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Synopsis 
The contents of this thesis are organised into seven chapters and one appendix 

• Chapter 1 includes two literature reviews that discuss important factors associated

with the development of upper respiratory symptoms (URS) in elite athletes. The first

review discusses URS, its incidence and prevalence in elite athletes as well as the

effects that exercise has on the immune system at the level of immune gene

expression, immune cell phenotype and immunometabolism. The second review was

published in Sports Medicine and is presented here in its published form. This review

discusses the relationship between exercise, the gut microbiota, the common mucosal

immune system and the risk, prevalence and incidence of URS.

• Chapter 2 reports the incidence of URS in a cross-sectional study of elite Australian

athletes, during a 30-day period, three months prior to a summer Olympic Games.

Based on epidemiological data, the cohort was split into the two groups that are

studied throughout this thesis; a group that did not present with URS (asymptomatic

group) and a group that reported URS for a minimum of two days in the previous

month (URS group). The chapter assessed the relationship between lifestyle factors

and URS and used several questionnaires relating to the areas of psychology, illness,

injury, training load, sleep, energy availability and travel. The assessment of lifestyle

factors is a quick and non-invasive method of inquiry that can be used to highlight

factors that were or were not linked with the incidence of URS in elite athletes.

• Chapter 3 presents an in-depth comparison of peripheral blood mononuclear cell

(PBMC) phenotypes between the URS and asymptomatic groups. Immune cell

phenotyping was performed to characterise PBMC sub-populations. Circulatory

PBMCs are a relatively accessible and representative tissue for analysing the

phenotypic and functional aspects of immune competency. Differences in immune

phenotype can represent differences in immune function, which involves the

reactions and processes of many cell types that represent the innate and adaptive

response (1). Differences in immune function may reflect an athletes potential for

developing URS (2). Immune cell phenotype was measured using mass cytometry,
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using the CyTOF2 mass cytometer (Fluidigm, CA, USA) and data was evaluated 

using a traditional gating strategy in FlowJo_V10 software (Oregon, USA) as well as 

using an advanced machine learning approach using the Cytobank platform (Santa 

Clara, USA). 

• Chapter 4 compared the results of immune gene expression analysis using peripheral

blood between the URS and the asymptomatic groups. An essential link between the

genome and immune cell phenotype is gene expression. The study of gene expression

can reveal key differences associated with illness (3). To undertake this analysis,

novel digital gene expression technology from NanoString Technologies (NanoString

Technologies, WA, USA) was used.

• Chapter 5 compared the metabolic profile and mitochondrial parameters of PBMCs

between the URS group and the asymptomatic groups using the Cell Mito Stress Test

Kit (Agilent Technologies, Santa Clara, USA). For optimal immune function, it is

crucial that the metabolic requirements of immune cells are met. Exercise training is

a significant physiological stress for elite athletes. Meeting the energy and nutrient

requirements to maintain healthy immune function, in addition to the requirements

posed by the energy demand of exercise, can be difficult to achieve for elite athletes

(4). Nutritional deficiencies increase the risk of  poor immune function and immune

cell metabolism (5). Early evidence examining metabolic demands within immune

cells has demonstrated metabolic shifts in response to various stimuli and fluctuations

in substrate availability (5).

• Chapter 6 contains a small pilot study that compared the gut microbial profiles of a

subset of the original cohort, between six female soccer players reporting URS and

six asymptomatic female soccer players. The link between the gut microbiota and

health is of growing interest. The gut microbiota is involved in digestion, nutrient

production, metabolism, priming of the immune system in infancy and immune

defence (6, 7). Although diet is the main contributor to gut microbial composition, a

recent study comparing 40 elite rugby players to healthy, non-athletes, demonstrated

that exercise was positively correlated with the composition of the gut microbiota (8).
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However, it is difficult to discern the extent to which diet and exercise shape the gut 

microbiota independently and to what extent these factors overlap and contribute to 

health (8). This pilot study used 16S rRNA sequencing using the Illumina MiSeqTM 

II system from Macrogen Inc. (Seoul, South Korea). To the best knowledge of this 

candidate, this study is the first comparison of the gut microbial profile in association 

with the incidence of URS. 

• Chapter 7 discusses the general conclusions of each study presented in this thesis and

how this body of research contributes to understanding the association between

exercise, the immune system and upper respiratory symptoms in elite athletes.
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Preface: The relationship of this thesis to the Stay Healthy Project 
The Stay Healthy Project was launched in late 2015 and simultaneously evaluated multiple 

risk factors thought to contribute to the health of Australian athletes preparing for the Rio 

2016 summer Olympic Games. The project was led by the Australian Institute of Sport in 

partnership with the Australian Collaboration for Research into Injury in Sport and its 

Prevention (ACRISP) at Federation University Australia, University of Canberra Research 

Institute for Sport and Exercise (UCRISE), Bond University, Mary MacKillop Institute for 

Health Research at Australian Catholic University, Queensland Academy of Sport, Griffith 

University and Menzies Health Institute, Queensland. The work was financially supported 

by the Australian Institute of Sport High Performance Research Fund, the Queensland 

Academy of Sport Centre of Excellence for Applied Sport Science Research grant, an internal 

grant from Griffith University and in-kind contributions from the Research Institute for Sport 

and Exercise at the University of Canberra. The Stay Healthy Project analysed the influence 

of psychology, sleep, travel, probiotic supplementation, clinical measurements and energy 

availability and their association with various illnesses and injury in elite athletes. The project 

involved two cross-sectional studies at two separate time points; the Phase-one study 

occurred approximately nine months prior to the 2016 Olympic Games and the Phase-two 

study occurred approximately three months prior to the 2016 Olympic Games. Two co-

authored publications regarding each of these studies can be viewed Appendix 1 (Phase-one) 

and Appendix 2 (Phase-two). 

This thesis falls under the umbrella of the Stay Healthy Project and uses a subset of 

athletes from phase-two of the original Stay Healthy Project (Figure a). Although the data 

for this thesis was based on a subset of 71 athletes from 132 athletes who were included in 

Phase-two of the Stay Healthy Project, there are several key differences in the work 

undertaken. The main focus of the Stay Healthy Project was to examine the environmental 

and lifestyle factors, as well as some standard clinical measurements such as a white cell 

differential  and C-reactive protein and vitamin D concentrations. The study did not include 

an in-depth assessment of immune phenotype, immune gene expression, immunometabolism 

or gut microbial composition. In this thesis, the data from Phase-two of the Stay Healthy 

Project were used in Chapter 2 to assess baseline differences between the groups and 

subsequently to adjust statistical analyses undertaken in Chapters 3–6. In the second-phase 

of the Stay Healthy Project, the incidence of multiple illnesses was evaluated, and upper 
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respiratory symptoms (URS) was identified as the most commonly reported illness in elite 

athletes (9). As such, the primary focus of this thesis was to undertake a holistic assessment 

of the lifestyle, immune and bio-psycho-social factors associated with the incidence of URS 

in elite athletes. Additionally, the second-phase of the Stay Healthy Project also determined 

whether illness and injury influenced an athletes’ ability to undertake their usual training 

activities. In contrast, the work in this thesis used responses from the URS and chest infection 

symptoms log to assign the athletes into two groups based on URS symptoms, irrespective 

of the whether an athlete could uphold their usual training load. For inclusion in the 

asymptomatic group, athletes reported no symptoms for both URS and chest infection during 

the one-month period prior to sampling. For inclusion in the URS group, athletes were 

required to report URS or chest infection symptoms for a minimum of two days in the 

previous month. 
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Figure (a) Overview of the studies in this thesis with respect to the Stay Healthy Project 
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Chapter 1a 
Literature review 
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1.1 Introduction 
The World Health Organization defines health as “a state of complete physical, mental and 

social well-being and not merely the absence of disease or infirmity” (10). An individual’s 

health status can be predictive of future disease and can change in response to many lifestyle, 

environmental and immune factors (11). For elite athletes, habitual intense exercise, defined 

in this study as undertaking regular intense exercise for more than 12 hours per week, is a 

factor that can have paradoxical effects on health (12). While regular exercise is protective 

against the development of many chronic diseases, in elite athletes, habitual intense exercise 

is associated with a slightly higher frequency of upper respiratory symptoms (URS) (13). To 

meet the demands of elite level sport, the avoidance of URS is a common goal for athletes, 

coaches and support staff. To what extent exercise training, lifestyle, immune and other 

factors influence susceptibility to URS remains a pertinent question underpinning the 

development of effective athlete management strategies (13). It is the aim of this thesis to 

undertake a holistic analysis of the factors that may be associated with athletes reporting 

URS, with a focus on; lifestyle factors, peripheral blood immune cell phenotype, whole blood 

immune gene expression, peripheral blood immune cell metabolism and the composition of 

the gut microbiota. In this thesis, the term lifestyle factors include factors such as travel, 

psychological factors (for example stress), sleep, probiotic supplementation, training load 

and the incidence of illness and injury. Figure 1.1 illustrates the interaction between the 

factors contributing to risk and incidence of URS in elite athletes. Immune phenotype has 

traditionally been measured at the proteomic level, however, plasticity of the immune system 

is governed by transcriptional and translational regulation and post-translational 

modifications (14). Given that the immune system is a complex network of cells and proteins 

distributed throughout the body, evaluation of its function requires the integration of 

molecular, phenotypic, environmental and lifestyle data. The following review will proceed 

to discuss relevant data from these topics placed in the context of athlete health and the 

development of URS. 
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Figure 1.1 The conceptual framework of this thesis. Multiple factors influence, and are 

influenced by, exercise and the immune system and may influence URS prevalence. In the 

centre of the image are habitual intense exercise and the immune system. Both factors are 

able to influence and can be influenced by the factors on the outer ring including, energy 

availability, stress, HPA-axis, immunometabolism, sleep and the gut microbiota. 
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1.2 The Immune System 
The immune system is a network of cells, proteins, vessels and organ tissues, working in 

synchrony to maintain host defence against potential or invading pathogens and antigens. 

Immune cells play the leading role in coordinating the activities of the immune system such 

as the protection from, and elimination of pathogens from the body (15). Immune cells 

synchronise the repair of damaged tissues caused by stressors, from infectious agents and 

injury, to factors such as diet and exercise (16). The immune cell repertoire includes a diverse 

range of cell subsets, each with varied activation and differentiation states, signalling and 

receptor molecules and cytokine and chemokine activation patterns. The immune system is 

organised into the innate immune system and the adaptive immune system based on their 

functions. The innate immune response is a first line of defence that provides generalised 

protection against an antigenic insult or perturbed homeostasis to the immune system (15). 

A challenge to immune-related homeostasis may present as bacterial, viral, fungal or parasitic 

infection, tissue damage from a wound or exercise-induced mechanical stresses. For elite 

athletes, an impaired or reduced innate immune response may increase the risk of infectious 

URS. The key functions performed by innate immune cells, for example phagocytosis and 

antigen presentation, are reflections of their first responder status. The expression of markers 

relating to these key functions could be reduced in athletes with a higher risk of URS. 

Conversely, aseptic URS would be lower if the innate response was impaired or dampened. 

Perhaps, the most important role of innate immune cells is to prime and regulate the adaptive 

immune system. Poor communication between the innate and adaptive divisions could 

increase the duration of URS by reducing the response to infectious URS. The adaptive 

immune response is a second-wave response to a pathogen that is initiated following antigen 

presentation by the innate system. Following antigen presentation, B and T lymphocytes of 

the adaptive immune system generate antigen-specific defences and immunological memory 

for targeted pathogen detection and destruction. An impaired adaptive immune response 

could increase the duration of infectious URS. Whether changes to immune system would 

increase or decrease the risk and incidence of URS would depend on the aetiology of URS 

and a multitude of lifestyle factors. The key immune cells are summarised in Table 1.1.  
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Table 1.1 Lists the key immune cells of the innate and adaptive systems, their common location in the body, any notable characteristic and 

the usual function of the cell types in immunity. The information is sourced from peer reviewed journal articles. 

Cell type Location when mature Notable structural features and functions 

Innate immune cells 

Granulocytes Blood Granular appearance due to cytoplasmic storage of antimicrobial proteins and 

inflammatory mediators  

     Neutrophils Blood First responder, phagocytosis, degranulation and release of extracellular traps (17) 

     Eosinophils Blood Roles in allergy and as anti-parasitic cells  

     Basophils Blood Roles in allergy and as anti-parasitic cells 

     Mast cells Blood Allergy, anaphylaxis and immune regulation (18) 

Monocyte-macrophage 

Lineage 

Blood and other tissues Antigen presentation, cytokine production and phagocytosis (19) 

Phenotypic and functional plasticity 

Dendritic cells Blood and other tissues Long, spiny processes and high expression of receptors that create a large surface 

area for interacting with the external environment (20). Specialist in antigen 

presentation to T, B and NK cells (20, 21).  

Natural killer cells Blood and other tissues Detection and destruction of virally infected and cancerous cells (22, 23) 

Induces apoptosis through perforin and granzyme release (22, 24) 

Adaptive Immune cells 

B cells Blood and other tissues Antigen-specific proliferation and differentiation. Humoral immunity (25) 

T cells Blood and other tissues Antigen-specific proliferation and differentiation. Cell-mediated immunity (26) 

     Cytotoxic T cells Blood and other tissues Detection and destruction of virally infected and cancerous cells (26) 

     Regulatory T cells Blood and other tissues Termination of T cell-mediated responses, considered suppressive (26) 

     Helper T cells Blood and other tissues Support the activation and differentiation of other immune cells (26) 
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1.3 The Evolution of Exercise Immunology 
The immune system is a highly pliable network that is modulated by acute and 

habitual exercise. Exercise has long been recognised as having beneficial effects on health, 

including the prevention and treatment of disease. As early as the 5th Century BC, 

Hippocrates recommended the practice of exercise due to its health benefits (27). The 

physician was the one of few at the time to understand that health and disease has a physical 

basis and that an individual’s environment and lifestyle is highly influential to health status 

(27). The first scientific evidence of exercise-induced modulation of immune cells, including 

granulocytes, monocytes and lymphocytes was not reported until 1893 (28). Following this 

initial observation, early inquests focused on understanding the recovery process after an 

infection within the military and the suitable period to prescribe physical activity in 

preparation for a return to duty, particularly following viral hepatitis and poliomyelitis 

infections (29). Infection with the anterior poliomyelitis virus was often exacerbated by 

exercise during early infection and led to prolonged paralysis in the most active limbs of the 

body (29, 30). However, by the late 1970’s it was proposed that the prevalence of URS 

occurred atypically in athletes (29, 31). The open-window theory was proposed by was by 

Dr Bente Pedersen and was one of the first theories proposed to explain the link between the 

increased incidence of URS following strenuous, endurance type exercise (32). The open-

window theory suggests an immune depression exists 3–72 hours post-exercise, depending 

upon exercise intensity, and may leave individuals open to infection (33). Soon after, Dr 

David Nieman proposed the inverted-J hypothesis that describes changes in immune function 

in relation to the effect of exercise on the immune system (34). The theory suggests that moderate 

exercise training is associated with enhanced immunity and reduced URTI susceptibility 

compared to a sedentary person. While intense, endurance training depresses immunity and 

increases URTI susceptibility beyond that of a sedentary individual (34). Subsequently, the link 

between URS and exercise became a focus of exercise immunology research (13, 35), with 

one aim being to understand the epidemiological differences in the prevalence of URS in 

athletes compared to non-athletes.  

 1.4 The Patterns and Prevalence of URS in Athletic Populations 
URS are often experienced as a collection of non-specific symptoms occurring in the upper 

airways and include coughing, increased nasal secretions, sneezing, sore throat, mucous 
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production and bronchoconstriction (36). The prevalence of URS due to infectious aetiology 

was estimated to be 2–4 episodes per year in the general population (36), while the prevalence 

of URS caused by factors such as asthma, allergy and aseptic inflammation is unknown. The 

atypical pattern of URS in athletes has been examined by studies that have considered the 

longitudinal (greater than one month), short-term (less than one month but more than one 

event) and acute (a single event) effects of exercise on URS epidemiology (reviewed in Table 

1.2). 

Early research investigating the relationships between acute strenuous endurance 

exercise and URS frequency identified that marathon runners with higher training loads had 

a greater risk of URS than those with low training loads (37). Athletes who completed the 

marathon had a six-fold increase in the likelihood of developing URS compared to 

participants who had trained for the marathon but did not compete (37). The increased 

incidence of post-event URS is echoed in other research findings (38-41) and supports the 

premise that prolonged periods of intense exercise can increase susceptibility to URS through 

the “open-window” theory, see table 1.2.  

In studies monitoring the long-term influence of exercise training in athlete-only 

populations, a consistent relationship has been identified between periods of intensified 

training and an increase in the incidence of URS (42-47). These observations suggest that 

training load is a factor that can increase the incidence of URS in athletes. The evidence is 

not as convincing from studies that examined the incidence of URS in athletes compared to 

the general population (48-52). For instance, the incidence of URS in elite endurance athletes 

(48) and high profile college football players in the USA (49) was higher compared to

controls. However, the same pattern was not observed in less competitive, college soccer

players in Japan (50) and in elite yacht racers (51). These inconsistencies might be explained

by the competitive level of the athletes and physical demands of the sports examined within

these studies. Collectively data such as these, support the consensus that a high training load

and endurance sports, place increased demands on athletes and present a higher risk of URS.

National and international competitions, such as the Olympic Games and FIFA World 

Cup, provide a unique opportunity to survey hundreds of athletes and many researchers have 

capitalised on large competitions to evaluate the epidemiology of URS in elite athletes. The 

number of reported illnesses affecting the respiratory system across these studies ranged from 

18–64% (53-57) and the percentage of athletes affected by illnesses of the respiratory system 
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ranged between 10–64% of the total number of competitors (11, 54, 58, 59). The evidence 

presented demonstrates that URS epidemiology can vary greatly depending on the type of 

sport and time of year. Furthermore, the high variance in the incidence of URS observed in 

these studies may reflect increased susceptibility to URS in some, but not all athletes. The 

evidence presented demonstrates that the prevalence of URS in athlete populations does not 

follow the typical patterns observed in non-athletes (60). Long and short-term increases in 

training load may be associated with an increased risk of URS, as may acute, intense exercise 

such as a marathon. These observations could be explained in part by training load and sport, 

it is important to consider the aetiology of URS in athletes when interpreting its prevalence. 
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Table 1.2 The epidemiology of URS in athletes 

Duration Participants Observation 

Novas et al. 2003 

(43) 

Long-term 

12 weeks 
Elite tennis players; n= 17 

↑ URS (from none to many) when training volume ↑ and 

number of matches per week ↑ 

Heath et al. 1991 

(42) 

Long-term 

12 weeks 
Runners; n= 530 

URS ↑ with running mileage, <865 miles, odds ratio 2.00; 

>1388 miles, odds ratio 2.96.

Spence et al. 2007 

(48) 

Long-term 

5 months 

Elite athletes; n=32, 

Recreational athletes; 

n=32, Controls; n=20 

↑ URS reported by elite athletes compared to recreational 

athletes, odds ratio 4.5 

Gleeson et al. 

1999 (61) 

Long-term 

7 months 

Elite swimmers; 

n= 25 

Seven remained asymptomatic and 18 reported 1–7 

episodes of URS 

Dias et al. 2011 

(44) 

Long-term 

28 weeks 

Elite volleyball players; n= 

12 

↑ URS associated with periods of intensified training load, 

correlation coefficient 0.78. 

Fahlman & 

Engels, 2005 (49) 

Long-term 

12 months 

College football players 

(USA); n=75 

Controls; n=25 

↑ URS in college football players compared to controls, 

ranged between 20-47% higher for half of the season. 

Nakamura et al. 

2006 (50) 

Long-term 

2 months 

College soccer players 

(Japan); n=12 
5 of 12 athletes developed URS in 2-months 

Furusawa et al. 

2007 (45) 

Long-term 

6 weeks 

Wheelchair marathon 

racers; n=21 

Controls with spinal cord 

injury; n=13 

No differences in URS between the groups’ 1 month prior 

to the marathon race or 2-weeks after. ↑ URS in racers 

with a ↑ training load 2-weeks post-event 
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Duration Participants Observation 

Neville et al. 2008 

(51) 

Long-term 

50 weeks 
Elite yacht racers; n=38 2.7 ± 0.3 episodes of URS 

Gleeson et al. 

2011 (52) 

Long-term 

4 months 
Endurance athletes; n=80 The average duration of URS was 1.7 ± 2.1 weeks 

Cunniffe et al. 

2011 (46) 

Long-term 

11 months 
Elite rugby players; n=31 ↑ reports of URS immediately post-intensified training 

Orysiak et al. 

2017 (47) 

Long-term 

24 weeks 

Youth ice hockey players; 

n= 27 

89% of athletes reported URS and the mean duration was 

6.3 ± 4.6 days; 2–33 days in duration 

Drew et al. 2017 
(11) 

Short-term 
30 days Elite athletes; n=132 46% reported URS 

Alonso et al. 2012 

(53) 

Short-term 

10 days 
Elite athletes; n=1512 18% of illness diagnoses were for URS 

Soligard et al. 

2017 (62) 

Short-term 

16 days 
Elite athletes; n=11274 47% of illnesses were respiratory related 

Ruedl et al. 2012 

(63) 

Short-term 

16 days 
Elite athletes; n=1021 47% of illnesses were respiratory related 

Mortatti et al. 

2012 (54) 

Short-term 

20 days 
Youth soccer players; n=14 67% of athletes reported URS 

Moreira et al. 

2008 (58) 

Short-term 

17 days 

Elite basketball players; 

n=10 
1 athlete reported URS 

Gleeson et al. 

2002 (59) 

Short-term 

1 month 
Elite swimmers; n=14 

64% reported URS and URS was associated with Epstein-

Barr virus reactivation  
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Duration Participants Observation 

Dvorak et al. 2011 

(55) 

Short-term 

1 month 
Elite soccer players; n=736 

Of 736 players, 99 illnesses were reported and 31.3% were 

for URS during the 2010 FIFA World Cup 

Engebretsen et al. 

2013 (56) 

Short-term 

16 days 
Elite athletes; n=10,568 

Of 10,568 athletes, 758 illnesses were reported and 41% 

affected the respiratory system 

Soligard et al. 

2015 (57) 

Short-term 

16 days 
Elite athletes; n=2788 

Of 2788 athletes, 249 illnesses were reported and 64% 

affected the respiratory system 

Peters & 

Bateman, 1983 

(39) 

Acute 

Ultramarathon runners; 

n=141 

Cohabitant controls; n=124 

33.3% of runners reported URS in the 2-week post-race 

period compared to 15.3% of controls. 

↑ URS was correlated with a faster race time 

Peters, 1990 (38) Acute 

Ultramarathon runners; 

n=108 

Cohabitant controls; n=108 

28.7% of runners reported URS in the 2-week post-race 

period compared to 12.9% of controls. 

↑ URS was correlated with a faster race time 

Svendsen et al. 

2015 (41) 
Acute 

Elite cross-country skiers; 

n= 44 

48% of athletes reported URS in the 10-day post-race 

period compared to 16% of non-participating athletes 

Nieman et al. 

2006 (40)  
Acute 

Ultramarathon runners; 

n=155 
24% of the runners reported URS in the 2-week post-race 

Nieman et al. 

1990 (37) 
Acute Marathon runners; n=2311 

↑ URS was correlated with a higher training load 

12.9% of asymptomatic runners developed URS post-race 

versus 2.2% of non-runners 
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1.5 The Aetiology of URS in Elite Athletes 
Elite athletes are exposed to many immune stressors, such as intense or prolonged exercise, 

psychological stress, pathogens, aeroallergens and chemical irritants such as chlorine, that 

can all evoke an inflammatory response of the upper airways and can cause URS. Acute 

intense exercise supresses many immune parameters in proportion to the duration and 

intensity of the exercise (34). This phenomenon may act as an “open-window” of opportunity 

for infectious pathogens that can last up to 72-hours (34). Infectious pathogens can invade 

the host via mucosal surfaces e.g., the nasal epithelium. Studies of athletes have compared 

the frequency of diagnosed infection with diagnoses of infection confirmed by laboratory 

detection of a pathogen. Five months of monitoring the incidence of URS in elite triathletes 

(n=32), recreational triathletes (n=31) and sedentary non-athletes (n=20) reported that only 

30% of 37 symptomatic episodes could be attributed to an infectious agent (48). A 

prospective 14-month analysis of the incidence of URS in 70 elite athletes from several sports 

could not identify a bacterial or viral pathogen in 43% of episodes (64). Cox et al. 

demonstrated that in elite athletes only 57% of physician diagnosed upper respiratory 

infections were found to be of infectious aetiology (64). Evidence from these moderately 

sized athletic cohorts suggests that URS has multiple causes which should be considered to 

ensure an efficacious treatment is chosen. 

Another suggested explanation for the incidence of URS in athletes is that the 

increased ventilatory load accompanying intense acute exercise can provoke acute and 

recurrent inflammatory responses within the upper airways. Expanding on this concept, 

increased exposure to aeroallergens, such as chlorine, due to increased ventilatory load, can 

generate URS through a hypersensitivity response (65, 66). Alternatively, exercise-induced 

bronchoconstriction (EIB) caused by airway drying, hyperventilation, or due to low 

temperatures, can also initiate URS through an acute inflammatory response within the upper 

airways (67, 68). EIB is commonly reported in athletes with asthma and may relate to 

improper control of the condition (67, 69).  

Despite differences in aetiology; infection, allergy or generalised inflammation, the 

common theme underpinning the incidence of URS is an acute inflammatory response, which 

may affect athletic performance. The integration of multi-parametric and highly sensitive 

technology could assist physicians to differentiate the aetiology of URS using advanced 
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immune profiling techniques that promise to uncover the subtle differences in immune profile 

and their potential association with the development of URS (15). 

1.6 Mechanisms of Exercise-Induced Modulation of Immune Cells 
The transient physiological stress of acute exercise induces pronounced changes to 

metabolism and the endocrine, circulatory and immune systems (70). Exercise-induced 

changes in immune cell frequency and function during and following exercise are in 

proportion to the fitness of the athlete, as well as the intensity and duration of the exercise 

performed (71). Many studies have characterised exercise-induced modulations to the 

peripheral blood immune cell profile, including the frequency, function and phenotype of 

immune cells. The mechanisms driving these changes are discussed below. 

1.6.1 Mechanical Factors that Modulate Immune Cells 
The frequency and force of muscular contraction that occurs during exercise acts as a 

muscular pump that compresses veins and contributes to increased blood flow and 

mobilization of immune cells from vessel margins and into circulation (72). During exercise, 

the circulatory system is also required to increase its capacity to meet the physical demands 

of exercise. This is achieved through increases in blood flow, heart rate and systolic pressure 

which leads to increased shear stress (73). These changes in haemodynamic flow can 

dissociate the cell-endothelial interactions and also leads to leucocyte redeployment from the 

vascular margin and contributes to an increase in circulating immune cells during and post- 

exercise (72, 73).  

1.6.2 Endocrine Factors that Modulate Immune Cells 
During exercise, adrenaline, dopamine and noradrenaline, are released from the adrenal 

medulla and the sympathetic nerve terminals, respectively (74). Through β-adrenoceptor 

activation, catecholamines can be released into the bloodstream to effect immune cells in an 

exocrine fashion (75). Interestingly, immune cells can also synthesise and secrete 

catecholamines to exert a localised effect on immune function (76, 77). Using high 

performance liquid chromatography combined with electrochemical detection (HPLC-ED) 

catecholamine synthesis was detected in PBMCs and their concentration could be 

manipulated by pathway inhibitors (77). Catecholamines influence immune cell frequency in 
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circulation (74, 78-80), immune cell differentiation (79, 81), proliferation (81, 82), apoptosis 

(83, 84), gene expression (78, 79, 81) and production of cytokines (78, 81). Catecholamines 

have pronounced impact on the immune system broadly and on immune cells. 

To regulate immune homeostasis the immune system and brain communicate through 

endocrine messengers through the hypothalamic-pituitary–axis (HPA-axis) and the nervous 

system (76). Exercise increases the synthesis and release of many endocrine mediators 

including adrenaline, noradrenaline and cortisol as a result of the physiological stress induced 

by exercise (76). Cortisol is a glucocorticoid, released from the adrenal medulla following 

stimulation of the HPA-axis (85). Cortisol plays an immunosuppressive role and down-

regulates the acute inflammatory response to exercise and other factors, such as stress (85). 

Cortisol release is stimulated by pro-inflammatory cytokines, including TNF-α, IL-1 and IL-

6 and is also driven by circadian rhythms and other stress related factors. Exercise-induced 

elevations in systemic cortisol concentrations leads to the inhibition of pro-inflammatory 

gene expression and cytokine synthesis cascades through negative feedback (86, 87). 

Furthermore, cortisol increases the transcription of anti-inflammatory cytokines interleukin-

1 receptor antigen (IL-1RA) and interleukin-10 (IL-10) (88). Elevated cortisol has been 

reported in athletes completing a single bout of exercise and undertaking regular exercise in 

a long-term training schedule (89-92). For example, the cortisol concentrations found in the 

hair of 304 amateur endurance athletes was 46% higher than 70 controls over nine months 

(91) and more than doubled in serum following a triathlon and a 1oo km run in 23 athletes

(90). The brain-endocrine-immune response integrates the influence of physiological,

psychological, and environmental factors is important to understanding an athlete’s

susceptibility to URS.

1.6.3 Metabolic factors that Modulate Immune Cells 
The metabolic challenge and accompanying muscle-damage that occurs with exercise, 

increases the production of reactive oxygen and nitrogen species, myokines, heat-shock 

proteins and complement proteins compared to resting state (93). These factors contribute to 

the initiation and severity of the acute inflammatory response and changes to immune cell 

frequency and phenotype. In athletes, pronounced physiological adaptations including 

enhanced mitochondrial biogenesis (94), oxidative capacity (94), angiogenesis (95, 96), 

cardiac output (97), oxygen extraction (94) and muscular hypertrophy improve lactate 
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threshold, maximal oxygen uptake (VO2max) and overall efficiency of exercise (98). These 

adaptations reduce exercise-induced metabolic stress and in doing so also reduces the 

inflammatory immune response to exercise in well-trained athletes. 

1.7 Immune Profiling in Exercise Immunology 
As key operatives of the immune system, immune cells work to maintain immune 

homeostasis when in health and respond to antigenic and pathogenic threat, injury or disease. 

Due to their central role in immune function and regulation, a common approach to 

understanding the differences between health and disease is through the characterization of 

immune cells. Immune profiling has been an effective tool in developing molecular 

understanding of immune-mediated diseases (3, 99-101). In exercise immunology, immune 

profiling has been used extensively to characterise exercise induced changes to immune cells. 

1.8 Changes to Immune Cells Following Acute Exercise 
Changes in immune cell frequency during and immediately post-exercise are influenced by 

exercise intensity, duration, mode and sampling time (Table 1.3). The immune cell response 

to exercise is biphasic, in general, with a 50–80% increase in circulatory immune cells during 

and immediately after exercise (102-106). Subsequently, in the post-exercise recovery 

period, there is a reduction to below resting concentration, in the frequency of many 

circulatory leucocytes. A recovery-phase lymphopenia exists that can reach clinically 

significant concentrations if the exercise stress was severe however, lymphopenia is usually 

resolved within six hours of exercise cessation (13, 104, 107). Natural killer (NK) cells offer 

the greatest contribution to lymphopenia and their circulating frequency can remain lowered 

for seven days post-exercise (108). Furthermore, following particularly long bouts of 

exercise NK cell activity can be blunted by between 80–85% (103, 107). Post-exercise T cell 

expression of tissue homing receptors and effector function is reduced compared to resting 

expression (109). Interestingly, despite preferential mobilization of T cells to peripheral 

tissues, they exhibit impaired proliferation (13) and cytokine production (110) following 

mitogen stimulation. This lack of effector function may instead suggest a role for T cells in 

tissue repair or resolution of inflammation. In contrast, there is a persistent recovery-phase 

neutrophilia, composed mostly of functionally immature neutrophils (111, 112). Functional 

capacity, as measured by oxidative burst, is particularly impaired in neutrophils when 

28



exercise has been physiologically strenuous (113). A lingering monocytosis is often apparent, 

but their concentrations return to pre-exercise state usually within six hours and extravasation 

to muscle tissue for the repair of damage is suspected (112, 114).  

These studies demonstrate that exercise induced leucocytosis follows a predictable 

pattern when a single exercise bout is examined under controlled experimental conditions 

and that increases with the intensity of the exercise performed. The acute immune response 

to exercise involves an influx of immune cells into circulation (1) and in the post-exercise 

recovery period, a reduction to below resting concentrations in the frequency of many 

circulatory leucocytes. These temporal changes support the “open-window theory” of 

infection susceptibility (32).  
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Table 1.3 Studies examining changes to circulatory immune cell frequency following acute exercise 

Author. Year Exercise condition Subjects 

Outcome (↓ decrease, ↑ increase or ↔ no 

change) 

DC Mo Neut NK B cells T cells 

Studies of immune cell frequency after acute or short-term exercise (Less than four weeks) 

Deckx et al. 

2015 (115) 

30mins aerobic exercise @65% max HR* 

6x10reps resistance exercises 
Non-athletes; n=9 ↑ 

↑ 

T regs 

Nickel et al. 

2012 (116) 
Marathon 

Obese; n=15,  

Recreational; n=16, 

Athletes; n=16 

↑ 

Suchanek et al. 

2010 (117) 
60mins intensive ice hockey training 

Hockey players; 

n=18 
↑ 

LaVoy et al. 

2015 (114) 
Bruce maximal exercise test Non-athletes; n=12 ↑ 

Tossige-Gomes 

et al. 2014 (112) 

42.1km adventure sprint race, trekking, 

climbing and cycling 
Runners; n=8 ↑ ↑ 

↔ 

CD 4+, CD 

8+ 

Turner et al. 

2016 (118) 

Two conditions; 20mins Cycling @80% 

VO2max, 20mins Cycling intervals (1min 

@90% VO2max, 1min @40% VO2max) 

Non-athletes; n=9 ↑ ↑ 
↑ 

CD 8+mem 

Espersen et al. 

1990 (119) 
5km race Runners; n=11 ↑ 
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Deuster et al. 

1988 (120) 
Treadmill test to exhaustion Non-athletes; n=20 ↑ 

Author. Year Exercise condition Subjects 

Outcome (↓ decrease, ↑ increase or ↔ no 

change) 

DC Mo Neut NK B cells T cells 

Monya et al. 

