al

a
ct

o
se

 
0

.0
0

1
 

0.
6

3
1

 
0.

7
2

2
 

0.
0

8
5

 
0.

0
8

5
 

0.
7

6
2

 
0.

0
0

1
 

0.
6

2
9

 
0.

7
3

4
 

0.
1

6
4

 
0.

1
6

4
 

0.
8

4
4

 
C

a
rb

oh
yd

ra
te

 -
 g

lu
co

se
 

0
.0

0
8

 
0.

0
0

1
 

0.
0

0
5

 
0.

5
5

6
 

0.
5

5
6

 
5.

0
2

5
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

7
4

6
 

0.
7

4
6

 
3.

8
6

0
 

C
a

rb
oh

yd
ra

te
 -

 la
ct

os
e

 
0

.0
0

3
 

0.
0

7
3

 
0.

1
5

3
 

0.
1

8
6

 
0.

1
8

6
 

1.
6

7
4

 
0.

0
0

3
 

0.
0

6
4

 
0.

1
3

3
 

0.
2

9
9

 
0.

2
9

9
 

1.
5

4
1

 
C

a
rb

oh
yd

ra
te

 -
 m

al
to

se
 

0
.0

0
4

 
0.

0
1

2
 

0.
0

3
9

 
0.

2
7

5
 

0.
2

7
5

 
2.

4
7

4
 

0.
0

0
3

 
0.

0
0

8
 

0.
0

2
6

 
0.

4
0

9
 

0.
4

0
9

 
2.

1
1

1
 

C
a

rb
oh

yd
ra

te
 -

 s
ta

rc
h

 
0

.0
0

6
 

0.
0

0
1

 
0.

0
0

5
 

0.
3

8
2

 
0.

3
8

2
 

3.
4

4
4

 
0.

0
0

5
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

5
0

 
0.

5
5

0
 

2.
8

4
3

 
C

a
rb

oh
yd

ra
te

 -
 s

uc
ro

se
 

0
.0

0
6

 
0.

0
0

2
 

0.
0

0
8

 
0.

3
9

9
 

0.
3

9
9

 
3.

6
0

1
 

0.
0

0
5

 
0.

0
0

2
 

0.
0

0
8

 
0.

5
5

8
 

0.
5

5
8

 
2.

8
8

5
 

C
a

rb
oh

yd
ra

te
 -

 s
ug

ar
s 

(t
ot

a
l) 

0
.0

0
7

 
0.

0
0

1
 

0.
0

0
5

 
0.

4
9

7
 

0.
4

9
7

 
4.

4
9

2
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
7

7
 

0.
6

7
7

 
3.

5
0

1
 

C
a

rb
oh

yd
ra

te
 -

 t
o

ta
l 

0
.0

0
8

 
0.

0
0

1
 

0.
0

0
5

 
0.

5
1

3
 

0.
5

1
3

 
4.

6
3

4
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

7
1

3
 

0.
7

1
3

 
3.

6
8

8
 

F
ib

re
 

0
.0

0
8

 
0.

0
0

1
 

0.
0

0
5

 
0.

5
1

3
 

0.
5

1
3

 
4.

6
3

4
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
9

1
 

0.
6

9
1

 
3.

5
7

6
 

M
o

no
un

sa
tu

ra
te

d
 f

a
tt

y 
ac

id
s 

0
.0

0
1

 
0.

8
2

5
 

0.
8

4
0

 
0.

0
7

1
 

0.
0

7
1

 
0.

6
4

0
 

0.
0

0
1

 
0.

8
7

3
 

0.
8

7
3

 
0.

1
3

9
 

0.
1

3
9

 
0.

7
1

5
 

P
o

ly
u

ns
at

ur
a

te
d 

fa
tt

y 
ac

id
s 

0
.0

0
1

 
0.

8
0

2
 

0.
8

4
0

 
0.

0
7

4
 

0.
0

7
4

 
0.

6
6

0
 

0.
0

0
1

 
0.

8
3

6
 

0.
8

7
3

 
0.

1
4

2
 

0.
1

4
2

 
0.

7
3

2
 

S
a

tu
ra

te
d

 f
at

ty
 a

ci
d

s 
0

.0
0

1
 

0.
6

0
7

 
0.

7
0

9
 

0.
0

9
2

 
0.

0
9

2
 

0.
8

2
7

 
0.

0
0

2
 

0.
5

2
6

 
0.

6
4

1
 

0.
1

8
0

 
0.

1
8

0
 

0.
9

2
5

 
F

a
t -

 to
ta

l 
0

.0
0

1
 

0.
7

9
5

 
0.

8
4

0
 

0.
0

7
4

 
0.

0
7

4
 

0.
6

6
1

 
0.

0
0

1
 

0.
8

1
1

 
0.

8
7

3
 

0.
1

4
5

 
0.

1
4

5
 

0.
7

4
5

 
C

h
ol

es
te

ro
l 

0
.0

0
2

 
0.

2
9

3
 

0.
4

3
1

 
0.

1
2

7
 

0.
1

2
7

 
1.

1
3

8
 

0.
0

0
2

 
0.

2
8

5
 

0.
4

4
3

 
0.

2
1

3
 

0.
2

1
3

 
1.

0
9

7
 

 

T
ab

le
 A

.8
. 

 R
es

u
lt

s
 o

f 
P

E
R

M
A

N
O

V
A

 t
o

 t
e

st
 f

o
r 

a
n

 a
s

so
c

ia
ti

o
n

 b
et

w
ee

n
 g

u
t 

m
ic

ro
b

io
m

e
 c

o
m

p
o

s
it

io
n

 a
n

d
 n

u
tr

ie
n

t 
v

a
ri

a
b

le
s

. 
 P

E
R

M
A

N
O

V
A

 w
ith

 1
,0

0
0

 

pe
rm

u
ta

tio
n

s 
w

as
 c

o
nd

uc
te

d 
o

n 
bo

th
 B

ra
y–

C
ur

tis
 a

n
d

 J
ac

ca
rd

 d
is

ta
nc

e
 m

at
ri

ce
s.

  
H

ig
h

lig
ht

ed
 c

e
lls

 d
e

n
o

te
 s

ig
ni

fic
an

t 
as

so
ci

a
tio

n
s 

w
h

e
re

 P
 <

 0
.0

5
 a

n
d 

P
a

dj
 <

 0
.1

.  

V
a

lu
es

 in
 b

o
ld

 in
d

ic
a

te
 P

a
dj
 <

 0
.0

5.
 



Appendix 175 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

B
ra

y
–C

u
rt

is
 d

is
ta

n
c

e
 m

at
ri

x
 

Ja
cc

ar
d

 d
is

ta
n

c
e

 m
a

tr
ix

 

R
2  

P
 v

al
ue

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 
R

2  
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 

M
in

er
a

ls
 

C
a

lc
iu

m
 

0
.0

0
3

 
0.

0
4

4
 

0.
1

0
9

 
0.

2
1

5
 

0.
2

1
5

 
1.

9
3

3
 

0.
0

0
3

 
0.

0
3

7
 

0.
0

9
4

 
0.

3
3

0
 

0.
3

3
0

 
1.

7
0

0
 

C
h

lo
ri

d
e

 
0

.0
0

2
 

0.
2

8
1

 
0.

4
2

5
 

0.
1

2
9

 
0.

1
2

9
 

1.
1

6
2

 
0.

0
0

2
 

0.
2

8
1

 
0.

4
4

3
 

0.
2

1
8

 
0.

2
1

8
 

1.
1

2
4

 
C

o
pp

er
 

0
.0

0
2

 
0.

1
2

5
 

0.
2

2
6

 
0.

1
6

5
 

0.
1

6
5

 
1.

4
8

3
 

0.
0

0
2

 
0.

0
7

1
 

0.
1

4
2

 
0.

2
8

9
 

0.
2

8
9

 
1.

4
8

9
 

Io
d

in
e

 
0

.0
0

2
 

0.
2

7
7

 
0.

4
2

5
 

0.
1

3
3

 
0.

1
3

3
 

1.
1

9
5

 
0.

0
0

2
 

0.
3

0
7

 
0.

4
5

2
 

0.
2

1
5

 
0.

2
1

5
 

1.
1

0
7

 
Ir

o
n

 
0

.0
0

4
 

0.
0

0
7

 
0.

0
2

6
 

0.
2

9
4

 
0.

2
9

4
 

2.
6

4
7

 
0.

0
0

4
 

0.
0

0
7

 
0.

0
2

6
 

0.
4

2
2

 
0.

4
2

2
 

2.
1

7
8

 
M

a
gn

es
iu

m
 

0
.0

0
7

 
0.

0
0

1
 

0.
0

0
5

 
0.

4
7

7
 

0.
4

7
7

 
4.

3
0

4
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
5

8
 

0.
6

5
8

 
3.

4
0

3
 

M
a

ng
an

es
e

 
0

.0
0

9
 

0.
0

0
1

 
0.

0
0

5
 

0.
5

9
0

 
0.

5
9

0
 

5.
3

4
3

 
0.

0
0

7
 

0.
0

0
1

 
0.

0
0

4
 

0.
8

1
0

 
0.

8
1

0
 

4.
1

9
5

 
N

itr
o

g
e

n
 

0
.0

0
1

 
0.

7
9

5
 

0.
8

4
0

 
0.

0
7

1
 

0.
0

7
1

 
0.

6
4

1
 

0.
0

0
1

 
0.

8
5

0
 

0.
8

7
3

 
0.

1
3

6
 

0.
1

3
6

 
0.

6
9

9
 

P
h

os
p

h
or

us
 

0
.0

0
2

 
0.

1
4

0
 

0.
2

4
5

 
0.

1
6

8
 

0.
1

6
8

 
1.

5
1

0
 

0.
0

0
2

 
0.

1
2

7
 

0.
2

2
2

 
0.

2
6

6
 

0.
2

6
6

 
1.

3
7

0
 

P
o

ta
ss

iu
m

 
0

.0
0

7
 

0.
0

0
1

 
0.

0
0

5
 

0.
4

4
4

 
0.

4
4

4
 

4.
0

0
5

 
0.

0
0

5
 

0.
0

0
1

 
0.

0
0

4
 

0.
6

1
7

 
0.

6
1

7
 

3.
1

8
9

 
S

e
le

n
iu

m
 

0
.0

0
1

 
0.

5
5

7
 

0.
6

7
9

 
0.

0
9

3
 

0.
0

9
3

 
0.

8
3

8
 

0.
0

0
1

 
0.

6
7

7
 

0.
7

7
4

 
0.

1
5

9
 

0.
1

5
9

 
0.

8
2

0
 

S
o

d
iu

m
 

0
.0

0
2

 
0.

4
0

7
 

0.
5

5
0

 
0.

1
1

3
 

0.
1

1
3

 
1.

0
1

3
 

0.
0

0
2

 
0.

4
1

8
 

0.
5

6
3

 
0.

1
9

6
 

0.
1

9
6

 
1.

0
1

1
 

Z
in

c 
0

.0
0

1
 

0.
8

1
4

 
0.

8
4

0
 

0.
0

7
1

 
0.

0
7

1
 

0.
6

3
6

 
0.

0
0

1
 

0.
8

7
2

 
0.

8
7

3
 

0.
1

3
6

 
0.

1
3

6
 

0.
6

9
9

 

V
it

am
in

s
 

A
lp

ha
 c

ar
o

te
n

e
 

0
.0

0
2

 
0.

2
2

1
 

0.
3

6
4

 
0.

1
4

2
 

0.
1

4
2

 
1.

2
7

6
 

0.
0

0
2

 
0.

1
9

9
 

0.
3

2
7

 
0.

2
4

0
 

0.
2

4
0

 
1.

2
3

5
 

B
e

ta
 c

a
ro

te
n

e
 

0
.0

0
3

 
0.

0
4

5
 

0.
1

0
9

 
0.

2
0

0
 

0.
2

0
0

 
1.

7
9

7
 

0.
0

0
3

 
0.

0
3

5
 

0.
0

9
3

 
0.

3
0

5
 

0.
3

0
5

 
1.

5
7

3
 

C
a

ro
te

n
e 

- 
to

ta
l 

0
.0

0
3

 
0.

0
4

7
 

0.
1

1
0

 
0.

2
0

4
 

0.
2

0
4

 
1.

8
3

2
 

0.
0

0
3

 
0.

0
4

5
 

0.
1

0
9

 
0.

3
1

2
 

0.
3

1
2

 
1.

6
0

7
 

V
ita

m
in

 A
 -

 r
et

in
o

l 
0

.0
0

1
 

0.
5

1
6

 
0.

6
6

4
 

0.
0

9
5

 
0.

0
9

5
 

0.
8

5
1

 
0.

0
0

2
 

0.
4

2
3

 
0.

5
6

3
 

0.
1

9
1

 
0.

1
9

1
 

0.
9

8
3

 
V

ita
m

in
 A

 -
 r

et
in

o
l e

qu
iv

s 
0

.0
0

2
 

0.
4

1
3

 
0.

5
5

0
 

0.
1

0
9

 
0.

1
0

9
 

0.
9

8
3

 
0.

0
0

2
 

0.
3

3
6

 
0.

4
8

1
 

0.
2

0
9

 
0.

2
0

9
 

1.
0

7
8

 
V

ita
m

in
 B

1 
- 

th
ia

m
in

 
0

.0
0

6
 

0.
0

0
2

 
0.

0
0

8
 

0.
4

0
4

 
0.

4
0

4
 

3.
6

4
8

 
0.

0
0

5
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

7
9

 
0.

5
7

9
 

2.
9

9
3

 
V

ita
m

in
 B

2 
- 

ri
b

of
la

vi
n

 
0

.0
0

3
 

0.
0

3
6

 
0.

1
0

1
 

0.
2

2
7

 
0.

2
2

7
 

2.
0

4
0

 
0.

0
0

3
 

0.
0

2
7

 
0.

0
7

6
 

0.
3

4
3

 
0.

3
4

3
 

1.
7

7
1

 
V

ita
m

in
 B

3 
- 

n
ia

ci
n

 
0

.0
0

1
 

0.
5

4
3

 
0.

6
7

6
 

0.
0

9
7

 
0.

0
9

7
 

0.
8

7
2

 
0.

0
0

1
 

0.
5

9
5

 
0.

7
0

9
 

0.
1

7
2

 
0.

1
7

2
 

0.
8

8
4

 
V

ita
m

in
 B

6 
- 

p
yr

id
ox

in
e

 
0

.0
0

4
 

0.
0

1
4

 
0.

0
4

1
 

0.
2

6
3

 
0.

2
6

3
 

2.
3

6
5

 
0.

0
0

3
 

0.
0

0
8

 
0.

0
2

6
 

0.
3

9
4

 
0.

3
9

4
 

2.
0

3
2

 
V

ita
m

in
 B

9 
- 

fo
la

te
 

0
.0

0
4

 
0.

0
0

9
 

0.
0

3
1

 
0.

2
9

7
 

0.
2

9
7

 
2.

6
7

2
 

0.
0

0
4

 
0.

0
1

2
 

0.
0

3
5

 
0.

4
2

3
 

0.
4

2
3

 
2.

1
8

2
 

V
ita

m
in

 B
12

 -
 c

o
b

a
la

m
in

 
0

.0
0

2
 

0.
4

0
8

 
0.

5
5

0
 

0.
1

1
4

 
0.

1
1

4
 

1.
0

2
1

 
0.

0
0

2
 

0.
3

4
4

 
0.

4
8

1
 

0.
2

0
7

 
0.

2
0

7
 

1.
0

6
9

 
V

ita
m

in
 C

 -
 a

sc
or

bi
c 

a
ci

d
 

0
.0

0
5

 
0.

0
0

2
 

0.
0

0
8

 
0.

3
1

6
 

0.
3

1
6

 
2.

8
4

8
 

0.
0

0
4

 
0.

0
0

1
 

0.
0

0
4

 
0.

4
6

1
 

0.
4

6
1

 
2.

3
7

9
 

V
ita

m
in

 D
 -

 e
rg

oc
a

lc
ife

ro
l 

0
.0

0
2

 
0.

2
5

6
 

0.
4

0
9

 
0.

1
3

4
 

0.
1

3
4

 
1.

2
0

0
 

0.
0

0
2

 
0.

3
0

6
 

0.
4

5
2

 
0.

2
1

3
 

0.
2

1
3

 
1.

0
9

8
 

V
ita

m
in

 E
 -

 a
lp

h
a

 to
co

ph
er

o
l e

qu
iv

s 
0

.0
0

3
 

0.
0

4
5

 
0.

1
0

9
 

0.
1

9
7

 
0.

1
9

7
 

1.
7

7
4

 
0.

0
0

2
 

0.
0

5
6

 
0.

1
2

5
 

0.
2

9
3

 
0.

2
9

3
 

1.
5

1
2

 
 

T
ab

le
 A

.8
.  

(c
o

n
t.

)  



176 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

A
k

ke
rm

a
n

s
ia

 

P
 v

a
lu

e
 

0.
1

8
6

 
0.

5
3

2
 

0.
6

5
2

 
0.

0
4

7
 

0.
5

6
3

 
0.

4
1

2
 

0.
4

9
1

 
0.

1
9

6
 

0.
0

0
5

 
0.

4
5

8
 

C
o

ef
fic

ie
n

t 
0.

1
5

1
 

0.
0

5
5

 
0.

1
9

4
 

0.
0

2
9

 
0.

0
1

8
 

-0
.5

02
 

-0
.2

63
 

-0
.5

14
 

-1
.5

11
 

-0
.2

84
 

Lo
w

e
r 

C
L

 
-0

.0
73

 
-0

.1
18

 
-0

.6
49

 
0.

0
0

0
 

-0
.0

43
 

-1
.7

02
 

-1
.0

10
 

-1
.2

92
 

-2
.5

57
 

-1
.0

33
 

U
p

pe
r 

C
L

 
0.

3
7

5
 

0.
2

2
8

 
1.

0
3

7
 

0.
0

5
8

 
0.

0
7

9
 

0.
6

9
7

 
0.

4
8

5
 

0.
2

6
5

 
-0

.4
65

 
0.

4
6

6
 

A
li

st
ip

es
 

P
 v

a
lu

e
 

0.
9

7
5

 
0.

2
5

3
 

0.
9

1
4

 
0.

0
0

2
 

0.
0

2
0

 
0.

7
6

9
 

0.
8

8
6

 
0.

5
9

8
 

0.
1

6
1

 
0.

8
5

2
 

C
o

ef
fic

ie
n

t 
-0

.0
02

 
0.

0
4

8
 

0.
0

2
2

 
0.

0
2

2
 

-0
.0

34
 

0.
0

8
5

 
-0

.0
26

 
-0

.0
99

 
-0

.3
53

 
-0

.0
34

 
Lo

w
e

r 
C

L
 

-0
.1

07
 

-0
.0

34
 

-0
.3

76
 

0.
0

0
8

 
-0

.0
63

 
-0

.4
81

 
-0

.3
79

 
-0

.4
66

 
-0

.8
47

 
-0

.3
87

 
U

p
pe

r 
C

L
 

0.
1

0
4

 
0.

1
2

9
 

0.
4

2
0

 
0.

0
3

6
 

-0
.0

05
 

0.
6

5
1

 
0.

3
2

7
 

0.
2

6
8

 
0.

1
4

0
 

0.
3

2
0

 

B
a

ct
er

o
id

es
 

P
 v

a
lu

e
 

0.
2

5
9

 
0.

5
5

5
 

0.
7

7
4

 
0.

5
6

4
 

0.
8

1
7

 
0.

4
5

5
 

0.
1

0
0

 
0.

2
1

7
 

0.
9

0
9

 
0.

3
1

8
 

C
o

ef
fic

ie
n

t 
0.

0
3

1
 

0.
0

1
2

 
0.

0
2

9
 

-0
.0

02
 

0.
0

0
2

 
-0

.1
08

 
0.

1
4

8
 

0.
1

1
6

 
0.

0
1

4
 

0.
0

9
0

 
Lo

w
e

r 
C

L
 

-0
.0

22
 

-0
.0

29
 

-0
.1

70
 

-0
.0

09
 

-0
.0

13
 

-0
.3

92
 

-0
.0

29
 

-0
.0

68
 

-0
.2

33
 

-0
.0

87
 

U
p

pe
r 

C
L

 
0.

0
8

4
 

0.
0

5
3

 
0.

2
2

9
 

0.
0

0
5

 
0.

0
1

6
 

0.
1

7
6

 
0.

3
2

5
 

0.
3

0
0

 
0.

2
6

2
 

0.
2

6
8

 

B
if

id
o

b
ac

te
ri

u
m

 

P
 v

a
lu

e
 

0.
2

6
8

 
0.

6
6

9
 

0.
4

3
3

 
0.

3
2

3
 

0.
0

0
8

 
0.

7
6

1
 

0.
5

8
8

 
0.

4
8

8
 

0.
9

1
3

 
0.

0
3

1
 

C
o

ef
fic

ie
n

t 
-0

.1
08

 
0.

0
3

2
 

-0
.2

88
 

-0
.0

12
 

0.
0

7
0

 
-0

.1
59

 
0.

1
7

6
 

-0
.2

35
 

-0
.0

49
 

-0
.7

05
 

Lo
w

e
r 

C
L

 
-0

.2
99

 
-0

.1
15

 
-1

.0
07

 
-0

.0
37

 
0.

0
1

8
 

-1
.1

83
 

-0
.4

62
 

-0
.8

99
 

-0
.9

42
 

-1
.3

44
 

U
p

pe
r 

C
L

 
0.

0
8

3
 

0.
1

7
9

 
0.

4
3

1
 

0.
0

1
2

 
0.