1996 (121) 

6mins @55% VO2max, 

6mins @70% VO2max 

6mins @ 5% VO2max 

Non-athletes; n=32 

Controls; n=32 
↑ 

Shek et al. 1995 

(122) 
Treadmill @65% VO2max for 120mins Non-athletes; n=6 ↑ 

↑ 

CD 4+, CD 

8+ 

Ferry et al. 

1990 (123) 

VO2max test performed in December and 

May (following a training season) 

Cyclists; n=6 

Controls; n=6 
↑ 

Nielsen et al. 

1996 (124) 
2-days, x3 bouts of 6mins all-out rowing

Rowers; n=8 

Controls; n=6 
↑ ↑ ↓ 

Hoffman-Goetz 

et al. 1990 (125) 

Cycling @65% VO2max for 1hour for 5 

days (measured on days 1, 3 and 5) 

Non-athletes; n=9 

Controls; n=9 
↑ ↑ 

Pedersen et al. 

1988 (126) 

Cycling @80% VO2max for 1hour and 

resistance training for 1hour 
Non-athletes; n=6 ↑ 

Campbell et al. 

2009 (127) 

x1, 20mins no exercise, 

x1 20mins @35% WattMAX and 

x1 20mins @85% WattMAX 

Non-athletes; n=13 ↑ 

↑ 

@85% 

only 

↑ 

CD 4+, CD 

8+ 
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Lee et al. 2012 

(128) 

Simulated 2-hour Taekwondo 

competition 
Taekwondoin; n=6 ↑ ↑ 

↑ 

CD 4+, CD 

8+ 

Fragala et al. 

2011 (129) 
x6 sets of 5 max rep squats Non-athletes; n=7 ↓ 

Author. Year Exercise condition Subjects 

Outcome (↓ decrease, ↑ increase or ↔ no 

change) 

DC Mo Neut NK B cells T cells 

Kendall et al. 

1990 (130) 

Four cycling sessions, 1 week apart. 

Ride 1 @ 65% VO2max for 30mins 

Ride 2 @ 30% VO2max for 60mins 

Ride 3 @ 75% VO2max for 60mins 

Ride 4 @ 65% VO2max for 120mins 

Sedentary; n=8, 

Controls; n=8,  

Mod. active; n=6, 

Very active; n=8 

↑ 

↓ CD 3+, 

CD 4+ 

↔ CD 8+ 

Cordova et al. 

2010 (131) 

Maximal incremental cycling test 

performed at the start and after 4-months 

of a volleyball season 

Volley ball players; 

n=12  

Controls; n=12 

↑ 

After 

tests 

LaVoy et al. 

2015 (132) 

260 stair-climb and Bruce maximal 

exercise test separated by one week 
Non-athletes; n=19 ↑ Tc 

Perry et al. 

2013 (133) 
Half ironman triathlon or marathon race 

Triathletes/ runners; 

n=42 

↑Th17, 

CD 4+ 

↓T regs 

Kruger et al. 

2016 (134) 

HIIT: x5, 3min intervals @90% power 

output/3min active break vs 
Non-athletes; n=23 

↑ CD 4+, 

CD 8+ 
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Cycling @70% VO2max for 30mins ↑ T regs 

(Post-HIIT) 

Wilson et al. 

2009 (135) 
Intense swimming exercise Swimmers; n=22 

↑ 

T regs 

Brown et al. 

2015 (136) 
2-weeks high volume training

Soccer players; n=13 

Controls; n=13 
↑ 

Author. Year Exercise condition Subjects 

Outcome (↓ decrease, ↑ increase or ↔ no 

change) 

DC Mo Neut NK B cells T cells 

Lewicki et al. 

1988 (137) 

Cycling to exhaustion, with increasing 

workload (mean duration 19.3 mins) 
Cyclists; n=11 

↑ 

Tc, Th 

HR: heart rate (beats per minute [bpm]; HIIT: High intensity interval training; VO2max: maximal oxygen uptake; Neut: neutrophils; 

DC: Dendritic cells; Mo: monocytes; NK: Natural killer cells; km: kilometre; Min(s): minutes; Tc: cytotoxic T cells; CD 8+MEM : 

CD 8+ memory cell
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1.9 Habitual Exercise and Changes to Immune Cell Frequency 
The changes to immune cell frequency due to habitual exercise has also been studied in 

athletes and non-athletes and for various sports and durations (Table 1.4). To summarise, 

most studies examining long-term changes to circulatory immune cell frequency have 

focused on T cell populations and the balance of pro- versus anti-inflammatory T cell subsets. 

Collectively, results from these small studies involving swimmers (66), triathletes (138), 

endurance runners (139-141), music aerobic exercisers (142) and Tai Chi Chuan practitioners 

(143) suggest increases in the prevalence of anti-inflammatory T cell subsets, including, T

regs (140, 142, 143), Th2 cells (139, 141), gamma delta T cells (γδT cells) (66) and CD 8+

memory cells (66, 138) and a decline in pro-inflammatory T cell subsets including cytotoxic

T cells (Tc) (141) and Th1 cells (139). However, other studies involving endurance runners

(139), swimmers (144), judoists (144) and anaerobically trained individuals (145) have

observed no changes to the frequency of T cell subsets (144) or decreases in the frequency

of anti-inflammatory T regs (139). Decreases in the frequency of NK cells were a consistent

finding in two studies. In 19 elite swimmers monitored over a winter training season, (146)

and in 14 judoists over a two-month training season, (144) the frequency of NK cells in

peripheral blood decreased by between 17 and 28%. Monocytes frequency has also been

examined in athletes and recreational exercisers. One study involving 16 elite swimmers and

14 judoists observed no changes in monocyte frequency over a period of two months (144).

Conversely, three months of Tai Chi Chuan practice, in 37 practitioners led to a 28% decrease

in the frequency of monocytes from peripheral blood (143). Increased myeloid DC frequency

and simultaneous decrease in plasmacytoid DC frequency was also reported in 43 Tai Chi

Chuan practitioners compared to controls during a two-year study (147).

The evidence from these studies indicates that habitual aerobic and endurance 

exercise promotes changes to the circulatory immune cell profile. The changes observed in 

these studies may represent immune regulation that is anti-inflammatory in character and 

may be associated with URS susceptibility. However, these changes are observed within 

circulation and may not represent the phenotype of immune cells involved in peripheral 

surveillance and first line defence. 
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Table 1.4 Studies examining changes to circulatory immune cell frequency following habitual exercise of at least four weeks 

Author. Year Exercise condition Subjects 
Outcome (↓ decrease, ↑ increase, ↔ no change) 

DC Mo NK T cells 

Studies of immune cell frequency in resting athletes of following long-term, habitual exercise of at least four weeks 

Chiang et al. 

2010 (147) 
>2 years of Tai Chi Chuan

Controls; n=20 

Practitioners; n=43 

↑ mDC 

↔ pDC 

Ruffino et al. 

2016 (148) 

x3, 45mins treadmill walking 

sessions for 8 weeks @ 59–

65% max HR 

Healthy adults; n=19 
↑ M2 

↓ M1 

Makras et al. 

2005 (149) 
4 weeks of military training Military recruits; n=48 

↑ 

CD 4+ 

Handzlik et al. 

2013 (140) 
At rest 

Endurance athletes to 

Sedentary; n=40 

↑ 

T regs 

Teixeira et al. 

2014 (66) 

29 weeks winter training-

season  

Tested: Pre-season, @ 7-

weeks, @ 24-weeks and @ 

29-weeks

Swimmers; n=13 

Controls; n=11 

↑CD 4+

↑ CD 8+ naïve @7 

weeks, then gradual ↓ 

until week-29 

↓ CD 8+ mem & γδT cells 

@ week-7, then gradual 

↑ until week-29 

Rehm et al. 

2015 (139) 
At rest 

Recreational endurance 

athletes; n=19 

Controls; n=19 

↑ Th2 

↓ Th1, T regs 
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Author. Year Exercise condition Subjects 
Outcome (↓ decrease, ↑ increase, ↔ no change) 

DC Mo NK T cells 

Weiss et al. 

1995 (145) 

x2 weight lifting session and 

x1 interval training session a 

week, for four weeks 

Moderately trained 40-

60 years; n=13 

↓ CD 3+, CD 4+ & CD 

4+ naive 

Rama et al 

2013 (146) 

7 months of training  

Tested: Pre-season, @ 7, 24 

and 29-weeks 

Swimmers; n=19 

Controls; n=11 

↓  week 

7 & 24 

Cosgrove et al. 

2012 (138) 
6 months Ironman training Triathletes; n=10 ↑ CD 4+, CD 8+mem 

Kawada et al. 

1992 (141) 

x5, 8km runs per week for 40 

weeks 

Trained runners; n=13, 

controls; n=3 
↑ Th2 ↓ Tc 

Yeh et al. 2014 

(142) 

12 weeks music aerobic 

exercise 

Healthy adults; n=22 

Controls; n=22 
↑T regs, CD 4+, CD 8+

Yeh et al. 2006 

(143) 

x3, 60mins sessions for 

12 weeks 
Non-athletes; n=37 ↓ ↑ T regs 

Morgado et al. 

2016 (144) 

2 months of pre-competition 

training 

Swimmers; n=14 

Judoists; n=16 
↔ 

↓In 

judoists 
↔ 

HR: heart rate (beats per minute [bpm]; DC: Dendritic cells; mDC: myeloid dendritic cells; pDC: plasmacytoid dendritic cells; 

Mo: monocytes; M1: Inflammatory monocytes; M2: anti-inflammatory monocytes; NK: Natural killer cells; km: kilometre; 

Min(s): minutes; @: at; Tc: cytotoxic T cells; CD8+mem : CD8+ memory cell; γδT cells: gamma delta T cells.
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1.10 Changes in Immune Gene Expression Induced by Acute Exercise 
Immune gene expression analysis allows for high resolution profiling that may improve 

understanding on the effects that exercise has on immune-regulatory mechanisms. The 

regulation of gene expression is essential in the synthesis of functional gene products i.e., 

proteins (Figure 1.2). Gene expression is guided by intracellular and extracellular signals 

that are altered during exercise. By studying the patterns of immune gene expression in 

athletes, knowledge regarding the immune-regulatory mechanisms in response to exercise 

can be understood in more detail. 

Figure 1.2 The steps involved in gene expression; from DNA to RNA to protein. From: 

Information NCfB Gene expression https://www.ncbi.nlm.nih.gov/probe/docs//2017 

[updated 7th Dec 2017] (150).  

Many studies have focused on the acute, exercise-induced changes to immune 

gene expression (116, 151-154). Genes encoding protein products with regulatory roles, 

such as receptors and cytokines have received the most attention. Toll-like receptors 

(TLR) are a common pattern recognition receptor family involved in the activation of the 

innate immune response (155). Low TLR expression may reduce the ability of the 

immune system to recognise antigens and may be associated with immune suppression 

(155). Reduced TLR expression has been reported immediately post-marathon in 47 

marathon runners (116) and in eight healthy non-athletes following strenuous cycling for 

one and a half hours at approximately 65% VO2max (151) and may support the open-

window hypothesis.  
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Large fluctuations in serum cytokine concentrations have also been observed post-

exercise (152, 156) and are of particular interest due to the important role that cytokines 

play in intercellular communication and regulation of the inflammatory response. Several 

studies have investigated whether exercise-induced perturbations in serum cytokines are 

reflected at the gene transcript level in immune cells. Interestingly, discord exists between 

negligible changes to immune cell gene expression of cytokine coding transcripts in 

response to walking (153), one hour of cycling (154, 157), three hours mixed cycling and 

treadmill exercise, and a marathon race (158), when compared with increases in serum 

cytokine concentrations. Results from these studies indicate that increases in post-

exercise serum cytokine concentrations are not associated with increases in cytokine 

transcript frequency from PBMCs. The discrepancy may be explained if the elevated 

concentrations of serum cytokines were not derived from peripheral blood immune cells 

but from another cell type such as muscle cells (152) or if the cytokines were released 

from cytoplasmic storage vesicles as this would not involve increased cytokine gene 

expression from PBMCs (159). Cytokines are synthesised rapidly by many cell types, 

including muscles (158). Exercise stress increases muscle metabolism and 

cytokine/myokine production (152, 160-162). Cell culturing and human biopsy studies 

have shown that skeletal muscle tissue expresses mRNA for many cytokines (163-168). 

Future studies comparing serum cytokine concentrations with cytokine mRNA transcripts 

from PBMCs and muscle tissues may be used to further understand this relationship. 

Gene expression analysis has also been used to characterise immune status based 

on the gene expression of specific immune cell subsets. Immunity may be altered in 

athletes through a Th1/Th2 imbalance, in which Th1 cell frequency is reduced in favour 

of a Th2 predominance. Th1 cells offer cell-mediated response in the defence and 

clearance of pathogens, while Th2 cells are associated with humoral immunity (169). 

Th1/Th2-related gene expression was measured in 16 recreational marathon runners pre-

event and one week post-marathon and identified upregulation in numerous Th2 related 

genes (170). The gene expression of many chemokine receptors and multiple transcription 

factors were upregulated one week post-event (170). As well as influencing the Th1/Th2 

ratio, results indicate that strenuous exercise exerts effects upon immune-regulatory 

processes involving cytokine receptor expression and transcriptional control (170). Post-

exercise changes in gene expression profiling may be associated with an increased risk of 

URS (170).  
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With the improvement and affordability of technology, recent studies have used 

microarray to evaluate gene expression following exercise in place of polymerase chain 

reaction (PCR). Results from these studies show differential expression across tens to 

hundreds of genes spanning multiple immune and cellular functions (171-175). Studies 

investigating the immune response to resistance training found differential expression of 

genes involved in immune response (176, 177), extracellular matrix remodelling (176, 

177), cell-to cell communication (176, 177), apoptosis and the cell cycle (176) and 

demonstrate the broad effects that acute exercise has on the immune system. 

1.11 Resting Immune Gene Expression in Athletes 
A single study has examined immune gene expression in resting athletes. Liu et al. used 

microarray technology to examine gene expression in 12 endurance athletes compared to 

12 sedentary controls (116, 178). Following correction for multiple comparisons 

(FDR<0.05), 70 genes were identified as being significantly upregulated and two were 

downregulated in the athletes compared to the sedentary group. Cluster analysis revealed 

that the upregulated genes corresponded to pathways involved primarily in mitochondrial 

oxidative phosphorylation and ribosomal protein synthesis, while the two downregulated 

genes corresponded to the inflammatory response and anti-apoptosis (178). One other 

study has compared gene expression in athletes however, the focus was to examine 

differences in the gene expression profiles of skeletal muscle (179). Stepto et al. compared 

gene expression of the vastus lateralis between seven endurance athletes, six well-trained 

strength athletes and seven healthy control subjects (179). Consistent with the Liu study, 

the authors found an upregulation of genes involved in mitochondrial and oxidative 

capacity in endurance athletes, compared to the strength athletes, while hundreds of genes 

were differentially expressed between the healthy control group and all of the athletes 

combined (179). The results from these small, early studies suggest that habitual, intense 

endurance exercise is associated with increased gene expression relating to mitochondrial 

function and oxidative capacity as opposed to immune expression. 

Current information from the studies discussed in section 1.10, examining post-

exercise immune gene expression, indicate differences at the transcriptional level that 

vary with regards to the fitness of the athlete as well as exercise intensity and duration 

(116, 151-155, 157-159, 161, 176, 177, 180). The evidence reviewed shows mixed 

support of the anti-inflammatory or immunosuppressive effects of exercise and many 

authors maintain the suggestion that the ‘open-window’ theory and the prevalence of URS 
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in athletes is linked. Despite this suggestion, no studies have assessed immune cell gene 

expression in association with URS prevalence in athletes and this may influence immune 

function and be a contributing factor for the development of URS. 

1.12 Immunometabolism 
Two of the most influential factors contributing to health is exercise and diet, both of 

which can alter immune and metabolic status. Immunometabolism research is aimed at 

understanding the immune–metabolic network and is approached either from the 

perspective of tissue metabolism or from the cellular level. Tissue immunometabolism is 

aimed at characterizing the molecular interactions at the level of the tissue and its 

contribution to systemic homeostasis (181). Cellular immunometabolism examines the 

mechanisms of immune cells exposed to various stressors an currently aims to establish 

what constitutes a normal versus pathophysiological immune-metabolic response (181, 

182).  

Tissue immunometabolism has been the focus of early immunometabolism 

research. Work in obesity, metabolic syndrome and type 2 diabetes mellitus has 

established that metabolic dysregulation and chronic low-grade inflammation are not only 

core factors contributing to disease progression, but that changes in metabolic 

dysregulation go hand-in hand with chronic low-grade inflammation (181, 183-186). At 

the other end of the spectrum, studies have examined exercise-induced changes to tissue 

immunometabolism. Exercise, particularly when intense and prolonged, causes whole-

body metabolic stress with particular disruption to the metabolism of worked muscles 

(187). Exercise induces mitochondrial stress and NLRP3 inflammasome activation (188), 

the release of reactive oxygen (ROS) and nitrogen species (NOS) (189, 190), myokines 

(191) and heat-shock proteins (190) that promote an acute inflammatory response.

Exercise-induced mechanisms of muscular immunometabolism promote repair and

regeneration to strengthen the body to meet future demands (192). With regular exercise

every bout contributes to beneficial physiologic adaptation and subsequent attenuation of

the inflammatory response due to a heightened capacity for exercise.

Investigation into the metabolic requirements of activated and pro-inflammatory 

immune cells show that aerobic glycolysis is often the favoured metabolic pathway of 

proliferative cells (185). An overview of the preferred metabolic pathways of key immune 

cells is presented in Figure 1.3. Proliferation, growth and the synthesis of immune 
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mediators are key features of activated immune cells and these functions require a 

sufficient supply of carbon to satisfy biosynthetic pathways. Aerobic glycolysis involves 

the conversion of glucose to lactate without an oxygen deficit, is the ideal metabolic 

pathway for pro-inflammatory cells, as both energy, and biological precursors, are 

generated (185). Biological precursors such as lipids and proteins are a source of carbon 

that is essential for the synthesis of inflammatory molecules and for the cells to exert their 

effector functions (185). Many T cells and NK cell subsets will increase their rate of 

glycolysis and oxidative phosphorylation following stimulation through damage-

associated molecular patterns (DAMPs) and pathogen-associated molecular patterns 

(PAMPs) to support differentiation and proliferation (185, 193). Conversely, non-

proliferative activated myeloid cells, pro-inflammatory macrophages, granulocytes and 

dendritic cells are highly glycolytic due to the inhibition of oxidative phosphorylation by 

nitric oxide (194-196). As a consequence of an inactive tricarboxylic acid cycle (TCA 

cycle) succinate accumulation can increase hypoxia-inducible-factor 1α (HIF1α) and pro-

inflammatory IL-1β production (196). Other metabolites have also been described as 

having regulatory roles in immune cell function. For instance, in murine T cells, 

glyceraldehyde 3-phosphate dehydrogenase (GAPDH), a glycolytic enzyme, binds 

preferentially to mRNA regulatory regions of IFN-γ and IL-2 transcripts (197). Upon T 

cell activation and metabolic reprogramming to aerobic glycolysis, GAPDH is recruited 

to fulfil its role in glycolysis, thus alleviating the repression of IFN-γ and IL-2 translation 

and allowing cytokine production (197). 

Non-activated and anti-inflammatory immune cells rely primarily on oxidative 

metabolism (185). Memory T cells, the M2 macrophage and T regs endogenously 

synthesise and store fatty acids for the purpose of β-oxidation thus ensuring a reliable 

energy supply independent of the cells microenvironment (185). The studies described 

have used cells isolated from murine models to study the immunometabolism of 

challenged immune cells. While the use of murine models is a highly effective method 

from which to characterise the molecular mechanisms of cellular immunometabolism 

under a highly controlled environment, the results are not directly transferable to humans. 

Immunometabolism is governed by a conflation of components and more work is required 

in human subjects to understand this network across all aspects of health and disease. 

While research has established that imbalanced immune-metabolic function is associated 

with chronic disease (198), in elite athletes, immune-metabolic imbalance could be linked 

with the prevalence of URS in athletes. 
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An assessment of cellular immunometabolism has not yet been undertaken in elite 

athletes reporting URS. The energy and nutrient requirements needed to support the 

training, recovery and immune function of an elite athlete can be difficult to achieve (4). 

Sufficient macro and micronutrient intake, particularly vitamins A, D, E, B6, B12, iron 

and zinc, are required to support immune function (4). Elite athletes are at risk of macro 

and micronutrient deficiencies due to nutritional practices such as carbohydrate cycling, 

periodic fasting, dieting to lose weight and the use of supplements (199). Nutritional 

deficiencies may lead to low-energy availability (11), poor immune function, reduced 

immuno-surveillance and slower recovery following exercise. A better understanding of 

cellular immunometabolism in athletes, and potential links with the development of URS, 

will help maintain athlete health and maximise performance. 

Figure 1.3 An overview of the metabolic pathways used by immune cell subsets for 

various functions. From: O’Neill 2011. A guide to immunometabolism for immunologists 

. 
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Chapter 1b 
Upper respiratory symptoms, gut health and mucosal 

immunity in athletes 
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Abstract Upper respiratory symptoms remain the most

common illness in athletes. Upper respiratory symptoms

during heavy training and competition may impair perfor-

mance. Preventing illness is the primary reason for the use

of supplements, such as probiotics and prebiotics, for

maintaining or promoting gut health and immune function.

While exercise-induced perturbations in the immune sys-

tem may increase susceptibility to illness and infection,

growing evidence indicates that upper respiratory symp-

toms are related to a breakdown in the homeostatic regu-

lation of the mucosal immune system of the airways.

Balancing protection of the respiratory tract with normal

physiological functioning requires dynamic orchestration

between a wide array of immune parameters. The intestinal

microbiota regulates extra-intestinal immunity via the

common mucosal immune system and new evidence

implicates the microbiota of the nose, mouth and respira-

tory tract in upper respiratory symptoms. Omics’ approa-

ches now facilitate comprehensive profiling at the

molecular and proteomic levels to reveal new pathways

and molecules of immune regulation. New targets may

provide for personalised nutritional and training interven-

tions to maintain athlete health.

1 Introduction

With the exception of injury, the most common medical

presentation in elite athletes [1–3] is upper respiratory

symptoms (URS). While the frequency of infectious URS

in athletes is comparable to the general population, the

timing does not follow typical seasonal fluctuations [4].

This pattern indicates that factors specific to the type of

exercise and athlete behaviour can alter susceptibility to

URS, particularly as episodes appear more frequently

during periods of increased training load and around

competition [5]. Successful competitive performance for an

elite athlete is often determined by the narrowest of mar-

gins. Upper respiratory symptoms may have a range of

detrimental effects on athletic performance, including

reduced aerobic capacity, muscular strength, muscular co-

ordination, speed of contraction, alertness and information

processing [6–8].

While anecdotally the issue of URS is of high concern to

athletes and coaches, few studies have directly quantified

the effects of URS on performance outcomes. A study of

elite swimmers indicated that mild illness had only trivial

effects on the performance of female swimmers and a small

harmful effect in male swimmers [9]. Mild URS did not

impair submaximal and maximal performance in highly

trained middle- and long-distance runners [10]. Many

factors contribute to increased URS in elite athletes

including travel, stress, low energy availability and poor

sleep quality (Fig. 1) [11].

Acute and chronic exercise-induced perturbations of the

mucosal immune system may be a factor in the patterns of

URS in athletes. The mucosal immune system, including

the airway epithelia and microbiota, is an integrated net-

work of mechanical, cellular and humoural factors bal-

anced to protect the host from environmental antigens
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while maintaining homeostasis. The importance of host

microbiota in the regulation of the mucosal immune system

has driven athlete interest in the use of nutritional strategies

to maintain gut health. This review examines mucosal

immunity, the microbiota and gut-respiratory axis and use

of a systems biology approach in the context of URS and

athlete health. We also consider the implications of this

approach for personalised nutrition and intervention

approaches to minimise URS in athletes.

2 Upper Respiratory Symptoms in Athletes

Upper respiratory symptoms involve several non-specific

symptoms of the upper airways including coughing,

sneezing, congestion, sore throat, mucus production and

bronchoconstriction [12]. Upper respiratory symptoms are

thought to impair athletic performance, with athletes and

coaches placing a high priority on preventing illness [13].

A recent study in elite athletes preparing for the Rio 2016

Olympics revealed a broad list of risk factors for URS,

including sex, energy availability, stress, communal living

and hygiene practices associated with increased URS [14].

Improved knowledge regarding these factors will enhance

the monitoring, management and application of interven-

tion strategies needed to maintain athlete health and max-

imise competitive sporting outcomes.

The frequency of URS is higher during prolonged

intense training or in acute periods of increased training

and competition [15]. Training history and fitness may

provide a higher tolerance to high training loads and a

lower risk of URS [16]. Epidemiological and observational

evidence indicates immune perturbations associated with

URS occur more strongly in response to endurance exer-

cise, such as marathon running, swimming and triathlon,

than in team sports [17]. Seminal research in the area of

exercise and URS noted that marathon runners with higher

training loads had an almost a two-fold greater risk of URS

than with low training loads. Completion of a marathon led

to a six-fold increase in the likelihood of URS than in

runners who had trained but did not compete [18, 19].

Similar reports are also available in other sports. A 2-week

intensified training period increased URS almost threefold

in well-trained male cyclists [20]. A large body of evidence

now supports the premise that prolonged periods of intense

exercise training can increase susceptibility to URS.

3 Aetiology of Upper Respiratory Symptoms

Infectious pathogens, in particular viruses, are considered

the primary cause for URS in athletes. Interestingly though,

a study of 32 elite triathletes, 31 recreational triathletes and

20 sedentary non-athletes, which monitored URS over

5 months, reported that out of 37 episodes of illness, only

30% were caused by an infectious agent [21]. Furthermore,

a prospective 14-month analysis of URS in 70 elite athletes

in several sports could not identify a bacterial or viral

pathogen in 43% of episodes [22]. Cox et al. [22]

demonstrated that in elite athletes only 57% of clinician-

diagnosed upper respiratory infections were found to be of

infectious aetiology. Although laboratory identification of

pathogens has sample and methodological limitations [23],

evidence from these moderately sized athletic cohorts is

suggestive of URS having multiple aetiologies. One theory

is that URS can be induced by increased exposure to

aeroallergens that generate a hypersensitivity response

[24]. Another possible explanation for URS is exercise-

induced bronchoconstriction [25]. Exercise-induced bron-

choconstriction is considered a consequence of airway

drying related to hyperventilation that initiates an acute

inflammatory response of the upper airways [26]. Exercise-

induced bronchoconstriction is commonly reported in ath-

letes with asthma and may relate to disease control

[26, 27]. Despite differences in aetiology, whether infec-

tion, allergy or generalised inflammation, URS presents

with similar signs and symptoms and has common effects

on human performance. Given the uncertainty regarding

the aetiology of respiratory symptoms in athletes, there are

recommendations that symptoms be reported as URS

instead of upper respiratory tract illness or infection

(URTI) [28].

4 Mucosal Immunity and Respiratory Illness

The clinical need for a differential diagnosis of URS in

athletes has led to an increasing focus on the mechanisms

of mucosal homeostasis in the respiratory tract. The

Increased URS risk 
in athletes

Travel 

Increased 
training load

Sleep disrup�on

Diet and low energy 
availability

Fig. 1 Factors contributing to upper respiratory symptoms (URS) in

elite athletes include higher training load, sleep disruption, travel and

jetlag and dietary alterations
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mucosal epithelial/immune system, referred to hereon as

the mucosal immune system, lines the external surfaces of

the body. As the interface with the environment, the

mucosal immune system orchestrates a delicate balance

between protection of the body from external antigens and

maintenance of homeostasis for normal physiological

functioning [29]. To maintain this balance, the mucosal

immune system has specialised effector and regulatory

mechanisms to neutralise, remove and promote tolerance to

antigens without inducing an inflammatory response

(Fig. 2). While not separate from the systemic immune

system, the localised defence factors and regional regula-

tion of inflammatory processes at the mucosa [30] mean the

mucosal immune system is often considered independent

from other immune processes in the body.

A breakdown in several mechanisms of the airways may

be involved in URS. The airway epithelia of the nose and

throat are constantly exposed to external antigens and

consist of several cell types that each play a different role

in facilitating protection of the respiratory tract [31]. The

airway epithelium regulates the secretion of saliva and

composition of its constituent components, including

mucus, secretory immunoglobulin A (SIgA), and humoural

innate immune proteins, such as lactoferrin, lysozyme, and

the defensins. Together with the epithelium, saliva and its

various constituents form a physical and chemical barrier

to prevent chronic inflammatory processes occurring in

response to the constant exposure of antigenic material

passing through the respiratory tract. The airway epithe-

lium, in combination with localised antigen-presenting

cells, links the innate and adaptive immune system via

production of cytokines and chemokines to initiate

inflammation should infection occur. However, the respi-

ratory tract contains specialised lymphoid cells and

immune mechanisms to exert an immunosuppressive

influence on adaptive immune processes to tightly control

inflammatory responses.

Important differences between airway and systemic

immune compartments are being identified that provide

insights into the aetiology of airway illness. A recent

analysis of cluster of differentiation (CD)4? T cell subsets

in the human upper airway mucosa under non-inflamma-

tory conditions reported that regulatory T-cells (T-regs)

secreted substantially higher quantities of interleukin (IL)-

10 than T-regs in peripheral blood [32]. Interleukin-10 is an

immunoregulatory cytokine that exerts a suppressive

influence on inflammatory responses and is central to

resolving inflammation. Interestingly, this study also

Fig. 2 Schematic of the mucosal immune system. Interaction with

environmental antigens a the microbiota, microbial metabolites,

antimicrobial proteins (AMPs) (c) and dendritic processes b provide

the mucosal immune system with multiple transient activation signals.

Antigen invasion is prevented by the mucus layer, its constituent

components and ciliated airway cells. T- and B-cell subsets d provide

multiple, but highly plastic cell differentiation programmes. CD

cluster of differentiation cells, Th T-helper, IgA immunoglobulin A, Il

interleukin, NF-kB nuclear factor-kappa B, TGF-b transforming

growth factor beta, TLR toll-like receptor, T-regs regulatory T cells
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observed that inducible T-regs (foxp3?helios-) in the air-

ways contained the highest frequency of IL-17-producing

cells of the CD4? T-cell subsets and that a higher per-

centage of foxp3-CD4? T cells produced IL-10 than

peripheral blood [32]. The higher frequency of inducible

T-regs producing IL-17 may be important for the transport

of SIgA through the induction of T-helper (Th)-17 cells

required for T-cell-dependent immunoglobulin A produc-

tion [33]. In recent years, recognition of the role of innate

lymphoid cells as regulators of the mucosal immune sys-

tem has been confirmed [34]. Immunological processes in

the airway mucosal immune system exert an immunosup-

pressive influence to maintain homeostasis. A better

understanding of these specific processes, particularly

under exercising conditions, is required if strategies are to

be developed to limit URS in athletes.

Dysfunction of the mucosal immune system is associ-

ated with increased illness, including URS. The lack of

infectious sequelae in the URS of athletic groups has led to

interest in whether dysregulated inflammatory processes

underpin the patterns of illness observed [4]. Hypersensi-

tivity reactions, such as asthma and allergy, are increasing

in prevalence in the general population. Undiagnosed

allergy and asthma are recognised as an additional cause of

unexplained URS in athletes and the need for appropriate

diagnosis and management is deemed a priority [4].

However, factors specific to elite athletes and sports

modalities may also induce transient, non-allergic, asthma-

like airway inflammation. Damage to the airway lining

from hyperventilation via breathing through the mouth or

from unfavourable conditions (cold or polluted air) is

recognised as a cause of airway problems in athletes [35].

Evidence from animal research suggests that epithelial

damage-related chemokines may mediate non-allergic

asthma-like inflammation in the airways through type 2

innate lymphoid cells (ILC2 s) in the absence of adaptive

Th-2-driven immunity [36]. Type 2 innate lymphoid cells

are immune cells phenotypically similar to Th-2 lympho-

cytes that lack antigen receptors and secrete IL-4, IL-5, IL-

9 and IL-13. Type 2 innate lymphoid cells respond to

airway epithelial-derived cytokines, such as IL-25, IL-33

and thymic stromal lymphopoietin [37], to initiate a type 2

inflammatory event (asthma like) in the respiratory tract.

Activation of ILC2s in the respiratory tract has been linked

with allergic and non-allergic asthma-like airway inflam-

mation in animal models. In rag2-/-IL2-/- mice that lack

lymphocytes (including ILC2s), administration of epithe-

lium-derived IL-33 via inhalation does not induce asthma-

like inflammation. However, an asthma-like response can

be partially induced by engraftment of ILC2s in the res-

piratory epithelia [36]. Evidence that ILC2s mediate non-

allergic asthma-like symptoms in response to airway

epithelial damage provides a mechanism that may explain

the idiopathic symptomatology being described as URS in

athletes.

In general, athlete-related URS are considered to be

local to immune mechanisms in the respiratory tract rather

than from exercise-induced systemic inflammatory pro-

cesses, which has implications for using systemic markers

as a surrogate measure of URS risk. While studies have

examined numerous systemic and mucosal cellular [38]

and humoural [39, 40] immune parameters in the context of

risk of URS in athletes, only SIgA has shown moderate

diagnostic value [41], although its utility is limited given

large intra- and inter-individual variation [42]. The role of

other humoural factors in saliva is also becoming apparent

with micro-proteomic technology. The application of

microproteomic technology using the saliva of healthy

individuals identified over 1000 secreted proteins, while a

comparison of the proteins in saliva between patients with

influenza and healthy controls identified 162 differentially

expressed proteins associated with the respiratory mucosal

immune response [43]. Research in non-athletic cohorts

has also failed to identify systemic inflammatory markers

with strong diagnostic value for respiratory infection, even

within cohorts admitted to hospital [44]. Animal and

human research provides some evidence that inflammatory

cytokines associated with excess body mass, such as IL-1b,

may exacerbate ILC2 and ILC3 airway responses [45],

indicating that systemically released serum cytokines could

modulate airway responses to harmful and innocuous

stimuli. Whether this process relates only to secretions

from adipose tissue and not muscle-derived cytokines from

exercise is yet to be established.

Biological factors may also limit the utility of using

systemic markers as a surrogate for mucosal immune

processes that underpin URS [46]. Mucosal compartments

contain site-specific immune cells that govern cell receptor

repertoires and functions. Exercise is recognised to induce

changes in the frequencies of systemic cell populations, in

particular T-regs [47, 48]. These changes in the frequency

of systemic cell populations are linked to the beneficial

anti-inflammatory effects of exercise but could mediate the

increased susceptibility to URS in some athletes [49, 50].

Interestingly, investigations in patients with inflammatory

bowel disease found no correlation between changes in the

percentage of peripheral CD4?CD25highFOXP3? T-regs

and intestinal FOXP3? T-regs with clinical activity [51],

suggesting that changes in the frequency of T-regs in blood

may be independent of those in the mucosa.

Furthermore, the continued identification in the mucosal

immune system of new rare lymphocyte subsets and sub-

sets that co-express lineage-specific transcription factors

and chemokine receptors is re-defining the traditional view

of adaptive immunity as being either a Th-1- or Th-2-dri-

ven response [52]. There appears to be far greater
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phenotypic plasticity amongst CD4? T-cell subsets, greater

overlap between subsets than previously recognised, and

striking differences between sites in cell composition and

function, particularly in relation to the airway [53, 54].

Whether immune cells in peripheral blood reflect the fre-

quency and function of immune cells in the airways is yet

to be established. Taking account of the complexity of the

mucosal immune network will be necessary before changes

in susceptibility to URS can be determined via peripheral

markers.

5 Microbiota, Nutrition Supplements and Upper
Respiratory Symptoms

Interest in the microbiome has grown in recent decades

with strong evidence that host microbes are essential for

the ontogeny of the immune system and play a central role

in health and disease. To date, the major focus has been on

gut bacteria, now estimated to number * 1014 colony-

forming units across 500 species. The intestinal microbiota

is involved in the vital functions of food digestion, nutrient

production, priming of the immune system, protection from

ingested pathogens and production of short-chain fatty

acids [55, 56]. Host microbes are proposed to exist in a

continuum from symbiosis in healthy individuals to dys-

biosis in disease. Basic and human research has implicated

the intestinal microbiota in intestinal diseases, such as

inflammatory bowel disease and colon cancer, along with

extra-intestinal diseases including obesity and metabolic

syndrome [57]. The profound influence of the microbiota in

health and disease has led to the funding of large-scale

collaborative and international consortia [58, 59] to cata-

logue an ecosystem that is now considered an organ system

in its own right.

The intestinal microbiota is able to alter homeostasis at

distant mucosal sites, including the respiratory tract,

through the common mucosal immune system [60]. Exis-

tence of the common mucosal immune system has long

been accepted through evidence that vaccination elicits

protection at (mucosal) sites distal to the initial mucosal

site of immunisation [61]. A key mechanism of microbial

influence on distal mucosal sites from the intestine is

through induction of immunoglobulin A-producing plasma

cells [62]. Luminal sampling of host microbiota by den-

dritic cells in the intestinal mucosa is considered a key

aspect of host-microbe signalling [63]. Antigen-primed B

cells migrate via the thoracic duct throughout the mucosa

and differentiate into plasma cells. At these sites, plasma

cells produce SIgA that is transported to mucosal surfaces

to act as a primary molecule in immune exclusion of

environmental antigens [64]. Animal and human studies

demonstrate the production of antigen-specific SIgA occurs

in the intestine and respiratory tract in parallel [65]. The

intestinal microbiota is also implicated in the maintenance

and differentiation of T-cell subsets located in distal

mucosal sites [66]. Animal research highlights that specific

clusters of Clostridia promote the accumulation of T-regs

in the intestine [67]. More recently, the microbiota has also

been found to promote T-regs that express the Th-17

phenotype that, in conjunction with T-regs, regulate

homeostasis in the mucosa [68]. There is strong evidence

that the intestinal microbiota plays a key role in pro-

gramming of the mucosal immune system.

There is strong interest in gut health and the host micro-

biota for athlete health yet a paucity of experimental research

in athletes. A recent study reported that regular moderate

physical activity improved anxiety, SIgA and total culturable

oral bacteria counts in 19 female athletes [69]. While this

outcome suggests a positive effect of moderate exercise on

oral microbial diversity, no mention is made of dietary pro-

filing of the athletes, and molecular methods would provide a

more detailed understanding of bacterial diversity given

many species cannot be cultured. Only one study has

examined intestinal bacteria in elite athletes, a comparison

between a professional international-level rugby team

(n = 40) with a non-rugby-playing, healthy, low body mass

index (BMI) (22± 1.8 kg/m2; mean± standard deviation)

and a healthy high BMI (31.2± 3.0 kg/m2) cohort. The

inclusion of a healthy high BMI group provided a direct

comparison of the microbiota with BMI, which has been

shown to have lower diversity in individuals with high BMI

[70]. The study found a higher microbial diversity in the

rugby players that appeared to relate to the dietary intake of

the athletes, with the athletes consuming more total calories

and higher amounts of all macronutrients [71].

The outcomes in the rugby players are consistent with

work in our laboratory, with national-level triathletes

having a greater diversity of intestinal microbiota than non-

athletic healthy individuals (unpublished data). Diet has a

profound effect on the intestinal microbiota [72] and is

proposed to be the primary reason that the microbiota may

be more diverse in athletes [73]. However, a recent study in

39 healthy active adults controlled for age, BMI and diet

found that cardiorespiratory fitness was positively corre-

lated with the diversity of the gut microbiota [74]. This has

important implications for exercise prescription and

potentially for decisions by athletes on a sport-by-sport

basis for the use of gut health supplements. As yet, there is

little information on whether athletes who are more sus-

ceptible to URS differ in the diversity of intestinal or oral

microbiota compared to healthy athletes.

The influence of the intestinal microbiota on respiratory

health underpins the interest by athletes in the use of gut

health products, such as probiotics and prebiotics, to reduce

susceptibility to URS. Evidence on the effectiveness of
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probiotics in athletic groups is mixed (Table 1), with some

studies showing a reduction in the rate of URS while other

studies report a reduction in the duration or severity of

illness but no effect on incidence [75, 76]. Differences in

the effectiveness of probiotic supplements relate to the type

of sport (endurance vs. team sport), the training history of

the athlete, the training load being undertaken along with

supplement-specific differences in the strain(s), method of

delivery and duration of supplementation [77].

Research in our group has also observed sex differences

in the effect of probiotic supplements on URS. In this study

of 99 competitive cyclists (64 male and 35 female indi-

viduals; age 35± 9 and 36± 9 years), respiratory symp-

toms were lower by a factor of 0.31 [99% confidence

interval (CI) 0.07–0.96] in male individuals but increased

by a factor of 2.2 (99% CI 0.41–27) in female individuals

during 11 weeks of supplementation with Lactobacillus

fermentum (PCC�) [78]. The mechanisms underpinning the

beneficial effects of probiotic supplements on URS may

include modulation of serum cytokines and SIgA, and

changes in the percentage and functional capability of

innate and adaptive immune cells [76, 79]. Animal and

in vitro studies also show that probiotic strains can increase

the expression of mucin genes and mucin secretion from

intestinal epithelial cells along with secretion of antimi-

crobial peptides, which would enhance the barrier function

of the mucosa [80]. At this stage, various immune mech-

anisms may explain the beneficial effects of probiotics on

URS in athletes.

Few studies have examined the effects of prebiotics on

URS and the immune system in athletes. The effects of b-

glucan, a long-chain non-digestible carbohydrate, on URS

and the immune system have been examined in acute

exercise extended training (10–90 days) with mixed out-

comes. The administration of b-glucan for 28 days in 182

healthy adults before a marathon was associated with a

significant 37% reduction in the number of URS symptom

days compared with placebo [81]. This study also reported

that 10 days of b-glucan supplementation prior to a 60-min

cycling session in a hot (45 �C) and humid (* 50%

humidity) environment was associated with a 32% increase

in SIgA 2 h post-exercise in 60 healthy active individuals

[81]. A longer duration supplement period of 90 days in 50

athletes in a placebo controlled trial also reduced the

Table 1 Effect of probiotic supplementation on upper respiratory symptoms (URS) in athletic cohorts ranging from healthy active individuals

through to elite athletes

References Study design and participants Intervention Impact on URS

Clancy

et al.

[119]

Double-blind placebo-controlled trial of

18 healthy and nine fatigued

recreational athletes over 4 weeks

Probiotic (Lactobacillus acidophilus

LAFT1-L10 strain) daily

Reversal of defect in IFN-c secretion

from T cells (viral control mechanism)

Cox et al.

[120]

Double-blind placebo-controlled trial of

20 healthy, elite male distance runners

over 16 weeks

Probiotic (Lactobacillus fermentum VRI-

003 strain) daily

Reduced incidence of URS by 50% and

reduced severity of symptoms and

trend for higher IFN-c secretion from

T cells (p = 0.07)

Gleeson

et al.

[79]

Double-blind placebo-controlled trial of

84 endurance athletes over 16 weeks

Probiotic (Lactobacillus casei Shirota

strain) daily

Reduced the number of URS episodes

by * 50%; higher SIgA level in those

taking probiotics

Haywood

et al.

[86]

Single-blind, placebo-controlled, double-

arm crossover trial of 30 rugby players,

4 weeks per treatment separated by a

4-week washout

Probiotic (Lactobacillus gasseri,

Bifidobacterium longum, Bifidobacterium

bifidum strains) daily

No difference in the incidence of URS

West et al.

[87]

Double-blind placebo-controlled trial of

88 well-trained recreational cyclists

over 11 weeks

Probiotic (Lactobacillus fermentum VRI-

003 strain) daily

No significant effects on URS; reduction

of LRI in male cyclists by a factor of

0.31 but a 2.2-fold increase in LRI in

female cyclists

Gleeson

et al.

[76]

Double-blind placebo-controlled trial of

54 endurance athletes over 16 weeks

Probiotic (Lactobacillus salivarius strain)

daily

No difference in the incidence of URS

Kekkonen

et al.

[75]

Double-blind placebo-controlled trial of

141 marathon runners over 3 months

Probiotic (Lactobacillus rhamnosus GG

strain) daily

No difference in the incidence of URS

West et al.

[88]

Double-blind placebo-controlled trial of

465 physically active individuals for

150 days

Probiotics (Bifidobacterium animalis

subsp. lactis Bl-04) daily or Lactobacillus

acidophilus NCFM and Bifidobacterium

animalis subsp. lactis Bi-07 daily

Bl-04 associated with a significant 27%

reduction in the risk of URS compared

with placebo

IFN interferon, LRI lower respiratory illness, SIgA salivary immunoglobulin A
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incidence of URTI and increased the number of circulating

natural killer cells [82].

In contrast to these studies, consumption of b-glucan for

2 weeks before, during and 1 day after 3 days of exercise

in which athletes cycled for 3 h per day at 57% of their

maximal wattage had no significant effect on URTI in the

2 weeks post-exercise [83]. Research by our group exam-

ining 28 days of butyrylated high-amylose maize starch

supplementation in 41 recreational cyclists observed sig-

nificant increases in faecal short chain fatty acids, the

abundance of faecal Parabacteroides distasonis and Fae-

calibacterium prausnitzii, and in the concentration of

plasma IL-10 and tumour necrosis factor-a [84]. Faecal-

ibacterium prausnitzii is recognised for a range of impor-

tant mucosal and systemic anti-inflammatory effects and

for promoting gut health [85]. Beneficial effects of prebi-

otics and probiotics have been shown for a variety of

sports, including team sports [86], highly active elite

triathletes along with recreational endurance athletes

[76, 79, 87], and healthy active individuals undertaking

general exercise, team sports and endurance sports [88].

The use of colostrum for gut health and immune func-

tion has also been extensively studied in athletes. Colos-

trum is rich in antibodies and growth factors, which may be

protective by modulating the gut microbiota and improving

intestinal permeability. A focus of research using colos-

trum supplementation has been to prevent heat-related

exercise-induced intestinal permeability albeit with mixed

results [89, 90]. In one study, supplementation with bovine

colostrum during 8 weeks of endurance running training

increased intestinal permeability compared with whey

protein powder [91]. A recent meta-analysis on the use of

bovine colostrum for URS during exercise indicated that

supplementation reduced the incidence rate of URS days

(rate ratio 0.56, 95% CI 0.43–0.72) and URS episodes

(0.62, 95% CI 0.40–0.99) [92]. While evidence suggests

limited effects on gut and immune markers [93], the

reduction in URS highlights the potential for colostrum

forming one part of a strategy to maintain health in

athletes.

More recently, the contribution of the oral microbiome

in respiratory illness has generated significant interest.

Overall, there is considerable diversity within the oral

microbiome [94]. A comparison of the microbe-specific

peptide composition of saliva quantified more than 2000

microbial proteins from 50 bacteria genera, with significant

differences in the proteins and species between individuals

and in response to food consumption and cleaning teeth

[95]. Differences in the composition of the oral micro-

biome have also been observed in individuals with severe

asthma, who had higher numbers of microbes associated

with eosinophilia compared with healthy controls and

individuals without severe asthma [96]. Interestingly, a

reduction in the diversity of the oral microbiome has been

observed in oral and respiratory disease, which is similar to

observations regarding the intestinal microbiota and

intestinal disease [97]. Whether this is causal is yet to be

determined. A comparison in 28 healthy individuals of the

microbiome of the upper airways also revealed significant

differences in the composition of the nasal and oral

microbiome but a significant overlap between the microbe

composition of the oral cavity and the lungs [98]. The

existence of a diverse and compositionally different

microbiota in the upper airways along with interactions

with the intestinal microbiome suggests a more detailed

characterisation of mucosal immune homeostasis may be

necessary to understand the pathogenesis of URS in

athletes.

6 Integrated Immune-Microbial Biomarker
Profiling: A Systems Approach

Athlete-related URS appears to be a heterogeneous con-

dition with a complex pathophysiology encompassing an

interaction between the immune system, microbial ele-

ments and environmental factors. Traditionally, immune

profiling in exercise immunology and across other disci-

plines has focused on the analysis of single or a limited set

of immunological parameters. The mucosal immune sys-

tem includes a wide array of cells, humoural factors and

mechanical barriers, the nature of its activation is multi-

factorial and transient, and its constituents share overlap-

ping functions that may be redundant, antagonistic or

synergistic within regulatory cascades (Fig. 2). While

immune phenotype is traditionally measured at the pro-

teomic level, the plasticity and adaptability of immune

activity is governed by molecular transcriptional and

translational regulation and post-translational modifications

[99, 100]. In many cases, the correlation between molec-

ular immune activity and protein abundance is poor, indi-

cating that the dynamic nature of immune regulation is not

linear and, in many cases, uncoupled with the measured

phenotype [101]. The complexity of the immune system

working across several levels therefore requires the inte-

gration of molecular, phenotypic and behavioural data to

identify regulatory networks that govern homeostasis and

identify critical molecules driving aberrant inflammatory

activity [102].

The use of ‘omics’ technology to evaluate immune

status in a holistic manner, including metabolites (meta-

bolomics), proteins (proteomics), messenger RNA (tran-

scriptomics) or genes (genomics), and metagenomics

(microbiota) [103] is providing unprecedented insight into

the ‘immunopathology’ of disease. New technologies, such

as the nCounter� Analysis System (NanoString
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Technologies, Inc., Seattle, WA, USA) that utilise small

sample volumes provide the opportunity to undertake

simultaneous immune genome and phenotype analyses.

Mass cytometry for immune cell phenotyping overcomes

the limitations of flow cytometry spectral overlap that

restricts routine cell phenotyping to 8–12 immune markers.

Mass cytometry allows for the simultaneous quantitation of

30–40 cell markers, which provides the opportunity to

interrogate multiple cell types and signalling pathways for

a more holistic understanding of biological function [104].

The ability to simultaneously characterise genomic and

proteomic factors is revealing biomarkers that are being

used for diagnostic purposes and the stratification of

patients into disease risk groups [105, 106]. In the sports

medicine setting, the use of genomic and proteomic anal-

yses would extend traditional cell phenotyping to include

functional assessment and provide important information

on changes in immune capability that may underpin URS.

The generation of large biological datasets is recognised

to pose substantial challenges in relation to data analysis

and interpretation. Integration of large data sets from high-

throughput technology requires the use of systems biology

and machine learning approaches (Fig. 3). These approa-

ches aim to build models of biological systems that

incorporate interactions between genome, metagenome and

the environment. Systems biology has shown promise in

cancer, vaccine development, gastroenterology and in

understanding inflammation in ageing [102, 107–109]. Our

group has used these approaches to highlight the utility of

using intestinal permeability measures as a tool for pre-

dicting type 2 diabetes mellitus risk [110]. Furthermore, the

use of omics biomarker profiling is showing value for the

identification of predictive markers in cancer settings

[111]. Sports medicine is likely to be one of the next

frontiers to move beyond the conventional focus of

examining discrete targets for diagnostic and therapeutic

purposes and embrace systems approaches for athlete

health and performance. Integration of sequencing and

high-throughput technologies using computational biology

modelling approaches may provide important information

on how perturbations in immune, microbial or environ-

mental factors can lead to URS in athletes.

7 Future Directions

In recent years, the advancement, affordability and avail-

ability of high-throughput analytical methods has increased

substantially. High-throughput methods are being applied

to a broad range of research questions to reveal highly

detailed information about the complex biological inter-

actions underpinning disease [112, 113]. These develop-

ments are facilitating the search for biomarkers used to

monitor, predict and identify disease and pathophysiolog-

ical processes. As a discipline, there is a long history in

exercise immunology of examining the effects of exercise

on salivary proteins given the ease of saliva collection

[114, 115]. In-vivo studies utilising micro-proteomics

technology for salivary assessment between athletes that

experience URS compared with those who do not experi-

ence URS may reveal key molecules that alter suscepti-

bility to URS. Furthermore, the use of micro-proteomics in

nasal secretions would also offer new strategies to under-

stand URS in athletes. Traditionally, large secretion vol-

umes are required from healthy individuals for analysis of

nasal proteins, which would be overcome through the use

of micro-proteomics. Identification of new immune pro-

teins in secretions of the airways would provide biomarker

targets for assessment in exercise-induced suppression and

URS.

The airway microbiome (nose, mouth and respiratory

tract) represents an intriguing research area for exercise

immunology. Given the various dietary practices of

endurance vs. team sport athletes, and weight-restricted

athletes, there is a unique opportunity to examine the role

of dietary practices and exercise on the composition of both

the intestinal and airway microbiome. Follow-up studies

are then needed to examine whether changes in the com-

position modify mucosal immune control and susceptibility

to URS. Furthermore, whether modification of the airway

microbiome might reduce susceptibility to URS in the

same manner that faecal transplants have altered disease

outcomes in the colon is a tantalising prospect. Early-phase

studies for the use of topical nasal sprays for URTI by

modifying the nasal microbiota are well tolerated and safe

in healthy adults [116], suggesting that therapies targeting

the airway microbiota for URS are under consideration.

While not yet conclusive, the consumption of probiotics

has shown efficacy for URS and gastrointestinal illness in

athletes. Intriguingly, there are few studies characterising

the intestinal microbiota in athletes [73]. Research in gut

microbiota is moving beyond just characterisation of phyla

towards an understanding of structure function for targeted

manipulation to elicit specific health benefits [117]. Future

work to examine the effect of acute and chronic exercise on

microbes of the gut might identify exercise- or sport-

specific alterations in individual bacterial phyla, such as

butyrate producers, that permit implementation of person-

alised probiotic regimens.

Deciphering aberrant processes in the mucosal immune

system that denote dysfunction or altered susceptibility to

infection requires a schema for the intricate balance

between airway homeostasis and inflammation. Omics

technology and use of approaches such as systems biology

to integrate and construct multi-dimensional regulatory

networks may shed light on the immunopathology
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underpinning URS. There is a need to undertake simulta-

neous molecular and protein phenotyping from mucosal

and systemic samples to gain a better insight into immune

status and to determine the relevance of sampling from one

site for insight into the status of another. This type of work

needs to examine whether rare immune cell populations co-

exist and whether they exhibit similar functional capacity

[118]. Such approaches may identify combinations of

biomarkers that more accurately allow for earlier diagnosis

of dysregulation at mucosal surfaces or increased suscep-

tibility to URS. Within the context of elite athletes,

biomarkers associated with URS could be used within the

clinic to flag at-risk athletes who may benefit from closer

assessment and intervention. The biomarkers could also be

used to monitor athletes’ responses to training, dietary or

therapeutics intervention and to optimise illness treatment.

8 Conclusions

Upper respiratory symptoms may have a negative impact

on athletes in heavy training or during competition by

altering psychological and/or physiological capacity. The

differential diagnoses of URS in athletic settings imply that

mucosal immune dysregulation may underpin a substantial

number of cases of URS. Maintenance of homeostasis in

the respiratory tract involves complex immune, microbial

and environmental interaction. Supplements that modify

gut bacteria, including probiotics and prebiotics, are pop-

ular with athletes at all levels and a better understanding of

the effects of exercise on the microbiota may lead to more

personalised and effective supplement regimes. Identifying

the role of the oral microbiome in URS and whether these

microbes can be manipulated is a promising area of

Fig. 3 Analysing large data sets. Multi-parameter data sets require

data visualisation and data reduction techniques to identify patterns

between analytes of interest and that separate study groups under

investigation. Cluster algorithms (left-hand figure) order cell types

(rows) through NanoString immune gene expression by individuals

(columns) to reveal shared and distinct patterns. In this case, the

groups represent obese (1), endurance (2) and team sport (3) groups.

Red is high expression and green is low expression. CITRUS (Cluster

identification, characterisation and Regression; Cytobank, Santa

Clara, CA, USA) (right-hand figures) for mass cytometry groups

cells into nodes based on similarity of marker expression to reveal

distinct patterns of cells/receptors between groups. Joined nodes

represent phenotypic similarity and lineage relationships. In this

diagram, the difference in expression of CD20 and CD4 between

athletic groups is depicted. Red is high expression and blue is low

expression. DC, NK natural killer, Th T-helper, Treg regulatory T cell
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research. Use of new technology and data approaches in

studies combined with clinical outcomes will provide a

better understanding of the relationship between exercise

and the mucosal immune system in URS. Improved

understanding of this relationship will lead to nutrition and

training strategies to improve gut and immune function and

reduce the impact of URS on athletes.
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1.13 The Research Gaps 
The prevalence of URS experienced in elite level sport remains a concern for athletes, 

coaches and physicians as illness symptoms have the potential to compromise training 

and performance. The relationship between exercise training, lifestyle, immune factors 

and the risk of URS remains difficult to define. The traditionally reductionist approach to 

immune assessment in athletes has not yet yielded biomarker targets to link athletes who 

frequently report URS with immune modulation induced by exercise training. A review 

of the literature in exercise immunology has revealed several key gaps in knowledge that 

are targeted by the studies in this thesis.  

Many studies in the realm of exercise immunology have analysed various immune 

parameters in elite athletes in response to exercise and conclude that immune modulation 

may be associated with the prevalence and incidence of URS. However, there is a lack of 

studies that have examined athletes reporting recent or current URS and the association 

with multiple immune and lifestyle factors simultaneously. This thesis addresses this gap 

in knowledge by evaluating various aspects of the immune system in athletes reporting 

URS in comparison to asymptomatic athletes.  

The second most apparent gap in the literature is the sparsity of research that has 

taken a holistic view of the athletes and evaluated their lifestyle factors, clinical 

measurements and immune system in association with the incidence of URS. The studies 

within this thesis combine to form a holistic assessment of elite athletes and a multitude 

of immune, clinical and lifestyle factors that may contribute to the incidence of URS.  

The third gap that emerged, is that there are very few studies in exercise 

immunology that have used multiparametric approaches and machine learning to evaluate 

immune and other parameters in elite athletes. These approaches provide highly efficient, 

multiparametric and sensitive experiments and analyses than previously possible. The 

studies within this thesis have applied new statistical and technological approaches in 

combination to assist understanding and clarification regarding the URS-elite athlete 

paradox. 

A fourth gap in knowledge is the lack of literature concerning female athletes in 

comparison to male athletes. This thesis has addressed this gap by including female 

athletes. 
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1.14 The Thesis Objective 
To determine whether athletes who report URS for two days or more during a 30-day 

period, show differences in lifestyle factors and/or an altered immune profile compared 

to asymptomatic athletes.  

1.15 Thesis Aims 
1. To report the incidence of URS in elite Australian athletes during their

preparations for an Olympic Games.

2. To compare lifestyle factors and standard clinical markers between athletes

reporting URS for two days or more during a one-month period and asymptomatic

athletes.

3. To determine whether athletes reporting URS for a minimum of two days in the

previous month, have an altered PBMC phenotype compared to asymptomatic

athletes using mass cytometry.

4. To determine whether elite athletes reporting URS for two days or more during

the previous month have an altered peripheral blood immune gene expression

profile compared to asymptomatic elite athletes.

5. To determine whether athletes reporting URS for a minimum of two days in the

previous month, have PBMCs with measurable differences in their mitochondrial

parameters compared to asymptomatic athletes.

6. To determine whether the gut microbial profile of athletes reporting URS for a

minimum of two days in the previous month is different compared with

asymptomatic athletes.
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Chapter 2 
The incidence of URS in Australian athletes preparing for 

the 2016 Olympic Games is associated with sport, 

probiotic use and in females, low energy availability 
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Abstract 

Introduction: The most common medical complaint by elite athletes is upper 

respiratory symptoms (URS). URS can be detrimental to training and athletic 

performance. In addition to habitual intense exercise, lifestyle, biological and 

psychological factors (for example anxiety) may increase the risk of URS in elite athletes. 

As part of the Stay Healthy Project, this work examines the association of multiple 

immune parameters along with lifestyle data that may be associated with the incidence of 

URS in elite athletes. The first aim of this study was to evaluate the incidence of URS in 

elite athletes during their preparations for an Olympic Games. The second aim of the 

study was to compare standard clinical measurements and lifestyle factors between 

athletes reporting URS for two days or more during a one-month period and 

asymptomatic athletes. 

Methods: A cross-sectional study was used to evaluate the incidence of URS in 

Australian Olympic athletes and to examine whether the incidence of URS was associated 

with standard clinical measurements and lifestyle factors. The incidence of URS was 

determined using a self-reported retrospective illness symptoms log completed by all 

athletes. The log was used to determine how many days during the previous month an 

athlete had experienced URS. Athletes reporting URS for two or more days were 

allocated to the URS group. Standard clinical parameters were measured from peripheral 

blood and included cytokine concentrations, hormones, full blood count, white cell 

differential, C-reactive protein (CRP) and vitamin D. The lifestyle factors assessed 

included sleep, stress, anxiety, depression, resilience, low-energy availability in females 

(LEAF), training load, probiotic supplementation, travel and an illness and injury log. 

The location and timing of sample collection could not be standardised across the athletes. 

Results: A total of 71 Olympic athletes from a range of sports were involved in 

this analysis, including rowing (n=12), triathlon (n=2), rugby 7‘s (n=30), water polo 

(n=11) and soccer (n=15). Based on responses from the illness symptoms log, the athletes 

were assigned to the URS group (n=38) and the asymptomatic group (n=33). Playing 

water polo, reporting higher levels of fatigue and probiotic supplementation were all 

associated with a higher incidence of URS (p<0.05). In female athletes, a high-score on 

the LEAF questionnaire and playing water polo were also associated with a higher 

incidence of URS (p<0.05). 
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Conclusion: Multiple factors contribute to immunity and may influence 

the incidence of URS in elite athletes. Only five variables that differed between 

athletes reporting URS and asymptomatic athletes; fatigue, probiotic 

supplementation, sport (water polo), and LEAF score. The sport in which an athlete 

competes should be considered by physicians when treating athletes with URS. More 

investigation into the effective dose and strains of probiotics should be pursued. The 

use of the LEAF questionnaire may be a promising measure to identify female 

athletes at risk of URS and who may benefit from further medical investigation.  
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2.1 Introduction 
URS is the most frequent medical complaint reported by elite athletes (200). Frequent or 

chronic URS can disrupt the training of elite athletes and be harmful to their athletic 

performance (201). The prevalence of URS in elite athletes is thought to be influenced by 

habitual intense exercise, which alters immune regulation, in favour of an anti-

inflammatory immune phenotype (13, 202). Despite the association between exercise and 

an anti-inflammatory immune phenotype the only biomarker shown to correlate with the 

prevalence of URS in athletes is salivary IgA (13). However, the association between 

salivary IgA and the prevalence of URS is inconsistent and thus not considered a reliable 

diagnostic biomarker for URS (13, 203). The identification of other reliable and easily 

measurable immune or biological biomarkers associated with the prevalence of URS may 

assist health professionals to manage affected athletes. 

In addition to using biomarkers to monitor the risk of URS and immunity, the 

assessment of lifestyle factors may be helpful for developing strategies to avoid URS in 

athletes. Lifestyle factors are relatively open to modification and are non-invasive and 

easily monitored. In athletes, habitual intense exercise is the primary lifestyle factor 

influencing the epidemiological patterns of URS (42, 46, 48). Some authors have 

suggested modification or reduction of an athlete’s training load as a preventative 

measure to avoid the development of URS (204). However, significant changes to an 

athletes’ training load may compromise athletic performance. Factors such as sleep, 

travel, psychological stress and mental health can influence immune function (44, 205-

210) and may also impact the prevalence of URS in elite athletes.

While psychological stress and poor mental health have been linked to reduced 

immune function and propensity toward illness in non-athlete populations (16, 206, 211, 

212), the impact of psychological factors (for example stress and anxiety) on the 

prevalence of URS remains understudied in elite athletes (213, 214). The link between 

URS and sleep is also understudied in athletes however, in non-athletes, a study of 164 

healthy adults over seven days, showed that shorter sleep duration was associated with 

increased susceptibility to the common cold, odds ratio 4.5 (215). A link between travel 

and illness has been identified in 259 rugby players over a 16-week competition season. 

Athletes travelling furthest from their original time zone were two to three times more 

likely to acquire an illness of any kind, including URS, during the 16-week season (207). 

These results are supported by findings from an 8-year longitudinal study of 37 elite 

cross-country skiers where the probability of developing a respiratory or gastrointestinal 
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illness increased 4.94 times, one-day post-flight (216). In addition to their sporting 

commitments, many elite athletes are also employed or studying on a full or part-time 

basis and have the added responsibility of meeting professional/academic standards and 

deadlines. The combination of work/study and athlete life leaves the athlete with  little 

time and energy for personal relationships which can be detrimental to an athletes social, 

psychological and emotional well-being and could contribute to the risk of URS (217, 

218). Multiple factors contribute to the risk of URS susceptibility and should be evaluated 

simultaneously to identify the most important risk factors. 

2.1.1 Rationale 
Habitual intense exercise has been associated with an increased prevalence of URS in 

elite athletes. The reduction or modification of an athletes training load to avoid URS 

may affect athletic performance. Therefore, minimizing the impact of easily modified 

factors associated with the risk of URS should be considered. Factors such as sleep, travel 

and psychological well-being have been shown to influence immune function and may 

be modifiable factors that can reduce the prevalence of URS in elite athletes. The 

identification of easily measurable markers associated with a risk of URS would assist 

health professionals to detect and subsequently monitor athletes at risk of URS. This study 

is an extension of the Stay Healthy Project that examined risk factors for injury and 

illness, including URS, and assessed the impact of illness an athletes’ ability to complete 

training. The current study used a subset of the Stay Healthy cohort and focuses on 

athletes reporting URS and does not consider impacts on training. In addition, this study 

undertakes a more comprehensive assessment of the relationship between lifestyle 

factors, standard clinical measurements and the incidence of URS. 

The aims of this study were to: 

1. Report the incidence of URS in elite Australian athletes during a one-month

period, approximately three months prior to the 2016 Olympic Games; and 

2. Compare lifestyle factors and standard clinical measurements between athletes

reporting URS for two or more days during a one-month period and asymptomatic 

athletes. 
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2.2 Methods 
2.2.1 Study Design 
Data and samples for this study were collected as part of the Stay Healthy Project as 

previously described (9). Briefly, blood samples and questionnaire data, were collected 

during national selection events for the Australian Olympic Squad, between March 2016 

and June 2016, approximately three months prior to the Olympic Games. The times and 

locations of blood sample collection and questionnaire data collected varied throughout 

the study. The standard clinical measurements were; serum cytokine concentrations, 

serum hormones, full blood count, serum CRP and vitamin D. The lifestyle factors 

assessed were; sleep, stress, anxiety, depression, resilience, energy availability, training 

load, probiotic supplementation, travel and an illness and injury log.  

Ethical approval for the study was granted by the Australian Institute of Sport 

Ethics Committee (Approval number 20160407) and the Griffith University Human 

Ethics Committee (HREC 2016/213). Information regarding the study was disseminated 

to coaches and athletes using the Australian Institute of Sport (AIS). Organisational 

consent was received from National Sporting Organisations prior to obtaining written, 

informed consent from all participants. Athletes who participated in the study were 

involved in soccer, rowing, water polo, triathlon and rugby 7’s. A total of 71 athletes 

provided blood samples and responded to the illness symptoms log and were included in 

the study. 

2.2.2 Determining the Incidence of URS in Australian Olympic athletes 
To determine the incidence of URS, a self-reported, unsupervised, retrospective illness 

symptoms log was completed by athletes in their own time, using the electronic athlete 

management system (AMS) that was used by the athletes and their support team to 

supervise athlete health and well-being. The questionnaire was accessible for completion 

for one-week starting from the time their blood sample was taken. The illness symptoms 

log gathered information regarding whether an athlete had experienced the signs and 

symptoms of URS and chest infection symptoms, including the presence of a blocked or 

runny nose, sore throat, sneezing, coughing, sputum, chest congestion, wheezing or high 

temperature. Chest infection symptoms were included in the definition of athletes 

reporting URS as chest infection symptoms often occur with URS and they are difficult 

to discriminate between. The questionnaire also asked the number of days an athlete had 

experienced URS and chest infection symptoms over the previous month (Appendix 3). 
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Based on their responses, athletes were allocated to the URS group and the asymptomatic 

group. If athletes had reported URS chest infection symptoms for two or more days during 

the previous month, they were classified within the URS group. Athletes were classified 

as being asymptomatic if they did not report URS in the previous month. Athletes who 

were experiencing URS at the time of sampling were excluded from the study and they 

did not attend the clinic to provide a sample (n=5). 

2.2.3 Measuring Lifestyle Factors in Australian Olympic Athletes 
The lifestyle factors assessed include sleep, stress, anxiety, depression, resilience, energy 

availability, training load, probiotic use, travel and an illness and injury log. The details 

of each questionnaire are included at Table 2.2.1.  

Table 2.2.1 Details of the questionnaires used to evaluate an athletes’ lifestyle factors. (See 

Appendix 3 or follow the reference for the full version of each questionnaire) 

Questionnaire Description 

URS and chest 

infection symptoms 

log (Custom 

questionnaire) 

The URS and chest infection symptoms log asked participants if 

in the last month, they had experienced symptoms and for how 

many days and the total number of days was calculated. Athletes 

reporting URS or chest infection symptoms for ≥2 days were 

assigned to the URS group and those reporting no URS or chest 

infection symptoms were assigned to the asymptomatic group. 