1
2

2
 

0.
8

6
4

 
0.

8
1

4
 

0.
4

2
9

 
0.

8
4

3
 

-0
.0

65
 

B
la

u
ti

a
 

P
 v

a
lu

e
 

0.
0

4
3

 
0.

2
2

1
 

0.
8

0
2

 
0.

0
3

8
 

0.
0

9
6

 
0.

1
9

5
 

0.
5

1
1

 
0.

8
4

0
 

0.
0

3
2

 
0.

8
6

2
 

C
o

ef
fic

ie
n

t 
-0

.0
45

 
-0

.0
21

 
0.

0
2

1
 

-0
.0

06
 

0.
0

1
0

 
-0

.1
54

 
0.

0
4

9
 

-0
.0

16
 

0.
2

2
3

 
0.

0
1

3
 

Lo
w

e
r 

C
L

 
-0

.0
89

 
-0

.0
55

 
-0

.1
43

 
-0

.0
12

 
-0

.0
02

 
-0

.3
88

 
-0

.0
97

 
-0

.1
67

 
0.

0
1

9
 

-0
.1

33
 

U
p

pe
r 

C
L

 
-0

.0
01

 
0.

0
1

3
 

0.
1

8
5

 
0.

0
0

0
 

0.
0

2
2

 
0.

0
7

9
 

0.
1

9
4

 
0.

1
3

6
 

0.
4

2
7

 
0.

1
5

9
 

C
lo

s
tr

id
iu

m
 

P
 v

a
lu

e
 

0.
8

6
5

 
0.

2
6

1
 

0.
1

8
1

 
0.

7
1

6
 

0.
0

8
0

 
0.

9
8

0
 

0.
6

8
9

 
0.

1
2

7
 

0.
2

6
5

 
0.

7
1

4
 

C
o

ef
fic

ie
n

t 
-0

.0
07

 
0.

0
3

4
 

-0
.2

00
 

-0
.0

02
 

-0
.0

19
 

-0
.0

05
 

-0
.0

53
 

-0
.2

10
 

-0
.2

06
 

-0
.0

49
 

Lo
w

e
r 

C
L

 
-0

.0
84

 
-0

.0
26

 
-0

.4
92

 
-0

.0
12

 
-0

.0
40

 
-0

.4
21

 
-0

.3
12

 
-0

.4
80

 
-0

.5
69

 
-0

.3
09

 
U

p
pe

r 
C

L
 

0.
0

7
1

 
0.

0
9

4
 

0.
0

9
3

 
0.

0
0

8
 

0.
0

0
2

 
0.

4
1

1
 

0.
2

0
6

 
0.

0
6

0
 

0.
1

5
7

 
0.

2
1

1
 

 

T
ab

le
 A

.9
.  

O
u

tp
u

t 
fr

o
m

 r
e

g
re

s
s

io
n

 m
o

d
e

ls
 p

re
d

ic
ti

n
g

 a
b

u
n

d
an

ce
s 

o
f 

g
e

n
e

ra
 in

 t
h

e
 g

u
t 

m
ic

ro
b

io
m

e,
 w

it
h

 s
u

ff
er

er
s 

o
f 

m
e

n
ta

l i
ll

n
e

ss
 e

x
c

lu
d

ed
 f

ro
m

 d
at

a
s

e
t.

 

P
 v

a
lu

e
s 

h
ig

h
lig

ht
e

d
 in

 g
re

en
 d

e
n

ot
e

 s
ig

ni
fic

a
nt

 p
re

di
ct

o
rs

 o
f 

g
e

n
us

 a
b

u
nd

a
nc

e 
w

he
re

 P
 <

 0
.0

5.
  

N
o

te
 t

h
a

t 
tw

o 
P

 v
a

lu
e

s 
a

re
 g

iv
en

 f
or

 z
er

o-
in

fla
te

d
 n

e
g

at
iv

e
 b

in
o

m
ia

l 

re
g

re
ss

io
n 

m
o

de
ls

, 
w

ith
 t

h
e

 f
irs

t 
P

 v
a

lu
e

 in
di

ca
tin

g
 w

he
th

er
 t

he
 v

ar
ia

b
le

 p
re

d
ic

ts
 g

e
n

u
s 

ab
un

d
a

nc
e,

 a
n

d
 t

h
e

 s
ec

on
d 

P
 v

a
lu

e
 in

d
ic

a
tin

g 
w

he
th

e
r 

th
e 

va
ri

a
bl

e
 p

re
di

ct
s 

th
e

 p
re

se
nc

e 
ve

rs
us

 a
b

se
n

ce
 o

f 
th

e 
g

e
nu

s.
  

C
L 

re
p

re
se

nt
s 

9
5%

 c
on

fid
e

n
ce

 li
m

it 
fo

r 
e

ac
h 

re
g

re
ss

io
n

 c
o

ef
fic

ie
n

t.
 



Appendix 177 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

C
o

lli
n

s
el

la
 

P
 v

al
ue

 
0.

5
8

7
 

0.
1

2
0

 
0.

0
3

9
 

0.
1

5
3

 
0.

1
0

2
 

0.
8

6
0

 
0.

6
4

3
 

0.
3

3
5

 
0.

3
0

1
 

0.
6

9
5

 
C

o
ef

fic
ie

n
t 

-0
.0

20
 

-0
.0

44
 

-0
.2

85
 

-0
.0

07
 

0.
0

1
6

 
0.

0
3

5
 

0.
0

5
7

 
-0

.1
23

 
-0

.1
78

 
-0

.0
48

 
Lo

w
e

r 
C

L
 

-0
.0

92
 

-0
.1

00
 

-0
.5

57
 

-0
.0

16
 

-0
.0

03
 

-0
.3

52
 

-0
.1

84
 

-0
.3

74
 

-0
.5

15
 

-0
.2

90
 

U
p

pe
r 

C
L

 
0.

0
5

2
 

0.
0

1
1

 
-0

.0
14

 
0.

0
0

3
 

0.
0

3
6

 
0.

4
2

1
 

0.
2

9
8

 
0.

1
2

7
 

0.
1

5
9

 
0.

1
9

3
 

C
o

ry
n

e
b

a
ct

er
iu

m
 

P
 v

al
ue

 
0.

7
1

8
 

0.
0

0
0

 
0.

1
2

6
 

0.
0

0
0

 
0.

1
2

5
 

0.
7

0
7

 
0.

3
8

4
 

0.
0

1
8

 
0.

6
1

2
 

0.
0

1
0

 
C

o
ef

fic
ie

n
t 

-0
.0

44
 

-0
.3

41
 

-0
.6

97
 

-0
.0

73
 

-0
.0

50
 

0.
2

4
4

 
-0

.3
52

 
-0

.9
97

 
-0

.2
87

 
1.

0
3

8
 

Lo
w

e
r 

C
L

 
-0

.2
81

 
-0

.5
24

 
-1

.5
89

 
-0

.1
04

 
-0

.1
15

 
-1

.0
27

 
-1

.1
44

 
-1

.8
22

 
-1

.3
95

 
0.

2
4

3
 

U
p

pe
r 

C
L

 
0.

1
9

4
 

-0
.1

58
 

0.
1

9
6

 
-0

.0
43

 
0.

0
1

4
 

1.
5

1
5

 
0.

4
4

0
 

-0
.1

72
 

0.
8

2
2

 
1.

8
3

3
 

D
e

su
lf

o
v

ib
ri

o
 

P
 v

al
ue

 
0.

0
0

2
 

0.
4

4
7

 
0.

7
1

3
 

0.
5

6
1

 
0.

9
8

5
 

0.
8

3
9

 
0.

6
6

5
 

0.
3

7
5

 
0.

0
2

2
 

0.
4

0
0

 
P

 v
a

lu
e

ze
ro

-i
nf

l 
0.

4
9

9
 

0.
7

3
5

 
0.

6
6

3
 

0.
1

7
5

 
0.

2
3

3
 

0.
7

5
8

 
0.

1
7

1
 

0.
0

2
2

 
0.

3
0

4
 

0.
1

3
2

 
C

o
ef

fic
ie

n
t 

-0
.3

06
 

0.
0

5
8

 
-0

.1
35

 
0.

0
0

7
 

-0
.0

01
 

-0
.1

08
 

0.
1

4
4

 
0.

3
1

7
 

-1
.2

45
 

0.
2

8
0

 
Lo

w
e

r 
C

L
 

-0
.4

99
 

-0
.0

92
 

-0
.8

53
 

-0
.0

17
 

-0
.0

58
 

-1
.1

51
 

-0
.5

10
 

-0
.3

83
 

-2
.3

10
 

-0
.3

72
 

U
p

pe
r 

C
L

 
-0

.1
14

 
0.

2
0

9
 

0.
5

8
3

 
0.

0
3

1
 

0.
0

5
7

 
0.

9
3

5
 

0.
7

9
9

 
1.

0
1

7
 

-0
.1

79
 

0.
9

3
3

 

D
ia

li
st

e
r 

P
 v

a
lu

e
 

0.
4

0
6

 
0.

1
3

8
 

0.
4

7
4

 
0.

1
9

4
 

0.
1

0
3

 
0.

2
8

7
 

0.
0

0
6

 
0.

4
2

2
 

0.
1

5
0

 
0.

9
3

4
 

P
 v

al
ue

ze
ro

-i
nf

l 
0.

7
6

1
 

0.
6

8
1

 
0.

6
2

3
 

0.
0

0
7

 
0.

0
7

8
 

0.
3

6
9

 
0.

7
2

9
 

0.
7

5
5

 
0.

1
4

0
 

0.
7

0
4

 
C

o
ef

fic
ie

n
t 

0.
0

6
8

 
-0

.0
93

 
0.

2
0

9
 

0.
0

1
4

 
0.

0
3

3
 

0.
4

1
9

 
-0

.7
52

 
0.

2
2

8
 

-0
.4

91
 

-0
.1

03
 

Lo
w

e
r 

C
L

 
-0

.0
92

 
-0

.2
16

 
-0

.3
63

 
-0

.0
07

 
-0

.0
07

 
-0

.3
53

 
-1

.2
86

 
-0

.3
29

 
-1

.1
59

 
-0

.6
34

 
U

p
pe

r 
C

L
 

0.
2

2
7

 
0.

0
3

0
 

0.
7

8
0

 
0.

0
3

6
 

0.
0

7
3

 
1.

1
9

1
 

-0
.2

18
 

0.
7

8
6

 
0.

1
7

8
 

0.
4

2
8

 

D
o

re
a

 

P
 v

al
ue

 
0.

3
9

7
 

0.
3

1
9

 
0.

0
6

7
 

0.
1

1
8

 
0.

0
3

8
 

0.
3

5
5

 
0.

9
6

1
 

0.
1

7
4

 
0.

1
9

6
 

0.
8

7
8

 
C

o
ef

fic
ie

n
t 

0.
0

3
1

 
0.

0
2

8
 

-0
.2

49
 

-0
.0

07
 

0.
0

2
0

 
-0

.1
79

 
-0

.0
06

 
-0

.1
70

 
-0

.2
18

 
0.

0
1

9
 

Lo
w

e
r 

C
L

 
-0

.0
40

 
-0

.0
27

 
-0

.5
15

 
-0

.0
16

 
0.

0
0

1
 

-0
.5

58
 

-0
.2

42
 

-0
.4

16
 

-0
.5

48
 

-0
.2

18
 

U
p

pe
r 

C
L

 
0.

1
0

1
 

0.
0

8
2

 
0.

0
1

8
 

0.
0

0
2

 
0.

0
3

9
 

0.
2

0
0

 
0.

2
3

0
 

0.
0

7
5

 
0.

1
1

2
 

0.
2

5
5

 

F
a

ec
al

ib
a

ct
e

ri
u

m
 

P
 v

al
ue

 
0.

8
1

3
 

0.
8

5
2

 
0.

8
1

4
 

0.
3

3
0

 
0.

5
1

6
 

0.
9

7
3

 
0.

8
1

7
 

0.
6

5
0

 
0.

8
9

3
 

0.
5

2
1

 
C

o
ef

fic
ie

n
t 

-0
.0

11
 

-0
.0

07
 

0.
0

4
0

 
-0

.0
06

 
-0

.0
08

 
0.

0
0

8
 

0.
0

3
5

 
0.

0
7

2
 

-0
.0

29
 

-0
.0

97
 

Lo
w

e
r 

C
L

 
-0

.1
00

 
-0

.0
75

 
-0

.2
94

 
-0

.0
17

 
-0

.0
32

 
-0

.4
67

 
-0

.2
61

 
-0

.2
37

 
-0

.4
43

 
-0

.3
95

 
U

p
pe

r 
C

L
 

0.
0

7
8

 
0.

0
6

2
 

0.
3

7
4

 
0.

0
0

6
 

0.
0

1
6

 
0.

4
8

4
 

0.
3

3
1

 
0.

3
8

0
 

0.
3

8
6

 
0.

2
0

0
 

F
la

vo
n

if
ra

c
to

r 

P
 v

al
ue

 
0.

4
5

3
 

0.
1

7
9

 
0.

4
1

9
 

0.
2

9
5

 
0.

7
4

3
 

0.
0

0
7

 
0.

0
2

1
 

0.
0

1
0

 
0.

8
7

0
 

0.
1

0
7

 
C

o
ef

fic
ie

n
t 

0.
0

3
3

 
0.

0
4

5
 

0.
1

3
2

 
0.

0
0

6
 

-0
.0

04
 

0.
6

2
2

 
-0

.3
34

 
0.

3
8

7
 

0.
0

3
3

 
0.

2
3

4
 

Lo
w

e
r 

C
L

 
-0

.0
52

 
-0

.0
21

 
-0

.1
88

 
-0

.0
05

 
-0

.0
27

 
0.

1
6

7
 

-0
.6

17
 

0.
0

9
2

 
-0

.3
64

 
-0

.0
50

 
U

p
pe

r 
C

L
 

0.
1

1
8

 
0.

1
1

0
 

0.
4

5
2

 
0.

0
1

7
 

0.
0

1
9

 
1.

0
7

7
 

-0
.0

50
 

0.
6

8
2

 
0.

4
3

0
 

0.
5

1
8

 
 

T
ab

le
 A

.9
.  

(c
o

n
t.

)  



178 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

L
a

ct
o

b
ac

ill
u

s
 

P
 v

al
ue

 
0.

1
7

6
 

0.
7

8
0

 
0.

0
4

6
 

0.
0

0
0

 
0.

5
7

2
 

0.
8

7
9

 
0.

2
2

3
 

0.
9

0
1

 
0.

0
8

7
 

0.
1

3
6

 
C

o
ef

fic
ie

n
t 

0.
1

3
9

 
-0

.0
22

 
0.

7
7

1
 

-0
.0

49
 

-0
.0

16
 

0.
0

8
4

 
0.

4
1

7
 

0.
0

4
4

 
-0

.8
19

 
0.

5
1

2
 

Lo
w

e
r 

C
L

 
-0

.0
62

 
-0

.1
77

 
0.

0
1

4
 

-0
.0

74
 

-0
.0

70
 

-0
.9

93
 

-0
.2

53
 

-0
.6

54
 

-1
.7

59
 

-0
.1

61
 

U
p

pe
r 

C
L

 
0.

3
4

0
 

0.
1

3
3

 
1.

5
2

8
 

-0
.0

23
 

0.
0

3
9

 
1.

1
6

0
 

1.
0

8
8

 
0.

7
4

3
 

0.
1

2
0

 
1.

1
8

5
 

L
a

ct
o

c
o

c
cu

s
 

P
 v

al
ue

 
0.

0
0

0
 

0.
7

4
7

 
0.

3
8

7
 

0.
0

4
7

 
0.

2
8

8
 

0.
0

4
7

 
0.

6
8

1
 

0.
0

4
7

 
0.

3
2

9
 

0.
0

6
0

 
P

 v
al

ue
ze

ro
-i

nf
l 

0.
1

2
4

 
0.

3
3

7
 

0.
1

8
9

 
0.

0
8

5
 

0.
8

2
0

 
0.

9
9

3
 

0.
3

2
7

 
0.

5
9

1
 

0.
2

4
5

 
0.

5
3

4
 

C
o

ef
fic

ie
n

t 
0.

3
9

2
 

-0
.0

28
 

0.
3

3
7

 
0.

0
2

9
 

0.
0

3
0

 
1.

0
3

3
 

-0
.1

49
 

0.
7

5
0

 
0.

4
9

9
 

-0
.6

83
 

Lo
w

e
r 

C
L

 
0.

1
7

9
 

-0
.1

94
 

-0
.4

27
 

0.
0

0
0

 
-0

.0
25

 
0.

0
1

3
 

-0
.8

56
 

0.
0

1
1

 
-0

.5
02

 
-1

.3
94

 
U

p
pe

r 
C

L
 

0.
6

0
6

 
0.

1
3

9
 

1.
1

0
2

 
0.

0
5

7
 

0.
0

8
6

 
2.

0
5

3
 

0.
5

5
9

 
1.

4
8

8
 

1.
4

9
9

 
0.

0
2

9
 

O
s

ci
lli

b
a

c
te

r 

P
 v

al
ue

 
0.

7
5

9
 

0.
7

5
4

 
0.

7
5

2
 

0.
4

6
1

 
0.

0
0

2
 

0.
9

5
9

 
0.

3
9

1
 

0.
8

1
9

 
0.

0
3

5
 

0.
9

2
7

 
P

 v
al

ue
ze

ro
-i

nf
l 

0.
0

6
2

 
0.

0
3

9
 

0.
6

4
6

 
0.

0
1

4
 

0.
8

8
7

 
0.

2
4

5
 

0.
5

6
7

 
0.

2
8

3
 

0.
0

0
4

 
0.

5
5

0
 

C
o

ef
fic

ie
n

t 
0.

0
2

2
 

0.
0

1
8

 
0.

0
8

9
 

-0
.0

07
 

-0
.0

64
 

0.
0

2
2

 
-0

.2
07

 
-0

.0
57

 
-0

.9
03

 
0.

0
2

3
 

Lo
w

e
r 

C
L

 
-0

.1
20

 
-0

.0
94

 
-0

.4
63

 
-0

.0
25

 
-0

.1
05

 
-0

.8
27

 
-0

.6
80

 
-0

.5
46

 
-1

.7
41

 
-0

.4
58

 
U

p
pe

r 
C

L
 

0.
1

6
4

 
0.

1
3

0
 

0.
6

4
2

 
0.

0
1

1
 

-0
.0

23
 

0.
8

7
1

 
0.

2
6

6
 

0.
4

3
2

 
-0

.0
65

 
0.

5
0

3
 

O
s

ci
llo

sp
ir

a
 

P
 v

al
ue

 
0.

0
0

4
 

0.
5

1
5

 
0.

6
9

1
 

0.
0

0
7

 
0.

7
8

2
 

0.
8

1
2

 
0.

7
6

7
 

0.
0

1
4

 
0.

0
0

1
 

0.
1

3
5

 
P

 v
a

lu
e

ze
ro

-i
nf

l 
0.

9
7

0
 

0.
0

6
1

 
0.

6
9

4
 

0.
1

0
5

 
0.

0
3

0
 

0.
3

9
4

 
0.

6
5

7
 

0.
2

2
2

 
0.

0
3

5
 

0.
6

2
1

 
C

o
ef

fic
ie

n
t 

0.
1

6
9

 
0.

0
3

0
 

0.
0

9
0

 
0.

0
2

0
 

-0
.0

05
 

0.
0

8
1

 
0.

0
5

9
 

0.
5

0
9

 
-1

.0
02

 
0.

2
9

7
 

Lo
w

e
r 

C
L

 
0.

0
5

4
 

-0
.0

61
 

-0
.3

53
 

0.
0

0
5

 
-0

.0
40

 
-0

.5
89

 
-0

.3
30

 
0.

1
0

4
 

-1
.6

19
 

-0
.0

92
 

U
p

pe
r 

C
L

 
0.

2
8

4
 

0.
1

2
1

 
0.

5
3

2
 

0.
0

3
5

 
0.

0
3

0
 

0.
7

5
1

 
0.

4
4

7
 

0.
9

1
5

 
-0

.3
85

 
0.

6
8

6
 

P
a

ra
b

a
ct

e
ro

id
e

s
 

P
 v

a
lu

e
 

0.
8

1
7

 
0.

3
8

3
 

0.
5

9
2

 
0.

7
2

0
 

0.
8

8
6

 
0.

3
3

9
 

0.
5

6
9

 
0.

5
1

5
 

0.
6

9
1

 
0.

2
2

7
 

C
o

ef
fic

ie
n

t 
-0

.0
14

 
-0

.0
41

 
0.

1
2

2
 

0.
0

0
3

 
0.

0
0

2
 

-0
.3

09
 

0.
1

1
5

 
-0

.1
36

 
-0

.1
12

 
0.

2
4

3
 

Lo
w

e
r 

C
L

 
-0

.1
32

 
-0

.1
32

 
-0

.3
23

 
-0

.0
12

 
-0

.0
30

 
-0

.9
41

 
-0

.2
79

 
-0

.5
47

 
-0

.6
63

 
-0

.1
52

 
U

p
pe

r 
C

L
 

0.
1

0
4

 
0.

0
5

1
 

0.
5

6
6

 
0.

0
1

8
 

0.
0

3
4

 
0.

3
2

4
 

0.
5

0
9

 
0.

2
7

4
 

0.
4

4
0

 
0.

6
3

9
 

P
re

v
o

te
ll

a
 

P
 v

a
lu

e
 

0.
3

1
6

 
0.

0
0

2
 

0.
0

1
2

 
0.

0
0

2
 

0.
2

9
6

 
0.

3
0

1
 

0.
2

2
9

 
0.

3
5

6
 

0.
0

1
8

 
0.

2
8

3
 

C
o

ef
fic

ie
n

t 
-0

.1
21

 
-0

.2
91

 
1.

1
4

7
 

-0
.0

47
 

-0
.0

34
 

0.
6

7
0

 
0.

4
8

6
 

0.
3

8
9

 
-1

.3
40

 
-0

.4
35

 
Lo

w
e

r 
C

L
 

-0
.3

59
 

-0
.4

75
 

0.
2

5
4

 
-0

.0
78

 
-0

.0
99

 
-0

.6
00

 
-0

.3
06

 
-0

.4
36

 
-2

.4
49

 
-1

.2
29

 
U

p
pe

r 
C

L
 

0.
1

1
6

 
-0

.1
08

 
2.

0
4

1
 

-0
.0

17
 

0.
0

3
0

 
1.

9
4

1
 

1.
2

7
7

 
1.

2
1

3
 

-0
.2

31
 

0.
3

5
9

 

R
o

se
b

u
ri

a
 

P
 v

a
lu

e
 

0.
9

3
4

 
0.

3
5

9
 

0.
9

8
2

 
0.

5
2

0
 

0.
1

1
3

 
0.

2
4

0
 

0.
6

5
6

 
0.

7
8

6
 

0.
1

1
0

 
0.

3
2

1
 

C
o

ef
fic

ie
n

t 
0.

0
0

3
 

-0
.0

22
 

0.
0

0
3

 
-0

.0
03

 
0.

0
1

4
 

0.
1

9
8

 
0.

0
4

7
 

0.
0

3
0

 
0.

2
3

5
 

-0
.1

05
 

Lo
w

e
r 

C
L

 
-0

.0
59

 
-0

.0
70

 
-0

.2
30

 
-0

.0
11

 
-0

.0
03

 
-0

.1
33

 
-0

.1
59

 
-0

.1
85

 
-0

.0
53

 
-0

.3
11

 
U

p
pe

r 
C

L
 

0.
0

6
4

 
0.

0
2

5
 

0.
2

3
5

 
0.

0
0

5
 

0.
0

3
0

 
0.

5
2

9
 

0.
2

5
3

 
0.

2
4

4
 

0.
5

2
4

 
0.

1
0

2
 

 

T
ab

le
 A

.9
.  

(c
o

n
t.

)  



Appendix 179 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G
e

n
u

s 
M

o
d

e
l 

re
su

lt
s

 
S

o
ci

ab
il

it
y 

N
e

u
ro

ti
c 

te
n

d
en

ci
es

 
G

e
n

d
er

 
A

g
e

 
B

o
d

y
 

m
a

ss
 

in
d

ex
 

C
a

es
ar

e
a

n
 

se
ct

io
n

 
F

o
rm

u
la

-
fe

d
 

G
u

t 
co

n
d

it
io

n
 

A
n

ti
b

io
ti

c
s 

la
s

t 
6 

m
o

s
 

P
ro

b
io

ti
c

 
su

p
p

le
m

en
ts

 

S
tr

ep
to

co
c

c
u

s
 

P
 v

al
ue

 
0.

9
5

4
 

0.
0

2
5

 
0.

0
4

3
 

0.
4

2
0

 
0.

0
3

9
 

0.
0

4
7

 
0.

3
3

1
 

0.
0

5
9

 
0.

1
1

5
 

0.
0

1
7

 
C

o
ef

fic
ie

n
t 

-0
.0

04
 

-0
.1

14
 

0.
5

0
3

 
-0

.0
07

 
0.

0
3

7
 

0.
7

0
0

 
-0

.2
14

 
0.

4
3

2
 

0.
4

8
5

 
-0

.5
29

 
Lo

w
e

r 
C

L
 

-0
.1

33
 

-0
.2

13
 

0.
0

1
7

 
-0

.0
23

 
0.

0
0

2
 

0.
0

0
9

 
-0

.6
44

 
-0

.0
17

 
-0

.1
18

 
-0

.9
61

 
U

p
pe

r 
C

L
 

0.
1

2
5

 
-0

.0
14

 
0.

9
8

9
 

0.
0

1
0

 
0.

0
7

2
 

1.
3

9
2

 
0.

2
1

7
 

0.
8

8
1

 
1.

0
8

8
 

-0
.0

97
 

S
u

tt
e

re
ll

a
 

P
 v

al
ue

 
0.

0
1

9
 

0.
6

2
7

 
0.

9
1

0
 

0.
7

5
4

 
0.

9
3

7
 

0.
7

5
8

 
0.

8
3

7
 

0.
2

4
2

 
0.

5
0

7
 

0.
1

9
9

 
C

o
ef

fic
ie

n
t 

-0
.2

92
 

0.
0

4
7

 
0.

0
5

3
 

-0
.0

05
 

-0
.0

03
 

0.
2

0
6

 
0.

0
8

6
 

-0
.5

08
 

-0
.3

87
 

-0
.5

37
 

Lo
w

e
r 

C
L

 
-0

.5
37

 
-0

.1
42

 
-0

.8
67

 
-0

.0
36

 
-0

.0
69

 
-1

.1
04

 
-0

.7
30

 
-1

.3
57

 
-1

.5
29

 
-1

.3
55

 
U

p
pe

r 
C

L
 

-0
.0

47
 

0.
2

3
5

 
0.

9
7

3
 

0.
0

2
6

 
0.

0
6

4
 

1.
5

1
6

 
0.

9
0

2
 

0.
3

4
2

 
0.

7
5

6
 

0.
2

8
2

 

T
u

ri
c

ib
a

c
te

r 

P
 v

al
ue

 
0.

0
8

0
 

0.
8

3
5

 
0.

4
0

8
 

0.
1

2
2

 
0.

3
5

8
 

0.
4

2
5

 
0.

7
0

3
 

0.
5

5
1

 
0.

4
1

2
 

0.
6

0
7

 
C

o
ef

fic
ie

n
t 

-0
.1

90
 

-0
.0

17
 

0.
3

3
8

 
-0

.0
22

 
0.

0
2

7
 

0.
4

6
4

 
-0

.1
38

 
0.

2
2

5
 

0.
4

1
6

 
-0

.1
87

 
Lo

w
e

r 
C

L
 

-0
.4

03
 

-0
.1

82
 

-0
.4

63
 

-0
.0

49
 

-0
.0

31
 

-0
.6

76
 

-0
.8

48
 

-0
.5

15
 

-0
.5

78
 

-0
.9

00
 

U
p

pe
r 

C
L

 
0.

0
2

3
 

0.
1

4
7

 
1.

1
4

0
 

0.
0

0
6

 
0.

0
8

5
 

1.
6

0
3

 
0.

5
7

2
 

0.
9

6
5

 
1.

4
1

0
 

0.
5

2
5

 
 

T
ab

le
 A

.9
.  

(c
o

n
t.

) 



180 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

S
h

an
n

o
n

 d
iv

e
rs

it
y

 in
d

e
x

 
In

v
er

se
 S

im
p

s
o

n
 d

iv
er

s
it

y
 in

d
ex

 
G

e
n

u
s 

ri
ch

n
es

s
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

B
e

h
a

v
io

u
r 

E
xt

ra
ve

rs
io

n
 

-0
.0

32
 

0.
2

8
2

 
0.

3
7

9
 

-0
.0

34
 

0.
2

5
7

 
0.

3
6

1
 

-0
.0

44
 

0.
1

4
7

 
0.

2
6

1
 

A
g

re
e

a
b

le
n

e
ss

 
-0

.0
55

 
0.

0
7

2
 

0.
1

5
5

 
-0

.0
46

 
0.

1
2

7
 

0.
2

4
2

 
-0

.0
57

 
0.

0
6

4
 

0.
1

3
9

 
C

o
ns

ci
en

tio
us

n
es

s 
-0

.0
46

 
0.

1
3

4
 

0.
2

4
6

 
-0

.0
44

 
0.

1
4

6
 

0.
2

6
1

 
-0

.0
81

 
0.

0
0

8
 

0.
0

3
2

 
N

e
ur

ot
ic

is
m

 
-0

.0
43

 
0.

1
5

7
 

0.
2

7
1

 
-0

.0
45

 
0.

1
3

2
 

0.
2

4
6

 
-0

.0
08

 
0.

7
8

6
 

0.
8

3
8

 
O

p
en

n
e

ss
 

0.
0

3
2

 
0.

2
9

5
 

0.
3

9
2

 
0.

0
3

3
 

0.
2

7
4

 
0.

3
7

4
 

0.
0

3
8

 
0.

2
2

2
 

0.
3

2
9

 
S

o
ci

a
l n

et
w

o
rk

 s
iz

e
 

0.
0

6
6

 
0.

0
2

7
 

0.
0

8
0

 
0.

0
8

6
 

0.
0

0
4

 
0.

0
1

7
 

0.
0

2
6

 
0.

3
8

6
 

0.
4

8
8

 
S

o
ci

a
l s

ki
ll/

co
m

m
n 

-0
.0

47
 

0.
1

2
7

 
0.

2
4

2
 

-0
.0

42
 

0.
1

7
6

 
0.

2
8

5
 

-0
.0

68
 

0.
0

3
0

 
0.

0
8

4
 

A
n

xi
e

ty
 

-0
.0

78
 

0.
0

1
0

 
0.

0
3

6
 

-0
.0

78
 

0.
0

1
0

 
0.

0
3

6
 

-0
.0

39
 

0.
2

0
4

 
0.

3
1

4
 

S
tr

es
s 

-0
.0

73
 

0.
0

2
0

 
0.

0
6

3
 

-0
.0

62
 

0.
0

4
7

 
0.

1
1

5
 

-0
.0

40
 

0.
2

0
5

 
0.

3
1

4
 

D
ie

t 

A
d

ve
nt

ur
o

us
 e

at
e

r 
0.

0
9

2
 

0.
0

0
3

 
0.

0
1

5
 

0.
1

0
3

 
0.

0
0

1
 

0.
0

0
5

 
0.

0
5

9
 

0.
0

6
3

 
0.

1
3

9
 

G
lu

te
n 

fr
ee

 
-0

.0
35

 
0.

3
3

1
 

0.
4

3
1

 
-0

.0
45

 
0.

2
0

7
 

0.
3

1
4

 
0.

0
0

9
 

0.
8

1
3

 
0.

8
5

4
 

D
a

ir
y 

fr
ee

 
-0

.0
47

 
0.

1
8

7
 

0.
2

9
8

 
-0

.0
40

 
0.

2
6

4
 

0.
3

6
6

 
-0

.0
43

 
0.

2
3

7
 

0.
3

4
0

 
P

ro
b

io
tic

 f
oo

ds
 

0.
1

2
0

 
0.

0
0

0
 

0.
0

0
1

 
0.

1
1

4
 

0.
0

0
0

 
0.

0
0

1
 

0.
0

9
3

 
0.

0
0

3
 

0.
0

1
2

 
P

re
b

io
tic

 f
oo

ds
 

0.
1

3
7

 
0.

0
0

0
 

0.
0

0
0

 
0.

1
4

8
 

0.
0

0
0

 
0.

0
0

0
 

0.
0

7
2

 
0.

0
1

9
 

0.
0

6
3

 
P

ro
b

io
tic

 s
up

p
le

m
en

ts
 

-0
.0

78
 

0.
0

3
0

 
0.

0
8

4
 

-0
.0

75
 

0.
0

3
6

 
0.

0
9

3
 

-0
.0

43
 

0.
2

3
3

 
0.

3
3

8
 

P
re

b
io

tic
 s

up
p

le
m

en
ts

 
-0

.0
56

 
0.

1
1

8
 

0.
2

3
2

 
-0

.0
50

 
0.

1
6

8
 

0.
2

8
2

 
-0

.0
54

 
0.

1
3

5
 

0.
2

4
6

 
T

ot
al

 s
u

pp
le

m
e

nt
s 

-0
.1

15
 

0.
0

0
0

 
0.

0
0

1
 

-0
.1

27
 

0.
0

0
0

 
0.

0
0

1
 

-0
.0

58
 

0.
0

6
0

 
0.

1
3

5
 

H
e

al
th

 &
 l

if
es

ty
le

 

C
a

es
ar

ea
n 

se
ct

io
n

 
-0

.0
08

 
0.

8
5

6
 

0.
8

7
6

 
-0

.0
24

 
0.

5
5

4
 

0.
6

6
8

 
0.

0
1

7
 

0.
6

7
7

 
0.

7
7

2
 

P
re

m
at

ur
e

 b
irt

h
 

-0
.0

11
 

0.
7

6
5

 
0.

8
3

6
 

-0
.0

09
 

0.
8

1
5

 
0.

8
5

4
 

0.
0

0
8

 
0.

8
2

6
 

0.
8

5
9

 
F

o
rm

ul
a-

fe
d 

-0
.0

73
 

0.
0

5
5

 
0.

1
3

0
 

-0
.0

63
 

0.
0

9
8

 
0.

2
0

1
 

-0
.0

16
 

0.
6

7
2

 
0.

7
7

2
 

G
e

ne
ra

l h
e

a
lth

 
0.

1
4

7
 

0.
0

0
0

 
0.

0
0

0
 

0.
1

4
2

 
0.

0
0

0
 

0.
0

0
0

 
0.

1
2

2
 

0.
0

0
0

 
0.

0
0

1
 

B
o

d
y 

m
as

s 
in

d
ex

 
-0

.0
16

 
0.

5
8

1
 

0.
6

7
9

 
-0

.0
10

 
0.

7
4

6
 

0.
8

2
9

 
0.

0
0

5
 

0.
8

8
0

 
0.

8
9

4
 

D
a

ys
 e

xe
rc

is
e

 
0.

0
2

7
 

0.
3

8
9

 
0.

4
8

8
 

0.
0

1
8

 
0.

5
6

1
 

0.
6

7
0

 
-0

.0
10

 
0.

7
6

1
 

0.
8

3
6

 
T

ra
ve

l a
b

ro
a

d/
yr

 
0.

0
9

7
 

0.
0

0
4

 
0.

0
1

7
 

0.
0

8
6

 
0.

0
1

1
 

0.
0

3
9

 
0.

1
0

0
 

0.
0

0
3

 
0.

0
1

5
 

D
iff

er
en

t c
ou

nt
ri

e
s/

yr
 

0.
1

1
7

 
0.

0
0

1
 

0.
0

0
3

 
0.

1
0

0
 

0.
0

0
3

 
0.

0
1

4
 

0.
1

1
8

 
0.

0
0

1
 

0.
0

0
3

 
S

le
ep

 q
ua

lit
y 

0.
0

7
1

 
0.

0
2

3
 

0.
0

7
1

 
0.

0
6

3
 

0.
0

4
3

 
0.

1
0

9
 

0.
0

4
0

 
0.

2
0

4
 

0.
3

1
4

 
P

a
in

 to
le

ra
n

ce
 

-0
.0

26
 

0.
4

0
5

 
0.

5
0

2
 

-0
.0

27
 

0.
3

8
4

 
0.

4
8

8
 

-0
.0

13
 

0.
6

8
2

 
0.

7
7

2
 

A
lle

rg
y/

as
th

m
a

/e
cz

em
a 

-0
.0

33
 

0.
3

6
2

 
0.

4
6

7
 

-0
.0

20
 

0.
5

8
4

 
0.

6
7

9
 

-0
.0

58
 

0.
1

0
9

 
0.

2
1

6
 

S
m

ok
in

g 
hi

st
o

ry
 

-0
.0

21
 

0.
5

5
1

 
0.

6
6

8
 

-0
.0

10
 

0.
7

7
1

 
0.

8
3

6
 

-0
.0

13
 

0.
7

2
7

 
0.

8
1

6
 

A
lc

oh
ol

/d
ru

g
 h

is
to

ry
 

-0
.0

10
 

0.
7

8
6

 
0.

8
3

8
 

-0
.0

04
 

0.
9

2
2

 
0.

9
2

9
 

-0
.0

27
 

0.
4

5
1

 
0.

5
5

4
 

  

T
ab

le
 A

.1
0.

  R
e

su
lt

s
 o

f 
K

e
n

d
a

ll’
s 

T
au

-b
 c

o
rr

e
la

ti
o

n
 a

n
a

ly
s

is
 b

et
w

e
en

 g
u

t 
m

ic
ro

b
io

m
e

 d
iv

e
rs

it
y 

an
d

 s
tu

d
y 

v
ar

ia
b

le
s,

 w
it

h
 s

u
ff

er
er

s 
o

f 
m

e
n

ta
l i

lln
es

s 
ex

cl
u

d
e

d
 

fr
o

m
 d

at
a

se
t.

  
H

ig
h

lig
ht

e
d 

ce
lls

 d
e

no
te

 s
ig

n
ifi

ca
n

t a
ss

oc
ia

tio
n

s 
w

h
er

e 
P

 <
 0

.0
5

 a
nd

 P
a

dj
 <

 0
.1

.  
V

al
ue

s 
in

 b
ol

d 
in

d
ic

a
te

 P
a

dj
 <

 0
.0

5.
 



Appendix 181 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

ar
ia

b
le

 
S

h
an

n
o

n
 d

iv
e

rs
it

y
 in

d
e

x
 

In
v

er
se

 S
im

p
so

n
 d

iv
er

s
it

y
 in

d
ex

 
G

e
n

u
s 

ri
ch

n
es

s
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

T
au

 
P

 v
al

ue
 

P
a

dj
 v

a
lu

e
 

H
e

al
th

 &
 l

if
es

ty
le

 
(c

o
n

t.
) 

A
n

tib
io

tic
s 

la
st

 6
 m

o
s 

-0
.1

49
 

0.
0

0
0

 
0.

0
0

1
 

-0
.1

38
 

0.
0

0
0

 
0.

0
0

1
 

-0
.1

48
 

0.
0

0
0

 
0.

0
3

6
 

S
to

m
ac

h 
si

ck
ne

ss
 fr

eq
 

-0
.1

25
 

0.
0

0
0

 
0.

0
0

1
 

-0
.1

29
 

0.
0

0
0

 
0.

0
0

1
 

-0
.0

87
 

0.
0

0
7

 
0.

0
0

8
 

C
o

ns
tip

at
io

n
 f

re
q

 
0.

0
6

8
 

0.
0

3
5

 
0.

0
9

1
 

0.
0

4
0

 
0.

2
1

6
 

0.
3

2
4

 
0.

1
0

2
 

0.
0

0
2

 
0.

0
0

2
 

G
u

t c
on

d
iti

o
n

 
-0

.1
57

 
0.

0
0

0
 

0.
0

0
0

 
-0

.1
52

 
0.

0
0

0
 

0.
0

0
0

 
-0

.1
37

 
0.

0
0

0
 

0.
2

8
9

 
C

a
nc

er
 

-0
.0

71
 

0.
0

4
7

 
0.

1
1

5
 

-0
.1

11
 

0.
0

0
2

 
0.

0
1

0
 

-0
.0

50
 

0.
1

6
8

 
0.

0
7

5
 

C
h

ro
n

ic
 in

fe
ct

io
us

 d
is

e
as

e
 

-0
.0

76
 

0.
0

3
5

 
0.

0
9

1
 

-0
.0

63
 

0.
0

7
9

 
0.

1
6

6
 

-0
.0

79
 

0.
0

3
1

 
0.

0
0

7
 

Im
m

u
no

de
fic

ie
nc

y 
-0

.1
48

 
0.

0
0

0
 

0.
0

0
1

 
-0

.1
40

 
0.

0
0

0
 

0.
0

0
1

 
-0

.1
23

 
0.

0
0

1
 

0.
5

5
0

 

S
o

ci
o

d
em

o
g

ra
p

h
ic

s
 

G
e

nd
er

 
-0

.0
77

 
0.

0
9

5
 

0.
1

9
8

 
-0

.0
63

 
0.

1
7

2
 

0.
2

8
5

 
-0

.0
26

 
0.

5
7

5
 

0.
2

7
0

 
A

g
e

 
-0

.0
36

 
0.

2
3

0
 

0.
3

3
8

 
-0

.0
34

 
0.

2
5

7
 

0.
3

6
1

 
-0

.0
49

 
0.

1
0

5
 

0.
0

0
2

 
U

n
em

pl
o

ye
d

 
-0

.0
68

 
0.

0
5

8
 

0.
1

3
2

 
-0

.0
51

 
0.

1
5

5
 

0.
2

7
1

 
-0

.1
32

 
0.

0
0

0
 

0.
0

8
2

 
S

ib
lin

gs
 

-0
.0

36
 

0.
2

7
5

 
0.

3
7

4
 

-0
.0

32
 

0.
3

2
4

 
0.

4
2

6
 

-0
.0

73
 

0.
0

2
7

 
0.

0
8

2
 

D
o

g 
o

w
ne

r 
-0

.0
84

 
0.

0
1

9
 

0.
0

6
3

 
-0

.0
79

 
0.

0
2

7
 

0.
0

8
0

 
-0

.0
70

 
0.

0
5

6
 

0.
2

9
9

 
C

a
t o

w
ne

r 
0.

0
0

0
 

0.
9

9
6

 
0.

9
9

6
 

-0
.0

07
 

0.
8

5
5

 
0.

8
7

6
 

0.
0

4
9

 
0.

1
7

5
 

0.
2

2
1

 
 

T
ab

le
 A

.1
0.

  (
co

n
t.

)  



182 Appendix

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

B
ra

y
–C

u
rt

is
 d

is
ta

n
c

e
 m

at
ri

x
 

Ja
cc

ar
d

 d
is

ta
n

c
e

 m
a

tr
ix

 

R
2  

P
 v

a
lu

e
 

P
a

dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 
R

2  
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 

B
e

h
a

v
io

u
r 

E
xt

ra
ve

rs
io

n
 

0.
0

0
1

 
0.