Injury, and illness 

symptoms log 

(Custom 

questionnaire) 

The custom-made injury and illness symptoms log asked 

participants if, in the previous month, they had experienced an 

injury, or symptoms of illness including fatigue, ache, head or 

gastrointestinal. An athlete was considered to have an illness or 

injury if they reported at least one day with symptoms or injury. 

Probiotics (Custom 

questionnaire) 

The custom probiotic questionnaire asked participants if they 

supplemented with probiotics. Probiotic supplementation was 

considered any probiotic consumption and no usage was 

considered no  probiotic consumption during the previous month. 

Perceived Stress 

Scale (PSS) 

The PSS was used to quantify the participants level of perceived 

psychological stress (219). A score of <14 was considered a 

healthy level of perceived stress while a score >13 was considered 

at risk of negative health consequences. 
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Questionnaire Description 

Training-load 

(Custom 

questionnaire) 

The training-load questionnaire asked participants to indicate their 

typical number of hours spent training and to describe the nature 

of the training undertaken. 

Epworth Sleepiness 

Scale (ESS) 

The ESS was used to measure daytime sleepiness. For analysis 

within this study, the participants were classified as at risk of 

experiencing daytime sleepiness if they scored above the 

published cut-off score of ≥10. Participants scoring <10 were 

considered low risk (220). 

Depression, anxiety 

and stress scale 

(DASS-21)  

The DASS-21 was used to evaluate depression, anxiety and stress 

(221). Those scoring in the normal to mild category (<7 for 

depression; <6 for anxiety; <10 for stress) were considered not at 

risk and those scoring in the moderate, severe and extremely 

severe category (>6 for depression; >5 for anxiety; >9 for stress) 

were considered at risk of depression, stress or anxiety.   

Dispositional 

Resilience Scale 

(DRS) 

The DRS measures general cognitive, emotional and behavioural 

functioning and their resilience and response patterns to stress 

(222). A score <27 was considered low resilience and at risk, 

while a score >27 was considered healthy.  

Pittsburgh Sleep 

Quality Index (PSQI) 

The PSQI was used to measure sleep quality, latency, duration, 

efficiency and disturbances in conjunction was daytime 

sleepiness. For analysis within this study, participants were 

classified at risk of experiencing sleep deficiency if they scored 

above the published cut-off score of  ≥5. Participants scoring <5 

were considered low risk (223).  

Travel (Custom 

questionnaire) 

The travel questionnaire asked participants whether they had 

travelled outside of Australia in the previous month and the 

number of trips taken was summed. 

Low Energy 

Availability in 

Females  (LEAF) 

The LEAF questionnaire asked female participants about their 

injury history, gastrointestinal and reproductive health. The final 

score indicates an athletes’ risk of low energy availability and the 

female athlete triad. For this study, participants were classed as 

being at risk if they scored above the published cut-off score of 

≥8. Participants scoring <8 were considered low risk (224). 
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2.2.4 Assessment of Clinical Measurements in Australian Olympic 

Athletes 

2.2.4.1 Sample Collection 
Venous blood was collected using venepuncture into serum separator tubes (SST) 

(Greiner Bio-One, Frickenhausen, Germany) and K3 ethylenediaminetetraacetic acid (K3

EDTA) tubes (Greiner Bio-One, Frickenhausen, Germany). SSTs were used to collect 

serum for cytokine, hormone and CRP analysis. SSTs were kept at room temperature 

(RT) to clot for 30 minutes ahead of centrifugation at 10  C̊ and 3500 rpm for 10 minutes. 

Serum was then isolated and stored in 1 mL aliquots at -80  ̊C until sample analyses. 

Whole blood collected into K3 EDTA tubes was analysed for routine haematological 

analyses (full blood count, white cell differential and vitamin D concentration) at Laverty 

Pathology (Canberra and Sydney), QML Pathology (Queensland), Western Diagnostics 

(Western Australia) and Dorevitch Pathology (Melbourne). 

2.2.5 Measuring Serum Cytokines 

2.2.5.1 General Method 
Serum cytokine concentrations (see Table 2.2.2 for a list of the cytokines measured and 

their general functions) were measured on a Bio-Plex® 200 Suspension Array System 

(Bio-Rad Laboratories Pty Ltd, Hercules, CA, USA) using a commercially available 27-

plex Human Cytokine Panel (Bio-Rad Laboratories Pty Ltd, Hercules, CA, USA) 

according to the manufacturers’ instructions. Briefly, the Bio-Plex® 200 Suspension 

Array System uses unique infrared and ultraviolet fluorophore coloured magnetic beads, 

with a unique capture antibody corresponding to a specific cytokine, including 

interleukin-12 p70 (ILp70), interferon gamma (IFN-γ), interleukin-1B (IL-1B), interferon 

gamma induced protein 10 (IP-10), interleukin-10 (IL-10), interleukin-7 (IL-7), 

interleukin-17 (IL-17), regulated on activation normal T cell expressed and secreted 

(RANTES), interleukin-1 receptor antigen (IL-1RA), interleukin-13 (IL-13), macrophage 

inflammatory protein 1a (MIP-1a), platelet derived growth factor (PDGF), vascular 

endothelial growth factor (VEGF), fibroblast growth factor (FGF), interleukin-9 (IL-9), 

interleukin-4 (IL-4), eotaxin, granulocyte-colony stimulating factor (GCSF), interleukin-

8 (IL-8), tumour necrosis factor- α (TNF- α) and macrophage inflammatory protein 1b 

(MIP-1b). Cytokine concentrations were determined following the addition of cytokine 

specific secondary biotinylated antibodies and streptavidin phycoerythrin (Streptavidin 
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PE). The beads were then passed through a laser and fluorescence emissions were 

detected and quantified. 

Table 2.2.2 The cytokines measured and their general function. 

Cytokine Cytokine function 

IL-12 p70 pleiotropic cytokine; active heterodimer of the p35 & p40 subunits 

IFN-γ type II interferon; triggers response to bacterial and viral pathogens 

IL-1B interleukin 1 cytokine family, inflammatory response 

IP-10 CXC chemokine family, IFN-γ induced chemoattractant 

IL-10 class 2 cytokine with anti-inflammatory effects 

IL-7 cytokine B and T cell development 

IL-17 pro-inflammatory cytokine with regulatory function 

RANTES chemotactic cytokine 

IL-1RA interleukin 1 cytokine family inhibits the inflammatory response 

IL-13 immunoregulatory cytokine with broad functionality 

MIP-1a chemotactic cytokine, immune response to infection/ inflammation 

PDGF growth factor; cell growth and division, angiogenesis 

VEGF growth factor involved in angiogenesis 

FGF multifunctional growth factor with broad effect 

IL-9 regulatory cytokine of hematopoietic cells that promotes cell 
proliferation 

IL-4 broad acting cytokine produced by activated T cells 

EOTAXIN a chemotactic cytokine for eosinophils 

GCSF a cytokine that promotes the granulocyte production 

IL-8 chemotactic cytokine for neutrophils and other granulocytes 

TNF-α pro-inflammatory cytokine from the TNF superfamily 

MIP-1b chemotactic cytokine, immune response to infection/ inflammation 

2.2.5.2 Sample, control, blank and standard preparation 
The Bio-Plex® Suspension Array System was calibrated prior to commencement of the 

cytokine assay. All assay components were returned to room temperature (RT) prior to 

use if the manufacturers protocol indicated. The standard and control were reconstituted 
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in standard diluent. Both were chilled on ice for 30 minutes prior to use. A three-fold 

standard dilution series was then prepared to create a set of eight standards. Thawed serum 

samples were diluted four-fold with sample diluent. Beads were diluted nine-fold in assay 

buffer, vortexed to mix. 

2.2.5.3 The bead and sample incubation 
Following dilution, 50 μL of the prepared bead solution was added to each well of the 96-

well plate and was washed twice with 100 μL of wash buffer at the Bio-Plex® Wash 

Station (Bio-Rad Laboratories Pty Ltd, Hercules, CA, USA). Samples, standards, controls 

and the blank were then vortexed briefly and 50 μL of each were loaded in duplicates to 

the assay plate. The plate was sealed and incubated for one hour, protected from light, at 

RT on a platform shaker (Ratek Instruments Pty Ltd, Boronia, Australia) at 850 rpm. 

Following incubation, the wells were washed three times with 100 μL of wash buffer 

using the Bio-Plex® Wash Station to ensure retention of the magnetic beads.  

2.2.5.4 Secondary anti-body incubation and Streptavidin PE incubation 
The detection antibody was vortexed, briefly centrifuged and diluted nine-fold with 

detection antibody diluent and mixed. Twenty-five microlitres of detection antibody 

solution was added and the plate was sealed and incubated on a platform shaker (Ratek 

Instruments Pty Ltd; Boronia, Australia). The samples were then shaken at 850 rpm at 

RT for a further 30 minutes. Following incubation, the plate was washed three times with 

100 μL of wash buffer using the Bio-Plex® Wash Station. Streptavidin PE concentrate 

was vortexed, spun down and diluted 1: 99 with assay buffer. To each well 50 μL of the 

solution was added and incubated for 10 minutes, under aluminium foil, on a platform 

shaker (Ratek Instruments Pty Ltd, Boronia, Australia) at 850 rpm at RT. The plate was 

washed three times with 100 μL of wash buffer using the Bio-Plex® Wash Station. 

2.2.5.5 Measure fluorescence emissions and determination of analyte 

concentrations 
The magnetic beads were resuspended in 125 μL of assay buffer and the plate was loaded 

into the Bio-Plex® Digital Analyser for quantification of fluorescence. A standard curve 

was automatically constructed from known standard concentrations and fluorescence 

measurements were used to extrapolate analyte concentrations, reported in pg/mL, from 

the standard curves. 
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2.2.6 Hormone Measurement 
Serum progesterone, oestradiol and testosterone concentrations were measured using 

competitive ELISA as per the manufacturer’s instructions (ABCAM plc, Cambridge, 

United Kingdom). Progesterone and oestradiol are the main regulators of the menstrual 

cycle, puberty, reproduction and pregnancy in women. Testosterone is predominantly a 

male hormone involved in sexual function and reproduction. The reagents, standards and 

controls were prepared, and serum samples were thawed to RT. To the 96-well plate, 20 

µL of standard, control or sample was added to their respective wells, followed by 200 

µL of hormone-HRP conjugate and was left to incubate for one hour at 37°C. 

Subsequently, the wells were washed using the HydroSpeed Wash Station (TecanTM 

Australia, Pty Ltd) three times with 300 µL of diluted washing solution. In the washed 

plate, 100 µL of TMB substrate solution was added to each well, which was covered and 

left to incubate at RT for 15 minutes before adding 100 µL of stop solution. Within 30 

minutes the absorbance was measured at 450 nm using a POLARstar Omega microplate 

reader (BMG Labtech, Ortenbuerg, Germany). A standard curve was automatically 

constructed from known standard concentrations and absorbance was used to extrapolate 

analyte concentrations using the standard curves. 

Serum cortisol, a glucocorticoid hormone that is released in response to low 

glucose and stress, was measured using competitive ELISA according to manufacturer’s 

instructions (ALPCO®, Salem, New Hampshire, USA). Reagents, standards and controls 

were prepared, and serum samples were thawed to RT. Twenty microlitres of standard, 

control or sample was added to their respective wells, followed by 100 µL of the 

conjugate working solution and the plate was left to incubate for 45 minutes at RT on a 

plate-shaker at 200 rpm. Subsequently, the wells were washed at the HydroSpeed Wash 

Station (TecanTM Australia, Pty Ltd) three times with 300 µL of diluted wash buffer. 

One hundred and fifty microliters of TMB substrate solution was added to each well in 

the wash plate and was covered and left to incubate a RT for 20 minutes on a plate-shaker 

at 200 rpm. Subsequently, 50 µL of stop solution was added to each well. Within 20 

minutes absorbance was measured at 450nm using a POLARstar Omega microplate 

reader (BMG Labtech, Ortenbuerg, Germany). A standard curve was automatically 

constructed from known standard concentrations and absorbance was used to extrapolate 

cortisol concentrations using the standard curves. 
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2.2.7 Measurement of CRP 
CRP was analysed for all participants from stored serum samples. The samples were 

analysed on the Cobas Integra® 400 Plus analyser (Roche Diagnostics Ltd, Rotkreuz, 

Switzerland) using the commercially available Tina-quant® C-reactive Protein Gen.2 

reagent (Roche Diagnostics Ltd, Rotkreuz, Switzerland) as per manufacturers’ 

instructions. Prior to sample analysis the Cobas Integra® 400 Plus analyser was calibrated 

for each test and performance to be determined within specified limits using a set of 

quality controls. Thawed serum aliquots were loaded onto the sampling tray. The 

automated analysis is based on a latex immunoturbidimetric method to determine CRP 

concentrations, reported as mg/L. 

2.2.8 Statistical Analysis 
Analyses of all group characteristics, standard clinical measurements and lifestyle factors 

were conducted using SPSS version 25 software (IBM Computing, New York, USA). 

Any variable with more than 25% of data points missing was excluded from analysis. All 

the data were evaluated for skewness and kurtosis (within the range of 0 ± 3) and 

normality verification was performed using the Shapiro-Wilk test. The data collected 

from the analysis of standard clinical measurements did not follow a normal distribution 

and were log transformed prior to statistical analysis and the summary statistics were 

presented using back-transformed data. For variables with less than 25% of data points 

missing the absent data was replaced with the group mean. All cytokines had eight data 

points missing (11%) apart from VEGF, which had 13 data points missing (18%). For 

hormone analysis, cortisol had five data points missing (7%), oestradiol had 11 (16%), 

progesterone had 17 (24%), and testosterone had 6 data points missing (8%). All 

continuous data was assessed using an unpaired t-test. Continuous data are presented as 

mean and standard deviation (SD). Categorical variables are presented as count (N) and 

percentage (%) and were assessed using the Chi-square test for independence and Yates’ 

Continuity Correction was applied to compensate for two-by-two comparisons. The Phi 

correlation coefficient was used to indicate the degree of association between the 

independent variables and the outcome (group allocation; either URS or asymptomatic). 

Where multiple variables were assessed simultaneously, the Benjamini-Hochberg 

adjustment was applied. For all tests, significance was accepted at the level of p<0.05.  

Logistic regression was used to examine the combined contribution of both the 

continuous and categorical variables to the outcome (group allocation; either URS or 
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asymptomatic). Only continuous variables that were under q<0.2 following adjustment 

within the unpaired t-test and categorical variables reaching p<0.2 following Chi-square 

analysis were included in the model. Training status (trained, lightly trained or rested) 

was not included as a variable in the model due to low numbers within the groups that 

violated the assumptions of the test. Soccer was used as reference group in the analyses 

as the split of soccer players across the two groups showed least significance in the Chi-

square analysis. Prior to performing the logistic regression, multicollinearity was 

evaluated, and all tolerance values were above 0.55 indicating a lack of multicollinearity. 

Logistic regression was performed using all athletes to assess the contribution of sport, 

sex, head symptoms, fatigue, aches, probiotic supplementation and monocyte, eosinophil, 

IL-1B, IL-10 and progesterone concentrations. The logistic regression analysis was 

repeated using only female athletes to assess the contribution of sport, LEAF 

classification, head symptoms, fatigue, aches, probiotic supplementation and monocyte, 

eosinophil, IL-1B, IL-10 and progesterone concentrations. The number of male athletes 

in the study was too small to repeat the model using only male athletes.  
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2.3 Results 
2.3.1 Incidence of URS in Australian Olympic Athletes was over 50% 
Responses to the URS and chest infection symptoms log (Table 2.3.1) indicated that 53% 

of athletes reported URS and/or chest symptoms for two or more days over the previous 

month. Among athletes reporting URS, 63% reported symptoms for 2–5 days, 18.5% of 

athletes reported symptoms for 6–9 days and a further 18.5% of athletes reported 

symptoms for more than 10-days. Thirty-three athletes (47%) indicated that they 

experienced no URS and/or chest symptoms during the previous month. These results 

determined the two groups that are used throughout Chapters 2–5 of this thesis; the URS 

group; (n=38) and the asymptomatic group; (n=33). 

Table 2.3.1 URS incidence and the duration of symptoms in athletes approximately three 
months prior to the 2016 Olympics.  

URS 
(n=38) 

N (%) 

Asym 
(n=33) 

N 

“Yes” to either Q1 and/or Q2 from the URS and chest 
infection symptom log  

38 (53) 0 

Q1. In the last month, have you had upper respiratory 
symptoms such as blocked or runny nose, sore throat or 
sneezing? 

37 (97) - 

Q2. In the last month, have you had chest infection symptoms 
such as coughing, sputum, chest congestion, wheezing or high 
temperature? 

9 (24) - 

Total number of days with URS or chest symptoms 

2–5 days 24(63) - 

6–9 days 7(18.5) - 

≥10 days 7(18.5) - 

URS: upper respiratory symptoms reported; Asym: no upper respiratory symptoms 

reported; N: number of observations; (%): percentage of total cohort. 

2.3.2 Group Characteristics: Sport was Associated with URS 
Group characteristics were compared between the URS group (n=38; male n=8; female 

n=30; age 23.8 ± 3.5 years) and the asymptomatic (Asym) group (n=33; male n=13; 

female n=20; age 25.1 ± 4.4 years) and are described in Table 2.3.2. The URS and 
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asymptomatic groups were significantly different with regards to the distribution of sports 

across the groups (p=0.04) (Table 2.3.2). The distribution of the water polo players was 

uneven between the two groups (p=0.02) with the URS group containing significantly 

more players. Furthermore, there was a trend for there to be more asymptomatic rugby 

7’s players (p=0.05). As the distribution of athletes from the various sports was 

significantly different in the URS group compared to the asymptomatic group, ‘sport’ 

was adjusted in Chapters 3, 4 and 5. The asymptomatic and URS groups were not different 

with regards to sex, age, training load or time and intensity of their previous training 

session prior to sampling (Table 2.3.2). 

2.3.3 Probiotic Supplementation, Low-energy Availability and Fatigue 

were Associated with a higher incidence of URS 
Results from the lifestyle questionnaires are presented in Table 2.3.3. Compared to the 

asymptomatic group, the URS group reported greater probiotic supplementation 

(p=0.007), had significantly higher incidence of perceived fatigue (p=0.007), and higher 

scores on the LEAF questionnaire (p=0.048; female athletes only). The asymptomatic and 

URS groups were not significantly different for any other lifestyle factor. However, there 

was a trend for aches (p=0.08) and head symptoms (p=0.09) to be of higher incidence in 

the URS group compared to the asymptomatic group. 

2.3.4 No standard clinical markers were able to differentiate the groups 

No significant differences were identified for any standard clinical marker measured 

between the groups, see Table 2.3.4. 
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Table 2.3.2 Group characteristics; sex, the main sport of the athletes, the time and intensity of the training session immediately 

prior to sampling, age and self-reported training load (* indicates p<0.05) 

Asym (n=33) 

N (%) 

URS (n=38) 

N (%) 
χ2 

Adjusted 

p-value

Yates’ 

continuity 

correction 

Phi 

coefficient 
q-value

Sex 

Male 13 (39.4) 8 (21.1) 
0.09 - 0.15 0.20 - 

Female 20 (60.6) 30 (78.9) 

Sport 

Triathlon 2 (6.1) 0 (0) 

0.04* 

0.17 

- 0.46 - 

Rugby 7’s 19 (57.6) 11 (28.9) 0.05 

Water polo 1 (3.0) 11 (28.9) 0.02* 

Rowing 3 (9.1) 9 (23.7) 0.17 

Soccer 8 (24.2) 7 (18.4) 0.55 

Time and intensity of the training session immediately prior to sampling 

>12 hrs; overnight rest 21 (64) 18 (47) 

0.09 - - 0.26 - <3 hrs; light session 8 (24) 7 (18) 

<3 hrs; typical session 4 (12) 13 (34) 

Asym 

mean(SD) 

URS 

mean(SD) 
Mean difference p-value q-value

Age 25.1 (4.4) 23.8 (3.5) 1.33 0.16 0.32 

Self-reported training hrs/week 

Resistance 4.2(1.3) 4.2(1.5) 0.06 0.90 0.9 
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Table 2.3.2 Group characteristics; sex, the main sport of the athletes, the time and intensity of the training session immediately 

prior to sampling, age and self-reported training load (* indicates p<0.05) 

Endurance 14.9(10.8) 10.1(9.6) 4.80 0.35 0.47 

Team 8.4(2.5) 9.6(1.9) 1.21 0.11 0.32 

URS: upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; N: number of observations; (%): 
percentage of total cohort; (SD): standard deviation; q-value: Benjamini-Hochberg adjusted. 
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Table 2.3.3 Psychological and lifestyle factors compared between the groups (* indicates p<0.05) 

Asym URS 

Χ2 

Yates’ 

continuity 

correction 

Phi 

coefficient 
No 

N (%) 

Yes 

N (%) 

No 

N (%) 

Yes 

N (%) 

Illness and injury in the last month (n=71) 

 Any aches; e.g., muscular aches, joint aches 31(93.9) 2(6.1) 29(76.3) 9(23.7) 0.04 0.08 0.24 

 Any symptoms of fatigue; e.g., malaise, lethargy 26(78.8) 7(21.2) 17(44.7) 21(55.3) 0.003 0.007* 0.35 

 Any head symptoms; e.g., headache, dizziness 29(87.9) 4(12.1) 26(6804) 12(8.6) 0.05 0.09 0.23 

 Any GI symptoms; e.g., vomiting, diarrhoea 28(84.8) 5(15.2) 28(73.7) 10(26.3) 0.25 0.39 0.14 

 Any injury 18(54.5) 15(45.5) 26(68.4) 12(31.6) 0.23 0.34 0.14 

Travel in the last month (n=71) 20(60.6) 13(39.4) 27(71.1) 11(28.9) 0.35 0.5 0.11 

Probiotic use (n=71) 26(78.8) 7(21.2) 17(44.7) 21(55.3) 0.003 0.007* 0.35 

Psychology 

 Depression (DASS-21) (n=62) 21(77.8) 6(22.2) 29(82.9) 6(17.1) 0.61 0.86 0.06 

 Anxiety (DASS-21) (n=62) 19(70.4) 8(29.6) 29(82.9) 6(17.1) 0.24 0.39 0.15 

 Stress (DASS-21) (n=61) 24(88.9) 3(11.1) 30(88.2) 4(11.8) 0.94 1.0 0.01 

 Perceived Stress Scale (n=67) 10(33.3) 20(66.7) 18(41.8) 19(51.4) 0.21 0.31 0.15 

 Dispositional Resilience (DRS) (n=65) 26(89.7) 3(10.3) 33(91.7) 3(8.3) 0.78 1.0 0.04 

Sleep 

 Epworth Sleepiness Scale (n=61) 20(71.4) 8(28.6) 24(72.7) 9(27.9) 0.91 1.0 0.01 

 Pittsburgh Sleep Quality (n=59) 16(59.3) 11(40.7) 22(68.8) 10(31.3) 0.45 0.63 0.1 

Low-energy availability in females 16(80) 4(20) 14(48.3) 15(51.7) 0.03 0.048* 0.32 

URS: upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; N: number of observations; (%): 
percentage of total cohort; GI=gastrointestinal.
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Table 2.3.4 Clinical measurements taken from blood and compared between the groups 
(* indicates p<0.05) 

URS 

mean±(SD) 

Asym 

mean±(SD) 
Mean 

difference p-value

Full blood count and Vitamin D 

Red cell count 4.0(1.62) 3.99(1.77) 0.01 0.41 

Total white blood cell count 6.36(3.11) 6.78(4.13) 0.22 0.74 

Neutrophils 3.91(2.24) 4.16(3.42) 0.25 0.87 

Eosinophils 0.1(0.1) 0.12(0.09) 0.01 0.18 

Lymphocytes 1.89(0.94) 1.8(0.95) 0.09 0.26 

Basophils 0.02(0.04) 0.02(0.04) 0.005 0.36 

Monocytes 0.44(0.23) 0.49(0.3) 0.05 0.15 

Vitamin D 108.4(23.4) 113.6(29.2) 5.21 0.44 

C-reactive protein 0.7(0.98) 0.96(0.93) 0.26 0.26 

Hormones 

Progesterone 1.67(3.17) 3.7(5.31) 2.03 0.09 

Testosterone 3.01(5.08) 4.05(5.39) 1.04 0.34 

Oestradiol 39.32(54.95) 31.27(3.29) 8.05 0.95 

Cortisol 10.33(4.3) 10.03(4.11) 0.3 0.65 

Male athletes only 

Progesterone 0.57(0.44) 1.35(0.85) 0.78 0.06 

Testosterone  12.7(4.03) 11.17(3.77) 1.53 0.57 

Oestradiol  19.79(20.51) 17.01(18.29) 2.77 0.53 

Cortisol  12.13(5.85) 9.4(4.33) 2.73 0.46 

Female athletes only 

Progesterone 1.93(3.48) 4.9(6.25) 3.02 0.1 

Testosterone  0.65(.67) 0.84(0.64) 0.19 0.42 

Oestradiol  45.87(60.6) 36.98(36.99) 8.89 0.94 

Cortisol  10.05(3.87) 10.15(4.1) 0.05 0.86 
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URS: upper respiratory symptoms reported; Asym: asymptomatic group; SD: standard 

deviation; ±: plus, or minus. 

2.3.5 Determining the Likelihood that an Athlete would report URS 
Logistic regression was performed (n=71) to assess the effects of sport, sex, aches, head 

symptoms, fatigue, probiotic supplementation and monocyte, eosinophil, IL-1B, IL-10 and 

progesterone concentrations on the likelihood that athletes would report URS (Table 2.3.5). 

The model was able to distinguish between athletes reporting URS and asymptomatic athletes 

Cytokines 

IL-12 p70 31.16(23.59) 23.06(11.98) 8.1 0.40 

IFN-γ 1.27(0.87) 1.04(0.66) 0.23 0.29 

IL-1B 363.32(267.16) 305.05(178.21) 58.26 0.09 

IP-10 7.12(4.7) 9.28(12.95) 2.16 0.37 

IL-10 4.01(8.04) 2.54(4.03) 1.47 0.17 

IL-7 173.01(91.58) 157.7(70.43) 15.31 0.62 

IL-17 9987(2407) 9577(1972) 410.57 0.58 

RANTES 40.41(35.4) 34.7(32.7) 5.71 0.36 

IL-1RA 1.49(1.4) 1.28(1.12) 0.21 0.97 

IL-13 2.71(1.82) 2.46(1.74) 0.26 0.57 

MIP-1A 2468(1138) 2308(1174) 159.59 0.55 

PDGF 27.2(34.16) 27.51(27.1) 0.3 0.30 

VEGF 40.09(34.47) 36.8(28.57) 3.29 0.65 

FGF 37.02(21.53) 39.62(41.33) 2.59 0.79 

IL-9 3.13(1.48) 3.02(1.38) 0.11 0.86 

IL-4 46.65(28.21) 48.75(33.36) 2.1 0.95 

EOTAXIN 15.51(12.46) 16.01(12.37) 0.59 0.78 

G-CSF 9.9(7.57) 9.61(7.0) 0.29 0.82 

IL-8 40.24(34.77) 39.03(35.85) 1.21 0.81 

TNF-α 53.41(59.44) 52.14(42.6) 1.27 0.77 

MIP-1b 12.76(14.78) 12.52(9.58) 0.24 0.52 
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χ2(df=13, n=71) =31.28, p=0.003. The model explained between 35.6% (Cox and Snell R 

square) and 47.6% (Nagelkerke R square) of the variance in the incidence of URS and 

correctly classified 76.1% of cases. However, none of the variables within the model 

achieved statistical significance (p<0.05) alone. The strongest predictor of reporting URS 

was progesterone concentration (Odds ratio (OR)=1.23, p=0.07) and reporting fatigue (Odds 

ratio (OR)=4.37, p=0.08). For every unit increase in progesterone concentration, athletes 

were 1.23-times more likely to report URS, while athletes who reported fatigue were four-

times more likely to report URS. 

2.3.6 Determining the Likelihood that a Female Athlete would report 

URS 
Logistic regression, involving female athletes (n=50), was undertaken to ascertain the effects 

of sport, aches, head symptoms, fatigue, probiotic supplementation, LEAF classification and 

monocyte, eosinophil, IL-1B, IL-10 and progesterone concentrations on the likelihood that 

female athletes would report URS (Table 2.3.6). The model was able to distinguish between 

female athletes reporting URS and asymptomatic female athletes χ2(df=13, n=50) =33.26, 

p=0.002. The model explained between 48.6% (Cox and Snell R square) and 65.7% 

(Nagelkerke R square) of the variance in the incidence of URS and correctly classified 86% 

of cases. Only one variable, fatigue, achieved statistical significance at the level of p<0.05 

and a further two variables, LEAF classification and progesterone concentration were under 

the relaxed threshold of p<0.1. Female athletes who reported fatigue were 76 times more 

likely to report URS, those athletes who were identified as being at risk of the female athlete 

triad in the LEAF questionnaire were 61 times more likely to report URS. Conversely, the 

odds ratio of 0.67 for progesterone concentration indicates that for every additional unit of 

progesterone, female athletes were 0.67 times less likely to report URS. The result is 

unexpected but may be due to the high degree of variation in serum progesterone 

concentrations from the female athletes that is likely due to being at different stages of their 

menstrual cycle.  

81



Table 2.3.5 Logistic regression of sport, sex, aches, fatigue, head symptoms, probiotic 

supplementation and monocyte, eosinophil, IL-1B, IL-10 and progesterone concentration on the 

likelihood that athletes report URS 

95% Confidence 
interval  

Variables B S. E Wald Df p-
value 

Odds 
ratio Lower Upper 

Sport (Soccer as reference) 1.62 3 0.65 
Endurance  -0.46 1.2 0.14 1 0.71 0.63 0.06 6.87 
Rugby 7’s 0.11 0.94 0.01 1 0.91 0.9 0.14 5.64 
Water polo 1.26 1.62 0.6 1 0.44 3.52 0.15 84.59 
Sex (Male sex as reference) 0.42 0.82 0.26 1 0.61 1.52 0.31 7.52 
Aches (No aches as
reference) 0.41 1.2 0.12 1 0.74 1.5 0.14 15.9 

Head symptoms (No
symptoms as reference) 0.75 0.91 0.64 1 0.43 2.11 0.34 13.18 

Fatigue (No fatigue as
reference) 1.47 0.85 3.01 1 0.08 4.37 0.83 23.08 

Probiotic 
supplementation (No
supplementation as reference) 

1.13 0.97 1.38 1 0.24 3.11 0.47 20.61 

Monocyte 
concentration -1.58 1.72 0.84 1 0.36 0.21 0.01 6.03 

Eosinophil 
concentration -0.54 3.77 0.02 1 0.87 0.58 3.6*10^-4 938.65

IL-1B concentration 0.85 0.53 2.56 1 0.11 2.34 0.83 6.64 
IL-10 concentration -0.07 0.08 0.7 1 0.4 0.94 0.8 1.1 
Progesterone 
concentration 0.24 0.13 3.38 1 0.07 1.27 0.99 1.63 

Constant -1.59 1.44 1.23 1 0.27 0.2
S.E: standard error; df: degrees of freedom.
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Table 2.3.6 Logistic regression of sport, aches, fatigue, head symptoms, probiotic 

supplementation, LEAF classification and monocyte, eosinophil, IL-1B, IL-10 and 

progesterone concentration on the likelihood that female athletes report URS. 

95% Confidence 
interval  

Variables B S. E Wald Df p-
value 

Odds 
ratio Lower Upper 

Sport (Soccer as reference) 2.73 3 0.44 
Endurance  -3.68 3.0 1.46 1 0.23 0.03 6.4*10^-5 9.96 
Rugby 7’s -4.63 2.96 2.46 1 0.12 0.01 3.0*10^-5 3.2 
Water polo -3.3 3.16 1.09 1 0.3 0.04 7.5*10^-5 17.99 
LEAF classification 4.12 2.19 3.55 1 0.06 61.28 0.85 4.41*10^3 
Aches (No aches as
reference) 1.19 1.31 0.83 1 0.36 3.29 0.25 42.66 

Head (No symptoms as
reference) -2.78 2.05 1.83 1 0.18 0.06 1.0*10^-3 3.47 

Fatigue (No fatigue as
reference) 4.34 2.11 4.23 1 0.04 76.75 1.23 4.81*10^3 

Probiotic 
supplementation (No
supplementation as 
reference) 

1.83 2.7 0.46 1 0.5 0.16 1.0*10^-3 31.52 

Monocyte 
concentration -0.27 3.29 0.01 1 0.94 0.77 1.0*10^-3 483.35 

Eosinophil 
concentration 3.37 6.12 0.3 1 0.58 29.13 1.78*10^-4 4.75*10^6

IL-1B 
concentration 1.33 1.04 1.65 1 0.2 3.78 0.5 28.79 

IL-10 concentration -0.13 0.11 1.33 1 0.25 0.88 0.7 1.1 
Progesterone 
concentration -0.4 0.24 2.74 1 0.09 0.67 0.42 1.08 

Constant 2.3 2.76 0.7 1 0.4 10.02 
S.E: standard error; df: degrees of freedom
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2.4 Discussion 
Elite athletes may be at increased risk of URS as a result of altered immunity, lifestyle factors 

and psychological health (13). Despite the proposal by exercise immunology experts, few 

studies have considered the incidence of URS in conjunction with multiple lifestyle factors 

and standard clinical measurements in elite athletes. The present work reports the incidence 

of URS in athletes during selection for an Olympic Games. The findings contradict the 

inverted J-curve model, which suggests that reduced immunity and URS is not compatible 

with elite level performance. In this mixed athlete population, URS was reported by 53% of 

athletes, which is consistent with findings reporting a 63% incidence in elite athletes during 

swimming training (225) and 67% incidence during a soccer competition (54). However, 

these results contradict many other studies that have reported between a 2.7-5.7% incidence 

of URS during the Olympic Games (57, 62, 226). The discrepancy between findings might 

be explained by the timing at which sampling occurred; during training versus during 

competition, or by the range of sports included in the respective studies (57, 62, 226), in 

comparison to only five sports from the current study. It is well documented that the 

incidence of URS increases in elite athletes during periods of intensified training (42-46, 

227). A higher incidence of URS in female Olympic athletes has been reported before (226) 

and may explain the high incidence of URS in this study as over 70% of participants sampled 

were female. Although not significant, there was a trend for female athletes to have a higher 

incidence of URS in the current study. To help avoid URS during the preparatory phases of 

major competition, closer monitoring of female athletes, could be a strategy to preserve their 

health and athletic performance.  