8
1

2
 

0.
8

5
2

 
0.

0
7

3
 

0.
0

7
3

 
0.

6
5

0
 

0.
0

0
1

 
0.

8
9

9
 

0.
8

8
3

 
0.

1
3

4
 

0.
1

3
4

 
0.

6
8

4
 

A
g

re
e

a
b

le
n

e
ss

 
0.

0
0

2
 

0.
3

8
8

 
0.

4
7

6
 

0.
1

1
7

 
0.

1
1

7
 

1.
0

4
4

 
0.

0
0

2
 

0.
3

9
2

 
0.

6
2

4
 

0.
2

0
0

 
0.

2
0

0
 

1.
0

2
7

 
C

o
ns

ci
en

tio
u

sn
es

s 
0.

0
0

4
 

0.
0

5
1

 
0.

1
1

5
 

0.
2

0
5

 
0.

2
0

5
 

1.
8

2
5

 
0.

0
0

3
 

0.
1

1
2

 
0.

1
8

5
 

0.
2

6
6

 
0.

2
6

6
 

1.
3

6
6

 
N

e
ur

ot
ic

is
m

 
0.

0
0

2
 

0.
5

5
4

 
0.

6
4

4
 

0.
1

0
1

 
0.

1
0

1
 

0.
8

9
7

 
0.

0
0

2
 

0.
4

3
2

 
0.

7
0

9
 

0.
1

9
9

 
0.

1
9

9
 

1.
0

2
1

 
O

p
en

n
e

ss
 

0.
0

0
2

 
0.

5
7

7
 

0.
6

5
3

 
0.

0
9

4
 

0.
0

9
4

 
0.

8
3

3
 

0.
0

0
2

 
0.

6
2

8
 

0.
8

7
6

 
0.

1
6

5
 

0.
1

6
5

 
0.

8
4

6
 

S
o

ci
a

l n
et

w
o

rk
 s

iz
e

 
0.

0
0

3
 

0.
0

8
9

 
0.

1
8

4
 

0.
1

8
8

 
0.

1
8

8
 

1.
6

7
6

 
0.

0
0

3
 

0.
1

0
8

 
0.

1
9

8
 

0.
2

8
0

 
0.

2
8

0
 

1.
4

3
3

 
S

o
ci

a
l s

ki
ll/

co
m

m
n 

0.
0

0
2

 
0.

3
2

7
 

0.
4

1
3

 
0.

1
2

0
 

0.
1

2
0

 
1.

0
7

9
 

0.
0

0
2

 
0.

3
9

4
 

0.
7

4
4

 
0.

1
9

6
 

0.
1

9
6

 
1.

0
0

9
 

A
n

xi
e

ty
 

0.
0

0
3

 
0.

1
1

3
 

0.
1

9
2

 
0.

1
7

5
 

0.
1

7
5

 
1.

5
8

5
 

0.
0

0
3

 
0.

0
6

2
 

0.
1

8
5

 
0.

3
0

0
 

0.
3

0
0

 
1.

5
5

5
 

S
tr

es
s 

0.
0

0
3

 
0.

1
5

8
 

0.
2

4
2

 
0.

1
5

1
 

0.
1

5
1

 
1.

3
6

2
 

0.
0

0
2

 
0.

1
6

5
 

0.
2

5
5

 
0.

2
3

8
 

0.
2

3
8

 
1.

2
3

2
 

D
ie

t 

A
d

ve
nt

ur
o

us
 e

at
e

r 
0.

0
0

7
 

0.
0

0
1

 
0.

0
0

5
 

0.
4

1
0

 
0.

4
1

0
 

3.
6

8
8

 
0.

0
0

6
 

0.
0

0
1

 
0.

0
0

4
 

0.
5

9
8

 
0.

5
9

8
 

3.
0

8
7

 
G

lu
te

n 
fr

ee
 

0.
0

0
4

 
0.

0
1

5
 

0.
0

4
0

 
0.

2
4

8
 

0.
2

4
8

 
2.

2
1

7
 

0.
0

0
4

 
0.

0
1

0
 

0.
0

5
6

 
0.

3
7

1
 

0.
3

7
1

 
1.

9
1

1
 

D
a

ir
y 

fr
ee

 
0.

0
0

3
 

0.
0

9
3

 
0.

1
8

4
 

0.
1

8
0

 
0.

1
8

0
 

1.
6

0
7

 
0.

0
0

3
 

0.
1

4
0

 
0.

3
0

9
 

0.
2

5
3

 
0.

2
5

3
 

1.
2

9
9

 
P

ro
b

io
tic

 f
oo

ds
 

0.
0

0
8

 
0.

0
0

1
 

0.
0

0
5

 
0.

4
5

8
 

0.
4

5
8

 
4.

1
0

7
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
0

9
 

0.
6

0
9

 
3.

1
3

7
 

P
re

b
io

tic
 f

oo
ds

 
0.

0
1

7
 

0.
0

0
1

 
0.

0
0

5
 

0.
9

5
2

 
0.

9
5

2
 

8.
6

4
2

 
0.

0
1

3
 

0.
0

0
1

 
0.

0
0

4
 

1.
3

0
1

 
1.

3
0

1
 

6.
7

7
0

 
P

ro
b

io
tic

 s
up

p
le

m
en

ts
 

0.
0

0
6

 
0.

0
0

6
 

0.
0

1
7

 
0.

3
2

1
 

0.
3

2
1

 
2.

8
7

4
 

0.
0

0
5

 
0.

0
0

3
 

0.
0

0
7

 
0.

4
8

7
 

0.
4

8
7

 
2.

5
1

1
 

P
re

b
io

tic
 s

up
p

le
m

en
ts

 
0.

0
0

3
 

0.
1

1
3

 
0.

1
9

2
 

0.
1

6
9

 
0.

1
6

9
 

1.
5

0
7

 
0.

0
0

3
 

0.
1

0
8

 
0.

1
8

5
 

0.
2

6
9

 
0.

2
6

9
 

1.
3

8
3

 
T

ot
al

 s
u

pp
le

m
e

nt
s 

0.
0

1
2

 
0.

0
0

1
 

0.
0

0
5

 
0.

6
8

8
 

0.
6

8
8

 
6.

2
0

7
 

0.
0

0
9

 
0.

0
0

1
 

0.
0

0
4

 
0.

9
5

3
 

0.
9

5
3

 
4.

9
3

7
 

H
e

al
th

 &
 l

if
e

st
yl

e
 

C
a

es
ar

ea
n 

se
ct

io
n

 
0.

0
0

2
 

0.
5

9
4

 
0.

6
5

5
 

0.
0

9
3

 
0.

0
9

3
 

0.
8

4
9

 
0.

0
0

2
 

0.
6

4
6

 
0.

6
2

4
 

0.
1

6
6

 
0.

1
6

6
 

0.
8

5
8

 
P

re
m

at
u

re
 b

irt
h

 
0.

0
0

2
 

0.
2

5
3

 
0.

3
4

0
 

0.
1

3
9

 
0.

1
3

9
 

1.
2

3
6

 
0.

0
0

2
 

0.
2

4
5

 
0.

3
0

4
 

0.
2

3
3

 
0.

2
3

3
 

1.
1

9
4

 
F

o
rm

ul
a-

fe
d 

0.
0

0
3

 
0.

1
1

6
 

0.
1

9
2

 
0.

1
6

8
 

0.
1

6
8

 
1.

4
9

6
 

0.
0

0
3

 
0.

1
7

7
 

0.
2

9
2

 
0.

2
4

3
 

0.
2

4
3

 
1.

2
4

6
 

G
e

ne
ra

l h
e

a
lth

 
0.

0
1

1
 

0.
0

0
1

 
0.

0
0

5
 

0.
6

4
2

 
0.

6
4

2
 

5.
7

8
3

 
0.

0
0

8
 

0.
0

0
1

 
0.

0
0

4
 

0.
8

4
3

 
0.

8
4

3
 

4.
3

5
9

 
B

o
d

y 
m

as
s 

in
d

ex
 

0.
0

0
3

 
0.

1
7

0
 

0.
2

5
2

 
0.

1
5

7
 

0.
1

5
7

 
1.

4
0

1
 

0.
0

0
3

 
0.

1
4

0
 

0.
1

4
5

 
0.

2
5

8
 

0.
2

5
8

 
1.

3
2

7
 

D
a

ys
 e

xe
rc

is
e

 
0.

0
0

1
 

0.
6

9
9

 
0.

7
5

2
 

0.
0

8
2

 
0.

0
8

2
 

0.
7

3
5

 
0.

0
0

2
 

0.
6

9
6

 
0.

8
7

6
 

0.
1

5
8

 
0.

1
5

8
 

0.
8

1
4

 
T

ra
ve

l a
b

ro
a

d/
yr

 
0.

0
0

6
 

0.
0

0
2

 
0.

0
0

8
 

0.
3

2
3

 
0.

3
2

3
 

2.
8

9
6

 
0.

0
0

5
 

0.
0

0
1

 
0.

0
0

9
 

0.
4

7
9

 
0.

4
7

9
 

2.
4

6
9

 
D

iff
er

en
t c

ou
nt

ri
e

s/
yr

 
0.

0
0

7
 

0.
0

0
3

 
0.

0
1

1
 

0.
4

0
4

 
0.

4
0

4
 

3.
6

1
7

 
0.

0
0

6
 

0.
0

0
1

 
0.

0
0

9
 

0.
5

7
3

 
0.

5
7

3
 

2.
9

5
1

 
S

le
ep

 q
ua

lit
y 

0.
0

0
4

 
0.

0
4

3
 

0.
1

0
3

 
0.

2
1

2
 

0.
2

1
2

 
1.

8
9

6
 

0.
0

0
3

 
0.

0
6

0
 

0.
0

8
1

 
0.

2
9

9
 

0.
2

9
9

 
1.

5
3

6
 

P
a

in
 to

le
ra

nc
e

 
0.

0
0

2
 

0.
5

4
8

 
0.

6
4

4
 

0.
0

9
8

 
0.

0
9

8
 

0.
8

7
5

 
0.

0
0

2
 

0.
4

1
5

 
0.

5
0

7
 

0.
1

9
7

 
0.

1
9

7
 

1.
0

1
4

 
A

lle
rg

y/
as

th
m

a
/e

cz
em

a 
0.

0
0

2
 

0.
2

3
3

 
0.

3
2

3
 

0.
1

3
8

 
0.

1
3

8
 

1.
2

3
5

 
0.

0
0

2
 

0.
2

8
5

 
0.

4
2

4
 

0.
2

1
5

 
0.

2
1

5
 

1.
1

0
7

 
 T

ab
le

 A
.1

1
. 

 R
e

su
lt

s 
o

f 
P

E
R

M
A

N
O

V
A

 t
o

 t
e

st
 f

o
r 

a
n

 a
ss

o
c

ia
ti

o
n

 b
e

tw
ee

n
 g

u
t 

m
ic

ro
b

io
m

e 
co

m
p

o
si

ti
o

n
 a

n
d

 s
tu

d
y 

v
a

ri
ab

le
s,

 w
it

h
 s

u
ff

er
er

s 
o

f 
m

en
ta

l 
il

ln
e

ss
 

ex
cl

u
d

ed
 f

ro
m

 d
at

a
se

t.
  P

E
R

M
A

N
O

V
A

 w
ith

 1
,0

00
 p

e
rm

ut
at

io
n

s 
w

a
s 

co
n

du
ct

e
d 

o
n 

bo
th

 B
ra

y–
C

ur
tis

 a
n

d 
Ja

cc
a

rd
 d

is
ta

nc
e 

m
at

ric
es

.  
H

ig
hl

ig
ht

e
d 

ce
lls

 d
en

o
te

 s
ig

ni
fic

an
t 

as
so

ci
a

tio
ns

 w
h

e
re

 P
 <

 0
.0

5
 a

n
d

 P
a

d
j <

 0
.1

.  
V

al
ue

s 
in

 b
ol

d 
in

d
ic

a
te

 P
a

dj
 <

 0
.0

5.
 



Appendix 183 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
a

te
g

o
ry

 
V

a
ri

a
b

le
 

B
ra

y
–C

u
rt

is
 d

is
ta

n
c

e 
m

a
tr

ix
 

Ja
cc

ar
d

 d
is

ta
n

c
e

 m
a

tr
ix

 

R
2  

P
 v

a
lu

e
 

P
a

dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 
R

2  
P

 v
a

lu
e

 
P

a
dj
 v

a
lu

e
 

S
u

m
 

of
 s

qs
 

M
e

an
 

sq
s 

F
-r

at
io

 

H
e

al
th

y 
&

 li
fe

st
y

le
 

(c
o

n
t.

) 

M
e

nt
al

 il
ln

es
s 

0.
0

0
2

 
0.

2
8

6
 

0.
3

7
2

 
0.

1
3

2
 

0.
1

3
2

 
1.

1
8

0
 

0.
0

0
2

 
0.

3
2

9
 

0.
3

5
4

 
0.

2
1

1
 

0.
2

2
4

 
1.

1
5

0
 

S
m

ok
in

g 
h

is
to

ry
 

0.
0

0
1

 
0.

8
5

8
 

0.
8

5
8

 
0.

0
6

4
 

0.
0

6
4

 
0.

5
7

2
 

0.
0

0
1

 
0.

8
8

2
 

0.
8

8
3

 
0.

1
3

0
 

0.
1

3
0

 
0.

6
6

8
 

A
lc

oh
ol

/d
ru

g
 h

is
to

ry
 

0.
0

0
8

 
0.

0
0

2
 

0.
0

0
8

 
0.

4
6

3
 

0.
4

6
3

 
4.

1
6

1
 

0.
0

0
6

 
0.

0
0

2
 

0.
0

0
4

 
0.

6
2

0
 

0.
6

2
0

 
3.

2
0

0
 

A
n

tib
io

tic
s 

la
st

 6
 m

o
s 

0.
0

0
9

 
0.

0
0

1
 

0.
0

0
5

 
0.

5
1

3
 

0.
5

1
3

 
4.

6
1

7
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
2

7
 

0.
6

0
7

 
3.

1
3

3
 

S
to

m
ac

h 
si

ck
ne

ss
 fr

eq
 

0.
0

0
8

 
0.

0
0

1
 

0.
0

0
5

 
0.

4
7

2
 

0.
4

7
2

 
4.

2
3

6
 

0.
0

0
6

 
0.

0
0

1
 

0.
0

0
4

 
0.

6
2

8
 

0.
6

2
3

 
3.

2
1

5
 

C
o

ns
tip

at
io

n
 f

re
q

 
0.

0
0

8
 

0.
0

0
1

 
0.

0
0

5
 

0.
4

7
1

 
0.

4
7

1
 

4.
2

3
2

 
0.

0
0

7
 

0.
0

0
1

 
0.

0
0

4
 

0.
6

9
6

 
0.

6
7

5
 

3.
4

8
6

 
G

u
t c

on
d

iti
on

 
0.

0
0

6
 

0.
0

0
4

 
0.

0
1

2
 

0.
3

2
7

 
0.

3
2

7
 

2.
9

2
5

 
0.

0
0

5
 

0.
0

0
3

 
0.

0
0

7
 

0.
5

1
7

 
0.

5
3

0
 

2.
7

3
1

 
C

a
nc

er
 

0.
0

0
3

 
0.

1
5

8
 

0.
2

4
2

 
0.

1
6

2
 

0.
1

6
2

 
1.

4
5

0
 

0.
0

0
2

 
0.

1
7

4
 

0.
1

9
8

 
0.

2
4

6
 

0.
2

6
8

 
1.

3
8

0
 

C
h

ro
n

ic
 in

fe
ct

io
us

 d
is

e
as

e
 

0.
0

0
6

 
0.

0
0

4
 

0.
0

1
2

 
0.

3
4

4
 

0.
3

4
4

 
3.

0
7

9
 

0.
0

0
5

 
0.

0
0

3
 

0.
0

1
4

 
0.

5
1

7
 

0.
4

7
3

 
2.

4
3

2
 

Im
m

u
no

de
fic

ie
nc

y 
0.

0
0

6
 

0.
0

3
5

 
0.

0
8

8
 

0.
2

0
0

 
0.

2
0

0
 

1.
9

3
4

 
0.

0
0

5
 

0.
0

5
7

 
0.

0
7

6
 

0.
2

8
4

 
0.

3
0

8
 

1.
6

5
1

 

S
o

ci
o

d
em

o
g

ra
p

h
ic

s
 

G
e

nd
er

 
0.

0
0

8
 

0.
0

0
1

 
0.

0
0

5
 

0.
4

5
6

 
0.

4
5

6
 

4.
0

9
3

 
0.

0
0

6
 

0.
0

0
1

 
0.

0
0

4
 

0.
6

1
3

 
0.

6
2

4
 

3.
2

2
1

 
A

g
e

 
0.

0
0

2
 

0.
2

3
1

 
0.

3
2

3
 

0.
1

3
9

 
0.

1
3

9
 

1.
2

4
0

 
0.

0
0

2
 

0.
1

6
3

 
0.

2
6

7
 

0.
2

4
5

 
0.

2
4

1
 

1.
2

3
9

 
U

n
em

pl
o

ye
d

 
0.

0
0

3
 

0.
1

1
6

 
0.

1
9

2
 

0.
1

6
7

 
0.

1
6

7
 

1.
4

8
8

 
0.

0
0

3
 

0.
1

2
1

 
0.

2
2

5
 

0.
2

5
9

 
0.

2
5

5
 

1.
3

1
2

 
S

ib
lin

gs
 

0.
00

3
 

0.
0

9
4

 
0.

1
8

4
 

0.
1

7
2

 
0.

1
7

2
 

1.
5

3
6

 
0.

0
0

3
 

0.
1

0
5

 
0.

1
7

6
 

0.
2

6
2

 
0.

2
8

6
 

1.
4

7
2

 
D

o
g 

o
w

ne
r 

0.
0

0
1

 
0.

8
3

2
 

0.
8

5
2

 
0.

0
7

1
 

0.
0

7
1

 
0.

6
3

0
 

0.
0

0
1

 
0.

8
5

5
 

0.
8

7
6

 
0.

1
4

0
 

0.
1

3
9

 
0.

7
1

4
 

C
a

t o
w

ne
r 

0.
0

0
2

 
0.

2
8

6
 

0.
3

7
2

 
0.

1
3

2
 

0.
1

3
2

 
1.

1
8

0
 

0.
0

0
2

 
0.

3
2

9
 

0.
3

5
4

 
0.

2
1

1
 

0.
1

3
6

 
0.

6
9

6
 

 T
ab

le
 A

.1
1.

  (
co

n
t.

)  



184 Appendix

 

Supplementary results 

The data collected in Chapter 3 also provided the opportunity to assess whether the positive 

relationship between pain tolerance and social network size that I reported in a previous study 

(Johnson & Dunbar, 2016) was reproducible in a different dataset.  Multiple regression analysis 

(Table A.12) revealed that pain tolerance also significantly predicted social network size in this 

dataset (P = 0.005).  As in my previously published study, stress was also included in the 

regression model as a possible confounding factor.  Three outliers were removed and social 

network size was log-transformed to ensure that the residuals were normally distributed 

(Shapiro–Wilk test, P > 0.05) and satisfied the assumption of homoscedasticity (non-constant 

variance test, P > 0.05).  While the previous finding was based on a physical test of pain 

tolerance (where participants’ fitness levels also needed to be taken into account), this result 

relies on self-reporting but has the advantage of a much larger sample size (n = 629).  Since the 

same key result was reproduced using a different method, this provides further evidence in 

support of the positive relationship between pain tolerance and social network size, 

hypothesized to be mediated by the endogenous μ-opioid system (Johnson & Dunbar, 2016).  

Table A.12.  Regression statistics for predictors of social network size. 

Predictor Coefficient ± SE t value P value ΔR2 

Pain tolerance  0.038 ± 0.014  2.795 0.005 0.012 
Stress -0.021 ± 0.015 -1.458 0.145 0.003 
    

Total R2 =      
 
0.016 
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Chapter 4 

Figures 

 

 

 

Figure A.6.  Coefficient plots from regression models predicting abundances of genera in the 

macaque gut microbiome.  Asterisks denote significant predictors of genus abundance where P < 0.05

and bars indicate 95% confidence intervals.  The main variable of interest was the sociability index (as 

measured by the number of grooming partners and duration of grooming interactions), while other 

variables were also included where appropriate, as determined using Akaike information criterion.  A 

positive relationship with sex indicates a higher abundance of the genus in females.  Plots displayed here 

depict genera whose abundances were not significantly related to sociability (for significant results see 

Figure 4.3). 
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Tables 

Table A.13.  Summary of statistically significant associations between bacterial genera in the gut 

and sociability or autistic traits reported in the literature.  Table lists findings from research in both 

animal models and human populations and includes all genera (16 in total) associated with autism or 

social behaviour in at least two independent studies.  Adapted from Table 3.1, but including only bacterial 

genera that are linked to sociability or autistic traits and are also sufficiently prevalent in the macaque 

population to conduct regression analyses.  This table additionally includes the genus Coprococcus that 

was identified in the gut microbiome of this macaque population but not in the human cohort (Chapter 3).   