The distribution of athletes across the sports sampled in this study was significantly 

different between the groups and suggests that some sports may increase an athletes’ 

exposure to risk factors associated with the development of URS more than others. A 

considerable 91% of water polo players were in the URS group. Water based athletes are 

frequently exposed to aero-irritants from chlorinated pool water (228). The URS induced by 

an allergic, chemical or asthmatic-like reaction to pool water closely mimics URS stemming 

from infectious aetiology. Results from this study support the well-established link between 

exposure to pool water and URS (228-230). Rowing was another sport with a high incidence 

(75%) of its athletes reporting URS. Endurance sports, such as rowing, have been associated 

with a higher risk of URS (13, 37, 133). In contrast, most of the Rugby 7’s players were 
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asymptomatic. Evidence from this study highlights the need to consider an athlete’s sport 

and possible aetiology of symptoms when considering the risk and treatment of URS. 

Probiotic supplementation has been suggested as a mechanism to increase mucosal 

immune defence and prevent or reduce the duration and severity of URS (231). However, the 

evidence that supports this suggestion is inconsistent. Many studies have demonstrated the 

positive effects of probiotic supplementation on the incidence of URS (232-236), while 

others have shown probiotics to have no effect or a negative effect on the incidence of URS 

(237-239). The current study found that the incidence of URS was significantly associated 

with probiotic supplementation. A key difference between the current work and the literature, 

is the study design and control over the brand and dosage of the probiotic(s) used. The current 

work was a cross-sectional design in which probiotic supplementation was recorded as a 

binary response (either “yes” or “no”) and therefore lacked important information regarding 

the dosage, frequency and type of probiotic taken. In contrast to the current study, the existing 

literature has often used a cross-over design, or clinical intervention, and the dosage, 

frequency, strain of probiotic and participant compliance was controlled and recorded. It is 

possible that participants from the current study were not as consistent with their probiotic 

intake as in other studies. An alternative interpretation is that the high use of probiotics 

observed in the URS group may reflect attempts by athletes to overcome URS or other 

ailments. Investigation into the ideal dosage, brand and strains of probiotics that are effective 

against the development of URS is needed to ensure that probiotics use is efficacious. 

The LEAF-Q is used to identify female athletes who may be at risk of low-energy 

availability and to flag those most at risk of developing the female athlete triad (240). Low-

energy availability is associated with dysfunction spanning many systems, including the 

immune system (240, 241). In support of existing work linking illness and low-energy 

availability (11, 242), the current results showed that 79% of the females who were classified 

as at risk of low-energy availability were from the URS group. Educating female athletes 

about the nutritional requirements needed to maintain training load and biological demand 

may reduce the incidence of URS in females. A validated equivalent of the LEAF 

questionnaire for male athletes would be useful to flag male athletes at risk of low-energy 

availability. 
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Over 50 standard clinical measurements and lifestyle factors were assessed and only 

two factors in the entire cohort, progesterone concentration and fatigue, and three factors in 

female athletes, LEAF classification, progesterone and fatigue, trended or were significantly 

predictive of URS. At the time of sampling, all the athletes in the current study were 

asymptomatic. From a biological perspective it is unlikely that athletes would display 

significant differences in the standard clinical parameters measured in this chapter. 

Rudimentary assessments such as the white cell differential and hormone concentrations are 

underpinned by complex regulatory mechanisms that require more sensitive analysis than 

what was undertaken in this preliminary assessment. In contrast, the evaluation of lifestyle 

factors can be more insightful as they often represent longitudinal behaviours, for example 

dietary practices, low-energy availability, sleeping habits or psychological issues and can be 

used as clues to prompt further investigation into immunity and propensity toward URS. The 

few findings identified between the groups in this study may suggest that elite athletes are 

inherently very similar and possess many of the same attributes irrespective of their risk of 

URS. Or perhaps the immune status and URS risk for each athlete should be considered 

subjectively and tailored to the individual requirements of the athlete. It is concluded that any 

identification of factors that differ between athletes reporting URS and asymptomatic 

athletes, are promising measures to identify athletes at risk of URS. 

2.4.1 Clinical Application 
The study demonstrates the high incidence of URS in athletes training for an Olympic Games 

and has revealed some relevant information that should be explored further and considered 

within athlete management strategies.  

• Physicians should be aware of the sport in which an athlete competes, as some sports

expose athletes to different risk factors, such as aero-allergens or persistent exposure

to cold temperatures and may suggest a non-infectious aetiology of URS requiring a

different treatment strategy.

• The study suggests that females have a higher incidence of URS and that URS is also

associated with low-energy availability in females. In addition to low-energy

availability, the LEAF-Q could be explored as a tool to recognise female athletes at

risk of URS.
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• Probiotic supplementation was higher in athletes reporting URS. Ensuring that

athletes are using high-quality probiotics may improve the efficacy of probiotics and

reduce the incidence of URS in athletes.

2.4.2 Limitations 
• The time between sample collection and when URS were experienced was not

recorded which increased the variability of the study. A record of when URS was last

experienced would have informed statistical evaluation and interpretation of the

results.

• The time and place in which samples were collected were not consistent for all

athletes and researchers had limited control over confounding variables which can

lead to greater heterogeneity within the data. The variables that were not controlled

included sex, diet, sport, time of day samples were taken, whether the athletes had

trained or were rested, whether athletes were fasted/non-fasted, and the location at

which athletes were sampled. The factors listed can perturb biological and immune

markers. Future studies should aim to standardise the conditions under which samples

are collected with the aim to control and reduce the impact of these confounding

variables.

• As the study was cross-sectional, the results gathered were more likely to be

influenced by the confounding variables listed above. A longitudinal study with

repeated measures would enhance reliability.

• The current work used many self-reported questionnaires and a proportion were

retrospective. Although attempts to use validated and short-form questionnaires were

made, questionnaires can be open-to misinterpretation and participants can become

idle in provip.86ding well considered responses or responding at all.

• This study represented 34% of the athletes included in the larger Stay Healthy Project.

This is a small sample size and may be a biased representation of the cohort.

• The training load data was retrospective and self-reported. The validity and analysis

of this data would have improved through the use of a standardized questionnaire.
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2.4.3 Conclusion 
This study examined the incidence of URS in a subset of the original Stay Healthy cohort. In 

this subset, the incidence of URS was more than 50%. The sport of the athlete showed the 

highest association with the incidence of URS, while probiotic supplementation, fatigue and 

low-energy availability in females could also distinguish athletes reporting URS from 

asymptomatic athletes and should be considered within athlete management strategies. 
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Chapter 3 

Mass cytometry reveals functional differences in the 

PBMC profile of elite Australian athletes reporting 

URS ahead of the 2016 Olympic Games 
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Abstract 

Introduction: Exercise induced modulation of the peripheral blood mononuclear cell 

(PBMC) phenotype is suggested to contribute to the risk and incidence of upper respiratory 

symptoms (URS) observed in elite athletes. However, no clear link between exercise induced 

changes to PBMCs and risk of URS is evident. Mass cytometry is a novel method capable of 

phenotyping immune cells with greater resolution than previously possible. A comprehensive 

comparison of the PBMC phenotype of athletes reporting URS and asymptomatic athletes 

was performed using mass cytometry to determine any differences between the groups.  

Methods: A cross-sectional study of Australian Olympic athletes was undertaken to 

assess whether athletes reporting URS (n=38) had a different PBMC phenotype compared to 

asymptomatic athletes (n=33). Mass cytometry was used to examine the cell phenotype and 

expression of functional immune markers on PBMCs. Gating of cell populations was 

undertaken using FlowJo_V10 software (Oregon, USA) and PBMC frequency between the 

groups was analysed in SPSS version 25 software (IBM Computing, New York, USA) using 

an unpaired t-test with adjustments for covariates. Furthermore, PBMC frequency and the 

expression of functional markers on PBMCs were assessed using the cluster identification, 

characterisation and regression (CITRUS) machine learning algorithm from the Cytobank 

platform (Santa Clara, USA) and results were statistically evaluated using an unpaired t-test 

and co-variate adjustments were performed using analysis of covariance (ANCOVA). 

Results: The expression of three functional markers, cutaneous lymphocyte 

associated antigen (CLA), cluster of differentiation 49d (CD 49d) and cluster of 

differentiation 86 (CD 86), were significantly lower in athletes reporting URS compared to 

asymptomatic athletes. No differences were observed in immune cell frequency between the 

groups using manual gating or CITRUS. 

Conclusion: Although no differences in PBMC frequency was revealed between the 

groups, machine learning highlighted differential expression in functional immune markers, 

CLA, CD 49d, involved in adhesion and CD 86 involved in antigen presentation and cell-

cell communication. Future studies examining whether lower expression of functional 

markers on PBMCs may be associated with a risk of URS could improve current 

understanding of immune-regulation and inform athlete management strategies against the 

development of URS. 
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3.1 Introduction 
The effect of exercise on the immune system is influenced by the exercise type, duration and 

intensity (13, 202). A common approach to examine exercise-induced alteration of immune 

cell phenotype is been to analyse changes in circulating immune cell populations following 

acute and habitual intense exercise. Exercise induced modulation of circulating immune cell 

frequency and the expression of chemokine receptors following exercise is often described 

as anti-inflammatory (139, 146, 180, 202, 243). Some authors suggest that this immune cell 

phenotype may be associated with the pattern of URS prevalence observed in athletes 

compared to non-athletes.  

A small number of studies have analysed the relationship between immune cell 

frequency and the prevalence of URS in athletes. In ultramarathon runners no correlation was 

found between URS prevalence and circulating lymphocyte frequency 16-hours and 4-weeks 

post-event (244). Consistent with these results, no association was found between the 

incidence of URS and circulating lymphocyte frequency over a 7-week training period in 

elite swimmers at rest (66). Similarly, in 37 hockey players (227) and 80 endurance athletes 

(245), no differences were observed in neutrophil, lymphocyte, monocyte, eosinophil or 

basophil counts (227), or T cell, T-helper cell, T-cytotoxic cell, B cell or NK cell counts 

(245), of illness-prone compared to illness-free athletes. In contrast, an association between 

the incidence of URS, high training load and the NKbright/NKdim ratio was observed in 19 elite 

swimmers over a winter training season of approximately seven months (146). Overall, the 

evidence from these studies is inconclusive. Given the narrow breadth and evidence of 

exercise-induced changes to other cell populations, a multi-parametric approach that includes 

a greater number of cell types might yield more information. 

Mass cytometry is a novel technology that overcomes the limitations of traditional 

technology and has more than doubled the capacity to measure immune cell phenotype. Mass 

cytometry combines the principles of mass spectrometry and flow cytometry (246) and uses 

antibody-conjugated heavy metal ion tags in place of traditional fluorescent tags to overcome 

spectral overlap that is inherent to flow cytometry (247). In flow cytometry, as further 

fluorochromes are added to a cell the wavelengths emitted can overlap thus increasing 

background noise and diluting or enhancing some signals. Mass cytometry allows the 

simultaneous analysis of up to 50 cell populations with more detail and efficiency than flow 

91



cytometry (248). By broadening the analysis to include markers of function and phenotype, 

more information can be extracted to assist understanding of immune cell phenotype. 

3.1.1 Rationale 
Immune cell populations are modulated by exercise training and may be linked with the 

pattern of URS prevalence observed in elite athletes. Few studies have considered URS 

incidence in association with a broad range of PBMC populations simultaneously. An 

extensive assessment of PBMC phenotype in association with the incidence of URS may 

reveal immune biomarkers or features that may be used to assist athletes with URS. The aim 

of this study was to determine whether athletes reporting URS for a minimum of two days in 

the previous month, have an altered PBMC phenotype compared to asymptomatic athletes 

using mass cytometry. 
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3.2 Methods 
3.2.1 Participants 
Seventy-one athletes completed the retrospective URS and chest infection symptoms log and 

provided blood samples for the isolation of PBMCs. Responses from the symptoms log were 

used to assign respondents to the URS group (n=38) and the asymptomatic group (n =33); 

see Chapter 2.3 for group characteristics. 

3.2.2 Blood Sample Collection 
Eight millilitres of peripheral blood samples were collected from an antecubital vein by a 

qualified phlebotomist between 10th April and 6th June 2016. Samples were collected into a 

lithium heparin tube (Greiner Bio-One, Frickenhausen, Germany) to isolate PBMCs for 

evaluation using mass cytometry (CyTOF).  

3.2.3 PBMC Isolation 
To isolate PBMCs, blood from the lithium heparin tubes was transferred into an 8 mL 

LeucoSep™ tube laid with 3 mL Ficoll-Paque Plus medium (GE Healthcare Life Sciences, 

Buckinghamshire, United Kingdom) and spun at 1000 xg for 10 minutes at 18 ◦C. The buffy 

coat was removed using a transfer pipette and the cells were washed three times using 

Dulbecco’s phosphate-buffered saline and were then added to a freezing media and stored in 

liquid nitrogen until required.  

3.2.4 Mass Cytometry 
Mass cytometry uses transitional elements and the principles of mass spectrometry and flow 

cytometry to analyse the composition of immune markers within a single-cell analysis as 

shown in Figure 3.2.1. The combination of the two technologies extends the functional and 

phenotypic information that can be extracted and overcomes many of the limitations of flow 

cytometry. A comparison of flow cytometry and mass cytometry can be seen at Table 3.2.1. 
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Figure 3.2.1 The process of mass cytometry as experienced by a single cell (247, 249) (1–

2). Heavy metal ion tag: antibody conjugates are bound to cellular markers of interest. (3) 

The cells are nebulized to form a consistent stream of single cells. (4) The stream of cells is 

introduced to the inductively-coupled plasma (ICP) for ionization. (5) The ion cloud 

produced is filtered within a quadrupole to remove ions that are <100 Daltons, leaving only 

positively charged, heavy metal ions >100 Daltons. (6) These ions are passed through a time-

of-flight chamber. (7) To produce a unique signal for every cellular marker of interest using 

mass spectrometry. (8) The configuration of each cells markers is calculated and 

subsequently (9) analysed. Figure adapted from Atkuri K.R; Stevens J.C & Neubert H. Mass 

Cytometry: A Highly Multiplexed Single-Cell Technology for Advancing Drug Development. 

Drug Metabolism and Disposition (2015), 43 (2) 227–233.  
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Table 3.2.1 A comparison of mass cytometry versus flow cytometry 

Mass Cytometry Flow cytometry 

Minimal change to traditional labelling 

protocols 

Traditional labelling protocols used 

Uses heavy metal ion markers Uses fluorochrome markers 

50 markers can be used simultaneously Up to 20 markers can be used 

simultaneously – if using the most 

sophisticated of instruments 

Data analysis tools require further 

development 

Methods by which to analyse results are 

established 

No auto fluorescence or spectral overlap 

means that panel design is straightforward 

Auto fluorescence and spectral overlap 

make panel design difficult as the 

number of markers increases 

Simple adjustments required for oxidation, 

otherwise, compensation is not required 

Compensation, the process of correcting 

for spectral overlap when using multiple 

fluorescent tags, is essential 

In-depth phenotyping is possible A comparably rudimental phenotypic 

analysis 

Data acquisition is slower ~1000 events/sec Data acquisition is faster ~10,000 

events/sec 

Samples are obliterated Samples can be recovered 
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3.2.5 Marker Staining and Cell Preparation 

The first step is to prepare the cells with the selected markers and stains. To commence, 

PBMCs were stained with 36 unique conjugated markers comprising a transitional element 

and an epitope specific antibody (Table 3.2.2). The procedure was performed as per the 

manufacturer’s protocols (Fluidigm, CA, USA). PBMCs were removed from liquid nitrogen 

and stored at -80 ◦C for one week prior to staining. On the day of staining, the cells were 

removed from storage at -80 ◦C and set on dry ice. To thaw the frozen cells, 8 mL of Roswell 

Park Memorial Institute medium (RPMI) and 10% foetal bovine solution (FBS) was added 

to the cells and mixed until liquid. The PBMCs were then spun at 1500 rpm at 5 ◦C for five 

minutes and the supernatant was removed before the cells were resuspended in 2 mL of 

phosphate-buffered saline (PBS). The Sysmex XP-100 cell counter (Sysmex Corporation, 

Hyogo, Japan) was used to count the number of cells in 100 µL of sample from which the 

volume of sample equivalent to 1.5 million cells was calculated. A volume containing 1.5 

million cells was spun at 400 xg at 5 ◦C for 10 minutes and the supernatant was removed.  

To stain the cells, 150 µL of cisplatin viability stain was introduced to the cells and 

incubated for three minutes at room temperature and quenched with 750 µL of RPMI and 10 

% FBS. PBMCs were spun at 4 ◦C, for 10 minutes at 400 xg. An antibody master mix 

containing the 36 conjugated markers was created and 50 µL of the master mix was added to 

each sample and set on ice for 30 minutes. Following incubation, 500 µL of fluorescence-

activated cell sorting (FACS) buffer was used to wash cells, this process was performed 

twice. Finally, the cells were resuspended in 100 µL of 4 % paraformaldehyde (PFA) to fix 

and 500 µL of permeabilization solution (Affymetrix eBioscience, CA, USA) was added and 

spun at 900 xg for 10 minutes and the supernatant was removed. PBMCs were resuspended 

in 150 µL of DNA intercalator and stored at 4 ◦C for 35 minutes. Cells were washed, and EQ 

beads were added prior to sample labelling and analysis using the CyTOF2 mass cytometer 

(Fluidigm, CA, USA). Sample nebulization was used to generate a flow of single cells that 

was evaluated using mass spectrometry. The reporter signals generated were converted to 

quantitative data for subsequent assessments.  
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Table 3.2.2 Details of the antigen target and function, metal tag, clone and their supplier 

Antigen target; description 
Metal 

Tag 
Supplier 

Lineage markers 

CD 45 Expressed on hematopoietic cells 89Y Fluidigm 

HLA-DR Expressed on antigen presenting cells 174Yb Fluidigm 

CD 19 Expressed on B cells 142Nd Fluidigm 

CD 45RA Expressed on resting/naïve monocytes, T & B cells 143Nd Fluidigm 

CCR5 Chemokine receptor expressed on T cells & monocytes 144Nd In house 

CD 4 Expressed on T cells; antigen recognition 145Nd Fluidigm 

CD 3 Expressed on T cells 170Er Fluidigm 

CD 20 Expressed on B cells 147Sm Fluidigm 

CD 16 Expressed on NK cells and activated monocytes 148Nd Fluidigm 

CD 56 Expressed on NK and NK T cells 149Sm Fluidigm 

CD 8 Expressed on T cells and NK cells; antigen recognition 168Er Fluidigm 

CD 25 Expressed on T regs, activated monocytes, T & B cells 169Tm Fluidigm 

CD 45RO Expressed on activated monocytes, memory T & B cells 152Sm In house 

CD 38 Most highly expressed on plasma cells 167Er Fluidigm 

IgD Expressed on B cells, particularly long-lived B cells 166Er In house 

CD 27 Expressed on NK, B & mature T cells 155Gd Fluidigm 

CD 127 Expressed on young B cells and peripheral T cells 165Ho Fluidigm 

CD 161 Expressed on NK, NK T and some T cells 164Dy Fluidigm 

CD 14 Expressed on antigen presenting cells 160Gd Fluidigm 

CD: cluster of differentiation; HLA-DR: human leukocyte antigen DR isotype; Y: yttrium; 

Yb: ytterbium; Nd: neodymium; RA: receptor antigen; Er: erbium; T regs: regulatory T cells; 

IgD: immunoglobulin D; Sm: samarium; NK: natural killer; Tm: thulium; RO: memory; Gd: 

gadolinium; Ho: holmium; Dy: dysprosium; Eu: europium;  
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Table 3.2.2 Details of the antigen target and function, metal tag, clone and their supplier 

Antigen target; description 
Metal 

Tag 
Supplier 

Functional markers 

CD 123 Expressed on some B cells and DCs 161Dy Fluidigm 

Integrin 

β7 

Leukocyte adhesion during inflammation 162Dy Fluidigm 

CXCR3 A chemokine receptor; expressed on DCs, T & NK cells 163Dy Fluidigm 

CD 197 Mediates DC and T cell interactions 159Tb In house 

CCR4 Chemokine receptor expressed on monocytes, T, B & 

NK cells 
158Gd Fluidigm 

CCR6 Chemokine receptor expressed on DCs, B & T cells 154Sm In house 

CD62L A homing and adhesion molecule 153Eu Fluidigm 

CD 86 Expressed on antigen presenting cells 150Nd Fluidigm 

ICOS Expressed on activated T cells 151Eu Fluidigm 

CXCR5 Chemokine receptor; particularly for B cell migration 171Yb Fluidigm 

IgM Surface IgM is expressed by B cells 172Yb Fluidigm 

NKp46 Expressed on NK cells; triggers cytotoxicity in NK cells 173Yb In house 

CCR10 
Expressed by skin homing memory T cells & IgA 

producing B cells 
146Nd In house 

CLA Leukocyte adhesion; monocytes, NK, B and T cells 176Yb Fluidigm 

CD 49d Leukocyte adhesion 141Pr Fluidigm 

 CD: cluster of differentiation; DCs: dendritic cells; Dy: dysprosium; CXCR: chemokine 

receptor type; NK: natural killer; Tb: terbium; CCR: chemokine receptor; Gd: gadolinium; 

Sm: samarium; L: ligand; Nd: neodymium; ICOS: inducible T cell co-stimulator; Yb: 

ytterbium; IgM: immunoglobulin M; IgA: immunoglobulin A; CLA: cutaneous leukocyte 

associated antigen; Pr: praseodymium. 
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Figure 3.2.2 An overview of the hierarchical gating strategy used to isolate and quantify immune cell populations
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3.2.6 Representative Gating Strategy used to identify PBMC populations 
PBMC populations were detected and characterised using mass cytometry and gating was 

performed using FlowJo_V10 software (Oregon, USA). Nineteen markers were used to 

isolate PBMC populations using the gating strategy depicted in Figure 3.2.3. 

100



101



Figure 3.2.3 The gating strategy used to isolate immune cell populations. A: Ce140/DNA to 

identify cells from debris to B: Event length/DNA to determine singlets from doublets to C: 

Cisplatin/event length to identify live cells from dead cells to D: CD 45/CD 3 to identify CD 

3+ and CD 3- cells. From the CD 3+ cluster in D to E: CD 4/CD 8 to identify CD 4+ and CD 

8+ T cells. From the CD 8+ cluster in E to F: RA/RO to identify CD 8+ memory and naïve T 

cells. From the CD 4+ cluster in E to G: CD 25/CD 127 to identify T regs. From the CD 4+ 

cluster in E to H: RA/RO to identify CD 4+ memory and naïve T cells. From the CD 3+ 

cluster in D to Q: CD 56/CD 3 to identify NK T cells to R: CD 8/CD 56 to identify CD 

56+CD 8+ NK T cells to S: CD 161/CD 56 to identify CD 161+ NK T cells to T: CD 

161/CCR5 to identify CD 8+CD 161hiCCR5+ NK T cells. From the CD 3- cluster in D to I: 

CD 19/CD 20 to identify B cells to J: IgD/CD 27 to identify IgD+CD 27- (Q1), IgD+CD 27+ 

(Q2), IgD-CD 27+ (Q3) and IgD-CD 27- (Q4) B cell populations. From the CD 3- cluster in D 

to K: CD 19/CD 20 to identify CD 19+CD 20- cells to L: CD 27/CD 38 to identify plasma 

cells. From the CD 3- cluster in D to M: CD 3/CD 20 to identify CD 3-CD 20- cells to N: CD 

56/HLADR to identify CD 56+ HLADR- NK cells and CD 56- HLADR+ cells. From CD 56+ 

HLADR- NK cells in N to O: CD 56/CD 16 to identify CD 56hiCD 16- NK cells and CD 

56intCD 16+ NK cells. From CD 56- HLADR+ cells in N to P: CD 14/CD 16 to identify 

classic and inflammatory monocytes and dendritic cells. 
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3.2.7 Hierarchical Gating and Statistical Analysis of PBMC frequency 
DVS Science software was used to concatenate and normalise the data prior to gating using 

FlowJo_V10 software (Oregon, USA). Event length versus DNA intercalator Ir191 was used 

to gate singlets. Cells that were negative to cisplatin were gated as being live. Subsequently, 

T cell, B cell, plasma cell, monocyte, dendritic cell and natural killer (NK) cell populations 

were gated using FlowJo_V10 software (Figure 3.2.2). Batch consistency was measured 

using five control samples across five mass cytometry experiments. Using the mean percent 

of each PBMC population the coefficient of variation was calculated to evaluate the 

consistency of the gating strategy and the results across experiments (Appendix 4). Data were 

exported to SPSS version 25 software (IBM Computing, New York, USA) and evaluated for 

skewness and kurtosis (within the range of 0 ± 3). Normality was further examined using the 

Shapiro-Wilk test and subsequently log transformed to achieve normal distribution. To 

explore statistical significance, an unpaired t-test was initially used to compare differences 

in PBMC frequency between URS and asymptomatic athletes. In Chapter 2, probiotic 

supplementation and the sport of the athlete were identified as significantly different between 

the groups. To evaluate the effect of these confounding variables, ANCOVA was performed 

and the data was corrected using the Benjamin-Hochberg procedure to control for a false 

discovery rate (FDR) of 5%. Statistical significance was accepted at q<0.05.  

3.2.8 The CITRUS analyses 
To extend on the manual hierarchical gating analyses, mass cytometry data was explored 

using a machine learning algorithm available from the Cytobank platform (Santa Clara, 

USA). The CITRUS algorithm initially uses unsupervised hierarchical clustering to identify 

groups of cells that are phenotypically similar. Subsequently, a regularised supervised 

learning algorithm is applied to determine whether a biological endpoint (Group: URS group; 

or asymptomatic group) is associated with differences in PBMC frequencies or the 

expression of functional markers. Unsupervised machine learning is a valuable and 

complementary tool as it is not restricted to the pre-conceived strategies typically used for 

cell subset identification in manual gating. 
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The CITRUS algorithm was used to: 

a) identify differences in PBMC frequency between athletes reporting URS and

asymptomatic athletes 

b) to compare the expression of functional immune markers between athletes

reporting URS and asymptomatic athletes 

To initiate the CITRUS analyses, the cells were gated down to CD 45+ cells using the strategy 

outlined in Figure 3.2.3 

Figure 3.2.3 The gating strategy used to select CD 45+ cells. A: Ce40/DNA to identify cells 

from debris to B: Event length/DNA to determine singlets from doublets to C: Cisplatin/event 

length to determine live cells from dead cells to D: CD 45/DNA1 to identify CD 45+ immune 

cells. 

3.2.8a Comparing PBMC frequency between the groups using CITRUS 
The lineage markers listed in Table 3.3.2, were selected to group phenotypically similar cells 

using unsupervised hierarchical clustering. The passive aggressive mean reversion (PAMR), 

a nearest shrunken centroid predictive model, was selected to quantify the frequency of 

PBMC populations between the groups. An equal number of cells per sample (6396 cells) 

contributed to the CITRUS analysis, which represented the maximum number of cells in the 

least abundant sample. A minimum cluster size of 2% was chosen to increase the number of 

clusters identified by the algorithm and to capture rare populations. A cross-fold validation 

(CVF) of one and a conservative false discovery rate (FDR) of 5%, were selected to limit the 

number of false positive results. A 10-fold cross-validation was used during model 

construction. As recommended by the Cytobank company the experiment settings above 

104



were copied and the algorithm was repeated three times and the models with the lowest 

number of false positives are presented. 

A successful CITRUS analysis produces up to three sets of results reflecting different 

statistical properties based on the ability of the model to predict stratifying features associated 

with an endpoint. In the current study the endpoints were  the group classification (the URS 

group or the asymptomatic group). One set of results was entitled ‘cv_min’ which represents 

the model with the lowest cross-validation error rate. Cross-validation was used to test the 

predictive skill of the model and the cross-validation error rate represents the percentage of 

times that the model incorrectly predicted the group to which a sample belongs when it was 

excluded from the model training set. Another set of results was entitled ‘cv_1se’ which 

represented the best predictive model for new data and had a cross-validation rate one 

standard error above the minimum. The final set of results was entitled ‘cv_fdr_constrained’ 

which represented all significant results below the user defined false discovery rate. The 

cv_fdr_constrained results package indicated results that were significantly different between 

the groups. The ability of the model to predict stratifying features between the groups was 

visualised in the model error rate graph (Appendix 5). The algorithm was repeated three times 

and the model with the lowest number of false positives was presented. 

The CITRUS results package includes CITRUS feature trees and CITRUS marker 

trees (for an example of the CITRUS tree structure see Appendix 6). The CITRUS feature 

trees were used to display stratifying clusters while the CITRUS marker trees were colour 

coded to represent each phenotypic marker and their level of expression across all clusters. 

The tree structure was the same for both types of trees and was used to illustrate the 

relationships between the clusters using all cells from all samples. Each cluster represents a 

phenotypically different immune cell population. At the centre of the tree was the CD 45+ 

parent cluster from which smaller child clusters emanate. Each parent cluster had up to two 

child clusters and every parent cluster also contained the events of its children.  

The frequency of cells from each cluster, identified by the CITRUS algorithm, was 

compared between the groups using an unpaired t-test and the results were adjusted using 

ANCOVA in SPSS version 25 software (IBM Computing, New York, USA). The Benjamin-
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Hochberg procedure was used to correct for multiple comparisons and significance was 

indicated at q<0.05.  

3.2.8b Comparing the Expression of Functional Immune Markers between the 

groups 
The methodical approach to compare marker expression is very similar to the method used 

to compare PBMC frequency. Initially, the lineage markers listed in Table 3.3.2, were 

selected to group phenotypically similar cells using unsupervised hierarchic clustering. 

Subsequently, the functional markers listed in Table 3.3.2, were used to identify differences 

between the groups. The experiment settings outlined above were also used to compare the 

expression of functional markers. The algorithm was repeated three times and the model with 

the lowest number of false positives is presented. The model error rate can be viewed at 

Appendix 7. The statistical assessment of the functional markers and adjustments were 

performed as described in 3.2.8a. 
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3.3 Results 
3.3.1 Group Characteristics 
Seventy-one athletes responded to the URS and chest infection symptoms log and provided 

blood samples for the assessment of PBMC phenotyping. Athletes were allocated to the URS 

or asymptomatic group, as described in Chapter 2.  

3.3.2 The Frequency of PBMC subsets was Similar Between the Groups 
There were 25 PBMC subsets identified, including NK populations, T and B cell populations, 

plasma cells, monocytes and dendritic cells (Figure 3.3.1). Prior to adjustment, three PBMC 

populations were different between the groups. While CD 4+ T cells were higher in athletes 

reporting URS, CD 8+ T cells and CD 3- cells were lower in comparison to asymptomatic 

athletes. Adjustment for confounding variables (the sport from which the athlete competes 

and probiotic supplementation) revealed no significant differences in PBMC frequency 

between the groups although two trends were observed for CD 8+ T cells and CD 27- IgD+ B 

cells (Table 3.3.1). 

Table 3.3.1 The mean percentage of PBMC populations between the URS group and the 
asymptomatic group (Significance indicated at q<0.05) 

Cell population URS 
mean±(SD) 

Asym 
mean±(SD) 

Mean 
difference 

p-
value 

Adj. 
p-value

q-
value 

CD 3+ cells 54.6(11.0) 53.2(10.4) 1.43 0.58 0.76 0.86 

NK T cells 20.7(9.8) 24.5(10.8) 3.74 0.13 0.44 0.69 

CD 161+ 54.0(15.4) 57.2(13.4) 3.20 0.36 0.62 0.81 
CD 8+CD 
16hiCCR5+ 43.1(18.5) 36.7(19.5) 6.42 0.16 0.39 0.69 

CD 4+ cells 58.9(11.1) 52.9(11.5) 6.03 0.03 0.14 0.69 

CD 4+ naive 43.7(10.4) 43.6(11.8) 0.13 0.96 0.28 0.69 

CD 4+ memory 52.4(10.2) 53.2(12.6) 0.79 0.77 0.52 0.76 

Regulatory T cells 6.7(1.1) 6.7(1.2) 0.05 0.85 0.95 0.97 

CD 8+ cells 31.3(8.1) 36.1(10.5) 4.80 0.03 0.08 0.69 

CD 8+ naive 65.8(8.9) 66.1(9.9) 0.24 0.92 0.33 0.69 

CD 8+ memory 31.3(8.8) 32.1(10.4) 0.80 0.73 0.68 0.81 
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Table 3.3.1 The mean percentage of immune cell populations between the URS group and the 
asymptomatic group (Significance indicated at q<0.05) 
CD 3- cells 37.9(8.4) 42.7(10.0) 4.78 0.03 0.28 0.69 

B cells 37.9(12.6) 35.2(11.0) 2.75 0.33 0.59 0.81 

CD 27+ IgD-  10.8(4.4) 12.7(6.0) 1.86 0.15 0.42 0.69 

CD 27+ IgD+ 37.9(12.2) 40.6(11.7) 2.75 0.34 0.18 0.69 

CD 27- IgD+ 49.0(10.8) 44.5(11.2) 4.43 0.10 0.08 0.69 

CD 27- IgD- 2.4(1.6) 2.2(1.52) 0.20 0.59 0.42 0.69 

Plasma cells 53.1(10.0) 3.9(13.8) 0.88 0.76 0.67 0.81 

NK cells 25.2(11.0) 25.9(11.) 0.66 0.81 0.4 0.69 

CD 56int CD 16+ 77.9(11.7) 79.7(12.4) 1.88 0.51 0.3 0.69 

CD 56hi CD 16- 7.5(5.6) 6.4(3.1) 1.06 0.31 0.95 0.97 

CD 56- HLA-DR+ 65.0(1.9) 67.7(11.6) 2.62 0.35 0.2 0.69 

Classic monocytes 66.4(7.9) 67.3(11.0) 0.95 0.68 0.39 0.69 

Dendritic cells 6.4(4.2) 5.0(3.5) 1.35 0.15 0.2 0.69 
Inflammatory 
monocytes 11.7(5.2) 12.8(7.6) 1.08 0.49 0.97 0.97 

CD: cluster of differentiation; ±: plus, or minus; SD: standard deviation; Adj.: adjusted; NK: 

natural killer; IgD: immunoglobulin D; int: intermediate; hi: high; HLA-DR: Human 

Leukocyte Antigen–DR isotype. 