Genus 
Change in 
abundance 

Sociability/ 
autistic traits 

Study 
subject 

References 

Bacteroides ↑ Autism Children Finegold et al., 2010; de Angelis et 
al., 2013 

Blautia 
↓ Autism Infants Inoue et al., 2016 

↓ Autism Children Luna et al., 2017 

↓ Autism Mice Golubeva et al., 2017 

Clostridium 
↑ Autism Children 

Finegold et al., 2002; Song et al., 
2004; Parracho et al., 2005; de 
Angelis et al., 2013; Tomova et al., 
2015; Grimaldi et al., 2017; Luna et 
al., 2017; Strati et al., 2017 

↓ Autism Children Finegold et al., 2010 

Collinsella 
↑ Autism Children Strati et al., 2017 

↓ Autism Children Finegold et al., 2010 

Coprococcus ↓ Autism Children 
de Angelis et al., 2013; Kang et al., 
2013 

Desulfovibrio ↑ Autism Children Finegold et al., 2010; Tomova et al., 
2015 

Dialister 
↓ Autism Children Finegold et al., 2010; Strati et al., 

2017 
↑ Sociability Infants Christian et al., 2015 

Dorea 
↑ Autism Children de Angelis et al., 2013; Strati et al., 

2017 
↓ Autism Children Luna et al., 2017 

Faecalibacterium 
↑ Autism Infants Inoue et al., 2016 

↓ Autism Children de Angelis et al., 2013; Kang et al., 
2018 

Lactobacillus 
↑ Autism Children 

Adams et al., 2011; Kang et al., 
2013; Tomova et al., 2015; Strati et 
al., 2017; Pulikkan et al., 2018 

↓ Autism Children de Angelis et al., 2013 

Lactococcus ↓ Autism Children Finegold et al., 2010; de Angelis et 
al., 2013 

Oscillospira 
↓ Autism Children de Angelis et al., 2013 

↑ Sociability Mice Szyszkowicz et al., 2017 

Parabacteroides 
↓ Autism Children Strati et al., 2017 

↑ Autism Children Finegold et al., 2010 

↑ Sociability Infants Christian et al., 2015 

Prevotella 
↑ Autism Children de Angelis et al., 2013 

↓ Autism Children Kang et al., 2013 

Streptococcus ↓ Autism Children Finegold et al., 2010; de Angelis et 
al., 2013 

Sutterella 
↑ Autism Children 

Wang et al., 2011, 2013, Williams et 
al., 2011, 2012 

↓ Autism Children Luna et al., 2017 
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Table A.14.  Output from regression models predicting abundances of genera in the macaque gut 

microbiome.  P values highlighted in green denote significant predictors of genus abundance where         

P < 0.05.  CL represents 95% confidence limit for each regression coefficient.  A positive regression 

coefficient for sex indicates a higher abundance of the genus in females. 

Genus Model results Sociability Rank Sex Age Season Year 

Bacteroides 

P value 0.894 – – – – – 
Coefficient 0.000 – – – – – 
Lower CL -0.198 – – – – – 
Upper CL 0.227 – – – – – 

Blautia 

P value 0.135 0.088 – – – – 
Coefficient 0.128 0.015 – – – – 
Lower CL -0.040 -0.002 – – – – 
Upper CL 0.295 0.031 – – – – 

Clostridium 

P value 0.336 – – – – – 
Coefficient 0.070 – – – – – 
Lower CL -0.073 – – – – – 
Upper CL 0.213 – – – – – 

Collinsella 

P value 0.400 – – – – – 
Coefficient 0.107 – – – – – 
Lower CL -0.141 – – – – – 
Upper CL 0.354 – – – – – 

Coprococcus 

P value 0.397 – – – – – 
Coefficient 0.097 – – – – – 
Lower CL -0.127 – – – – – 
Upper CL 0.320 – – – – – 

Desulfovibrio 

P value 0.120 – – 0.181 – 0.010 
Coefficient 0.471 – – 0.149 – 2.146 
Lower CL -0.121 – – -0.069 – 0.507 
Upper CL 1.063 – – 0.366 – 3.785 

Dialister 

P value 0.008 – – – – 0.106 
Coefficient 0.367 – – – – 0.628 
Lower CL 0.097 – – – – -0.133 
Upper CL 0.636 – – – – 1.390 

Dorea 

P value 0.814 – – – 0.000 0.067 
Coefficient 0.019 – – – 1.136 -0.533 
Lower CL -0.139 – – – 0.520 -1.103 
Upper CL 0.177 – – – 1.752 0.038 

Faecalibacterium 

P value 0.002 0.098 0.021 – – – 
Coefficient 0.494 0.020 -1.367 – – – 
Lower CL 0.185 -0.004 -2.528 – – – 
Upper CL 0.803 0.043 -0.206 – – – 

Lactobacillus 

P value 0.728 – – – – – 
Coefficient 0.032 – – – – – 
Lower CL -0.146 – – – – – 
Upper CL 0.209 – – – – – 

Lactococcus 

P value 0.487 – 0.004 – 0.204 0.029 
Coefficient 0.166 – -3.322 – 1.211 2.188 
Lower CL -0.302 – -5.571 – -0.659 0.228 
Upper CL 0.635 – -1.073 – 3.082 4.147 

Oscillospira 

P value 0.799 – – – 0.042 – 
Coefficient 0.027 – – – 0.887 – 
Lower CL -0.182 – – – 0.032 – 
Upper CL 0.236 – – – 1.743 – 
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Table A.14.  (cont.) 

Genus Model results Sociability Rank Sex Age Season Year 

Parabacteroides 

P value 0.873 – – – – – 
Coefficient 0.045 – – – – – 
Lower CL -0.509 – – – – – 
Upper CL 0.599 – – – – – 

Prevotella 

P value 0.019 – – 0.003 0.038 – 
Coefficient 0.374 – – -0.165 -1.353 – 
Lower CL 0.062 – – -0.275 -2.633 – 
Upper CL 0.686 – – -0.055 -0.073 – 

Streptococcus 

P value 0.001 – – 0.004 – 0.003 
Coefficient -0.341 – – -0.137 – 1.210 
Lower CL -0.549 – – -0.231 – 0.403 
Upper CL -0.133 – – -0.043 – 2.017 

Sutterella 

P value 0.006 – – – – – 
Coefficient 0.514 – – – – – 
Lower CL 0.148 – – – – – 
Upper CL 0.880 – – – – – 

 

Table A.15.  Results of linear mixed model to test the factors predicting gut microbiome diversity.  

Diversity is estimated using the Chao1 index.   

Fixed effects: 
     
Predictor Coefficient SE t value P value 

Grooming received 1.324 50.366 0.026 0.980 
Grooming given 12.532 63.587 0.197 0.850 
Rank 2.863 3.291 0.870 0.418 
Sex -37.915 123.324 -0.307 0.760 
Age 4.790 11.724 0.409 0.697 
Season 60.780 131.209 0.463 0.660 
Year 88.908 108.633 0.818 0.444 

     

  Fixed effects R2 =  0.067 
Random effects: 
     
Groups Variance SD   
Individual ID 10668 103.284   
Residual 91318 302.188   

     

   Total R2 =  0.165 

 

 

 

 



Appendix 189 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 V

a
ri

a
b

le
 

W
e

ig
h

te
d

 U
n

iF
ra

c
 d

is
ta

n
c

e 
U

n
w

e
ig

h
te

d
 U

n
iF

ra
c

 d
is

ta
n

ce
 

R
2  

P
 v

a
lu

e
 

S
u

m
 o

f 
sq

s 
M

e
an

 s
qs

 
F

-r
at

io
 

R
2  

P
 v

a
lu

e
 

S
u

m
 o

f 
sq

s 
M

e
an

 s
qs

 
F

-r
at

io
 

In
d

iv
id

u
al

 I
D

 
0

.6
9

0
 

0.
3

2
7

 
3.

0
8

8
 

0.
0

8
6

 
1.

1
5

0
 

0.
7

3
8

 
0.

1
3

0
 

8.
2

2
0

 
0.

2
2

8
 

1.
0

7
9

 
G

ro
o

m
in

g 
re

ce
iv

e
d

 
0

.0
5

0
 

0.
0

2
2

 
0.

2
2

4
 

0.
2

2
4

 
3.

0
0

0
 

0.
0

2
3

 
0.

1
0

3
 

0.
2

5
5

 
0.

2
5

5
 

1.
2

0
3

 
G

ro
o

m
in

g 
gi

ve
n

 
0

.0
1

4
 

0.
4

6
8

 
0.

0
6

5
 

0.
0

6
5

 
0.

8
6

7
 

0.
0

2
0

 
0.

2
5

2
 

0.
2

2
6

 
0.

2
2

6
 

1.
0

6
9

 
R

a
nk

 
0

.0
1

0
 

0.
7

7
6

 
0.

0
4

3
 

0.
0

4
3

 
0.

5
7

1
 

0.
0

1
8

 
0.

5
7

4
 

0.
2

0
2

 
0.

2
0

2
 

0.
9

5
3

 
S

e
x 

0
.0

1
2

 
0.

6
1

6
 

0.
0

5
5

 
0.

0
5

5
 

0.
7

3
7

 
0.

0
1

9
 

0.
3

6
2

 
0.

2
1

6
 

0.
2

1
6

 
1.

0
2

3
 

A
g

e
 

0
.0

4
3

 
0.

0
3

9
 

0.
1

9
4

 
0.

1
9

4
 

2.
6

0
0

 
0.

0
2

1
 

0.
2

3
2

 
0.

2
3

1
 

0.
2

3
1

 
1.

0
9

1
 

S
e

as
o

n
 

0
.0

7
0

 
0.

0
0

7
 

0.
3

1
1

 
0.

3
1

1
 

4.
1

7
4

 
0.

0
2

9
 

0.
0

1
5

 
0.

3
2

4
 

0.
3

2
4

 
1.

5
3

3
 

Y
e

ar
 

0
.0

1
1

 
0.

6
5

8
 

0.
0

5
0

 
0.

0
5

0
 

0.
6

6
6

 
0.

0
1

7
 

0.
6

8
7

 
0.

1
9

4
 

0.
1

9
4

 
0.

9
1

6
 

 T
ab

le
 A

.1
6.

  R
e

su
lt

s
 o

f 
P

E
R

M
A

N
O

V
A

 t
o

 t
e

st
 t

h
e

 f
a

ct
o

rs
 a

ff
e

c
ti

n
g

 g
u

t 
m

ic
ro

b
ia

l c
o

m
m

u
n

it
y 

c
o

m
p

o
si

ti
o

n
.  

P
E

R
M

A
N

O
V

A
 w

ith
 

1,
0

0
0

 p
er

m
ut

at
io

n
s 

w
a

s 
co

n
du

ct
ed

 o
n

 b
o

th
 w

e
ig

ht
e

d 
an

d 
u

n
w

e
ig

h
te

d
 U

ni
F

ra
c 

d
is

ta
nc

e
 m

at
ri

ce
s.

  
H

ig
h

lig
ht

ed
 c

e
lls

 d
e

n
o

te
 

si
g

ni
fic

an
t a

ss
o

ci
at

io
ns

 w
h

e
re

 P
 <

 0
.0

5
. 



190 Appendix

 

Chapter 5 

Tables 

 

 

C
o

m
m

o
n

 n
am

e
 

S
p

ec
ie

s 
n

a
m

e
 

F
am

il
y 

S
u

b
o

rd
er

 
O

rd
er

 
P

ro
v

e
n

a
n

ce
 

S
p

ri
n

gb
ok

 
A

n
tid

or
ca

s 
m

a
rs

u
pi

al
is

 
B

o
vi

d
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
W

 &
 Z

 
B

a
nt

en
g

 
B

o
s 

ja
va

n
ic

u
s 

B
o

vi
d

ae
 

R
um

in
an

tia
 

A
rt

io
da

ct
yl

a
 

Z
 

D
a

ir
y 

co
w

 (
H

o
ls

te
in

) 
 

B
o

s 
ta

u
ru

s 
B

o
vi

d
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
W

 
T

ak
in

 
B

u
d

o
rc

as
 ta

xi
co

lo
r 

B
o

vi
d

ae
 

R
um

in
an

tia
 

A
rt

io
da

ct
yl

a
 

Z
 

S
p

ek
e'

s 
ga

ze
lle

 
G

a
ze

lla
 s

pe
ke

i 
B

o
vi

d
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
Z

 
A

rg
a

li 
sh

e
ep

 
O

vi
s 

am
m

o
n

 
B

o
vi

d
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
W

 
B

ig
ho

rn
 s

h
e

ep
 

O
vi

s 
ca

na
de

ns
is

 
B

o
vi

d
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
W

 &
 Z

 
T

ra
ns

ca
sp

ia
n 

u
ria

l s
he

ep
 

O
vi

s 
vi

g
ne

i 
B

o
vi

d
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
Z

 
R

e
tic

u
la

te
d 

g
ira

ff
e

 
G

ir
af

fa
 c

a
m

e
lo

p
a

rd
a

lis
 r

et
ic

ul
at

a
 

G
ir

af
fid

ae
 

R
um

in
an

tia
 

A
rt

io
da

ct
yl

a
 

Z
 

O
ka

p
i 

O
ka

p
ia

 jo
h

n
st

o
n

i 
G

ir
af

fid
ae

 
R

um
in

an
tia

 
A

rt
io

da
ct

yl
a

 
Z

 
B

a
b

ir
us

a
 

B
a

by
ro

us
a

 b
a

b
yr

us
sa

 
S

u
id

a
e

 
S

ui
fo

rm
es

 
A

rt
io

da
ct

yl
a

 
Z

 
R

e
d 

ri
ve

r 
ho

g
 

P
o

ta
m

o
ch

oe
ru

s 
p

or
cu

s 
S

u
id

a
e

 
S

ui
fo

rm
es

 
A

rt
io

da
ct

yl
a

 
Z

 
V

is
a

ya
n

 w
ar

ty
 p

ig
 

S
u

s 
ce

b
ifr

on
s 

S
u

id
a

e
 

S
ui

fo
rm

es
 

A
rt

io
da

ct
yl

a
 

Z
 

C
h

ee
ta

h
 

A
ci

no
ny

x 
ju

b
at

us
 

F
e

lid
ae

 
F

e
lif

or
m

ia
 

C
a

rn
iv

o
ra

 
Z

 
S

p
ot

te
d

 h
ye

n
a

 
C

ro
cu

ta
 c

ro
cu

ta
 

H
ya

e
ni

da
e

 
F

e
lif

or
m

ia
 

C
a

rn
iv

o
ra

 
Z

 
Li

o
n

 
P

a
nt

he
ra

 le
o

 
P

a
nt

he
ri

n
ae

 
F

e
lif

or
m

ia
 

C
a

rn
iv

o
ra

 
Z

 
B

u
sh

 d
og

  
S

p
e

o
th

os
 v

e
na

tic
us

 
C

a
ni

da
e

 
C

an
ifo

rm
ia

 
C

a
rn

iv
o

ra
 

Z
 

R
e

d 
p

a
nd

a
 

A
ilu

ru
s 

fu
lg

e
ns

 
A

ilu
ri

da
e

 
C

an
ifo

rm
ia

 
C

a
rn

iv
o

ra
 

Z
 

G
ia

n
t 

p
an

da
 

A
ilu

ro
p

od
a

 m
e

la
n

ol
eu

ca
 

U
rs

id
ae

 
C

an
ifo

rm
ia

 
C

a
rn

iv
o

ra
 

Z
 

S
p

ec
ta

cl
e

d 
be

a
r 

T
re

m
ar

ct
o

s 
or

n
at

us
 

U
rs

id
ae

 
C

an
ifo

rm
ia

 
C

a
rn

iv
o

ra
 

Z
 

N
o

rt
h

 A
m

e
ric

an
 b

la
ck

 b
e

ar
 

U
rs

us
 a

m
er

ic
a

nu
s 

U
rs

id
ae

 
C

an
ifo

rm
ia

 
C

a
rn

iv
o

ra
 

Z
 

P
o

la
r 

b
e

a
r 

U
rs

us
 m

a
rit

im
us

 
U

rs
id

ae
 

C
an

ifo
rm

ia
 

C
a

rn
iv

o
ra

 
Z

 
S

e
b

a
's

 s
ho

rt
-t

ai
le

d
 b

a
t 

C
a

ro
lli

a
 p

er
sp

ic
ill

at
a

 
P

h
yl

lo
st

om
id

ae
 

M
ic

ro
ch

ir
o

p
te

ra
 

C
h

iro
pt

er
a

 
Z

 
In

d
ia

n 
fly

in
g

 f
ox

 
P

te
ro

pu
s 

g
ig

a
n

te
us

 
P

te
ro

po
d

id
a

e
 

M
eg

ac
h

ir
op

te
ra

 
C

h
iro

pt
er

a
 

Z
 

S
o

ut
he

rn
 t

hr
ee

-b
an

de
d 

a
rm

ad
ill

o
 

T
o

ly
p

eu
te

s 
m

a
ta

cu
s 

D
a

sy
p

o
di

da
e

 
– 

C
in

g
ul

a
ta

 
Z

 
R

e
d 

ka
ng

ar
o

o
 

M
a

cr
op

us
 r

u
fu

s 
M

a
cr

op
o

d
id

ae
 

M
ac

ro
po

di
fo

rm
es

 
D

ip
ro

to
do

nt
ia

 
Z

 
R

o
ck

 h
yr

a
x 

P
ro

ca
vi

a 
ca

pe
ns

is
 

P
ro

ca
vi

id
ae

 
– 

H
yr

a
co

id
e

a
 

Z
 

H
e

dg
eh

o
g

 
A

te
le

rix
 a

lb
iv

en
tr

is
 

E
ri

n
a

ce
id

ae
 

– 
In

se
ct

iv
or

a
 

Z
 

E
u

ro
p

e
an

 r
a

bb
it 

O
ry

ct
ol

ag
us

 c
u

n
ic

ul
us

 
Le

po
ri

d
a

e
 

– 
La

go
m

o
rp

ha
 

Z
 

S
h

or
t-

b
ea

ke
d 

e
ch

id
na

 
T

a
ch

yg
lo

ss
u

s 
ac

u
le

at
us

 
T

ac
h

yg
lo

ss
id

ae
 

– 
M

o
no

tr
e

m
at

a
 

Z
 

 

T
ab

le
 A

.1
7.

  L
is

t 
o

f 
th

e
 6

0
 m

am
m

a
li

a
n

 s
p

e
ci

e
s 

(a
n

d
 t

h
ei

r 
ta

x
o

n
o

m
ic

 c
la

s
si

fi
c

a
ti

o
n

) 
fo

r 
w

h
ic

h
 d

a
ta

 o
n

 g
u

t 
m

ic
ro

b
io

m
e

 c
o

m
p

o
s

it
io

n
 w

er
e 

av
ai

la
b

le
. 

 A
b

br
e

vi
at

io
ns

 u
se

d
 f

o
r 

p
ro

ve
na

nc
e

: W
ild

, 
W

; Z
oo

, Z
. 



Appendix 191 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
o

m
m

o
n

 n
am

e
 

S
p

ec
ie

s 
n

a
m

e
 

F
am

il
y 

S
u

b
o

rd
er

 
O

rd
er

 
P

ro
v

e
n

a
n

ce
 

S
o

m
a

li 
w

ild
 a

ss
 

E
q

u
u

s 
as

in
u

s 
E

q
u

id
ae

 
H

ip
p

om
or

ph
a 

P
e

ris
so

d
a

ct
yl

a
 

Z
 

H
o

rs
e 

E
q

u
u

s 
eq

uu
s 

E
q

u
id

ae
 

H
ip

p
om

or
ph

a 
P

e
ris

so
d

a
ct

yl
a

 
W

 
G

ré
vy

's
 z

e
br

a
 

E
q

u
u

s 
gr

e
vy

i 
E

q
u

id
ae

 
H

ip
p

om
or

ph
a 

P
e

ris
so

d
a

ct
yl

a
 

Z
 

H
a

rt
m

an
n'

s 
m

ou
nt

ai
n

 z
eb

ra
 

E
q

u
u

s 
ha

rt
m

an
na

e
 

E
q

u
id

ae
 

H
ip

p
om

or
ph

a 
P

e
ris

so
d

a
ct

yl
a

 
W

 
B

la
ck

 r
h

in
oc

er
os

 
D

ic
er

os
 b

ic
o

rn
is

 
R

h
in

oc
er

o
tid

a
e

 
C

er
a

to
m

o
rp

ha
 

P
e

ris
so

d
a

ct
yl

a
 

Z
 

In
d

ia
n 

rh
in

oc
er

os
 

R
h

in
oc

er
o

s 
un

ic
o

rn
is

 
R

h
in

oc
er

o
tid

a
e

 
C

er
a

to
m

o
rp

ha
 

P
e

ris
so

d
a

ct
yl

a
 

Z
 

B
la

ck
-h

an
de

d 
sp

id
e

r 
m

on
ke

y 
A

te
le

s 
ge

of
fr

oy
i 

A
te

lid
ae

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

G
e

of
fr

o
y'

s 
m

a
rm

os
et

 
C

a
lli

th
ri

x 
ge

of
fr

oy
i 

C
a

lli
tr

ic
hi

d
ae

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

G
o

el
d

i's
 m

a
rm

os
et

 
C

a
lli

m
ic

o 
go

e
ld

ii 
C

e
bi

da
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

E
a

st
er

n
 A

n
g

o
la

n 
co

lo
b

us
 

C
o

lo
bu

s 
a

ng
o

le
ns

is
 

C
e

rc
op

ith
ec

id
a

e
 

A
n

th
ro

p
o

id
e

a
 

P
rim

at
es

 
Z

 
E

a
st

er
n

 b
la

ck
-a

nd
-w

h
ite

 c
o

lo
b

us
 

C
o

lo
bu

s 
g

ue
re

za
 

C
e

rc
op

ith
ec

id
a

e
 

A
n

th
ro

p
o

id
e

a
 

P
rim

at
es

 
Z

 
H

a
m

a
dr

ya
s 

ba
b

o
on

 
P

a
p

io
 h

am
a

dr
ya

s 
C

e
rc

op
ith

ec
id

a
e

 
A

n
th

ro
p

o
id

e
a

 
P

rim
at

es
 

W
 &

 Z
 

F
ra

nç
oi

s'
 la

ng
ur

 
P

re
sb

yt
is

 fr
a

nc
o

is
i 

C
e

rc
op

ith
ec

id
a

e
 

A
n

th
ro

p
o

id
e

a
 

P
rim

at
es

 
Z

 
D

o
uc

 la
ng

ur
 

P
yg

a
th

ri
x 

ne
m

ae
us

 
C

e
rc

op
ith

ec
id

a
e

 
A

n
th

ro
p

o
id

e
a

 
P

rim
at

es
 

Z
 

W
es

te
rn

 lo
w

la
n

d 
go

ri
lla

 
G

o
ril

la
 g

o
ril

la
 

H
o

m
in

id
a

e
 

A
nt

h
ro

po
id

e
a

 
P

ri
m

a
te

s 
Z

 
B

w
in

d
i g

o
ri

lla
 

G
o

ril
la

 b
e

rin
ge

i 
H

o
m

in
id

a
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

W
 

B
o

n
o

bo
 

P
a

n 
pa

n
is

cu
s 

H
o

m
in

id
a

e
 

A
nt

h
ro

po
id

e
a

 
P

ri
m

a
te

s 
Z

 
C

h
im

pa
n

ze
e

 
P

a
n 

tr
o

g
lo

dy
te

s 
H

o
m

in
id

a
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

S
u

m
a

tr
an

 o
ra

n
gu

ta
n

 
P

o
n

g
o 

py
gm

a
e

us
 a

be
lii

 
H

o
m

in
id

a
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

H
u

m
a

n 
H

o
m

o 
sa

p
ie

ns
 

H
o

m
in

id
a

e
 

A
nt

h
ro

po
id

e
a

 
P

ri
m

a
te

s 
–

 
B

la
ck

 le
m

u
r 

E
u

le
m

u
r 

m
a

ca
co

 
Le

m
u

rid
ae

 
S

tr
e

ps
irr

h
in

i 
P

ri
m

a
te

s 
Z

 
M

o
ng

oo
se

 le
m

ur
 

E
u

le
m

u
r 

m
o

ng
o

z 
Le

m
u

rid
ae

 
S

tr
e

ps
irr

h
in

i 
P

ri
m

a
te

s 
Z

 
R

in
g

-t
a

ile
d

 le
m

ur
 

Le
m

ur
 c

a
tta

 
Le

m
u

rid
ae

 
S

tr
e

ps
irr

h
in

i 
P

ri
m

a
te

s 
Z

 
W

hi
te

-f
a

ce
d 

sa
ki

 
P

ith
e

ci
a

 p
ith

ec
ia

 
Le

m
u

rid
ae

 
S

tr
e

ps
irr

h
in

i 
P

ri
m

a
te

s 
Z

 
A

si
an

 e
le

p
ha

n
t 

E
le

ph
as

 m
a

xi
m

u
s 

E
le

ph
an

tid
a

e
 

– 
P

ro
b

os
ci

d
ea

 
Z

 
A

fr
ic

a
n 

el
ep

h
an

t 
Lo

xo
do

nt
a 

a
fr

ic
a

n
a

 
E

le
ph

an
tid

a
e

 
– 

P
ro

b
os

ci
d

ea
 

W
 

N
a

ke
d 

m
o

le
-r

a
t 

H
e

te
ro

ce
p

ha
lu

s 
g

la
b

e
r 

B
a

th
ye

rg
id

a
e

 
H

ys
tr

ic
om

or
ph

a
 

R
o

de
nt

ia
 

Z
 

C
a

p
yb

a
ra

 
H

yd
ro

ch
a

er
is

 h
yd

ro
ch

ae
ri

s 
C

a
vi

id
a

e
 

H
ys

tr
ic

om
or

ph
a

 
R

o
de

nt
ia

 
Z

 
N

o
rw

a
y 

ra
t (

W
is

ta
r)

 
R

a
ttu

s 
n

o
rv

e
gi

cu
s 

M
u

rid
ae

 
M

yo
m

o
rp

ha
 

R
o

de
nt

ia
 

W
 

P
re

vo
st

's
 s

qu
irr

e
l 

C
a

llo
sc

iu
ru

s 
p

re
vo

st
i 

S
ci

ur
id

ae
 

S
ci

u
ro

m
o

rp
ha

 
R

o
de

nt
ia

 
Z

 
 

T
ab

le
 A

.1
7.

  (
co

n
t.

)  



192 Appendix

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

S
u

b
o

rd
er 

O
rd

er 
F

ib
re

 in
d

e
x

 
R

e
la

tiv
e a

b
u

n
d

an
ce

 
o

f B
a

ctero
id

etes
 

R
e

la
tiv

e ab
u

n
d

a
n

ce
 

o
f F

irm
ic

u
tes

 
B

a
ctero

id
etes

: 
F

irm
icu

te
s

 ra
tio

 
E

n
ce

p
h

a
lizatio

n
 

slo
p

e
 

R
u

m
ina

ntia
 

A
rtio

dactyla
 

148
5

.3
 

0.1
2

6
 

0.7
2

8
 

0.1
7

3
 

0.0
0

2
3

 
F

e
lifo

rm
ia

 
C

arnivora
 

39.3
 

0.0
1

4
 

0.7
8

5
 

0.0
1

8
 

0.0
0

1
0

 
C

a
niform

ia 
C

arnivora
 

52
5.7

 
0.0

3
8

 
0.7

2
3

 
0.0

5
3

 
0.0

0
4

3
 

H
ipp

om
orp

ha 
P

e
risso

d
a

ctyla
 

22
32

.5
 

0.1
4

4
 

0.4
5

0
 

0.3
2

0
 

0.0
0

8
6

 
C

e
ra

tom
o

rpha
 

P
e

risso
d

a
ctyla

 
19

07
.0

 
0.2

4
5

 
0.7

2
9

 
0.3

3
6

 
0.0

0
6

9
 

A
n

th
rop

o
ide

a
 

P
rim

ates 
19

5.1
 

0.2
6

8
 

0.6
2

0
 

0.4
3

2
 

0.0
1

6
0

 
S

trep
sirrh

in
i 

P
rim

ates 
22

5.6
 

0.1
9

9
 

0.7
1

8
 

0.2
7

7
 

0.0
0

9
0

 
 

T
ab

le
 A

.1
8.  D

a
ta

 o
n

 m
a

m
m

a
lia

n
 en

ce
p

h
aliza

tio
n

, g
u

t m
icro

b
io

m
e co

m
p

o
s

itio
n

 a
n

d
 fib

re in
tak

e u
s

ed
 fo

r lin
e

a
r re

g
re

ssio
n

 

an
alys

es
.  D

ata
 are

 sum
m

arized
 at su

b
ord

er le
ve

l sin
ce e

nce
pha

lizatio
n slop

es w
e

re
 ca

lculate
d

 o
ver evolution

ary tim
e

 w
ithin

 sub
ord

ers. 



Appendix 193 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C
o

m
m

o
n

 n
am

e
 

S
p

ec
ie

s 
n

a
m

e
 

F
am

il
y 

S
u

b
o

rd
er

 
O

rd
er

 
P

ro
v

en
a

n
c

e
 

F
ib

re
 

in
d

ex
 

S
h

an
n

o
n

 
d

iv
er

si
ty

 
in

d
ex

 
S

p
ri

n
gb

ok
  

A
n

tid
or

ca
s 

m
ar

su
pi

al
is

 
B

o
vi

d
ae

 
R

um
in

a
nt

ia
 

A
rt

io
d

ac
ty

la
 

W
 &

 Z
 

14
93

.8
 

7.
6

9
 

S
p

ek
e'

s 
ga

ze
lle

 
G

a
ze

lla
 s

p
ek

e
i 

B
o

vi
d

ae
 

R
um

in
a

nt
ia

 
A

rt
io

d
ac

ty
la

 
Z

 
12

38
.4

 
7.

9
9

 
B

ig
ho

rn
 s

h
e

ep
 

O
vi

s 
ca

na
de

ns
is

 
B

o
vi

d
ae

 
R

um
in

a
nt

ia
 

A
rt

io
d

ac
ty

la
 

W
 &

 Z
 

14
47

.3
 

6.
4

4
 

T
ra

ns
ca

sp
ia

n 
u

ria
l s

he
ep

 
O

vi
s 

vi
g

ne
i 

B
o

vi
d

ae
 

R
um

in
a

nt
ia

 
A

rt
io

d
ac

ty
la

 
Z

 
12

58
.3

 
8.

2
4

 
R

e
tic

u
la

te
d 

g
ira

ff
e

 
G

ir
af

fa
 c

a
m

e
lo

p
a

rd
a

lis
 r

e
tic

ul
at

a
 

G
ir

af
fid

a
e 

R
um

in
a

nt
ia

 
A

rt
io

d
ac

ty
la

 
Z

 
14

94
.9

 
7.

5
3

 
O

ka
p

i 
O

ka
p

ia
 jo

h
ns

to
n

i 
G

ir
af

fid
a

e 
R

um
in

a
nt

ia
 

A
rt

io
d

ac
ty

la
 

Z
 

11
76

.0
 

8.
0

4
 

V
is

a
ya

n
 w

ar
ty

 p
ig

 
S

u
s 

ce
b

ifr
on

s 
S

u
id

a
e

 
S

ui
fo

rm
es

 
A

rt
io

d
ac

ty
la

 
Z

 
14

16
.7

 
7.

1
8

 
S

p
ot

te
d

 h
ye

n
a

 
C

ro
cu

ta
 c

ro
cu

ta
 

H
ya

e
ni

da
e

 
F

e
lif

or
m

ia
 

C
a

rn
iv

o
ra

 
Z

 
33

.0
 

6.
1

3
 

Li
o

n
 

P
a

nt
he

ra
 le

o
 

P
a

nt
he

ri
na

e
 

F
e

lif
or

m
ia

 
C

a
rn

iv
o

ra
 

Z
 

42
.8

 
3.

8
4

 
B

u
sh

 d
og

  
S

p
e

o
th

os
 v

e
na

tic
us

 
C

a
ni

da
e

 
C

an
ifo

rm
ia

 
C

a
rn

iv
o

ra
 

Z
 

17
.0

 
4.

2
2

 
S

p
ec

ta
cl

e
d 

be
a

r 
T

re
m

ar
ct

o
s 

or
n

at
us

 
U

rs
id

ae
 

C
an

ifo
rm

ia
 

C
a

rn
iv

o
ra

 
Z

 
2

92
.5

 
2.

0
1

 
N

o
rt

h
 A

m
e

ric
an

 b
la

ck
 b

e
ar

 
U

rs
us

 a
m

er
ic

a
nu

s 
U

rs
id

ae
 

C
an

ifo
rm

ia
 

C
a

rn
iv

o
ra

 
Z

 
14

.0
 

0.
9

3
 

P
o

la
r 

b
e

a
r 

U
rs

us
 m

ar
iti

m
u

s 
U

rs
id

ae
 

C
an

ifo
rm

ia
 

C
a

rn
iv

o
ra

 
Z

 
18

.3
 

3.
2

3
 

S
o

ut
he

rn
 t

hr
ee

-b
an

de
d 

a
rm

ad
ill

o
 

T
o

ly
p

eu
te

s 
m

a
ta

cu
s 

D
a

sy
p

o
di

d
ae

 
– 

C
in

g
u

la
ta

 
Z

 
73

.0
 

6.
0

6
 

R
e

d 
ka

ng
ar

o
o

 
M

a
cr

op
us

 r
u

fu
s 

M
a

cr
op

o
d

id
a

e
 

M
ac

ro
po

d
ifo

rm
es

 
D

ip
ro

to
do

nt
ia

 
Z

 
10

12
.7

 
7.

9
3

 
R

o
ck

 h
yr

a
x 

P
ro

ca
vi

a 
ca

p
en

si
s 

P
ro

ca
vi

id
ae

 
– 

H
yr

ac
oi

de
a

 
Z

 
5

29
.3

 
6.

6
1

 
E

u
ro

p
e

an
 r

a
bb

it 
O

ry
ct

ol
a

gu
s 

cu
n

ic
ul

us
 

Le
po

ri
d

a
e

 
– 

L
ag

o
m

o
rp

ha
 

Z
 

8
.5

 
5.

4
9

 
S

h
or

t-
b

ea
ke

d 
e

ch
id

na
 

T
a

ch
yg

lo
ss

u
s 

ac
u

le
at

u
s 

T
ac

h
yg

lo
ss

id
ae

 
– 

M
o

no
tr

e
m

a
ta

 
Z

 
3

.4
 

5.
4

5
 

G
ré

vy
's

 z
e

br
a

 
E

q
u

u
s 

gr
e

vy
i 

E
q

u
id

ae
 

H
ip

p
om

or
ph

a 
P

e
ris

so
d

a
ct

yl
a

 
Z

 
2

56
2

.0
 

7.
9

5
 

B
la

ck
 r

h
in

oc
er

os
 

D
ic

er
os

 b
ic

o
rn

is
 

R
h

in
oc

er
o

tid
a

e
 

C
er

a
to

m
o

rp
ha

 
P

e
ris

so
d

a
ct

yl
a

 
Z

 
1

81
3

.0
 

7.
1

9
 

G
o

el
d

i's
 m

a
rm

os
et

 
C

a
lli

m
ic

o 
go

e
ld

ii 
C

e
bi

da
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

2
.6

 
3.

5
6

 
E

a
st

er
n

 A
n

g
o

la
n 

co
lo

b
us

 
C

o
lo

bu
s 

a
ng

o
le

ns
is

 
C

e
rc

op
ith

ec
id

a
e

 
A

n
th

ro
p

o
id

e
a

 
P

rim
at

es
 

Z
 

27
6

.5
 

7.
2

4
 

H
a

m
a

dr
ya

s 
ba

b
o

on
 

P
a

p
io

 h
am

ad
ry

as
 

C
e

rc
op

ith
ec

id
a

e
 

A
n

th
ro

p
o

id
e

a
 

P
rim

at
es

 
W

 &
 Z

 
17

5
.5

 
5.

9
6

 
W

es
te

rn
 lo

w
la

n
d 

go
ri

lla
 

G
o

ril
la

 g
or

ill
a

 
H

o
m

in
id

a
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

3
17

.9
 

7.
0

6
 

C
h

im
pa

n
ze

e
 

P
a

n 
tr

o
g

lo
dy

te
s 

H
o

m
in

id
a

e
 

A
nt

h
ro

po
id

e
a

 
P

ri
m

a
te

s 
Z

 
2

81
.4

 
7.

1
4

 
S

u
m

a
tr

an
 o

ra
n

gu
ta

n
 

P
o

n
g

o 
py

g
m

a
e

us
 a

b
el

ii 
H

o
m

in
id

a
e

 
A

nt
h

ro
po

id
e

a
 

P
ri

m
a

te
s 

Z
 

2
32

.8
 

7.
1

2
 

R
in

g
-t

a
ile

d
 le

m
ur

 
Le

m
ur

 c
a

tt
a

 
Le

m
u

rid
ae

 
S

tr
e

ps
irr

h
in

i 
P

ri
m

a
te

s 
Z

 
3

19
.6

 
7.

1
9

 
W

hi
te

-f
a

ce
d 

sa
ki

 
P

ith
e

ci
a

 p
ith

ec
ia

 
Le

m
u

rid
ae

 
S

tr
e

ps
irr

h
in

i 
P

ri
m

a
te

s 
Z

 
24

.3
 

5.
9

6
 

C
a

p
yb

a
ra

 
H

yd
ro

ch
ae

ri
s 

h
yd

ro
ch

ae
ri

s 
C

a
vi

id
a

e
 

H
ys

tr
ic

om
or

ph
a

 
R

o
de

nt
ia

 
Z

 
11

97
.0

 
7.

4
9

 
P

re
vo

st
's

 s
qu

irr
e

l 
C

a
llo

sc
iu

ru
s 

pr
ev

os
ti 

S
ci

ur
id

ae
 

S
ci

u
ro

m
o

rp
ha

 
R

o
de

nt
ia

 
Z

 
8

.0
 

2.
3

9
 

 

T
ab

le
 A

.1
9.

  
D

at
a

 o
n

 f
ib

re
 i

n
ta

k
e 

an
d

 g
u

t 
m

ic
ro

b
io

m
e

 d
iv

e
rs

it
y 

fo
r 

th
e

 3
0 

m
a

m
m

a
lia

n
 s

p
ec

ie
s.

  
A

b
br

e
vi

at
io

n
s 

u
se

d 
fo

r 
p

ro
ve

n
an

ce
: W

ild
, W

; 
Z

oo
, Z

.  
 



194 Appendix

 

 R
e

sp
o

n
s

e
 

P
red

ic
to

r 
C

o
efficien

t 
S

E
 

L
o

w
er C

L
 

U
p

p
e

r C
L

 
t v

alu
e 

P
 v

a
lu

e
 

R
2 

E
n

ce
p

h
a

liza
tio

n
 slo

p
e

 
B

a
ctero

id
e

te
s: F

irm
icu

te
s ratio

 
0.02

9
 

0.0
0

7
 

0.0
1

0
 

0.0
4

7
 

3.9
9

4
 

0.0
1

0
 

0.7
6

1
 

E
n

ce
p

h
a

liza
tio

n
 slo

p
e

 
R

e
la

tive a
bu

nd
a

n
ce

 o
f B

acteroid
e

tes 
0.04

2
 

0.0
1

4
 

0.0
0

6
 

0.0
7

7
 

3.0
1

5
 

0.0
3

0
 

0.6
4

5
 

E
n

ce
p

h
a

liza
tio

n
 slo

p
e

 
R

e
la

tive a
bu

nd
a

n
ce

 o
f F

irm
icutes 

-0
.0

24
 

0.0
1

7
 

-0.06
8

 
0.0

2
0

 
-1.40

7
 

0.2
1

8
 

0.2
8

4
 

 
 

 
 

 
 

 
 

 
B

a
ctero

id
e

te
s: F

irm
icu

tes ratio
 

F
ibre

 in
d

e
x 

5
.41

E
-05

 
7.1

7
E

-0
5

 
-1.30

E
-04

 
2.3

9
E

-0
4

 
0.7

5
5

 
0.4

8
4

 
0.1

0
2

 
R

e
la

tive a
bu

nd
a

n
ce

 o
f B

acteroid
etes 

F
ibre

 in
d

e
x 

2
.37

E
-05

 
4.6

8
E

-0
5

 
-9.66

E
-05

 
1.4

4
E

-0
4

 
0.5

0
5

 
0.6

3
5

 
0.0

4
9

 
R

e
la

tive a
bu

nd
a

n
ce

 o
f F

irm
icute

s 
F

ibre
 in

d
e

x 
-6

.43
E

-05
 

4.7
2

E
-0

5
 

-1.86
E

-04
 

5.6
9

E
-0

5
 

-1.36
5

 
0.2

3
1

 
0.2

7
1

 
 

 
 

 
 

 
 

 
 

E
n

ce
p

h
a

liza
tio

n
 slo

p
e

 
F

ibre
 in

d
e

x 
-4

.44
E

-07
 

2.4
8

E
-0

6
 

-6.81
E

-06
 

5.9
2

E
-0

6
 

-0.17
9

 
0.8

6
5

 
0.0

0
6

 
 

T
ab

le
 A

.2
0.  R

e
su

lts o
f lin

ear reg
re

ss
io

n
 a

n
a

lys
e

s
 o

n
 th

e
 relatio

n
s

h
ip

s
 b

e
tw

e
en

 m
am

m
a

lia
n

 en
c

e
p

h
aliza

tio
n

, g
u

t m
icro

b
io

m
e

 co
m

p
o

sitio
n

 an
d

 fib
re

 

in
tak

e.  P
 va

lues h
ig

hligh
te

d
 in

 g
re

e
n

 d
e

note
 sig

n
ifican

t p
re

d
icto

rs w
h

ere
 P

 <
 0

.05
.  C

L
 re

presen
ts 9

5
%

 co
nfid

e
nce lim

it for ea
ch

 re
gressio

n coefficie
nt.    

P
a

ra
m

ete
r 

E
s

tim
a

te
 

S
E

 
L

o
w

er C
L

 
U

p
p

e
r C

L
 

t v
alu

e 
P

 v
a

lu
e

 

a 
7

.0
7

8
 

0.3
8

2
 

6.2
9

4
 

7.8
6

1
 

18
.5

0
9

 
<

2.2
0E

-1
6

 
b 

9
.2

6
7

 
3.5

1
7

 
2.0

6
3

 
16

.4
7

1
 

2.6
3

5
 

0.0
1

4
 

 

T
ab

le
 

A
.21

. 
 

O
u

tp
u

t 
fro

m
 

n
o

n
-lin

ea
r 

re
g

res
s

io
n

 
m

o
d

el 
p

red
ic

tin
g

 
g

u
t 

m
icro

b
io

m
e

 

d
iv

ersity fro
m

 fib
re in

ta
ke

 fo
r th

e
 30

 m
a

m
m

a
lian

 s
p

e
cie

s
.  P

 value
s are h

ig
hlig

hted
 in g

re
en

 

w
h

ere P
 <

 0
.05

.  C
L

 re
presen

ts 95
%

 co
nfide

nce lim
it for ea

ch
 p

ara
m

e
te

r.        