3.3.3 Comparison of Immune Cell Frequency using CITRUS 
The frequency of PBMC populations was compared between athletes reporting URS and 

asymptomatic athletes using the CITRUS algorithm. A total of 77 hierarchically linked 

clusters were identified and seven were indicated as stratifying features between the groups 

(Figure 3.3.2). CITRUS marker trees (Appendix 8) were used to identify PBMC populations 

within the CITRUS feature tree. While the structure of all CITRUS marker trees is identical, 

they differ by showing the level of expression for each lineage marker across all clusters. 

Based on lineage marker expression, the PBMC subsets identified within the CITRUS feature 

tree include B cells, NK, CD 4+, and CD 8+ T cells, NK T cells, classical monocytes and 

inflammatory monocytes (Figure 3.3.2). To further characterise each of the seven stratifying 

clusters, marker histograms showing relative marker expression compared to the average 

108



marker expression for all cells was referred to and is shown in Figure 3.3.3. Clusters 454109, 

454103, 454102, 454089 and 454054 displayed the CD 4+ T cell phenotype, cluster 454098 

displayed the CD 8+ T cell phenotype and cluster 454097 displayed the phenotype for 

classical monocytes (Figure 3.3.4). As shown in Figure 3.3.4 the frequency of clusters 

454109, 454103, 454102, 454089 and 454054 displaying the CD 4+ T cell phenotype was 

indicated as being higher in athletes reporting URS compared to asymptomatic athletes. The 

frequency for cluster 454098, displaying the CD 8+ T cell phenotype, and cluster 454097, 

displaying the phenotype for classical monocytes, was indicated as being lower in athletes 

reporting URS compared to asymptomatic athletes.  
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Figure 3.3.2 A CITRUS feature tree. The lilac circles represent clusters that do not differ in 

frequency between the groups and the maroon circles indicate stratifying clusters. Each 

cluster is given a unique identification code which is shown in white numbers. Each immune 

cell population is highlighted using a unique colour, as shown in the key to the right of the 

figure. Stratifying clusters were within the following T cell subsets; CD 4+ T cells, shown in 

a blue box; CD 8+ T cells, shown in a purple box and classic monocytes, shown in a green 

box.
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Figure 3.3.3 Lineage marker expression for stratifying clusters. Each row represents a stratifying cluster and its identification number is shown 

to the right of the row. The columns show the relative expression of each lineage marker for each cluster. The red histogram shows marker 

expression for the stratifying clusters relative to the lilac histogram which shows the average expression of the marker for all cells used in the 

analysis. 
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Figure 3.3.4 Box and whisker plots comparing relative median frequency of each stratifying 

cluster described in Figures 3.3.2 and 3.3.3. Athletes reporting URS are shown in aqua and 

asymptomatic athletes are shown in coral. 
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3.3.4 The Frequency of PBMC subsets was similar using CITRUS 
The CITRUS algorithm determined seven stratifying clusters. Each cluster represents a 

phenotypically different PBMC population that is determined by the expression of one or 

more cell surface markers. However, the unpaired t-test revealed that these differences were 

not statistically significant (Table 3.3.2). 

Table 3.3.2 A comparison of cluster frequency between athletes reporting URS and 

asymptomatic athletes (p<0.05) 

URS 

mean±(SD) 

Asym 

mean±(SD) 

Mean 

difference 

p-

value 

Adj. 

p-value

q-

value 

CD 4+ T cell clusters 

454109 34.6(10.2) 32.2(13.5) 2.4 0.4 0.56 0.78 

454105 31.9(10.3) 28.9(12.2) 3.0 0.26 0.41 0.78 

454102 24.9(16.6) 25.2(17.4) 0.3 0.94 0.91 0.99 

454089 40.2(28.6) 48.1(32.4) 7.8 0.28 0.2 0.78 

454054 45.8(30.4) 52.4(27.9) 6.7 0.34 0.27 0.78 

CD 8+ T cell cluster 

454098 49.8(24.9) 44.2(26.8) 5.6 0.37 0.46 0.78 

Classic monocyte cluster 

454097 51.3(31) 48.7(29.9) 2.6 0.72 0.99 0.99 

CD: cluster of differentiation; ±: plus, or minus; SD: standard deviation; Adj.: adjusted. 

3.3.5 Comparing the Expression of Functional Markers using CITRUS 
The expression of functional immune markers (Table 3.2.2) was compared between athletes 

reporting URS and asymptomatic athletes using the CITRUS algorithm. A total of 79 

hierarchically linked clusters were identified by the algorithm using the lineage markers 

outlined in Table 3.2.2. Using the marker trees (Appendix 9), the phenotypes of the clusters 

were identified (Figure 3.3.5). To further characterise the immune phenotype of the 

significantly different clusters, marker histograms showing the relative expression of lineage 

markers compared to the average lineage marker expression for all cells is shown in Figure 

3.3.6.  
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Following the clustering step, the algorithm compared the expression of functional 

immune markers. Three markers, CLA, CD 49d and CD 86, were expressed at a lower 

frequency across 14 clusters in athletes reporting URS compared to asymptomatic athletes 

and are shown in the CITRUS feature trees (Figures 3.3.7, 3.3.8 and 3.3.9). Two of these 

functional markers, CLA and CD 49d have roles in leucocyte adhesion and extravasation, 

while CD 86 is commonly expressed on antigen presenting cells. CLA was differentially 

expressed across six clusters; clusters 454106, 454105 and 454083 which displayed the CD 

4+ T cell phenotype while clusters 454110 and 454101 were CD 3-/CD 56- cells and cluster 

454095 displayed the phenotype for classic monocytes (Figure 3.3.7). The CD 49d marker 

was differentially expressed in six clusters, 454112, 454110, 454108, 454101 and 454092, 

these clusters represented CD 3-/CD 56- cells and cluster 454089, which represented 

inflammatory monocytes (Figure 3.3.8). Two clusters displaying the phenotype of 

inflammatory monocytes, 454089 and 454042, showed differential expression of the CD 86 

functional marker (Figure 3.3.9). As shown by the box plots in figure 3.3.10, the expression 

of CLA, CD 49d and CD 86 was lower for all clusters in athletes reporting URS compared 

to asymptomatic athletes.  
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Figure 3.3.5 In the CITRUS feature tree, the lilac circles represent clusters that do not differ 

between the groups and the maroon circles indicate stratifying clusters. Each cluster has a 

unique identifying number (shown in white). Each PBMC population identified is 

highlighted using a unique colour which can be found in the key. 
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Figure 3.3.6 Lineage marker expression for stratifying clusters. Each row represents a stratifying cluster and its identification 

number is shown to the right of each row. The columns show the relative expression of each lineage marker for each given cluster. 

The red histogram shows marker expression for the stratifying clusters relative to the lilac histogram which shows the average 

expression of the marker for all cells used in the analysis
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Figure 3.3.7 Feature tree for the CLA marker. In the CITRUS feature tree, the lilac circles 

represent clusters that do not differ in CLA expression, while the maroon circles indicate 

clusters that do differ in CLA expression between the groups. Each cluster is given a unique 

identification code; shown in white numbers. The phenotype of the clusters is highlighted; 

CD 4+ T cells are shown in blue; CD 3-/CD 56- cells are shown in black dash and classic 

monocytes are shown by a green box. 
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Figure 3.3.8 Feature tree for the CD49d marker. In the CITRUS feature tree, the lilac 

circles represent clusters that do not differ in CD 49d expression, while the maroon circles 

indicate clusters that do differ in CD 49d expression between the groups. Each cluster is 

given a unique identification code; shown in white numbers. The phenotype of the clusters 

is highlighted; CD 3-/CD 56- cells are shown in black dash and inflammatory monocytes are 

shown by a red box. 
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Figure 3.3.9 Feature tree for the CD 86 marker. In the CITRUS feature tree, the lilac circles 

represent clusters that do not differ in CD 86 expression, while the maroon circles indicate clusters 

that do differ in CD 86 expression between the groups. Each cluster is given a unique identification 

code; shown in white numbers. The phenotype of the clusters is highlighted and shows inflammatory 

monocytes in a red box. 
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Figure 3.3.10 Box and whisker plots comparing relative median frequency of each stratifying 

cluster between the groups as described in Figures 3.3.7. 3.3.8 and 3.3.9. Athletes reporting 

URS are shown in aqua and asymptomatic athletes are shown in coral. 

3.3.6 Functional Markers were Lower in Athletes Reporting URS 
The expression of functional immune markers was compared between athletes reporting URS 

and asymptomatic athletes to gain insight into the functional state of circulating PBMCs from 

each group. Athletes reporting URS had significantly lower expression of three functional 

markers, CLA, CD 49d, and CD 86 which remained following adjustment for confounding 

variables, probiotic supplementation and sport, and multiple comparisons at the level of 

q<0.05 (Table 3.3.3). The expression of CLA, a marker involved in adhesion, was more than 

50% lower on CD 4+ T cells, 25% lower on classic monocytes and more than 45% lower on 

CD 3-/CD 56- cells in athletes reporting URS compared to asymptomatic athletes. Five 

clusters of CD 3-/CD 56- cells had between 23–33% lower expression for the CD 49d 
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adhesion marker and a cluster of inflammatory monocytes had 33% lower CD 49d expression 

in athletes reporting URS compared to asymptomatic athletes. Two clusters of inflammatory 

monocytes, 454042 and 454089, expressed the CD 86 marker, 38% and 52% lower in athletes 

reporting URS compared to asymptomatic athletes, respectively. 

Table 3.3.3 The expression of functional markers in the URS compared to the asymptomatic 

group (* indicates q<0.05) 

URS 

mean±(SD) 

Asym 

mean±(SD) 

Mean 

difference 

p-

value 

Adj. 

p-

value 

q-

value 

CLA marker 

454083 CD 4+ T cell 0.8(0.77) 1.61(1.09) 0.81 0.001 0.005 0.017* 

454105 CD 4+ T cell 0.15(0.21) 0.47(0.51) 0.32 0.002 0.004 0.017* 

454106 CD 4+ T cell 0.16(0.21) 0.47(0.48) 0.31 0.002 0.004 0.017* 

454095 C. Monocytes 2.26(1.25) 3.03(0.95) 0.77 0.005 0.032 0.034* 

454110 CD 3-/CD 56- 1.28(1.25) 2.16(1.35) 0.74 0.002 0.028 0.034* 

454101 CD 3-/CD 56- 1.05(1.19) 1.94(1.42) 0.89 0.005 0.016 0.034* 

CD 49d marker 

454112 CD 3-/CD 56- 1.85(0.79) 2.4(0.71) 0.55 0.003 0.032 0.034* 

454110 CD 3-/CD 56- 1.86(1.04) 2.6(0.89) 0.74 0.006 0.025 0.034* 

454108 CD 3-/CD 56- 1.68(1.15) 2.51(1.0) 0.83 0.002 0.021 0.034* 

454101 CD 3-/CD 56- 1.69(0.97) 2.36(0.91) 0.67 0.004 0.031 0.034* 

454092 CD 3-/CD 56- 1.51(1.0) 2.21(0.92) 0.7 0.003 0.03 0.034* 

454089 I. Monocytes  2.02(1.6) 2.98(1.17) 0.96 0.005 0.036 0.034* 

CD 86 marker 

454089 I. Monocytes 0.49(0.37) 0.79(0.36) 0.3 0.001 0.006 0.017* 

454042 I. Monocytes 0.17(0.16) 0.35(0.19) 0.18 0.0001 0.0001 0.001* 

CD: cluster of differentiation; ±: minus or plus; SD: standard deviation; Adj.: adjusted; CLA: 

cutaneous lymphocyte associated antigen; I. Monocytes: Inflammatory monocytes; C. 

Monocytes: Classic monocytes 
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3.4 Discussion 
This is the first study to use mass cytometry and machine learning (CITRUS) for the 

assessment of peripheral blood immune cell phenotype in association with retrospective URS 

in elite athletes. The primary finding of this analysis was that athletes reporting URS had 

lower expression of three functional immune markers, CLA, CD 49d and CD 86. CLA 

expression was lower in CD 3-/CD 56- cells, CLA and CD 49d adhesion marker expression 

was lower in CD 4+ T cells and in inflammatory monocytes. The expression of CD 86 was 

lower in athletes reporting URS compared to asymptomatic athletes. Neither manual 

hierarchical gating nor machine learning could identify statistically significant differences in 

the frequency of PBMCs between the groups. Mass cytometry provided the opportunity to 

assess the functional aspects of PBMC phenotype and may be a better predictive marker than 

the assessment of immune cell frequency alone. 

Three of the four PBMC populations showing differential marker expression were 

from the monocyte lineage of; CD 3-/CD 56- cells, classic monocytes and inflammatory 

monocytes. During the onset of URS, monocytes migrate to the periphery at an increased rate 

in response to tissue damage caused by infection or non-infectious aetiology (250, 251). A 

key role of monocytes is to present antigen and assist in the activation of CD 4+ T cells, (252) 

which leads to the extravasation of CD 4+ T cells and regulation of the immune response 

(252-255). The differentially expressed markers identified in the current study, CLA, CD 49d 

and CD 86, have roles in the inflammatory immune response to URS. The CLA marker is 

expressed on T cells and monocytes and is a ligand for selectins necessary for the adhesion 

and migration of immune cells to extravascular tissues (256, 257). The CD 49d marker is 

half of the α4β1 homing receptor and is expressed on monocytes (258) and is involved in T 

cell activation, cell trafficking and extravasation to sites of inflammation (258, 259). While 

the CD 86 marker is expressed on antigen presenting cells, including monocytes and DCs 

(260) and mediates cell-cell interaction. CD 86 can be immune-stimulatory and promote T

cell activation and survival through CD 28, or can be immune-inhibitory through CTLA-4

(260, 261).

The observation that athletes reporting URS have lower expression across these three 

functional markers can be interpreted in two ways. The circulating PBMCs of athletes 

reporting URS have low CLA, CD 49d and CD 86 expression in comparison to asymptomatic 
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athletes and may be displaying an anti-inflammatory/dampened immune phenotype. Exercise 

has been shown to modulate the expression of CD 86 in monocytes, however, this was not 

evaluated in the context of athletes reporting URS (151). In addition, that the circulating 

PBMCs of athletes reporting URS have low CLA, CD 49d and CD 86 expression in 

comparison to asymptomatic athletes as immune cells with high expression of these markers 

could have migrated from peripheral circulation. T cell redistribution to peripheral tissues 

occurs in response to stress including exercise stress (262) and when experiencing URS 

(263), through CLA and CD 49d homing receptors. The design of the current study did not 

allow for further investigation into these suggestions. However, given the function of CLA, 

CD 49d and CD 86 and the roles of the cells showing differential marker expression, the 

current results may reflect the extravasation of activated immune cells to peripheral tissues 

following injury or infection that may be associated with the incidence of URS. Due to the 

confounding variables within this study and the cross-sectional design used, conclusions 

cannot be drawn from the data.  

The suggestion of an exercise induced anti-inflammatory immune phenotype, 

characterised by a shift in the ratio of “pro” and “anti-inflammatory” immune cells, is often 

suggested in the literature to be linked with the development of URS in athletes (13, 139, 

180, 202, 264, 265). However, very few studies in exercise immunology have explored the 

suggestion that the frequency of circulating immune cell populations and the incidence of 

URS in athletes is linked. In the current study, no differences in immune cell frequency 

between athletes reporting URS and asymptomatic athletes were found, which is consistent 

with the literature. To date, five studies have considered the association between immune cell 

frequency and the incidence of URS in athletes and four of which found no significant 

associations (66, 227, 244, 245). In comparison to the current cross-sectional investigation, 

these longitudinal studies improved the ability of researchers to monitor athletes over time 

and relate URS events to outcomes in immune phenotype. Furthermore, these studies 

examined athletes from sports associated with a high-risk of URS including ultra-endurance 

and endurance (244, 245), ice hockey (227) and swimming (66). One study considered only 

NK cell populations from elite swimmers and found an association between the ratio of CD 

56bright/CD 56dim cells and the number of URS episodes during the season (146). Overall, 

these results suggest that the frequency of immune cell populations is not associated with the 

risk of URS except in the case of NK cell subsets. 
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Studies in exercise immunology have used flow cytometry or automated cell counters 

to characterise immune cell phenotype of elite athletes reporting URS (66, 146, 227, 244, 

245). Although the comparison of PBMC frequency did not yield significant results in this 

study, the use of mass cytometry facilitated the most comprehensive comparison of immune 

cell phenotype performed to date and identified stratifying immune cell populations and 

differences in the expression of functional markers. An important consideration when 

interpreting rudimentary results, such as cell frequency is the concentration at which 

differences may be biologically relevant. Statistically non-significant differences may still be 

biologically important for athletes at risk of developing URS. In future, prospective studies, 

involving larger cohorts, should be used alongside comprehensive phenotyping techniques 

to increase statistical power and to optimise the analysis of immune cell phenotype.  

3.4.1 Limitations 

The limitations discussed in Chapter 2, such as the cross-sectional study design, sample 

collection logistics, the use of self-reported questionnaires and recording URS with 

unconfirmed aetiology are still present in this work and should be addressed in future studies. 

One additional limitation of this study concerns machine learning. While acknowledging that 

machine learning algorithms are constantly being improved to handle high-dimensional 

biological data, the robustness and sensitivity of the CITRUS algorithm can be improved (2). 

The results generated by CITRUS have the potential to vary, with different numbers of 

clusters and stratifying features identified between repeated models. Inconsistency between 

models was dealt with by selecting the model with the lowest number of false positives and 

reporting the most consistently identified stratifying features however, this may have 

increased type II error. Additionally, the CITRUS algorithm assumes an equal number of 

participants in each group and the assumption was not met in the current study and may have 

also influenced the results. 

3.4.2 Future Directions and Clinical Application 
The study has identified differences in the expression of functional immune markers in 

athletes reporting URS compared to asymptomatic athletes whilst in preparation for an 

Olympic Games.  
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• Future studies should aim to determine URS aetiology in association with immune

cell phenotype. By first identifying athletes with confirmed aetiology for their URS

and subsequently profiling their PBMC frequency and expression of functional

markers, the likelihood that a reliable, aetiology specific PBMC profile would be

identified, increases. The generation of such profiles may assist sports physicians to

identify athletes that may be more susceptible to URS, they may suggest the aetiology

of URS and subsequently inform treatment.

• The current results should be confirmed using a more structured study design, for

example with a prospective longitudinal study to control for the confounding

variables detailed in Chapter 2 and this would improve the reliability of the current

results.

3.4.3 Conclusion 
Mass cytometry and CITRUS were applied for the first time in exercise immunology to 

determine whether the PBMC profile of athletes reporting URS was different to 

asymptomatic athletes. The CITRUS algorithm highlighted differential expression in three 

functional immune markers, CLA, CD 49d and CD 86, involved in adhesion and antigen 

presentation, between Australian athletes reporting URS and asymptomatic athletes. No 

statistically significant differences in the frequency of PBMC populations was observed 

between the groups. The study has highlighted the usefulness of mass cytometry and machine 

learning for the analysis of immune cell phenotype. The results from this study underscore 

the usefulness of analysing functional immune markers alongside immune cell frequency to 

provide a highly comprehensive assessment of immune cell phenotype in elite athletes.  
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Chapter 4 
Key viral immune genes and pathways 

identify elite athletes with URS 
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Chapter 5 
Peripheral blood mononuclear cell 

immunometabolism in elite athletes 
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Abstract 

Introduction: Peripheral blood mononuclear cell (PBMC) immunometabolism may 

be influenced by habitual intense exercise and be linked with susceptibility to upper 

respiratory symptoms (URS) in elite athletes. The first aim of this study was to determine 

whether athletes reporting URS for a minimum of two days in the previous month show 

differences in PBMC immunometabolism compared to asymptomatic athletes. The second 

aim was to analyse the correlation between immunometabolism and PBMC subsets in the 

URS and the asymptomatic groups and to compare these parameters between the groups  

Methods: The immunometabolism of PBMCs from 33 elite Australian athletes who 

had reported URS for two or more days in the previous month, was compared with 28 

asymptomatic athletes in this cross-sectional study. Sampling of the athletes occurred three 

months prior to a summer Olympic Games. The Seahorse XF Cell Mito Stress Test (Seahorse 

Bioscience, Billerica, MA, USA) was used to measure mitochondrial parameters using 

extracellular flux analysis on the Seahorse XFp analyser (Agilent Technologies, Santa Clara, 

USA). Statistical analysis to compare the mitochondrial parameters between the groups was 

performed using an unpaired t-test. Significant differences were adjusted using analysis of 

co-variance (ANCOVA) to account for the effect of covariates, sex, sport and probiotic 

supplementation. The correlations between PBMC subsets and mitochondrial parameters 

were analysed for the entire cohort and within the URS group and the asymptomatic group 

independently using Pearson product-moment correlation and z-scores were calculated and 

compared to determine statistical significance which was indicated at p<0.05. 

Results: The PBMC energy phenotype of both groups was quiescent at baseline and 

when exposed to mitochondrial stressors but were dissimilar in their ability to switch from 

oxidative phosphorylation to glycolysis. Several mitochondrial parameters, stressed oxygen 

consumption rate (OCR), baseline and stressed extracellular acidification rate (ECAR), non-

mitochondrial oxygen consumption (OC), maximal respiration, adenosine tri-phosphate 

(ATP) production and spare respiratory capacity, showed a trend (p≤0.1) for being lower in 

the URS group compared to the asymptomatic group. Multiple correlations were identified 

between PBMCs and mitochondrial parameters within each group and they were 

subsequently compared between the URS and asymptomatic groups. The correlations 

between non-mitochondrial OC and cluster of differentiation 161+ (CD 161+) natural killer 

(NK) T cells, regulatory T cells (T regs) and OCR metabolic potential, NK T cells and ATP 
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production and CD 161+ cells and baseline OCR were all significantly different (p=0.01–

0.04) between groups.  

Conclusion: URS susceptibility may be affected by PBMC immunometabolism in 

elite athletes. Further investigation into the influence of habitual intense exercise on PBMC 

immunometabolism would help to identify the normal and maladapted metabolic responses 

of PBMCs from asymptomatic athletes and athletes reporting URS. 
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5.1 Introduction 
In response to habitual intense exercise, the immune and metabolic systems undergo 

adaptations that improve exercise tolerance, for example, reduced inflammatory response to 

exercise (98), mitochondrial biogenesis (94), oxidative metabolism (94) and angiogenesis 

(95, 96). Although traditionally studied as distinct fields, immunology and metabolism are 

often biologically inseparable and work synergistically (182, 185, 266). The study of how 

immune and metabolic processes integrate has been welcomed as a new area of research 

termed “immunometabolism” (266), reviewed in Chapter 1.  

Ongoing energy deficit due to the high demands of training or through dietary 

restriction and malnutrition are associated with low-energy availability and poor immune 

function and may also effect immunometabolism and URS susceptibility in elite athletes 

(267, 268). In elite athletes, immunometabolism is challenged by the increased energy 

requirements and biological constituents required for repair due to the demands of exercise. 

Other stressors include viral and bacterial infection and aseptic mechanisms of tissue damage, 

such as heat stress. Returning the body to physiological homeostasis when exposed to these 

challenges requires an adequate supply of micro and macronutrients to produce the energy 

needed for defensive and reparative immune functions (267-270). Micro or macronutrient 

deficiency is estimated to affect one in three people (271). In a recent meta-analysis involving 

endurance athletes, total energy expenditure during training and competition was 

significantly higher than energy intake, (272) indicating the possibility of micro and/or 

macronutrient deficiency. Within the Stay Healthy cohort, high scores on the LEAF-Q (low-

energy availability in females-questionnaire) were a URS risk factor in elite Australian 

athletes at nine (11) and three months (9), prior to the 2016 Olympic Games. These studies 

indicated a possible link between the high energy and nutrient requirements of an elite athlete, 

immunometabolism, and a potential link to URS susceptibility. However, the association 

between these factors has not yet been studied. 
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5.1.1 Immunometabolism was assessed through Mitochondrial 

Parameters 
Cellular metabolism occurs within the mitochondria and differences in mitochondrial 

parameters can be used to indicate an immune cells ability to meet energy demands. The 

Seahorse XF Cell Mito Stress Test can measure the mitochondrial parameters of immune 

cells through the sequential addition of mitochondrial complex inhibitors to measure (a) 

oxygen consumption rate (OCR), (b) non-mitochondrial oxygen consumption (OC), (c) basal 

respiration, (d) maximal respiration, (e) proton leak, (f) adenosine tri-phosphate (ATP) 

production, (g) spare respiratory capacity and extracellular acidification rate (ECAR), not 

shown (Figure 5.1.1).  

1) Baseline OCR and ECAR are used to indicate the phenotype of PBMCs prior to the

addition of any substrates.

2) Oligomycin is injected for the selective inhibition of complex V (ATP synthase) of

the electron transport chain (ETC) to measure ATP production. The difference

between maximal respiration and ATP production is then used to determine spare

respiratory capacity which is the ability of the PBMCs to overcome mitochondrial

stress and to meet energy requirements.

3) FCCP (carbonyl cyanide p-(tri-fluromethoxy) phenyl-hydrazone) is then injected to

allow the measurement of maximal respiratory capacity under stressed conditions due

to the disruption of the gradient across the inner mitochondrial membrane. Stressed

OCR and ECAR are also measured following FCCP injection.

4) The final injection in the stress test is a combination of complex III inhibitor,

antimycin A, and complex I inhibitor, rotenone, used to dismantle the ETC and to

allow the measurement of mitochondrial respiratory reserve and non-mitochondrial

OC through the arrest of mitochondrial respiration.
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Figure 5.1.1 A schematic of the Seahorse XF Cell Mito Stress Test
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5.1.2 Rationale 
Habitual intense exercise may influence immunometabolism and be linked with URS 

susceptibility in elite athletes. As metabolic processes can often be rectified with corrections 

to dietary intake, identifying differences in the immunometabolism of athletes reporting URS 

in comparison to asymptomatic athletes could be useful to shaping athlete management 

strategies concerning the avoidance of URS. Immunometabolism can be analysed through 

the measurement of mitochondrial parameters and oxygen consumption of immune cells. The 

mitochondria are responsible for generating cellular energy under aerobic and anaerobic 

conditions. The first aim of this study was to determine whether athletes reporting URS for 

a minimum of two days in the previous month show differences in PBMC 

immunometabolism compared to asymptomatic athletes. The second aim was to analyse the 

correlation between immunometabolism and PBMC subsets in the URS and the 

asymptomatic groups and to compare these parameters between the groups 
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5.2 Methods 
5.2.1 Participants 
Stored PBMC samples for 61 of the original 71 participants were included in this study. The 

methods used for the collection of lifestyle characteristics, standard clinical measurements, 

blood sample collection and PBMC isolation are described in Chapter 2.2.  

5.2.2 Cell Culture and Preparation of the Seahorse XFp 
To culture the cells, 10 mL of cell culture media containing foetal bovine serum was added 

to a 15 mL tube and warmed to 37 ◦C in a water bath. During the warming of the media, 

PBMC samples were collected from the liquid nitrogen tank and transferred on dry ice to the 

lab. Once the media was warmed 1 μL of 250 U/mL of benzonase was added and the vials 

were thawed using 1mL of pre-warmed media over a 30 second period to allow the cells to 

adjust to the change in temperature. Vials were rinsed with media and transferred to the 15 

mL tube containing cell culture media. The cells were washed in the centrifuge at 4 ◦C, 400 

xg for 5 minutes and the supernatant was removed before re-suspending the cell pellet in 1 

mL of fresh media. The cells were then transferred to the 6-well cell culture plate, where a 

further 1 mL of media and 4.5 μL to 50 mg/mL Primocin was added per well. The samples 

were stored for 24 hours in a 5% CO2 incubator at 37 ◦C. Three sensor cartridges were 

hydrated overnight in seahorse calibrant at 37 ◦C in a non-CO2 incubator. 

5.2.3 PBMC Immobilisation 
To prepare the Cell-Tak coating for PBMC adherence to the mini-plates, 14μL of Cell-Tak 

was mixed with 736 μL of 0.1 M sodium bicarbonate and 7 μL of 1 M NaOH. Once mixed, 

25 µL of the solution was added to each well of the Seahorse cartridge and left to incubate at 

room temperature for 45 minutes. Subsequently, the wells were washed four times using 200 

µL of sterile water, air-dried and set aside until required. 

5.2.4 Seahorse XF Cell Mito Stress Test protocol 
The mitochondrial parameters of PBMCs were measured on the Seahorse XFp Analyser 

(Seahorse Bioscience, Billerica, MA, USA) using the Seahorse XF Cell Mito Stress Test Kit 

(Seahorse Bioscience, Billerica, MA, USA). The assay media was prepared by dispensing 
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20mL of Seahorse XF Base Medium (Seahorse Bioscience, Billerica, MA, USA) into a 50 

mL Falcon tube and supplementing with 200 μL of 10 mM glucose, 200 μL of 1 mM sodium 

pyruvate and 200 μL of 2 mM L-glutamine and the solution was warmed to 37 ◦C. Once 

warmed, the pH was adjusted to 7.4 using 0.1 M of NaOH and was then filtered using a sterile 

0.2 μm filter and syringe. Cells were checked under a confocal microscope and counted using 

the Muse Cell Analyser (Merck Millipore, Bayswater, Australia). Depending on the number 

of viable cells, the volume of sample containing a maximum of 1.5 million cells was 

calculated. The minimum number of cells used was 345,000 and the maximum number of 

cells was 1.5 million. The calculated volume of cells was removed from the cell culture plate 

and aliquoted to a sterile tube, spun at 400 xg for 5 minutes at 4 ◦C and the supernatant was 

removed. Cells were then resuspended in 600 μL of assay medium and 200 μL was 

distributed to each of the three sample wells of the Seahorse cartridge. The plate was spun at 

400 xg for 3 minutes at 4 ◦C, twice, changing the orientation of the plate for the second spin 

and excess media was removed using an aspiration pipette. Subsequently, 1.5 pg/μL of 

lipopolysaccharide (LPS) was added to 1.5 mL of media and add 180 μL of LPS media was 

added to each well of the mini-plate and incubated in a non-CO2 incubator for 45 mins to 

activate the cells.  

Meanwhile, the stock compounds; oligomycin, FCCP and rotenone/antimycin A were 

re-solubilised in assay medium then further diluted and aliquoted into microcentrifuge tubes. 

With 20 minutes of the original 45-minute incubation time remaining, the compounds were 

loaded into the ports of the sensor cartridge commencing with 20 µL of Oligomycin loaded 

into all port A’s, 22 µL of FCCP loaded into all port B’s and finally, 25 µL of 

Rotenone/antimycin loaded into all port C’s (see Figure 5.2.1). The cartridge was calibrated, 

and the mini-plate was loaded onto the tray and the assay was started. 
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Figure 5.2.1 A diagram of the Agilent Seahorse sensor cartridge depicting eight wells (A-H) 

each containing four ports (A-D) for loading oligomycin, FCCP and rotenone/antimycin A. 

5.2.5 Statistical Analysis 
Analysis for all group characteristics and clinical variables was conducted as per Chapter 2.2. 

Raw background corrected data was generated by Seahorse XF Wave software (Seahorse 

Bioscience, Billerica, MA, USA) in triplicate. The results were visually inspected in 

Microsoft Excel and any spurious results, considered errors of measurement, were removed 

from further analysis and the mean of the duplicate results were used instead. Using XF Wave 

software, the data was normalised using cell counts measured by the Muse Cell Analyser 

(Merck Millipore, Bayswater, Australia). For each sample, an automated Seahorse XF Cell 

Energy Phenotype report and Seahorse XF Cell Mito Stress Test report were generated, 

including automated calculations of mitochondrial parameters measured by the assay. 

Statistical analysis was undertaken using SPSS version 25 software (IBM Computing, New 

York, USA). Statistical analysis to compare the mitochondrial parameters between the 

groups was achieved using an unpaired t-test. Any significant results were adjusted for 
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covariates, sex, sport and probiotic supplementation, using ANCOVA. As no variables 

remained significant following ANCOVA, corrections for multiple comparisons were not 

made.  

The correlation between PBMC populations, identified in Chapter 3, including CD 

3+ cells, CD 4+ T cells, CD 8+ T cells, T regs, B cells, NK T cell subsets and NK cell subsets 

and mitochondrial parameters were evaluated for all (n=61) athletes and within the URS 

group and the asymptomatic group individually, using Pearson product-moment correlation. 

Considering the results from Chapter 4, in which several immune genes involved in the 

response to viruses were upregulated in athletes reporting URS, smaller PBMC subsets such 

as NK, NK T cells and T regs, that respond to viral infection and perform key roles in immune 

regulation, were selected for inclusion in the correlational analysis as an exploratory 

endeavour. To determine if the within group correlations were significantly different between 

the groups the r values generated for each correlation were converted to z-scores and 

computed to determine statistical significance at p<0.05. 
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5.3 Results 
5.3.1 The Incidence of URS and Group Characteristics 
Immunometabolism analysis was performed using stored PBMCs from 33 of the 38 URS 

athletes and from 28 of the 33 asymptomatic athletes characterised in Chapters 2, 3, and 4. 

Consistent with the complete cohort, the groups were matched on all parameters except for 

probiotic supplementation, fatigue and distribution of sports (Appendix 14, 15, 16, and 17). 

The URS group had higher probiotic supplementation (p=0.04), fatigue score (p=0.02) and 

athletes from rugby 7’s (p=0.02) and water polo (p=0.004) were also different between the 

groups. In contrast to the complete cohort, the number of female athletes was significantly 

higher in the URS group compared to males (p=0.02).  

5.3.2 Trends for differences between the groups 
The Mito Stress Test was used to measure the cell energy phenotype by comparing 

mitochondrial OCR and the rate of glycolysis at baseline and under stressed conditions. At 

baseline, the energy phenotype for both groups was quiescent at baseline and during stress 

(Figure 5.3.1). Although no significant differences were observed for OCR and ECAR 

metabolic potential (Table 5.3.1, Figure 5.3.1) the groups differed when under stress 

suggesting that the switch to glycolysis is dissimilar between the groups. Many trends for a 

relationship between the mitochondrial parameters measured and the URS group were 

observed (Table 5.3.1). The OCR of the URS group, when under stress, was 21% lower that 

asymptomatic athletes (p=0.07) (Figure 5.3.2a). Stressed ECAR was a significant 17% lower 

in athletes reporting URS compared to asymptomatic athletes (p=0.04) and a trend for 

baseline ECAR to be 12% lower in the URS group was also observed (p=0.09) (Figure 

5.3.2b). Non-mitochondrial OC was 22% lower, maximal respiration was 19% lower, ATP 

production was 14% lower and spare respiratory capacity was 24% lower in athletes reporting 

URS (p=0.08–0.11). The difference between basal respiration and non-mitochondrial 

respiration was used to calculate proton leak, which was not significantly different between 

the groups, nor was basal respiration. 
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Table 5.3.1 A comparison of cell energy phenotype and mitochondrial parameters between 
the groups (* indicates p<0.05 and ~ indicates a trend p≤0.1.) 