Appendix 195 

 

Chapter 7   
 
Applying evolutionary theory to the microbiome–gut–brain axis 

A.1 Abstract 

Growing evidence indicates that the mammalian microbiome can affect behaviour, and various 

symbionts even produce neurotransmitters.  One common explanation for these observations is 

that symbionts have evolved to manipulate host behaviour for their benefit.  Here, we evaluate 

the manipulation hypothesis by applying evolutionary theory to recent work on the microbiome–

gut–brain axis.  Although the theory predicts manipulation by symbionts under certain 

conditions, these appear rarely satisfied by the genetically diverse mammalian microbiome.  

Specifically, any symbiont investing its resources to manipulate host behaviour is expected to 

be outcompeted within the microbiome by strains that do not manipulate but instead redirect 

their resources into growth and survival.  Moreover, current data provide no clear evidence for 

manipulation.  Instead, we show how behavioural effects can readily arise as a by-product of 

natural selection on microorganisms to grow within the host and natural selection on hosts to 

depend upon their symbionts.  We argue that understanding why the microbiome influences 

behaviour requires a focus on microbial ecology and local effects within the host.  

A.2 Introduction 

The link between the gut and brain has been discussed for centuries, with multiple proposed 

mechanisms underlying this relationship (Mayer, 2011).  These include communication through 

This chapter is based on a publication which was a joint effort with Professor Kevin Foster in terms of research, discussion of content 

and writing the paper: Johnson, K.V.-A. & Foster, K.R. (2018) Why does the microbiome affect behaviour? Nat. Rev. Microbiol. 16, 

647–655.  
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the vagus nerve (Forsythe et al., 2014), the immune (Fung et al., 2017) and endocrine systems 

(Neuman et al., 2015) and microorganism-derived neuroactive chemicals (Lyte, 2013).  The 

relative importance of these routes and how they might interact are unclear, but studies are 

increasingly documenting effects of gut microorganisms on the brain and behaviour (Cryan & 

Dinan, 2012; Foster & McVey Neufeld, 2013; Sarkar et al., 2016; Sharon et al., 2016).  For 

example, faecal microbiota transplantation in mice can cause the behavioural traits of the 

recipient to become more like those of the donor (Bercik et al., 2011a).  Behavioural effects have 

also been traced to specific subsets of the microbiota.  Evidence suggests that Lactobacillus 

and Bifidobacterium species can alleviate anxiety and depressive-like symptoms (Desbonnet et 

al., 2010; Bercik et al., 2011b; Bravo et al., 2011; Messaoudi et al., 2011; Savignac et al., 2014; 

Davis et al., 2016b), including in humans (Pinto-Sanchez et al., 2017; Wallace & Milev, 2017).  

Particular Lactobacillus species can also improve social interactions in stressed mice (Bharwani 

et al., 2017) and restore impaired oxytocin production and social deficits driven by a high-fat 

maternal diet (Buffington et al., 2016).  In addition, Bacteroides species have been shown to 

ameliorate repetitive and anxiety-like behaviours and communicative impairments in mice, 

seemingly through restoration of a specific bacterial metabolite (Hsiao et al., 2013). 

Such microbiota-driven alterations of host behaviour have led to the hypothesis that some 

symbionts manipulate the host for their own ends (Alcock et al., 2014; Wong et al., 2015; Stilling 

et al., 2016b; Yuval, 2017).  For example, microorganisms might make us more sociable (Stilling 

et al., 2014), and even altruistic (Lewin-Epstein et al., 2017), in order to increase host contacts 

and enhance their transmission.  The general idea of behavioural manipulation — whereby a 

microorganism evolves to change host behaviour because this increases microbial fitness, for 

example by promoting its own transmission (Brown, 2005) — has its roots in parasitology 

(Thomas et al., 2005).  Numerous parasites affect the host nervous system and drive atypical 

behaviour (Figure A.7), often by interfering with neurotransmitter or neuropeptide signalling 

(Adamo, 2002; Perrot-Minnot & Cézilly, 2013).  These effects are commonly attributed to 

manipulation by the parasite (Thomas et al., 2005).  Many examples come from invertebrate 

hosts, and one particularly striking example is the fungus Ophiocordyceps unilateralis, which 
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infects insects, including ants.  In this example, two key pieces of evidence support evolved 

parasite manipulation.  First, infection with the fungus induces ant hosts to adopt a certain 

elevation in the canopy and then bite on vegetation, anchoring the ant before fungal sporulation 

(Andersen et al., 2009; Hughes et al., 2011).  Second, and critically, there is evidence that this 

Figure A.7.  Examples of parasites affecting host behaviour.  (a) The fungal parasite Ophiocordyceps 

unilateralis induces ants to reach a certain elevation in the canopy, where they then bite on vegetation 

with the so-called death grip (Andersen et al., 2009), thus securing a position in the canopy that is 

favourable for fungal growth.  The fungus then emerges from the base of the ant’s head to sporulate

(Andersen et al., 2009).  (b) In vertebrates, parasite infections can change the social behaviour of hosts 

in ways that may promote parasite transmission (Klein, 2003).  For example, rabies virus infects 

mammals, including dogs and humans.  The virus causes inflammation of the central nervous system and 

increased host aggression, which leads to biting and transmission (Klein, 2003).  (c) The protozoan 

parasite Toxoplasma gondii infects birds and mammals and has been shown to reduce the aversion of 

rodents to cat urine (Berdoy et al., 2000; Vyas et al., 2007).  This may put the rodent at greater risk of 

predation and increase the chance of parasite transmission to feline hosts, which is necessary for the 

parasite to reproduce sexually (Berdoy et al., 2000).  (d) Infection can cause sickness behaviour in hosts, 

including behaviours such as appetite loss (Murray & Murray, 1979).  The evolutionary basis for sickness 

behaviour is not always clear, but loss of appetite may have evolved to decrease nutrient supply to 

intestinal pathogens.  Interestingly, there is evidence that Salmonella enterica subsp. enterica serovar 

Typhimurium suppresses this appetite loss, which may represent manipulation of host feeding behaviour

(Rao et al., 2017). 
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provides fitness benefits to the parasite, as the particular elevation (and likely humidity) that the 

ant adopts appears important for fungal development (Andersen et al., 2009).  In mammals, 

examples of parasites that affect the behaviour of their hosts are rare but include rabies virus 

and Toxoplasma gondii (Berdoy et al., 2000; Klein, 2003; Vyas et al., 2007).  However, although 

evidence indicates that parasites can influence host behaviour, the second step — that the 

parasite gains a fitness benefit from its effects — is difficult to demonstrate.  This difficulty is 

because it is typically challenging to show that the change in host behaviour resulting from 

parasite infection increases the fitness of the parasite in its natural environment.  Thus, even in 

the parasite field, it is unclear whether some long-discussed examples of parasite manipulation 

are genuine (Poulin, 1995). 

The parasite literature, therefore, teaches us that demonstrating evolved manipulation is 

experimentally challenging.  This literature also makes evolutionary predictions about when one 

should expect host manipulation.  Here, we apply the evolutionary theory of parasite 

manipulation (Brown, 1999; Vickery & Poulin, 2010) and host–symbiont interactions (Schluter & 

Foster, 2012; Box A.1) to the mammalian microbiome (Figure A.8).  We consider the possible 

routes by which natural selection may have led to host manipulation by gut microorganisms and 

conclude that manipulation of host behaviour is often unlikely.  We explore other evolutionary 

explanations for the behavioural effects of mammalian symbionts and propose that they 

modulate behaviour as a side effect of natural selection on other functions.  In particular, host-

affecting compounds can arise as a by-product of natural selection on microorganisms to 

compete within or control the local environment.  Finally, hosts may evolve to depend on 

microbial metabolites for normal physiological function; consequently, if the microorganism that 

produces these metabolites is lacking, then behavioural dysfunction can result.  

A.3 Manipulation of host behaviour 

The potential benefits to a symbiont from manipulating host behaviour, which we define here as 

global manipulation (Figure A.8), are clear; how a host behaves can strongly affect the growth 

and survival of a symbiont and its transmission to other hosts.  Despite this, the conditions that   
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Box A.1.  The semantics of host–microbiota systems.  Diverse definitions abound in the study of host–

microbiota systems, but the fields of ecology and evolution have a set of mostly agreed-upon definitions 

that can be applied consistently to avoid confusion.  This box outlines these definitions along with those 

of the microbiota and microbiome. 

 

Co-evolution--Reciprocal evolutionary adaptations in different species in response to one another.  

If species A changes, then species B changes in response; critically, this feeds back, and then 

species A changes again (Thompson, 1982). 

Commensalism--Interaction between species in which individuals on one side receive net fitness 

benefits, whereas the other species are unaffected. 

Commensal--Party in commensalism that receives benefit but has no net fitness effect on the other 

party. 

Competition--Interaction between species in which individuals on both sides suffer net fitness costs. 

Manipulation--A manipulating symbiont alters the host phenotype in such a way as to improve the 

fitness of the symbiont.  For example, symbiont fitness may be increased by increased transmission 

to new hosts or increased access to resources. 

Microbiome--The community of microorganisms plus the environment.  In host-associated 

microorganisms, this translates to the microbiota plus the host environment.  This follows the 

proposed definition (Marchesi & Ravel, 2015) and logically stems from the meaning of ‘biome’ as a 

major type of ecological community.  Others limit the definition of the microbiome to the genomic 

material of the microbiota. 

Microbiota--A community of microorganisms associated with a particular environment. 

Mutualism--Interaction between species in which individuals receive net fitness benefits from the 

interaction. 

Parasitism--Interaction between species in which individuals on one side receive net fitness 

benefits, whereas the other species experience net fitness costs.  Parasites can be members of the 

microbiota with ecologies similar to those of commensal and mutualistic microorganisms. 

Symbiosis--Close ecological interaction between organisms (from Greek, meaning ‘living with’).  

Examples of symbiosis include mutualism, parasitism, commensalism and more. 

Symbiont--Member of a symbiosis that lives in or on the other member. 

These definitions highlight that members of the mammalian microbiota are best described as 

symbionts rather than the commonly used commensal, because the former term is silent on the 

potentially varied effects on the host.  Indeed, one limitation of definitions based on fitness benefits 

is that a single symbiont may switch, for example, from mutualist to parasite under certain conditions 

(Méthot & Alizon, 2014), making the classification of symbionts challenging without full knowledge 

of their effects (May & Nelson, 2014).  
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Figure A.8.  Evolution of microbial effects on the brain.  Arrows denote the potential routes by which 

microorganisms may influence host behaviour.  Effects driven by natural selection on members of the 

microbiota are shown in blue.  The left-hand side captures microbial manipulation, in which case the 

effects on the host increase microbial fitness.  Here, the microbiota–gut–brain axis arises as an 

evolutionary adaptation of microorganisms to influence either the gut environment (local manipulation of 

host physiology) or host behaviour (global manipulation of the host).  The right-hand side depicts the 

evolution of microbial traits that affect the brain without the evolution of manipulation.  For example, the 

evolution of the metabolism used by the microbiota to survive and divide in the gut may generate 

compounds, such as metabolic waste products, that affect host behaviour as a side effect.  In this case, 

the compounds are not adapted to influence the host, and host effects are a by-product.  Effects driven 

by natural selection on the host are shown in purple.  The host may evolve to depend on the microbiota 

for particular functions, including nutrient provision or immune system maturation, such that a missing 

microbial species leads to strong physiological effects and, potentially, behavioural effects.  In addition, 

natural selection is expected to favour hosts that use the microbiota to provide information on nutrition 

and health in a manner that influences feeding, foraging and sickness behaviour.  In all cases, the effects 

of the microbiota may be due to multiple mechanisms, including the production of neuroactive chemicals

(or their precursors) that then trigger the vagus nerve or travel to the brain through the blood or lymphatic 

system, or through effects on the immune system. 
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favour the evolution of a manipulative trait (Table A.22) are quite restrictive (Brown, 1999; 

Vickery & Poulin, 2010).  Consider a bacterial strain that uses a dedicated set of enzymes to 

generate a compound that affects host behaviour.  Moreover, let us assume that this compound 

influences host behaviour in a way that benefits the bacterium.  Hypothetically, it could 

immediately make the host more sociable and increase the potential routes of transmission to 

new hosts, or it might make a host consume resources that the bacterium needs.  When will the 

production of this compound be favoured by natural selection?  If the host is colonized only by 

this single strain, then production of the compound is predicted to evolve, so long as any fitness 

cost of production is outweighed by the benefits of increased nutrients or transmission. 

Table A.22.  Conditions favouring manipulation of a host by a symbiont.  Evolutionary theory predicts 

specific conditions that favour the persistence of a manipulating symbiont (Brown, 1999; Vickery & Poulin, 

2010; Schluter & Foster, 2012).  Not all conditions are necessary for manipulation to evolve, for example, 

a symbiont that experiences little competition (low genetic diversity) might evolve an energetically costly 

manipulation trait.  Critically, however, theory predicts that either limited within-host evolution or low 

genetic diversity is necessary for the evolution of manipulation (as they prevent a non-manipulating strain 

from outcompeting a slower-growing manipulating strain).  The best candidate examples of host 

manipulation come from a few types of parasite or pathogen, and we use these as illustrations.  However, 

many parasites and pathogens do not appear to manipulate host behaviour.  Indeed, some are members 

of the microbiota with ecologies very similar to those of commensal and mutualistic microorganisms, 

making them subject to the same constraints on the evolution of manipulation. 

Evolutionary 
parameter 

Prediction 
Parasite or 
pathogen example 

Hypothetical 
microbiota 
example 

Likelihood for 
mammalian 
gut symbionts 

High benefit 

Host behaviour 
affects symbiont 
abundance within 
the host and/or 
transmission. 

The fungus 
Ophiocordyceps 
unilateralis needs 
ants to move to 
specific elevation to 
develop (Andersen 
et al., 2009). 

Changes in host 
social interactions 
promote microbial 
transmission. 

High 

Low cost 

Manipulation has 
limited negative 
effect on symbiont 
growth rate and 
survival, or 
manipulation is 
transient. 

Nematomorph 
hairworms disperse 
by inducing their 
locust or 
grasshopper host to 
jump into water; this 
involves only 
transient 
manipulation (Biron 
et al., 2005). 

Microbial waste 
product or 
signalling molecule 
happens to 
strongly affect host 
neurophysiology.  
Microorganism 
evolves 
manipulation by 
upregulating this 
pathway under 
specific conditions. 

High 
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Table A.22.  (cont.) 

Evolutionary 
parameter 

Prediction 
Parasite or 
pathogen example 

Hypothetical 
microbiota 
example 

Likelihood for 
mammalian 
gut symbionts 

High within-host 
abundance 

Abundant 
symbionts may 
benefit most if they 
can generate large 
amounts of 
manipulating 
compounds. 

Many manipulative 
parasites reach high 
biomass within the 
host, for example, 
O. unilateralis. 

Highly abundant 
strain influences 
host behaviour.  
Bacteroidales 
strains reach high 
frequencies in the 
gut, although each 
strain is typically 
only a few percent 
of total microbial 
cell number 
(Chatzidaki-Livanis 
et al., 2016). 

Low 

Limited within-
host evolution 

Symbiont 
undergoes few cell 
divisions within the 
host, either owing 
to transient 
colonization or 
occupying a slow-
growing ecological 
niche. 

Salmonella enterica 
subsp. enterica 
serovar 
Typhimurium, which 
promotes host 
appetite, only 
transiently infects 
the host (Rao et al., 
2017). 

Microorganism is 
specialist on a low-
abundance nutrient 
in the gut. 

Low 

Low genetic 
diversity 

Few other 
genotypes 
(mutants, strains or 
species) within the 
niche of the 
symbiont, which 
prevents a slow-
growing 
manipulating strain 
being 
outcompeted. 

Wolbachia strains 
have a diverse 
range of 
manipulative effects 
on insects and are 
intracellular, so 
there is little 
competition from 
other genotypes 
(Pannebakker et al., 
2007). 

Microorganism is in 
a discrete 
compartment within 
the host, limiting 
competition. 

Low 

If the bacterium must compete for resources and space with other strains and species, however, 

the prediction is very different.  Whereas the metabolic cost of the enzymes falls on the 

producing bacterium, the benefits are now shared by multiple members of the microbiota.  

Indeed, in the case of a transmission effect, it is likely that much of the microbiota benefits.  If a 

bacterial strain manipulates host food preference, then only strains in a niche similar to that of 

the producing strain may benefit, but these are also the main competitors of this strain.  In either 

of these cases of hypothetical manipulation, therefore, the prediction is that a strain in the same 

niche that lacks the enzymes will outcompete the producing strain because it receives the benefit 

without paying the cost.  This competitor could be a loss-of-function mutant of the producing 

strain or another species that inhabits the same niche.  Ultimately, this is predicted to lead to the 
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loss of the manipulating compound (Brown, 1999; Vickery & Poulin, 2010).  For high costs of 

production, this loss is expected to happen rapidly, in a few microbial generations.  For low 

costs, the loss is predicted to take longer.  Low costs are possible because natural selection is 

expected to minimize the costs associated with a given trait for a given level of benefit (Xavier 

et al., 2011).  Consistent with this concept, some parasites of invertebrates are thought to act 

by increasing synthesis of neuromodulators, such as serotonin, by the host, which may be less 

costly than producing them themselves (Adamo, 2002, 2013).  A low cost may also be facilitated 

when a microorganism can use pre-existing metabolic pathways to drive host effects.  However, 

even for low metabolic costs, the prediction is that a manipulative trait will eventually be lost in 

the face of prolonged competition from a non-producing strain within a host. 

Evolutionary theory then predicts that the evolution of manipulation will critically depend on the 

diversity within the microbiota and, more specifically, how much competition a given strain 

experiences with other genotypes in its niche.  If a strain is largely free from such competition, 

then manipulation is predicted to evolve if affecting host behaviour can increase resources or 

transmission.  However, when a strain faces competition from other genotypes, the evolution of 

costly mechanisms of manipulation is disfavoured, as these will undermine the ability of a strain 

to persist in the microbiota.  The question then is which of these two scenarios best represents 

a given host microbiome.  The human gut is an ecologically complex community, estimated to 

contain hundreds to thousands of interacting species and strains (Bäckhed et al., 2005; Qin et 

al., 2010).  Moreover, there is growing evidence for the importance of direct competition between 

strains of the same species and between species.  This evidence derives from ecological 

modelling (Coyte et al., 2015), empirical estimates of species interactions in the mouse gut 

(Stein et al., 2013; Marino et al., 2014) and from studies revealing the key role of bacteriocins 

and type VI secretion systems for ecological success in the gut (Kommineni et al., 2015; 

Chatzidaki-Livanis et al., 2016; Wexler et al., 2016).  These competitive conditions are predicted 

to lead to natural selection against symbionts — whether they are mutualists, parasites or 

commensals — that manipulate host behaviour (Table A.22; Box A.2). 
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Box A.2.  Social evolution, relatedness and host manipulation.  Application of social evolution theory 

to the mammalian microbiota reveals that natural selection likely operates against symbionts that 

manipulate host behaviour. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Our prediction that the microbiota rarely manipulates mammalian hosts originates from the field of 

social evolution (Hamilton, 1964a, 1964b; Wilson, 1975; Bourke, 2011).  Social evolutionists seek to 

understand the origin of traits in one organism that affect the survival and reproduction of other 

individuals.  A classic example is the sterile, and sometimes suicidal, workers of insect societies.  

Such phenotypes, which harm the reproduction of the individual but benefit others, are known as 

altruism in evolutionary biology.  Altruistic traits can evolve when there is genetic similarity between 

the carrier and the benefiting recipients (Hamilton, 1964a, 1964b; Bourke, 2011), because this means 

that an actor can increase the propagation of its alleles through the copies in a recipient.  More 

specifically, the key determinant in social evolution is that of relatedness, which captures the genetic 

similarity between individuals at the locus that drives the altruistic trait, relative to the population 

average.  The main way to create relatedness is family life; the evolution of sterility in workers is 

explained by the fact that the queen in the colony is typically the mother of the workers.  This means 

that the workers are raising siblings and are therefore able to pass on their genetic information, even 

though they do not themselves reproduce. 

In microorganisms such as bacteria, relatedness emerges easily by binary fission, which can create 

a large group of a single genotype.  At the scale of such groups, cooperative phenotypes in which 

several bacterial cells work together are extremely common, including the production of signalling 

molecules, enzymes to break down complex molecules and siderophores that scavenge iron (Nadell 

et al., 2016).  However, beyond the scale of a clonal group, competition between genotypes (through 

both nutrient acquisition and the many toxins used by strains to kill others) is commonly predicted 

and observed (Mitri & Foster, 2013).  The challenge to host manipulation then is that multiple 

competing strains can benefit, whereas only the strain that actually invests in manipulation will 

experience the cost, putting it at a disadvantage. 