Asym 
mean±(SD) 

URS 
mean±(SD) p-value Adj.

p-value
Baseline OCR 6.13± (3.14) 5.33(3.29) 0.17 - 
Stressed OCR 10.69± (5.23) 8.84(5.88) 0.07~ - 
Metabolic potential OCR (%) 183.49± (48.69) 167.86(43.23) 0.18 - 
Baseline ECAR 2.3± (1.04) 2.06(1.6) 0.09~ - 
Stressed ECAR 4.6± (1.83) 3.93(2.78) 0.04* 0.09 
Metabolic potential ECAR (%) 211.58± (36.86) 213.78(62.65) 0.86 - 
Non-mitochondrial OC 3.23± (1.69) 2.65(1.4) 0.1~ - 
Basal respiration 3.9± (1.77) 3.62(2.19) 0.23 - 
Maximal respiration 7.65± (4.32) 6.41(5.16) 0.08~ - 
Proton leak 2.08± (0.49) 2.27(0.6) 0.99 - 
ATP production 3.33± (1.89) 2.92(2.2) 0.1~ - 
Spare respiratory capacity 5.34± (3.25) 4.32(3.27) 0.1~ - 

Asym: asymptomatic group; URS: URS group; OCR=oxygen consumption rate; OC=oxygen 

consumption; ECAR: extracellular acidification rate; %: percent; adj.: adjusted for multiple 

comparisons; SD: standard deviation; ±: plus, or minus. 

Figure 5.3.1 

Figure 5.3.1 A comparison of the cell energy phenotype between the URS group (black) and 

the asymptomatic group (red). The open circles represent the groups cell energy phenotype 

at baseline and the full circles represent the groups cell energy phenotype when stressed. 
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Figure 5.3.2 

Figure 5.3.2 A comparison of OCR (a) and ECAR (b) between the URS group (red) and the 

asymptomatic group (black). The four conditions of the Mito Stress Test are labelled within 

the figure and included i) a measurement of baseline OCR and ECAR, followed by OCR and 

ECAR measurements made ii) post-oligomycin injection, iii) post-FCCP injection and iv) 

post-rotenone/antimycin A injection. Each cluster of three data points within the graph 

represents the mean OCR or ECAR under each of the four conditions and for each of the 

three wells of the Seahorse cartridge.  
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5.3.3 The Frequency of Immune Cell Populations between groups 
The relationships between cell subsets identified  (refer to Chapter 3) including CD 3+ cells, 

CD 4+ T cells, CD 8+ T cells, T regs, B cells, NK T cell subsets and NK cell subsets and 

immunometabolism were also assessed. Consistent with the complete cohort, prior to 

adjustment, the frequency of CD 4+ T cells was higher and the frequency of CD 8+ T cells 

was lower in the URS group compared to asymptomatic athletes. In contrast with the original 

cohort, the frequency of NK T cells was higher in asymptomatic athletes compared to the 

URS group prior to adjustment. However, consistent with the complete cohort, when the data 

was adjusted for multiple comparisons, no significant differences remained. 

5.3.4 Correlations Analysis 
The relationship between CD 3+ cells, CD 4+ T cells, CD 8+ T cells, T regs, B cells, NK T 

cell subsets and NK cell subsets and mitochondrial parameters, was investigated using 

Pearson product-moment correlation. A preliminary analysis was performed for all athletes 

(n=61) to evaluate the correlation between PBMC subsets and mitochondrial parameters and 

the analysis was repeated for the URS and the asymptomatic group independently. The 

correlations between PBMC subsets and mitochondrial parameters are visualised in a heat 

map in Table 5.3.3. Overall, increases in PBMC subset frequency were positively correlated 

with mitochondrial parameters in asymptomatic athletes while for athletes reporting URS, 

the correlations were often negative. 

Correlational analysis for all 61 athletes revealed multiple modest correlations 

(r2=0.06–0.16) between NK and NK T cell subsets and mitochondrial parameters (Table 

5.3.2). CD 56int/CD 16+ NK cells showed modest, negative correlation with OCR metabolic 

potential (r2=-0.06, p=0.048) and modest, positive correlation with baseline OCR (r2=0.07, 

p=0.04), ATP production (r2=0.07, p=0.048) and ECAR metabolic potential (r2=0.16, 

p=0.002). NK T cells were positively correlated with basal respiration (r2=0.09, p=0.017) 

and ATP production (r2=0.08, p=0.03). 

Within the asymptomatic group (Table 5.3.2) baseline OCR (r2=0.2, p=0.017), 

stressed OCR (r2=0.21, p=0.014), non-mitochondrial OC (r2=0.14, p=0.045), basal 

respiration (r2=0.23, p=0.009), maximal respiration (r2=0.2, p=0.025) and ATP production 

(r2=0.24, p=0.008) were significantly positively correlated with CD 161+ NK T cells. NK 
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cells were positively correlated with ECAR metabolic potential (r2=0.18, p=0.026). The CD 

56int/CD  16+ NK cell subset was negatively correlated with OCR metabolic potential (r2=-

0.18, p=0.021) and positively correlated with baseline OCR (r2=0.17, p=0.03), ECAR 

metabolic potential (r2=0.26, p=0.006), basal respiration (r2=0.17, p=0.031) and ATP 

production (r2=0.23, p=0.01). In the URS group (Table 5.3.2), ECAR metabolic potential 

was negatively correlated with CD 4+ T cells (r2=-0.2, p=0.009). Regulatory T cells were 

moderately, negatively correlated with ECAR metabolic potential (r2=-0.16, p=0.02). 

Modest, positive correlations were observed between CD 56int/ CD 16+ NK cells and ECAR 

metabolic (r2=0.12, p=0.049). 

The correlations between PBMC subsets and mitochondrial parameters were then 

compared for statistical significance between the asymptomatic and URS group, Figure 5.3.3. 

In asymptomatic athletes, the correlation between baseline OCR and CD 161+ NK T cells was 

significantly different and inverse to the correlation observed in athletes reporting URS 

(Asymptomatic group; r2=0.24, URS group; r2=-0.002; p=0.048). In asymptomatic athletes, 

the correlation between non-mitochondrial OC and CD 161+ NK T cells was significantly 

different and inverse to the correlation observed in athletes reporting URS (Asymptomatic 

group; r2=0.14, URS group; r2=-0.12; p=0.005). Similarly, for NK T cells and ATP 

production (Asymptomatic group; r2=0.07, URS group; r2=-0.08; p=0.037), and T regs and 

OCR metabolic potential (Asymptomatic group; r2=0.05, URS group; r2=-0.11; p=0.035), 

significantly different, inverse correlations were also observed. See appendix 18 for the full 

results.
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Table 5.3.2 Correlations between cell type and metabolic parameters for all athletes, the asymptomatic group and the URS group. 
The r2 value is given. Significant correlations are shown in bold (* indicates p<0.05, ** indicates p<0.01, ~ indicates a trend p<0.1). 
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All athletes 
CD 3+ cells 0.01 0.00 -0.05 -0.00 -0.03 0.03 0.02 0.00 -0.00 -0.00 0.00 -0.00
NK T cells 0.00 0.01 0.00 0.00 0.02 0.01 0.00 0.00 0.02 0.01 0.00 0.01
CD 161+ NK T cells 0.03 0.03 0.04 0.04 0.04 -0.00 -0.00 0.09* 0.05~ -0.00 0.08* 0.03
CD 4+ cells -0.00 -0.00 -0.00 -0.00 0.02 -0.06~ -0.00 0.00 -0.02 0.01 -0.02 -0.02
Regulatory T cells 0.02 0.00 0.03 0.03 -0.00 -0.06~ 0.02 0.00 0.00 0.00 0.00 -0.00
CD 8+ cells 0.00 0.00 0.01 0.01 -0.00 0.00 0.00 -0.00 0.00 -0.02 0.00 0.00
B cells 0.03 0.01 0.00 0.00 -0.00 -0.03 0.03 0.01 0.00 -0.02 0.02 0.00
NK cells 0.00 -0.00 -0.02 -0.00 -0.04 0.06 0.00 0.00 -0.00 0.00 0.00 -0.00
CD 56int CD 16+ 0.07* 0.02 -0.00 0.0 -0.06* 0.16** 0.03 0.07 0.01 -0.00 0.07* -0.00
CD 56hi CD 16- -0.00 0.00 -0.00 -0.00 0.03 -0.00 0.00 -0.00 0.00 -0.00 -0.00 0.02
Asymptomatic group 
CD 3+ cells -0.00 -0.02 -0.03 -0.02 -0.07 0.02 0.00 -0.00 -0.04 -0.03 0.00 -0.06
NK T cells 0.05 0.03 0.00 0.01 0.00 0.01 0.02 0.09 0.03 0.00 0.07 0.01
CD 161+ NK T cells 0.2* 0.21* 0.06 0.13~ 0.06 0.04 0.14* 0.23** 0.18* -0.04 0.24** 0.1
CD 4+ cells -0.02 -0.02 -0.4 -0.04 0.00 0.00 -0.00 -0.02 -0.02 -0.02 -0.01 -0.00
Regulatory T cells 0.01 0.03 0.00 0.01 0.05 -0.00 0.02 0.00 0.02 0.00 0.00 0.02
CD 8+ cells -0.00 -0.00 0.00 0.00 -0.03 -0.01 -0.00 -0.00 -0.01 0.00 -0.00 -0.03
B cells 0.03 0.08 0.03 0.05 0.07 -0.00 0.00 0.05 0.11 -0.00 0.04 0.07
NK cells 0.01 -0.01 -0.11 -0.05 -0.13~ 0.18* 0.00 0.02 -0.02 0.00 0.00 -0.06
CD 56int CD 16+ 0.17* 0.02 0.00 0.03 -0.18* 0.26* 0.11 0.17* 0.00 -0.05 0.23* -0.02
CD 56hi CD 16- 0.00 0.4 0.05 0.02 0.03 -0.11~ 0.00 0.00 0.4 0.01 0.00 0.09
URS group 
CD 3+ cells 0.04 0.02 -0.01 0.00 -0.01 0.04 0.06 0.01 -0.00 -0.00 0.03 0.00 
NK T cells -0.07 -0.01 0.00 -0.02 0.03 0.02 -0.04 -0.03 0.00 0.04 -0.08 -0.00
CD 161+ NK T cells -0.00 -0.00 0.03 0.01 0.01 -0.06 -0.12~ 0.4 0.01 0.00 0.03 0.00
CD 4+ cells 0.03 0.00 0.03 0.05 -0.05 -0.2** 0.00 0.0 0.00 0.04 0.03 -0.01
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OCR: oxygen consumption rate; ECAR: extracellular acidification rate; resp: respiration; Max: maximal; MP: metabolic potential; 

non-mito: non-mitochondrial; OC: oxygen consumption; cap: capacity; CD: cluster of differentiation; NK: natural killer; int: 

intermediate; hi: high; Inflam: inflammatory; CCR: chemokine receptor; ATP: adenosine triphosphate 

OCR: oxygen consumption rate; ECAR: extracellular acidification rate; resp: respiration; Max: maximal; MP: metabolic potential; 

non-mito: non-mitochondrial; OC: oxygen consumption; cap: capacity; CD: cluster of differentiation; NK: natural killer; int: 

intermediate; hi: high; Inflam: inflammatory; CCR: chemokine receptor; ATP: adenosine triphosphate

Regulatory T cells 0.01 0.00 0.05 0.02 -0.11~ -0.16* 0.01 0.02 0.00 0.00 0.00 -0.04
CD 8+ cells 0.00 0.00 0.00 0.00 -0.00 0.04 0.01 -0.01 0.00 -0.11~ 0.00 0.00
B cells 0.04 0.00 0.00 0.00 -0.04 -0.04 0.08 0.00 -0.00 -0.03 0.02 -0.00
NK cells 0.00 -0.00 -0.00 0.00 -0.01 0.02 0.00 0.00 -0.00 0.01 0.00 0.00
CD 56int CD 16+ 0.02 0.01 -0.00 0.00 -0.02 0.12* 0.00 0.03 0.02 0.00 0.01 -0.00
CD 56hi CD 16- -0.00 0.00 -0.00 -0.00 0.04 0.00 0.00 -0.00 -0.00 -0.00 -0.00 0.02

Table 5.3.3 A heat map of the correlations between cell type and metabolic parameters for all athletes, the URS and the asymptomatic groups 
All athletes (n=61) Asymptomatic group (n=28) URS group (n=33) 
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Figure 5.3.3 The correlation between PBMC subsets and mitochondrial parameters 

compared between the asymptomatic and URS group. (a) CD 161+ NK T cells versus baseline 

OCR (Asymptomatic group; r2=0.24, URS group; r2=-0.00; p=0.048) (b) CD 161+ NK T cells 

versus non-mitochondrial OC (Asymptomatic group; r2=0.14, URS group; r2=-0.12; 

p=0.005) (c) NK T cells versus ATP production (Asymptomatic group; r2=0.07, URS group; 

r2=-0.08; p=0.037) (d) T regs versus OCR metabolic potential (Asymptomatic group; 

r2=0.05, URS group; r2=-0.11; p=0.035). 
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5.4 Discussion 
5.4.1 Cell Energy Phenotype and Mitochondrial Parameters 
Current evidence suggests PBMC immunometabolism may be linked with the risk of URS 

in elite athletes. The primary findings from this study suggest that the PBMCs of athletes 

reporting URS may have a lower capacity for oxidative phosphorylation and glycolysis. 

Several trends for a relationship between the URS group and generally lower mitochondrial 

parameters was observed in comparison to asymptomatic athletes. Furthermore, despite the 

cell energy phenotype of both groups remaining quiescent at baseline and under stress, some 

separation between the groups was observed in the switch to glycolysis. However, the 

generally quiescent energy state of the cells may have masked the differences between the 

groups. 

The current study identified that the cell energy phenotype of both groups remained 

quiescent at baseline and when exposed to mitochondrial stressors. Furthermore, the switch 

from oxidative phosphorylation to glycolysis that occurs in the transition from a resting state 

to an activated state (266), was dissimilar between groups. Current knowledge indicates that 

quiescent PBMCs use oxidative phosphorylation as a preferred method for generating ATP 

(273). Following activation however, PBMCs switch to glycolysis to meet cellular energy 

requirements (193, 266, 273, 274). The current result contradicts the literature and could 

suggest that the PBMC energy phenotype remained quiescent in both groups and perhaps the 

stimulus required to activate the PBMCs was insufficient or that the cells were somewhat 

irresponsive. These results may be explained by the duration of time that the PBMCs were 

stored prior to use, as decreases in cellular responsiveness and viability have been reported 

previously (275, 276).  

Several mitochondrial parameters were lower in athletes reporting URS and showed 

a trend for a relationship. Three of the parameters were associated with oxidative capacity 

(stressed OCR, maximal respiration and spare respiratory capacity). In comparison to the 

PBMCs from asymptomatic athletes, athletes reporting URS had lower OCR and maximal 

respiration when under stressed conditions and a lower spare respiratory capacity. The trends 

observed may indicate an inferior ability to produce ATP through oxidative phosphorylation 

(277), or they may indicate a lower frequency of inactivated PBMCs in the sample (278). 

However, as the frequency of the PBMC subsets were not significantly different between the 
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groups, the results suggest that the PBMCs of athletes reporting URS were more likely to 

have had a lower capacity for oxidative phosphorylation and ATP production. Four further 

parameters were lower in athletes reporting URS and were associated with glycolytic 

capacity or other mitochondrial parameters (baseline ECAR, stressed ECAR, non-

mitochondrial OC and ATP production). Activated PBMCs favour the use of glycolysis for 

energy production (193, 266). The results could indicate that the PBMCs of athletes reporting 

URS had a lower capacity for glycolysis or that activated, glycolytic PBMCs were not as 

numerous in the peripheral circulation as asymptomatic athletes, however, cell frequency 

data does not support this suggestion. 

The relationship between PBMC immunometabolism and the incidence of URS in 

athletes has not been examined previously. In some athletes, habitual intense exercise may 

present as eustress that facilitates physiological adaptation to increase systemic exercise 

tolerance, however, in other athletes, habitual intense exercise may lead to maladapted or 

dysfunctional immune and metabolic responses that could be linked with URS (Figure 5.4.1). 

In Chapter 2, low-energy availability in females was associated with athletes reporting URS 

and lower PBMC immunometabolism observed in this study could be linked with low-energy 

availability and URS incidence. The possible links should be explored in future studies as 

low-energy availability is a factor that can be addressed (279). Due to the cross-sectional 

nature of the current study it is unclear whether the generally lower measurements from the 

Mito Stress Test observed in athletes reporting URS was a cause, or effect, of URS. The 

results of the gene expression analysis in Chapter 4 suggested that URS was likely of viral 

aetiology. The current results could indicate a link between viral infection and lower 

immunometabolism in the URS group. Ideally, longitudinal research could be used to 

determine cause and effect by monitoring changes to PBMC immunometabolism in elite 

athletes due to URS and intense, habitual exercise. Furthermore, the examination of 

immunometabolism in discrete PBMC subsets would be useful to identify subset specific 

differences and to improve the specificity of the study. 
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Figure 5.4.1 Mitochondrial function may be deemed dysfunctional due to pro-inflammatory modulation or dampened functional 

modulation triggered by a variety of exposures including but not limited to; infection, disease, exposure to noxious substances and/ 

or habitual intense exercise. Note. Adapted from “Mitochondrial dysfunction as a trigger of innate immune responses and 

inflammation” by A.J West, 2017, Toxicology, Volume 391, pages 54–63. Copyright © (2017) Elsevier B.V.
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5.4.2 PBMC Correlations with Mitochondrial Parameters 
Correlational analysis between PBMC subsets and mitochondrial parameters measured by 

the Mito Stress Test found significant, inverse correlations between the groups that involved 

NK cells, CD 161+ NK T cells and T regs. While statistically significant the correlations are 

considered moderate to low. NK and NK T cells are key immune cell subsets involved in 

anti-viral immunity (280) and T regs are immune regulators involved in the resolution of 

inflammation and suppression of activated immune cells (273). Together with the results 

from Chapter 4 that identified an upregulation of several immune genes associated with viral 

infection, the correlations observed in this study further suggest that viral aetiology may be 

the main contributor of URS incidence in this cohort. Viral infection is very common 

amongst humans and prior studies in elite athletes have also identified viral infection as a key 

cause of episodic URS (48, 64). In addition to acute viral infections, an individual may be 

chronically infected with up to 12 viral pathogens at any given time (281). Under some 

circumstances, chronic viral infection can lead to chronic immune activation that is suggested 

to lead to dampened or dysfunctional immune responses (273, 281). The negative 

correlations observed in the URS group between mitochondrial parameters and NK, NK T 

and T regs, in comparison to the positive correlations observed in the asymptomatic group 

suggest a link with acute or chronic viral infection. 

Some acute viral infections are linked with a decline in NK T cell frequency through 

apoptosis (282, 283) and could suggest a link with viral infection in the URS group. NK T 

cells release pro-inflammatory cytokines and perform cytotoxic roles in the defence against 

viral infection (284). The correlation between NK T cells and ATP production in athletes 

reporting URS was negative and significantly different compared to the positive correlation 

observed in asymptomatic athletes. The results suggest that the NK T cells of athletes 

reporting URS is associated with lower ATP generating capacity, which may impede NK T 

functionality, including defence against viral and bacterial infection, cytokine secretion and 

cell-cell communication (285). NK T cell subsets can be further classified based on their CD 

161 expression, with CD 161+ cells reflecting a pro-inflammatory, proliferative and cytokine 

responsive phenotype (286). CD 161+ NK T cells were positively correlated with basal 

respiration and non-mitochondrial OC in the entire cohort. However, when the groups were 

evaluated separately, six of the 12 mitochondrial parameters were positively correlated 

within the asymptomatic group, with no significant correlations observed in the URS group. 
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When the within group correlations were compared between the groups, the correlations 

between baseline OCR and CD 161+ NK T cells and non-mitochondrial OC and between CD 

161+ NK T cells were significantly different and inverse. Recent studies demonstrated that 

CD 161+ NK and NK T cells are important in the immune response to cytomegalovirus 

(CMV) (286), chronic human immunodeficiency virus (HIV) (287, 288) and hepatitis C virus

(289) and that chronic viral infection is associated with a loss of CD 161 expression and a

reduced ability to clear viral pathogens (287, 288). The observation of a negative relationship

between CD 161+ cells and mitochondrial parameters may be the result of chronic viral

infection in the URS group. The presence of chronic viral infections in elite athletes has been

a focus of research (290-292). Interestingly, previous research has found that CMV status

reduces the risk of upper respiratory tract infection (291). In contrast, associations between

Epstein Barr reactivation and increased incidence of URS in elite athletes has been reported

(59, 292). Prospective URS incidence monitoring and focussed assessment of NK T cells to

explore these suggestions would help to inform URS aetiology for athletes with chronic

and/or recurrent URS.

Interestingly, the NK cell subsets were also correlated with several mitochondrial 

parameters within the current study. NK cells are recognised for their antiviral and cytotoxic 

function, along with their ability to regulate the adaptive immune response (280). The current 

study showed that baseline OCR and ATP production were positively correlated with CD 

56int/CD 16+ NK cells for all athletes, which was attributed to the asymptomatic group only. 

Lower oxidative capacity and production of ATP was identified in the NK cells of athletes 

reporting URS and may suggest lower cell mediated immunity. Further phenotyping of the 

NK cell subsets to isolate and evaluate their immunometabolism in athletes reporting URS 

should be undertaken to explore the correlations observed in this study. 

Correlations between the T cell compartment and mitochondrial parameters were also 

differentiating features between the groups. In the current study. In the URS group, CD 4+ T 

cells were negatively correlated with glycolysis. Given that CD 4+ T cells undergo a 

metabolic shift, from aerobic respiration to glycolysis, upon activation (5, 293, 294), the 

results suggest that the CD 4+ T cells of athletes from the URS group may have been 

inactivated. Prior research has demonstrated that CD 4+ T cells become dysfunctional in 

chronic viral infection (295). A negative correlation was observed between T regs and 
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oxidative potential in athletes reporting URS, compared to the inverse and positive 

correlation observed in asymptomatic athletes. Furthermore, glycolytic potential was also 

negatively correlated with T regs in the URS group, and could suggest possible metabolic 

unresponsiveness in the T regs of athletes reporting URS. A study of in vitro T regs from 

humans, and in vivo T regs from leptin knockout mice, analysed the leptin-mTOR 

(mammalian target of rapamycin) axis to better understand T reg anergy and its resolution 

(296). The mTOR pathway is responsible for ATP, nutrient and growth factor sensing and 

regulates cellular growth and proliferation (296). Researchers demonstrated that changes to 

leptin concentration mediated mTOR pathway activation, and in an oscillatory fashion, could 

induce either T reg proliferation or T reg hypo-responsiveness depending on the cellular 

microenvironment (296). The study concluded that changes to energy metabolism through 

the leptin-mTOR axis are involved in regulating the immune response in T regs (296). In 

athletes, decreased serum leptin concentrations have been linked with low energy availability 

following periods of intensified training in both male (297, 298) and female athletes (298, 

299). Although leptin concentrations were not measured in the current study, the literature 

suggests a possible link between energy availability, leptin, immunometabolism and 

incidence of URS that could be explored in future studies.  

5.4.3 Limitations and Future Directions 
The main limitation of this study was that the Mito Stress Test was performed using a sample 

of PBMCs with unknown frequencies of each subset and it is recognised that the frequency 

of some of the subsets evaluated in the correlational analysis may have been low. The 

generalisability of the current results should be evaluated in samples of pure immune cell 

subsets. Additionally, differences between the groups may have been hidden by the state of 

quiescence that the PBMCs demonstrated. This limitation could be overcome by using fresh 

PBMCs in place of stored PBMCs. The limitations that were discussed in Chapter 2 are 

relevant to this study and should be addressed in future studies.  

The differences in the immunometabolism of PBMC between samples taken at rest 

and following stimulation should be defined. Additionally, the relationship between PBMC 

immunometabolism and energy availability should be explored in elite athletes in association 

with URS incidence to determine if a) there is a link between these variables and b) if 
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improved energy availability can be achieved through dietary modifications and could 

improve PBMC immunometabolism and in turn, URS incidence. 

5.4.4 Conclusion 
Multiple trends indicating a relationship between athletes reporting URS and lower 

mitochondrial parameters were observed and may be associated with URS incidence in these 

athletes. Several inverse correlations between PBMC subsets and mitochondrial parameters 

were also observed between the groups. The results could suggest that low PBMC 

immunometabolism is a factor contributing to the incidence of URS in elite athletes. These 

outcomes provide a basis for further enquiry into PBMC immunometabolism and URS 

incidence.
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Chapter 6 
The gut microbiome and the incidence of URS in 

female Olympic soccer players; a pilot study 

176



Abstract: 

Introduction: The composition of the gut microbiota is hypothesised to influence 

immunity and may be associated with the prevalence of upper respiratory symptoms (URS) 

in elite athletes. The aim of this pilot study was to compare the gut microbial composition of 

female soccer players reporting URS compared to asymptomatic female soccer players. 

Methods: A cross-sectional study design was used to compare the gut microbiomes 

of six female Olympic soccer players reporting URS and six asymptomatic female Olympic 

soccer players using 16S rRNA sequencing using the Illumina MiSeqTM II system (Illumina, 

San Diego, USA). An unpaired t-test was used to compare group characteristics, microbiota 

measures and the Bacteroidetes/Firmicutes ratio. Phyla, family and species level comparisons 

were described using bacterial count, percent and ratio data. Partial least squares discriminant 

analysis (PLS-DA) was used to discriminate bacterial family and species level data. 

Results: Five bacterial phyla were detected in abundance across the entire cohort 

(>1% average relative abundance) which included Firmicutes, Bacteroidetes, Proteobacteria, 

Actinobacteria and Verrucomicrobia. The phyla, richness and diversity indices were not 

significantly different between the groups. There were 50 families and 161 species detected 

in at least one third of all subjects. At the family level, 32% showed differential distribution 

53.4% at the species level showed differential distribution between the groups. PLS-DA 

could accurately discriminate between athletes from their respective groups with 100% 

accuracy at both the family and species levels. 

Conclusion: The data from this pilot study suggest that there were differences in the 

gut microbiota of elite female soccer players reporting URS compared to asymptomatic 

players. The results from this and other studies in conjunction with the literature reviewing 

the exercise-gut microbiota-immunometabolism axis provides a basis to undertake further 

study within a larger cohort. 

177



6.1 Introduction 
There is growing evidence of a link between the gut microbiota and health. Alongside well-

established roles in nutrient production and food digestion (6, 7) the gut microbiota and their 

metabolites have a central influence on immune function and regulation (300). The primary 

factor influencing gut microbial composition is dietary intake, but there is evidence 

suggesting that the gut microbiota may also be modulated by exercise (8). Elite athletes 

represent a unique population for analysing the gut microbiota as their training regime and 

dietary intake are very closely monitored to optimise athletic performance. A small number 

of studies have explored the gut microbiota in elite athletes, with the aim of comparing their 

microbial composition to recreational athletes or sedentary individuals (8, 301-304). Results 

from these studies suggest that the gut microbiota of athletes is more diverse than sedentary 

individuals and that diet, calorific intake and exercise contribute to the diversity of the gut 

microbiome and health. Research in the area is in the early stages but suggests optimal health 

and performance may be linked with diet and the gut microbiome (200).  

6.1.1 Rationale 
The composition of the gut microbiota is associated with immune regulation and may be 

linked with the prevalence of URS through the common mucosal immune system (CMIS). 

To date, no study has evaluated the association between the incidence of URS and the gut 

microbiota in elite athletes. The aim of this pilot study was to determine whether elite female 

soccer players reporting URS have an altered gut microbial composition compared to 

asymptomatic female soccer players. 
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6.2 Methods 
6.2.1 Participants 
Twelve female soccer players, between the ages of 18 and 35, enrolled in the Stay Healthy 

Project completed the retrospective URS and chest infection symptoms log and provided a 

faecal sample for the analysis of their gut microbiome for this study. As described in Chapter 

2, the responses from the symptoms log were used to assign athletes to one of two groups; 

the URS athletes (n=6) and the asymptomatic athletes (n=6). All players were from the same 

soccer team to  participate in the 2016 summer Olympics and undertook the same training 

schedule. Two players from the URS group reported URS for four days, two players reported 

symptoms for five days and one player each reported URS for nine days and three days in 

the previous month. 

6.2.2 Faecal Sample Collection 
Faecal samples were collected by participants at a time of their convenience and within 3 

days of blood sample collection that occurred during a two-month period between the 10th 

April to the 6th June 2016. The participants were instructed to obtain a sample of their faecal 

matter (<5 g) without allowing the faecal matter to contact water or urine and to place it in 

an air-tight collection tube. The samples were frozen within four hours following collection 

and stored at -80 ◦C freezer until processed. 

6.2.3 DNA Extraction 

To extract DNA from the bacterial cells within the faecal matter, the samples were thawed, 

and 2 g of each sample was vortexed in 4 mL Dulbecco’s phosphate-buffered saline within 

a 15 mL tube until it was dissolved. Thereafter, 750  µL of sample was added to a 2 mL tube 

and centrifuged at 14000 rpm for 15 minutes at room temperature and the supernatant 

removed, leaving the faecal pellet undisturbed.  

6.2.4 Cell Lysis 

To lyse the bacterial cells within the faecal pellet, 1 mL of lysis buffer and 0.4 g of a sterile 

zirconia bead mix, containing 0.2 g of 0.1 mm beads and 0.2 g of 1 mm beads, was added to 

the faecal pellet. Using a Tissue Lyser II tissue lyser (Qiagen®, Hilden, Germany), the 
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mixture was homogenised for three 1-minute cycles and then incubated at 70 ◦C for 15 

minutes with gentle shaking. The mixture was then centrifuged for 5 minutes at 4 ◦C at 16000 

xg and the supernatant was transferred to a fresh 2 mL tube and set aside. An additional 300 

µL of lysis buffer was added to the original tube and the homogenization procedures 

mentioned above were repeated.  

6.2.5 Nucleic Acid Precipitation 
To each sample, 260 µL of 10 M ammonium acetate was mixed and incubated for 5 minutes 

on ice prior to centrifugation at 16000 xg and 4 ◦C for 10 minutes. The supernatant was then 

transferred between two 1.5 mL tubes at a volume between 650–700 µL each and an equal 

volume of isopropanol was added and incubated on ice for 30–60 minutes. Upon completion, 

the samples were centrifuged for 5 minutes at 4 ◦C and at 16000 xg and the supernatant was 

discarded and allowed to air-dry for one hour. Finally, the samples were dissolved in 100 µL 

of Tris-EDTA buffer and the two aliquots were pooled.  

6.2.6 Nucleic Acid Purification 
To purify the samples, 2 µL of DNase-free RNase was added and incubated for 15 minutes 

at 37 ◦C followed by the addition of 15 µL of proteinase K and 200 µL of buffer AL (Qiagen, 

Venlo, Netherlands) incubation at 70◦ C for 10 minutes. Thereafter, 200 µL of 100% ethanol 

was added and mixed and the samples were transferred to an AIamp column (Qiagen, Venlo, 

Netherlands) and centrifuged at 16000 xg for 1 minute at room temperature (RT). The flow 

through was discarded and 500 µL of buffer AW1 (Qiagen, Venlo, Netherlands) was added 

and centrifuged at 16000 xg for 1 minute at RT. The above step was repeated with 500 µL 

buffer AW2 (Qiagen, Venlo, Netherlands). The samples were spun dry for an additional 1 

minute before the columns were removed and placed within a fresh 1.5 mL flip-top tube in 

preparation for elution. To elute the DNA 50 µL of buffer AE (Qiagen, Venlo, Netherlands) 

was added to the column and was incubated for 2 minutes and centrifuged at 14600 rpm for 

1 minute. This step was repeated twice, and the DNA was stored at -20◦C. 

6.2.7 Metagenome Sequencing 
Microbial community profiling was performed using 16s rRNA gene sequencing. The 16S 

ribosomal RNA subunit gene is a commonly used marker gene and is a highly conserved 
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gene that differs between bacterial species. The V3-V4 hypervariable regions of 16S rRNA 

were amplified using paired primers (F:5’ TCGTCGGCAGCGTCAGATGTGTATA 

AGAGACAGCCTACGGGNGGCWGCAG; R:5'GTCTCGTGGGCTCGGAGATGTGTA 

TAAGAGACAGGACTACHVGGGTATCTAATCC. The products of amplification were 

sequenced using the MiSeqTM II system (Illumina, San Diego, USA) by Macrogen Inc. 

(Seoul, South Korea). The Assembly was performed using fast length adjustment of short 

reads (FLASh 1.2.11). Pre-processing and clustering were achieved using CD-HIT-OTU and 

rDNA Tools to generate operation taxonomic units (OUT). Taxonomy and diversity analyses 

were performed using quantitative insights into microbial ecology (QIIME) (http://qiime.org) 

and the sequences were mapped and aligned using the TruSeq® RNA library (Illumina, San 

Diego, USA). 

6.2.8 Statistics 
An unpaired t-test was used to compare group characteristics, bacterial diversity and the 

Bacteroidetes/Firmicutes ratio. Due to the small sample size, phyla, family and species level 

comparisons were described using bacterial count, percent and ratio data. PLS-DA was used 

as an exploratory tool to discriminate family and species level data between the groups. PLS-

DA is a two-class linear discriminating algorithm that uses a portion of the data to train a 

model that is then used to test the remaining data with the aim to discriminate between groups 

using a straight line (305). PLS-DA is an attractive approach when analysing big data due to 

its ability to handle noise, collinearity (306) and the simplicity of its data visualisation outputs 

(307). As such, PLS-DA is an important tool that is frequently used in exploratory studies to 

suggest whether two groups can be discriminated (305). However, it is important to 

acknowledge that PLS-DA is inclined to overfit results (305-308). As the participant: variable 

ratio increases, the correlations observed also increase, as does the likelihood of identifying 

false positive results (305). PLS-DA was selected as an exploratory tool for this pilot study 

and the limitations of this method have been considered. 
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6.3 Results 
6.3.1 Group Characteristics 
Five out of the six players within the URS group indicated that they experienced URS for 

two to five days, while one player reported symptoms lasting between six and nine days 

during the previous month. One athlete in the URS group and one athlete in the asymptomatic 

group reported probiotic supplementation. No significant differences were found between the 

URS group (n=6) and the asymptomatic group (n=6) for age (URS group; 22.7 years ± 4.4 

years; asymptomatic group; 22.4 years ± 4.0 years; (mean ± SD), height (1.7 meters ± 0.1 

meters; 1.6 meters ± 0.4 meters, weight, body mass index (BMI) (22.6 ± 0.6; 21.4 ± 6.2), 

self-reported training hours per week (group mean) (12.2 hours ± 0.4 hours; 11.7 hours ± 3.9 

hours or low-energy availability (two athletes in each group were classified as being at risk 

of low-energy availability). The mean BMI of both groups were classified as being within 

the healthy range.  