The problem of competition for manipulation was realized over 15 years ago in a seminal social 

evolution paper that predicted a positive relationship between relatedness within a group of parasites 

in a host and potential investment in host manipulation (Brown, 1999).  Although caution is required 

when applying relatedness measures to microbial communities, in which many strains and species 

may compete and share genes (Mitri & Foster, 2013), this prediction from the parasitology literature 

(Brown, 1999) remains relevant for the mammalian microbiota.  Two sources of competition threaten 

to undermine a manipulating strain, one being strain diversity within its niche.  If many different 

competing microorganisms exist, then genetic relatedness will be very low, which disfavours any trait 

that costs a manipulating strain but benefits all others at the scale of the host (Schluter & Foster, 

2012; Foster et al., 2017).  If a manipulating strain can prevent immigration of other strains into its 

niche, then the prospects for manipulation are improved.  Such colonization resistance is seen in the 

microbiota, and some species, such as Bacteroides fragilis, often seem to occur as a single strain 

within a host (Sana et al., 2017).  However, even for such cases, a manipulating strain may be 

outcompeted by a second source of competitors: a mutant in the genetic background of the strain 

that lacks the manipulative trait.  Low costs to manipulation and genetic constraints on the emergence 

of loss-of-function mutants may slow this process (Mitri & Foster, 2016).  Nevertheless, the 

expectation is that a manipulative trait will be lost under long-term competition in the mammalian gut 

as any small growth cost associated with manipulation can drive the loss of a strain given the many 

microbial generations that commonly occur within the lifetime of a host (Schluter & Foster, 2012). 
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How do our predictions relate to current discussions of host manipulation by the microbiota?  In 

contrast to our predictions, a recent theory paper proposed that social (specifically altruistic) 

behaviour in animals can be explained by the evolution of microbial manipulation (Lewin-Epstein 

et al., 2017).  However, unlike the models of parasite manipulation (Brown, 1999; Vickery & 

Poulin, 2010), this study simply assumed there was no microbial competition within hosts to 

disfavour a manipulating strain.  It does not, therefore, challenge our predictions.  If the microbial 

competition that occurs within the gut were accounted for in this microorganism-induced altruism 

model (Lewin-Epstein et al., 2017), then the expectation is still natural selection against 

manipulation (Brown, 1999; Vickery & Poulin, 2010).  Nevertheless, there is empirical evidence 

consistent with host manipulation by Salmonella enterica subsp. enterica serovar Typhimurium, 

mediated by the vagus nerve (Rao et al., 2017).  Bacterial infections can trigger sickness-

induced behaviour in hosts (Murray & Murray, 1979; Wickham et al., 2007).  It is challenging to 

demonstrate that sickness behaviour is an adaptation to combat infection rather than a by-

product of compromised physiology.  However, one feature — loss of appetite — may function 

to decrease nutrient supply to intestinal pathogens (Murray & Murray, 1979).  S. Typhimurium 

seems to suppress this appetite loss, which may represent manipulation of host feeding 

behaviour in order to counteract a potential reduction in nutrient supply (Rao et al., 2017).  

Curiously, in this case, this effect seemed to improve host fitness as well as microbial fitness, 

though estimates of host fitness in a laboratory system may not capture fitness effects seen in 

the natural environment.  In any case, the data appear consistent with the evolution of microbial 

manipulation of behaviour. 

Does this S. Typhimurium example contradict our predictions?  Consideration of S. Typhimurium 

biology suggests not; rather, this example is consistent with the predictions of when true 

manipulation can evolve.  The evolutionary success of S. Typhimurium is based on its ability to 

transiently outcompete other species and become dominant in the gut (David et al., 2014a; 

Rivera-Chávez & Bäumler, 2015).  This competitive dominance means that S. Typhimurium is 

not expected to be outcompeted by other species that do not invest in manipulation (Table A.22).  

There remains the potential for a non-manipulating strain of S. Typhimurium to outcompete a 
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manipulating one.  However, this outcome would require simultaneous co-infection with multiple 

strains to be common, yet multiple-strain infections are rare for bacterial pathogens (Balmer & 

Tanner, 2011).  Importantly, the ecology of S. Typhimurium contrasts with the typical ecology 

expected in the gut microbiota.  Many species exist at relatively low frequency and face 

competition from other strains and species over long periods, spanning many symbiont 

generations.  These conditions are well captured by the theory (Brown, 1999; Vickery & Poulin, 

2010), with the expectation that manipulation will often be disfavoured.  Many species in the 

microbiota are likely to experience long-term competition, including members of the genera 

Bifidobacterium and Lactobacillus, which are most associated with effects on host behaviour 

(Cryan & Dinan, 2012; Foster & McVey Neufeld, 2013; Sarkar et al., 2016; Sharon et al., 2016). 

A.4 Local manipulation in the host 

We have discussed how the manipulation of global host phenotypes, such as behaviour, is 

expected only under specific conditions.  However, growing evidence indicates that the 

microbiota affects host behaviour.  What then are the alternative explanations for these effects 

of microbial symbionts on host behaviour?  One explanation is that symbionts are naturally 

selected to manipulate the local gut environment, and this then influences host behaviour as a 

side effect.  Local manipulation is predicted to be more likely than behavioural manipulation 

because there is a greater chance that any benefits fall preferentially on the strain that invests 

in manipulation (Box A.2).  Potential benefits of such manipulation include increased nutrient 

supply and decreased inhibition by attenuating host immune responses.  However, to explain 

effects on behaviour, any manipulation must also have side effects on the central nervous 

system of the host.  One potential route is through local changes to the enteric neurobiology of 

the host, which may then influence host behaviour through communication between the enteric 

and central nervous systems (Rao & Gershon, 2016).  Gut bacteria can modulate intestinal 

motility (Quigley, 2011) through metabolites, including short-chain fatty acids and bile acids, that 

affect serotonin synthesis in the host (Fukumoto et al., 2003; Dey et al., 2015; Reigstad et al., 

2015; Yano et al., 2015), and gut motility can in turn influence the competitive ability of certain 
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species (Wiles et al., 2016).  Moreover, a recent study found that the Vibrio cholerae type VI 

secretion system increases the strength of gut contractions in larval zebrafish and that this can 

displace a symbiont bacterial species (Logan et al., 2018).  This is consistent with local 

manipulation that provides a competitive benefit, although the example involves an acute 

pathogen rather than a symbiont.  Whether or not such effects also have impacts on behaviour 

is unknown.  However, effects on the enteric nervous system have the potential to modulate the 

mood and behaviour of the host through the gut–brain connection. 

Symbiotic microorganisms may also have local effects on immune responses of the host 

(Sansonetti & di Santo, 2007; Ayres, 2016), including reducing the inflammatory response 

(Neish et al., 2000; Kelly et al., 2004).  However, it is not clear whether these effects represent 

local manipulation by the microorganisms or arise purely as a function of natural selection on 

the host to discriminate between different microbial phenotypes (Hooper, 2009).  Nevertheless, 

the immune and nervous systems are extensively connected (Steinman, 2004; Baganz & 

Blakely, 2013; Wohleb et al., 2016), not only mechanistically but also anatomically (Louveau et 

al., 2015), such that any microbial effects on the immune system may elicit behavioural changes 

as a side effect (without any natural selection on symbionts to manipulate behaviour).  Therefore, 

the possibility exists that many of the effects described in studies of the microbiome–gut–brain 

axis may actually reflect an immune response.  Consistent with this, recent findings show that 

colonizing mice with the faecal microbiota from patients with irritable bowel syndrome can drive 

anxiety-like behaviour, but only when the mice also exhibit immune activation (de Palma et al., 

2017). 

The evolutionary basis for local manipulation by symbionts is on more solid ground than the 

global manipulation of host phenotypes.  As such, some effects of the microbiota on host 

behaviour may be a side effect of local manipulation.  However, even at the local scale, it is 

challenging to demonstrate the evolution of symbiont manipulation of the host and distinguish it 

from other explanations, such as the evolution of host adaptations that serve to detect and 

respond to particular strains and species in the gut (Foster et al., 2017). 
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A.5 By-products of microbial metabolism 

If the microbial compounds that affect host behaviour do not arise for manipulation, then why 

are they produced?  The simplest explanation is that they are generated as part of the 

metabolism that helps the microorganism to grow and divide, as occurs with metabolic waste 

products.  Short-chain fatty acids (for example, butyrate, propionate and acetate) are key waste 

products made by gut bacteria that can influence gut motility (Fukumoto et al., 2003; Reigstad 

et al., 2015; Yano et al., 2015), modulate host immune responses (Rooks & Garrett, 2016) and 

have substantial neuromodulatory effects, possibly because they function as histone 

deacetylase inhibitors (Koh et al., 2016).  Polysaccharide A, a component of the bacterial 

capsule, can also affect gut motility (Mao et al., 2013) and host immune responses (Mazmanian 

& Kasper, 2006).  In addition, microbial compounds may affect the brain.  Butyrate helps 

maintain the integrity of the blood–brain barrier (Braniste et al., 2014), which typically functions 

to separate the neuroactive agents of the brain and periphery (Abbott et al., 2006).  Furthermore, 

acetate produced in the colon can cross the blood–brain barrier and directly enter the brain 

(Frost et al., 2014). 

Compounds that function as host neurotransmitters (Figure A.9) are particularly relevant.  

Lactobacillus and Bifidobacterium species from the human intestine are prolific producers of 

GABA in culture (Barrett et al., 2012).  Moreover, expressing a Bifidobacterium dentium gene 

for GABA production in the mouse gut using transformed Bifidobacterium breve can modulate 

indicators of visceral pain (Pokusaeva et al., 2017).  A GABA uptake system has also been 

reported in Pseudomonas fluorescens, a plant-associated bacterium (Guthrie & Nicholson-

Guthrie, 1989), and more recently, a bacterial species from the human gut microbiome, Evtepia 

gabavorous, has been shown to require GABA as a growth factor (Strandwitz et al., 2018).  

Uptake of a neurotransmitter therefore provides another potential route to influence host 

behaviour.  In addition, bacteria seem to have an important role in activating precursors of 

dopamine and noradrenaline in the gut (Asano et al., 2012), and some species also synthesize 

serotonin, acetylcholine and histamine (Wall et al., 2014).  The production of these molecules 
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Figure A.9.  How neurotransmitters in the gut lumen might influence the central nervous system. 

Various neurotransmitters have been isolated from microbial species known to occur in the human gut, as 

listed in the diagram (Wall et al., 2014).  The microbial production of neurotransmitters represents a potential 

mechanism to directly influence the brain and behaviour.  In reality, this route is limited because most 

neurotransmitters, including serotonin, dopamine and GABA, cannot typically breach the protective blood–

brain barrier (Laterra et al., 1999; Abbott et al., 2006).  Alternative modes of action include the possibility 

that microorganism-derived neurotransmitters affect the brain through the vagus nerve and its afferent 

neurones (Forsythe & Kunze, 2013).  Another option is that precursors of neurotransmitters cross the blood–

brain barrier (Fernstrom, 1983; Banks, 2009) and are then converted into active neurotransmitters.  For 

example, gut bacteria can influence the metabolism and availability of the serotonin precursor tryptophan 

(O’Mahony et al., 2015).  This may affect serotonergic signalling in the central nervous system as tryptophan 

concentration in the blood plasma correlates with brain serotonin levels (Fernstrom & Wurtman, 1971). 

raises the possibility that microorganism-derived neurotransmitters can bind directly to host 

receptors (Wall et al., 2014). 
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Does the production of neurotransmitters identify symbionts that have evolved to manipulate the 

mammalian brain?  This is far from clear.  First, neurotransmitters may not be produced at 

meaningful levels by bacteria in the gut, as studies describing bacterial neurotransmitter 

production are largely performed in vitro (Sampson & Mazmanian, 2015).  Second, it remains 

unknown whether lumen-produced neurotransmitters (or their precursors) can strongly influence 

the brain (Figure A.9).  Moreover, even if microorganism-derived neurotransmitters can affect 

the brain, their production may well be explained by another bacterial function rather than host 

manipulation.  Although these compounds are known as neurotransmitters in animals, they are 

produced not only by bacteria but also by fungi and plants (Roshchina, 2010).  Indeed, their use 

in multicellular species may even be explained by horizontal gene transfer from bacteria (Iyer et 

al., 2004).  Most importantly, bacteria isolated from the environment can also produce 

neurotransmitters (Mountfort & Pybus, 1992; Roshchina, 2010), which suggests that these 

compounds have a role in bacterial biology outside of the host.  Determining the functions of 

these compounds in free-living bacteria, therefore, is an important open question, as is whether 

these functions translate to symbiotic species.  Initial work in this area suggests functions in both 

core metabolism and signalling between cells (Roshchina, 2010). 

A.6 The evolution of host dependence 

Our focus has been on the microbiota and how microbial evolution can lead to effects on the 

host.  However, considering how host evolution can influence the microbiota–gut–brain axis is 

also important.  Here, there are several non-mutually exclusive routes for natural selection on 

hosts to affect or forge links from the microbiome to behaviour.  The simplest stems from the 

possibility that a host behaves differently when certain microorganisms are lacking simply 

because the physiology of the host is compromised.  Such effects can have multiple causes, but 

evolutionarily, they are expected from what is often called ‘evolved dependence’ (de Mazancourt 

et al., 2005; Weinersmith & Earley, 2016).  When a host evolves alongside a symbiont, even a 

harmful one, there is the potential for it to come to rely on that symbiont for certain functions.  

For example, the wasp Asobara tabida has evolved to depend on the bacterial endosymbiont 
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Wolbachia for normal oocyte development, even though this bacterium is commonly a parasite 

of insects (Pannebakker et al., 2007). 

Evolved dependence may affect the nervous system, such that removing a particular 

microorganism creates a maladaptive physiological state that translates to behavioural effects.  

This can then lead to specific microorganisms having specific effects on host behaviour without 

any natural selection on the microorganisms to influence host physiology.  Given the apparent 

functional redundancy of the gut microbiota (Moya & Ferrer, 2016), multiple phylogenetically 

diverse symbionts may complement any host dependence.  Therefore, it may be the loss of the 

microbial trait, rather than specific microbial species, that leads to an impairment in host 

behaviour.  More generally, evolved dependence may explain why an altered gut microbiome 

composition (such as in the case of germ-free or antibiotic-treated animals) is associated with 

behavioural changes (Diaz Heijtz et al., 2011; Desbonnet et al., 2014, 2015; Hoban et al., 

2016a).  If we have evolved to depend on members of the microbiota to modulate our own 

neurochemistry, then we might expect their absence to influence brain function. 

There is also the potential for evolved dependence through the evolution of the immune system.  

The long evolutionary association with the symbiotic microbiota has provided many opportunities 

for immune regulation to evolve dependencies on bacterial phenotypes.  Broadly consistent with 

this, the gut microbiota affects various aspects of the host immune response (Mazmanian & 

Kasper, 2006; Round & Mazmanian, 2009; Hill & Artis, 2010; Rooks & Garrett, 2016).  For 

example, microbial metabolites influence the differentiation and functioning of immune cells 

(Furusawa et al., 2013; Smith et al., 2013) and can have anti-inflammatory effects (Brestoff & 

Artis, 2013).  Evolved dependence has also been linked to the hygiene hypothesis, which posits 

a causal association between improved hygiene and the rise in autoimmune conditions 

(Strachan, 1989; Weinersmith & Earley, 2016).  This is based on the idea that an absence of 

symbiotic microorganisms or parasites leads to immune dysregulation.  Most relevant here is 

the suggestion that the hygiene hypothesis is linked to mental health through neuroimmune 

connections (Rook & Lowry, 2008).  Thus, immune processes may underpin many of the effects 

of the microbiome on the brain.  Indeed, the bacterial genera Lactobacillus and Bifidobacterium, 
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which are commonly associated with behavioural changes, are also known for their 

immunomodulatory properties (Wells, 2011; Fanning et al., 2012).  Although the study of the 

microbiota–gut–brain axis has not explicitly considered evolved dependence, we believe it may 

prove fundamental to how the microbiome affects the brain. 

Evolved dependence rests upon the idea that host physiology may come to depend upon 

symbionts for normal functioning.  Host evolution can also generate new functions through the 

microbiota, and these may again affect behaviour.  The gut microbiota contains much 

information of value to a host.  When the microbiota informs on nutritional state, natural selection 

on the host may link the state of the microbiota to host appetite, feeding and foraging behaviour 

(Wong et al., 2015; Fetissov, 2016).  For example, short-chain fatty acids produced by microbial 

fermentation are implicated in satiety regulation (Rosenbaum et al., 2015).  Another evolved 

response may be sickness behaviour resulting from the spread of a pathogen within the gut 

(Figure A.7d).  Furthermore, when particular symbionts provide valuable information or perform 

a useful function, even if just through a by-product of microbial metabolism, a host may evolve 

mechanisms to favour these bacterial species and thereby reinforce their effects.  There are 

many potential routes to such host control of the microbiota by compounds secreted from the 

host epithelium, including both specific nutrients and antimicrobials (Foster et al., 2017).  Thus, 

hosts are expected to evolve to depend upon, monitor and regulate their microbiota.  This 

evolution may readily forge and modulate links between the microbiota and host behaviour. 

A.7 Outlook 

There is growing evidence that the mammalian gut microbiome affects the brain and behaviour, 

raising the hypothesis that our microbiome has evolved to manipulate us (Alcock et al., 2014; 

Stilling et al., 2014, 2016b; Wong et al., 2015; Lewin-Epstein et al., 2017; Yuval, 2017).  

However, taking stock of both data and evolutionary theory casts serious doubt on this 

hypothesis.  The theory predicts that manipulation is most likely when the manipulative trait has 

low cost and high benefit for the manipulating bacteria and, critically, when there is limited 

competition from non-manipulating strains (Table A.22).  This last condition does not seem 
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easily satisfied in the diverse microbial ecosystem of the gut.  We should not then assume that 

our microorganisms are our ‘puppeteers’.  Instead, the behavioural effects of the microbiota 

might be better explained as a side effect of either local manipulation of the host environment or 

the microbial metabolism needed to grow and survive in the gut.  Moreover, it is clear that hosts 

can evolve to depend upon the microbiota and use it to respond to nutritional and disease states, 

thereby cementing a link from symbionts to host physiology. 

Our perspective has implications for both understanding and manipulating how the microbiota 

affects behaviour.  We predict that microbial compounds that influence host physiology, such as 

neurotransmitters, typically evolve either because of their local impacts on host physiology (local 

manipulation) or as a by-product of natural selection on microorganisms to grow and compete 

within the microbiota (Figure A.8).  Local effects on mucus production (Schluter & Foster, 2012; 

McLoughlin et al., 2016), the inflammatory response (Rivera-Chávez & Bäumler, 2015) and gut 

motility (Wiles et al., 2016; Logan et al., 2018) all have the potential to influence microbial strains 

differently in ways that are important for evolutionary success.  However, the clearest evidence 

for local manipulation currently comes from acute pathogens, such as Salmonella strains and 

V. cholerae, rather than from beneficial or commensal symbionts.  The demonstration of local 

manipulation by symbionts requires more than simply showing effects of a microorganism on 

host physiology.  Critically, local manipulation is also predicted to increase the competitive ability 

of the manipulating strain in the gut, in contrast to behavioural manipulation, which is not 

expected to improve local competitive ability (Table A.22).  For symbionts that spend a long time 

in the host, this predicts that a locally manipulating strain will outcompete an otherwise isogenic 

strain lacking the manipulative trait.  Moreover, this competitive benefit must arise from effects 

on host physiology. 

Arguably, the simplest explanation for microbial traits that influence host behaviour is that they 

are a by-product of the way that microorganisms grow and compete in the gut (Figure A.8).  

Similar to local manipulation, this scenario predicts that the production of a host-affecting 

compound will provide a competitive advantage to the strain that carries it.  However, in contrast 

to local manipulation, the advantage will occur independently of the effects on host physiology.  
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This implies that any advantage can also be observed experimentally ex vivo (to the extent that 

the experiment can capture the growth conditions in the host).  What kinds of molecule help a 

microorganism to compete but might also affect host physiology as a side effect?  Many 

candidates exist.  We have focused our discussion on metabolic products such as short-chain 

fatty acids, which are known to strongly influence the physiology of host cells (Fukumoto et al., 

2003; Reigstad et al., 2015; Yano et al., 2015; Rooks & Garrett, 2016).  However, bacteria 

produce vast numbers of compounds whose effects on gut physiology are currently unknown 

(Franzosa et al., 2015). 

Metabolic waste products are just one source of compounds released by bacteria.  To compete 

in any community, microorganisms produce a wide variety of compounds that influence the 

survival and division of other cells.  These include enzymes that break down complex molecules, 

biosurfactants, siderophores that scavenge iron, diverse toxins that inhibit other 

microorganisms, extracellular polymeric substances (including carbohydrates and DNA), 

molecules that function as electron acceptors and molecules that function in cell–cell 

communication, for example quorum sensing (Mitri & Foster, 2013; Nadell et al., 2016).  Such 

compounds are potential candidates for influencing host physiology because they can be 

released in large quantities and, moreover, have often evolved because of their physiological 

effects on other cells.  For example, iron is a key currency for both host and microbial cells 

(Markel et al., 2007), and bacterial siderophores that scavenge iron are known to affect epithelial 

cell physiology (Choi et al., 2004). 

A focus on microbial ecology also has implications for the goal of engineering the microbiota 

(Foster et al., 2017).  It has been suggested that probiotic strains can be used to improve mental 

health outcomes (Wallace & Milev, 2017).  A major challenge with many probiotics is getting a 

strain to establish itself in a new community (Weimer, 2015; Foster et al., 2017; Zmora et al., 

2018).  However, a focus on naturally occurring human symbionts should circumvent this 

challenge.  If we are correct that host-affecting traits are accompanied by a competitive 

advantage, then probiotic strategies should be viable in the sense that the strains can compete 

and establish themselves in communities.  Another limitation of probiotic strategies is the 
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tendency to seek a single strain to provide a given benefit.  In reality, the benefits that the 

microbiota provides to the host, such as protection against pathogens, can arise from the 

interactions of multiple species within a community (Caballero et al., 2017).  If this is also true 

for behavioural effects, then we will need to embrace the full ecological complexity of the 

microbiota in order to understand the microbiome–gut–brain axis. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Embrace your other half 
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