 

6.3.2 Diversity Indices were not different in Athletes reporting URS 
The average reads per sample, operational taxonomic unit, Chao1, Shannon diversity, 

Simpson and goods coverage measures were not significantly different between the groups 

(Table 6.1). 

 

Table 6.1: Mean and standard deviation of richness and diversity indices between the 
groups. 
 Asym (n=6) 

Mean±(SD) 
URS (n=6) 
Mean±(SD) 

Mean 
difference p-value 

Reads per sample 41595(3191) 37441(6022) 4154 0.17 
Goods coverage index 0.99(0.00) 0.99(0.00) 0.00 0.31 
OTUs 238.5(24.19) 232(54.03) 6.5 0.79 
Chao1 index 277.03(26.76) 280.1(79.24) 3.07 0.93 
Shannon’s diversity index 5.22(0.25) 5.16(0.47) 0.5 0.81 
Simpson’s diversity index 0.94(0.01) 0.94(0.02) 0.01 0.6 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; 

n: count; ±: plus, or minus; SD: standard deviation; OTU: Operational taxonomic unit; SE: 

standard error; Goods coverage index is a measure of the proportion of operational taxonomic 

units (OTUs) covered during sequencing, only 1% of the OTUs were not covered during 

sequencing. Chao1: is a measure of abundance (richness), that is the predicted number of 

taxa in a sample estimated by extrapolating out the number of rare organisms that may have 
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been missed due to under sampling, the higher the value the higher the estimated abundance; 

Shannon’s diversity index: a measure of the relative abundance of species and evenness, the 

higher the value the higher the diversity; Simpson’s diversity index: a measure of relative 

abundance of each species and the number of species present and is on a scale of 0–1 with 

higher scores demonstrating increasing diversity. 

6.3.3 Gut Microbial Composition; Phyla level 
In five of nine phyla identified the Firmicutes, Bacteroidetes, Actinobacteria, Proteobacteria 

and Verrucomicrobia, were classified as abundant (>1% within each group) (Figure 6.1). The 

Bacteroidetes/Firmicutes ratio between the URS (0.66 ± 0.15) and asymptomatic group (0.66 

± 0.11) was not significant, nor were the phyla. The Firmicutes were the most abundant 

phylum (URS group; 55.69% ± 6.24%; asymptomatic group; 54.6% ± 5.51%) followed by 

the Bacteroidetes (URS group; 36.15% ± 5.95%; asymptomatic group; 35.65% ± 5.4%), 

Verrucomicrobia (URS group; 4.11% ± 5.58%; asymptomatic group; 2.45% ± 4.69%), 

Proteobacteria (URS group; 1.87% ± 1.63%; asymptomatic group; 3.53% ± 2.79%) and the 

Actinobacteria (URS group; 1.64% ± 1.36%; asymptomatic group; 2.09% ± 1.37%). The 

Deferribacteres, Spirochaetes, Synergistetes, Chlamydiae Nitrospirae and Plantomycetes 

were not identified in any of the athletes (Table 6.2). 
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Figure 6.1: The gut microbial composition of athletes reporting URS compared to 

asymptomatic athletes at the phylum level. The category labelled “other*” includes small 

percentages of Euryarchaeota, Cyanobacteria, Fusobacteria, Tenericutes and unclassified 

genomic material and is shown in white, Verrucomicrobia are shown in green, Bacteroidetes 

are shown in light blue, Proteobacteria are shown in black, Firmicutes are shown in navy 

blue and Actinobacteria are shown in yellow. 
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 Table 6.2 The bacterial phyla and their incidence in the URS and asymptomatic athletes and 
the entire cohort. 

Phylum 
URS Asym Prevalence across all 12 

athletes (%) N (%) N (%) 
Firmicutes 6(100) 6(100) 100 
Bacteroidetes 6(100) 6(100) 100 
Actinobacteria 6(100) 6(100) 100 
Proteobacteria 6(100) 6(100) 100 
Verrucomicrobiota 6(100) 3(50) 75 
Euryarchaeota 3(50) 6(100) 75 
Cyanobacteria 2(33) 2(33) 33 
Fusobacteria 1(17) 1(17) 17 
Tenericutes 1(17) 1(17) 17 
Deferribacteres, Spirochaetes, 
Synergistetes, Chlamydiae, 
Nitrospirae and 
Plantomycetes 

- - - 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; 

n: count; %: percent. 

 

6.3.4 Gut Microbial Composition; Family Level 
At the family level, 34 families were present in >33% of all athletes (Table 6.3). Twenty-

seven of the 34 families were distributed evenly across the URS and asymptomatic groups 

and seven families were not. Methanobacteriaceae was detected in 3/6 of the athletes within 

the URS group compared to 6/6 of the athletes in the asymptomatic group. Meanwhile, 

unclassified Verrucomicrobiales were detected in 6/6 of the URS group compared to 3/6 of 

the asymptomatic group. Families detected at a cohort prevalence of less than 33% are shown 

in Appendix 19. PLS-DA at the family level was able to discriminate between the URS and 

asymptomatic groups accurately. PLS-DA based on PC1 (proportion of contribution 10%) 

and PC2 (proportion of contribution 12%) completely separated the groups (Figure 6.2). 
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Table 6.3 The bacterial families detected in >33% of athletes and their distribution across the 
groups  

Taxa (phylum, order, family) 
URS Asym % 

prevalence  
N=12 N (%) N (%) 

Actinobacteria 
Actinobacteria Unclassified Unclassified 6(100) 6(100) 100 
Actinobacteria Coriobacteriales Coriobacteriaceae 6(100) 6(100) 100 
Actinobacteria Bifidobacteriales Bifidobacteriaceae 5(83) 5(83) 83 
Actinobacteria Coriobacteriales Unclassified 3(50) 2(33) 42 
Bacteroidetes 
Bacteroidetes Bacteroidales Unclassified 6(100) 6(100) 100 
Bacteroidetes Bacteroidales Bacteroidaceae 6(100) 6(100) 100 
Bacteroidetes Bacteroidales Prevotellaceae 6(100) 6(100) 100 
Bacteroidetes Bacteroidales Rikenellaceae 6(100) 6(100) 100 
Bacteroidetes Flavobacterales Flavobacteriaceae 2(33) 3(50) 42 
Bacteroidetes Bacteroidales Porphyromonadaceae 2(33) 2(33) 33 
Cyanobacteria Oscillatoiales Unclassified 2(33) 2(33) 33 
Euryarchaota Methanobacteriales Methanobacteraceae 3(50) 6(100) 75 
Firmicutes 
Firmicutes Erysipelotrichales Erysipelotrichaceae 6(100) 6(100) 100 
Firmicutes Lactobacillales Streptococcceae 6(100) 6(100) 100 
Firmicutes Clostridiales Unclassified 6(100) 6(100) 100 
Firmicutes Clostridiales Christensenellaceae 6(100) 6(100) 100 
Firmicutes Clostridiales Clostridiaceae 6(100) 6(100) 100 

Firmicutes Clostridiales Clostridiales Family 
XIII. Incertae Sedis 6(100) 6(100) 100 

Firmicutes Clostridiales Eubacteriaceae 6(100) 6(100) 100 
Firmicutes Clostridiales Lachnospiraceae 6(100) 6(100) 100 
Firmicutes Clostridiales Oscillospiraceae 6(100) 6(100) 100 
Firmicutes Clostridiales Peptostreptococcaceae 6(100) 6(100) 100 
Firmicutes Clostridiales Ruminococcaceae 6(100) 6(100) 100 
Firmicutes Unclassified Acidaminococcaceae 6(100) 6(100) 100 
Firmicutes Unclassified Veillonellaceae 5(83) 5(83) 83 
Firmicutes Lactobacillales Lactobacillaceae 5(83) 4(67) 75 
Firmicutes Clostridiales Peptooccaceae 3(50) 4(67) 58 
Proteobacteria 
Proteobacteria Burkholderiales Sutterellaceae 6(100) 6(100) 100 
Proteobacteria Desulfovbrionales Desulfovbrionaceae 5(83) 6(100) 92 
Proteobacteria Pasteurllales Pasteurellaceae 6(100) 4(67) 83 
Proteobacteria Unclassified Enterobacteriaceae 4(67) 4(67) 67 
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Proteobacteria Burkholderiales Oxalobacteraceae 4(67) 2(33) 50 
Unclassified Unclassified Unclassified 5(83) 5(83) 83 
Verrucomicrobi
a 

Verrucomicrobiales Unclassified 6(100) 3(50) 75 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; 

n: count; %: percent. 

Figure 6.2 Partial least squares discriminant analysis (PLS-DA) based on PC1 (proportion 

of contribution 10%) and PC2 (proportion of contribution 12%) completely separated the 

groups. 
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6.3.5 Gut Microbial Composition; Species Level 
Of the 256 species sequenced, 161 species were present in > 33% (Appendix 20) and 

95 were present in < 33% (Appendix 21) of the all athletes and 6.2% to 46.6% of these species 

were equally present in both groups of athletes. 

Species found more frequently in athletes reporting URS include Akkermansia 

muciniphila, Lachnobacterium bovis and Harryflintia acetispora. A. muciniphila and             

L. bovis were detected in 100% of athletes within the URS group compared to 50% of athletes

in the asymptomatic group and H. acetispora was found in 100% of athletes within the URS

group and only 33% of asymptomatic athletes. Clostridium hathewayi was also found in 66%

of the URS group but only 17% of the asymptomatic group. Six species were found to be

more prevalent in the asymptomatic group. Methanobrevibacter smithii, Alistipes ihumii, and

Butyricimonas paravirosa were detected in 100% of asymptomatic athletes compared to 50%

of athletes in the URS group for M. smithii, and in 33% of the asymptomatic athletes for A.

ihumii and B. paravirosa, respectively. Furthermore, Tidjanibacter massiliensis was found

in only 33% of athletes reporting URS compared to 83% of asymptomatic athletes. The

remaining two species, Emergencia timonensis and Odoribacter laneus, were detected in

67% of the asymptomatic group and were not detected at all in the URS group. PLS-DA at

the species level could differentiate the URS and asymptomatic groups, see Figure 6.3. PLS-

DA based on PC1 (proportion of contribution 10%) and PC2 (proportion of contribution

11%) completely separated the groups.
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Figure 6.3 Partial least squares discriminant analysis (PLS-DA) based on PC1 (proportion 

of contribution 10%) and PC2 (proportion of contribution 11%) completely separated the 

groups. 

189



  

 
 

6.4 Discussion 
To date, the association of the gut microbiota with the incidence of URS has not been 

examined in athletes. This pilot study explored the gut microbiota of elite female Olympic 

soccer players, who reported URS who were asymptomatic within the month before the 

collection of a faecal sample. Differences between athletes reporting URS and asymptomatic 

athletes were observed at the family and species level and PLS-DA was able to classify the 

groups with 100% accuracy. Recent literature has underscored the contribution of the gut 

microbiota in shaping the inflammatory responses of the respiratory system across all 

aetiologies for URS (309).  

A. muciniphila, from the Verrucomicrobiaceae family, was detected in all athletes of 

the URS group compared with only half of the asymptomatic group. A higher abundance of 

A.muciniphila has been associated with a healthy BMI in elite rugby players (8) and better 

metabolic health in obesity and metabolic syndrome (310, 311). Although the differences 

between humans and mice are well documented, a study of obese mice has demonstrated that 

A.muciniphila can increase the concentration of anti-inflammatory endocannabinoids, 

reduced adipose inflammation and metabolic endotoxemia (311), suggesting an anti-

inflammatory effect. Elite athletes are thought have an increased risk of URS due to the anti-

inflammatory effects of exercise. While this pilot study did not examine the link between the 

composition of the gut microbiota, inflammation and URS, the possibility that A. muciniphila 

may be associated with a higher URS incidence by exerting an anti-inflammatory influence 

provides a concrete measure to examine in a prospective trial.  

Another species of interest in the current study, M. smithii, of the Archaea phylum 

and Methanobacteriaceae family, was detected in all the asymptomatic athletes compared to 

half of the athletes reporting URS. Higher M. smithii has been linked with inflammation 

(312), as well as adiposity (313, 314) and constipation predominant irritable bowel syndrome 

(CPIBS) (315), both of which are associated with inflammation. Again, the lower incidence 

of M. smithii in the URS group may indicate anti-inflammatory immune regulation and 

propensity towards URS however, more research is required to understand the complexities 

and impact of the gut microbial composition in relation to the development of URS. 

 The relationship between the gut microbiota and respiratory viral infections was 

explored using one human and several animal models. A study involving 360 patients 
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receiving an allogeneic hematopoietic stem cell transplant, monitored the patients over 180 

days for the development of upper respiratory infection and subsequent progression to the 

lower respiratory track. The researchers found that a higher prevalence of butyrate-producing 

bacteria were protective against the development of lower respiratory tract infection (316). 

Studies using animal models have used antibiotic depletion of the gut microbiota prior to 

inoculation with a variety of viruses, including the influenza virus (317, 318), lymphocytic 

choriomeningitis (318), murine paramyxoviral virus type 1 and Sendai virus (319). These 

studies reported a depleted response to viral infection in the antibiotic treated animals 

compared to non-treated animals (317-319). Other studies using mouse models have 

evaluated the gut microbiome following viral infection and reported changes to gut microbial 

ecology (320, 321) and damage to the integrity of the gut mucosal layer (321). The gut 

microbiota of mice infected with respiratory syncytial virus and influenza virus was 

compared to the gut microbiota of pre-vaccinated and subsequently influenza infected mice 

(320). The researchers noted an enrichment of Bacteroidetes and depletion of Firmicutes in 

mice infected with both viruses, but not in the vaccinated mice (320). In the current study, 

no differences in the Bacteroidetes: Firmicutes ratio were observed between the groups. 

These findings using animal models should be confirmed in larger studies of humans, 

preferably using a longitudinal study design and confirmed URS aetiology. The evidence 

described supports the idea of transkingdom control, a concept that highlights the diversity 

and integration of microbial constituents within mammalian niches (322) and is a promising 

area for research that is only just beginning to be explored. 

In the current study, athletes reporting URS were distinct from asymptomatic athletes 

based on the composition of their gut microbiota at the family and species level. Aside from 

this short report, the three-way axis between URS-gut microbiota-exercise, is yet to be 

studied. In elite athletes, habitual intense exercise is associated with the incidence of URS of 

various aetiologies (229, 323-326). Furthermore, exercise is associated with increased 

microbial diversity and butyrate producing species in both human and animal models (327). 

However, exercise is not always associated with positive gastrointestinal outcomes and 

endurance exercise influences intestinal integrity with higher incidence of gastrointestinal 

symptoms (302, 328). The literature discussed and the evidence presented in this pilot study 

provides initial evidence that examining the microbiota and URS axis in a larger cohort may 
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provide insight into URS susceptibility and direction on strategies, such as the use of 

probiotics, to mitigate such risk.  

6.4.1 Limitations and Future Directions 

• The main limitation of this study is the small sample size which made statistical

analysis limited and generalizability low. However, some differences between the gut

microbiota of athletes reporting URS and asymptomatic athletes were highlighted and

are consistent with the literature and provide the basis for targeted investigation to

better understand the role of the microbiota in susceptibility to URS.

• Another key limitation is the lack of nutritional data. Dietary intake is the greatest

contributor to the composition of the gut microbiota and should be characterised in

future studies to provide insight into the foods/macro nutrient composition associated

with a lower versus higher incidence of URS.

• In addition to the limitations above, the limitations discussed in Chapter 2, such as

standardised sampling conditions and recording the number of days since URS was

last experienced, should be addressed in future studies.

6.4.2 Conclusion 
Differences in the gut microbiota of elite female soccer players reporting URS and 

asymptomatic players have been observed at the family and species level. Further 

investigation should be undertaken using a larger cohort and dietary intake should be 

recorded to inform the interpretation of results. 
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Chapter 7 
Discussion 
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7.1 Overview 
URS is a major concern for elite athletes given the disruption it can have on training and 

athletic performance (200). Susceptibility to URS is multifactorial and is influenced by 

environmental, psychological, biological, immunological and lifestyle factors (9, 11, 200, 

329, 330). 

This thesis documents a cross-sectional evaluation of the incidence of URS in a cohort 

of elite Australian athletes three months prior to a summer Olympic games (Chapter 2) and 

found that 53% of athletes reported URS during the previous month. A higher degree of 

fatigue and probiotic supplementation were common to the URS group. Gender differences 

in URS incidence were also observed. Low-energy availability in females (LEAF) and 

playing water polo were key features of female athletes reporting URS in the previous month. 

Interestingly, no standard clinical markers, such as hormones, white cell count, C-reactive 

protein (CRP) and inflammatory cytokines, were associated with reports of URS in this study, 

suggesting that lifestyle and environmental factors could be a greater contributor to URS 

susceptibility in athletes.  

As exercise is known to modulate peripheral blood immune cells (PBMC), this thesis 

investigated differences in PBMC phenotype (Chapter 3), PBMC gene expression (Chapter 

4) and PBMC immunometabolism (Chapter 5) between athletes reporting URS and

asymptomatic athletes. Phenotypic differences, such as decreased expression of functional

markers including, cluster of differentiation 86 (CD) in inflammatory monocytes, CD 49d

and cutaneous lymphocyte antigen (CLA) in CD 4+ T cells and CLA in CD 3-/CD 56- cells

in athletes reporting URS compared to asymptomatic athletes were observed (Chapter 3).

Athletes reporting URS had a higher expression of interferon signalling genes and genes

involved in the Jak-Stat pathway, as well as increased expression of the virally associated

IFI27 gene (interferon alpha inducible protein-27) compared to asymptomatic athletes

(Chapter 4). The immunometabolism of PBMCs from athletes reporting URS showed several

trends for a relationship with lower functional capacity for multiple mitochondrial

parameters. Several inverse correlations between PBMC populations including NK T cells,

NK cells and T regs, and mitochondrial parameters were observed between the groups,

suggesting a possible link between viral infection and lower cellular immunometabolism in

the URS group (Chapter 5).
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Immunity is also influenced by the composition of the gut microbiome and may be 

associated with the incidence of URS in elite athletes. The gut microbial composition of 

female soccer players reporting URS was found to differ from asymptomatic female soccer 

players from the same team (Chapter 6). The differences observed between athletes reporting 

URS compared to asymptomatic athletes in this thesis provide insight into the factors that 

may contribute to the incidence of URS in elite athletes. 

7.2 The Incidence of URS, Lifestyle Factors and Clinical Measurements in 

Elite Athletes 
Lifestyle factors can increase susceptibility to URS in athletes, particularly during periods of 

intensified training that occur prior to competition (11). A simultaneous evaluation of 

numerous lifestyle factors and clinical measurements showed that fatigue and probiotic 

supplementation were associated with athletes reporting URS. In addition, a high LEAF-

score and playing water polo were associated with female athletes reporting URS. 

Interestingly, there was a trend for a relationship between playing rugby 7’s and remaining 

asymptomatic which suggests that the type of sport athletes play may modulate URS 

susceptibility.  

The sport in which an athlete competes can expose athletes to environmental factors 

that may increase the risk of URS (331, 332). Team sports such as water polo and rugby 7’s 

can involve increased proximity to other players, due to communal living and training 

sessions, which is associated with increased likelihood of illness (11). However, in contrast 

to water polo being associated with female athletes reporting URS, playing rugby 7’s was 

dominant in asymptomatic. Although not measured in this thesis, the difference between the 

teams could be attributed to team specific approaches to shared accommodation or to 

isolating athletes who present with URS (11). An alternative explanation is that playing water 

polo frequently exposes players to pool-based aeroallergens such as chlorine, which is 

associated with aseptic URS (228-230). It is important for physicians to consider the sport of 

the athlete when diagnosing URS aetiology and developing a subjective treatment and 

management plan.  

Consistent with the results from the larger Stay Healthy cohort (9, 11), an association 

between low energy availability and URS incidence was established in female athletes of this 
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sub-cohort. Few studies have examined the link between the incidence of URS and low 

energy availability, however, in a study of 26 military recruits undertaking an intensive eight 

day training camp, the incidence of URS was linked with low energy availability as training 

intensified (333). Low energy availability in female athletes is often associated with 

dysfunction of the menstrual and endocrine and gastrointestinal systems as well as metabolic 

dysfunction and fatigue (240, 279, 334). In Chapter 5, several PBMC mitochondrial 

parameters were lower in athletes reporting URS compared to asymptomatic athletes, 

suggesting that the circulating PBMCs of athletes reporting URS were not as metabolically 

responsive. There are two ways that this could be linked with the low energy availability and 

fatigue. Low-energy availability is associated with macronutrient deficiency (279) that can 

lead to inadequate ATP required for physiological homeostasis and immunity. Low energy 

availability is also linked with micro-nutrient deficiency (279) that can impair mitochondrial 

function, due to limited availability of co-factors required for optimal energy synthesis, 

which can lead to poor immune function (335). Given the link between low energy 

availability, a higher incidence of URS and other negative health outcomes, a 

multidisciplinary approach to monitor, intervene and treat athletes who are at risk or suffer 

from low energy availability is recommended (240). Athletes participating in sports with an 

emphasis on maintaining leanness, for example gymnastics, boxing and other combat sports, 

and endurance sports, such as triathlon and long-distance running, which are more at risk of 

low-energy availability. An equivalent questionnaire for male athletes should be validated 

and implemented to screen male athletes for low energy availability. 

Probiotic supplementation was observed more frequently in athletes reporting URS 

and may be an indication that these athletes were using probiotics to reduce or prevent URS 

or to treat other conditions. Probiotics are suggested to be efficacious against the 

development of URS through improved immune regulation and improved gut health (200). 

Research on the effectiveness of probiotics for reducing the risk of URS in athletes has been 

conflicting, with some studies showing benefits (234, 236) and others showing no effect 

(237). Given that probiotic supplements are not standardised there is a need to determine the 

ideal probiotic strains/dosages to reduce URS susceptibility. Furthermore, it is recommended 

that researchers, nutritionists and sports physicians communicate with athletes regarding 

current, knowledge-based, best practice regarding probiotic supplementation.  
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Despite the evaluation of standard clinical measurements including hormones, white 

cell count, CRP and inflammatory cytokines, these parameters could not differentiate athletes 

reporting URS from asymptomatic athletes. The similarity in the white cell count between 

the groups (Chapter 2) is consistent with the observation that PBMC frequencies between the 

groups did not differ (Chapter 3). Furthermore, no significant differences in the gene 

expression of cytokine transcripts (Chapter 4) was observed between the groups. The results 

suggest that an ongoing inflammatory response was not present in athletes reporting URS. 

Alternatively, the variation in the parameters measured may be too large to detect any 

difference between the groups due to the effects of recently performed exercise. The lack of 

difference in the clinical measurements suggests that a subjective and comprehensive 

assessment of an athlete’s lifestyle and environmental circumstances may be a more 

informative line of inquiry to identify an athlete’s risk of URS (9, 11, 330). A key 

recommendation from this study is to reinforce a holistic approach to the diagnosis, treatment 

and management of athletes with URS, with a focus on understanding the lifestyle and 

environmental factors for each athlete, particularly if URS is recurrent or persistent.  

7.3 PBMC phenotype and the association with URS in elite athletes 

Differences in the PBMC phenotype of athletes reporting URS was compared to 

asymptomatic athletes to identify differences associated with reports of URS. This was the 

first use of mass cytometry to examine PBMC phenotype in athletes. The resolution at which 

mass cytometry and machine learning was able to characterise PBMC phenotype revealed 

differences in the expression of key functional markers, but no significant differences in 

PBMC subset frequency. The expression of two adhesion markers, CLA and CD 49d, and 

CD 86, a co-receptor involved in cell-cell communication following activation, were lower 

in athletes reporting URS. Comparatively lower expression of CLA, CD 49d and CD 86 may 

suggest cellular extravasation to peripheral or lymphoid tissues, leaving cells with lower 

expression of these markers within circulation. Alternatively, it may reflect reduced 

expression of these markers that may be associated with a limited capacity for peripheral 

extravasation and cell-cell communication, therefore leading to increased susceptibility to 

infectious URS.  

The importance of examining the expression of functional immune markers in 

addition to PBMC frequency when profiling PBMC phenotype has been demonstrated in 
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Chapter 3. The current work did not identify significant differences in the frequency of 

PBMC subsets between the groups. However, these results did show that the expression of 

functional markers on PBMCs is an informative indicator that can be used to highlight the 

differences in PBMC phenotype associated with prior URS in athletes. Moreover, this study 

highlights the usefulness of mass cytometry and machine learning as analytical tools to 

simultaneously measure PBMC frequency and the expression of PBMC functional markers. 

7.4 Immune Gene Expression and the links with URS in Elite Athletes 
An evaluation of immune gene expression from PBMCs identified that IFI27 gene expression 

was able to discriminate elite athletes reporting URS from asymptomatic athletes for 78% of 

the time. Furthermore, several genes including interferon stimulated genes (ISGs) and genes 

found within the Jak-Stat pathway, were upregulated in the PBMCs of athletes reporting 

URS. IFI27 has previously been identified as being able to differentiate viral, from bacterial 

URS, with 91% accuracy (336). The gene expression profile identified in athletes reporting 

URS suggests an ongoing anti-viral response or attempts to prevent viral reactivation. 

Previous studies have reported that viral aetiology can be confirmed in approximately 30–

40% of athletes with URS (48, 64). In light of the Tang et al. study, the current work suggests 

that viral aetiology may be high in athletes reporting URS. The logistic regression model 

mis-categorised 22% of athletes in the current study and could indicate a non-viral aetiology 

for URS in some athletes, or alternatively that the timing between URS and sampling was 

long enough that the expression of IFI27 had declined. At present, it is unknown as to whether 

IFI27 expression could be used to predict future URS, for that purpose, prospective 

longitudinal studies are suggested. Alternative aetiology for URS should remain a 

consideration for sports physicians, particularly when treating athletes with problematic and 

recurrent URS. 

The upregulation of ISGs and genes within the Jak-Stat pathway were identified in 

athletes reporting URS. Both pathways can be activated by interferons. In Chapter 2, the 

cytokines measured were not different between the groups and neither was their gene 

expression (Chapter 4). The results could suggest that athletes may have been sampled after 

an initial cytokine response that triggered an upregulation of genes from the Jak-Stat pathway 

and ISGs. Alternatively, some of the athletes had trained prior to sample collection, which 

may have induced the inflammatory cytokine response and masked any post-URS differences 
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in cytokine concentrations between the groups. Further studies where greater control of 

exercise loads in the 24 hours prior to sampling are recommended to confirm this suggestion, 

although it is noted that manipulation of training schedules in Olympic athletes in the three 

months prior to an Olympic games is likely to be challenging. 

7.5 Immunometabolism and the Association with URS in Elite Athletes 
An athlete’s susceptibility to URS may be associated with cellular immunometabolism and 

mitochondrial parameters. Overall, the cell energy phenotypes of the asymptomatic group 

and the URS group were both quiescent at baseline and when under stress. However, the 

ability of cells to switch from oxidative phosphorylation to glycolysis was dissimilar 

although not significant. Several trends for a relationship between lower mitochondrial 

parameters and athletes reporting URS were identified. The generally lower mitochondrial 

parameters, stressed oxygen consumption rate (OCR), baseline and stressed extracellular 

acidification rate (ECAR), non-mitochondrial oxygen consumption (OC), maximal 

respiration, adenosine tri-phosphate (ATP) production and spare respiratory capacity, 

observed in athletes reporting URS is representative of the cellular immune response and 

could increase the chance of infection. However, it cannot be concluded as to whether the 

current results are an effect of URS given athletes had experienced symptoms in the previous 

month, or if they may have contributed to an increased susceptibility to URS. Ideally, 

longitudinal research could be used to determine cause and effect by monitoring changes to 

PBMC immunometabolism in athletes prior to, and induced by URS, in comparison to 

changes induced by intense, habitual exercise. Furthermore, the examination of 

mitochondrial function in specific PBMC subsets would be useful to identify whether 

depleted mitochondrial function is some PBMC subsets may have been masked by evaluating 

all subsets simultaneously. 

Many of the innate PBMC subsets, such as CD 161+ NK T cells, NK cells and DCs 

that are involved in the response to viral infection were significantly and inversely correlated 

with mitochondrial parameters in athletes reporting URS compared to asymptomatic athletes. 

Many recent studies have reported reduced CD 161+ expression and lower functionality of 

NK T cells or NK cells in individuals with viral infections, including cytomegalovirus, HIV 

and hepatitis C (286-289). The current associations could indicate a depleted immune-
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metabolic capacity to respond to viral infection in athletes reporting URS or that chronic viral 

infection was present. Further work examining the mitochondrial function of NK T and NK 

cell subsets individually would be useful to confirm the correlations observed in Chapter 5. 

Another interesting negative correlation was identified between mitochondrial 

parameters and T regs in athletes reporting URS that suggests a degree of unresponsiveness. 

Prior research has demonstrated a link between T reg unresponsiveness, leptin concentration 

and low energy availability (297). In Chapter 2, low energy availability was demonstrated in 

the female athletes of this cohort and in Chapter 5 possible depletions in T reg mitochondrial 

function were identified. Future analysis should aim to establish whether correlations 

between T regs and mitochondrial parameters can be replicated using isolated T regs from 

athlete cohorts reporting URS and if the theory that low energy availability, leptin 

concentration and T reg function, are linked. Should the link be established, the usefulness 

of the low energy availability questionnaire would extend beyond a screening tool for the 

female athlete triad and could also be used to inform the athletes and their support team about 

immunity and potential risk for URS. Many insightful trends and correlations were identified 

through the analysis of mitochondrial parameters in PBMCs and can be a platform for further 

investigation. Ideally, mitochondrial parameters would be tested using isolated PBMC 

subsets within a longitudinal study involving athletes reporting URS. 

In addition to the relationships being uncovered between the immune system and 

metabolism, a third player, the gut microbiota, is thought to contribute to immune regulation 

in association with exercise. Two-way signalling occurs between the gut microbiota and 

mitochondria through immune, endocrine and humoral factors (337). The mitochondria can 

influence gut microbes by inducing innate immune responses through the immune, 

enterochromaffin and epithelial cells of the gut (338). In tandem, commensal gut microbes 

synthesise short chain fatty acids, such as N-butyrate, that influence mitochondrial functions 

such as energy production, biogenesis, inflammation and the production of reactive oxygen 

species (337, 339). In Chapter 6, athletes reporting URS were able to be discriminated from 

asymptomatic athletes based on the composition of their gut microbiomes and may be linked 

with the generally low mitochondrial function in athletes reporting URS that was identified 

in Chapter 5.  
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7.6 The Gut Microbiome and URS in Elite Female Soccer Players 
The links between the gut microbiome, immune regulation and the risk of URS is of 

increasing interest in exercise immunology and has been explored for the first time in this 

pilot study. The study was undertaken to investigate whether athletes reporting URS had a 

different gut microbiome compared to asymptomatic athletes. The athletes could be separated 

into their correct groups at the family and species levels using partial least squares 

discriminant analysis. The findings support the potential for differences in the gut microbial 

composition linked to the incidence of URS in elite athletes. Several studies using antibiotic 

treated mice that were depleted of their gut microbiota have demonstrated a limited response 

to viral infection (317-319). Unlike studies that have examined the gut microbiomes of mice 

with viral infections (320, 321), the current work did not identify differences in the 

Bacteroidetes: Firmicutes ratio between the bacterial groups. This may be due to the small 

number of participants within this pilot study, the possibility that mice studies do not translate 

to human studies, or to differences in dietary intake between the groups. Furthermore, there 

are no data on subsequent changes to the microbiome following infection and we cannot 

discount this in the findings of the current work.  

Two species, a bacterial species, Akkermansia muciniphila and an archaeon, 

Methanobrevibacter smithii, were of interest in the current study. A. muciniphila was present 

in all athletes reporting URS, compared to only half of the asymptomatic athletes. In a study 

of rugby players, a higher prevalence of A. muciniphila was associated with a healthy BMI 

(8), which was also linked with better metabolic health (310, 311) and increases in anti-

inflammatory endocannabinoids (311). A. muciniphila may promote anti-inflammatory 

immune regulation through an up-regulation of endogenous endocannabinoids and could be 

evaluated in future studies for its contribution to the incidence of URS in athletes. M. smithii 

was present in three athletes reporting URS, compared to all athletes in the asymptomatic 

group. High M. smithii has been linked with inflammation (313, 315), the lower prevalence 

of M. smithii in the URS group may suggest a predominantly anti-inflammatory environment. 

The anti-inflammatory influence of exercise is thought to be a primary reason for the 

increased susceptibility to URS in athletes (202). An anti-inflammatory environment would 

increase the likelihood of infectious URS; however, it would also likely reduce the severity 

of symptoms by tempering the inflammatory response to antigen or injury. While the findings 

from the current work provide some insight for the role of the microbiome in the development 
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of URS the small sample size, descriptive nature of the study and differences in dietary intake 

are recognised as limitations. A prospective statistically powered longitudinal study, using a 

larger human cohort is required to examine whether differences in the gut microbiome can 

predict subsequent URS or if differences in the gut microbiome are induced by viral infection. 

Furthermore, as diet is the main contributor to the composition of the gut microbiota (8), an 

assessment of dietary intake should also be included in future work. 

7.7 Conclusion 
The contribution of this thesis to the field of exercise immunology are outlined below. 

1. The studies in this thesis provided a comprehensive evaluation of multiple lifestyle

and immune factors thought to contribute to URS susceptibility in elite athletes. The

application of several novel methods to research concerning URS in elite athletes

including, mass cytometry, CITRUS (machine learning), digital gene expression, the

Mito Stress Test and 16S RNA sequencing has provided a multidimensional analysis

of the factors suspected to contribute to the problem of URS in elite athletes.

2. Data on the incidence of URS during Olympic selection events. There were 53% of

athletes who reported URS retrospectively for two or more days during a one-month

period during selection events for a summer Olympic Games. Due to the likelihood

that URS can impair training and athletic performance, URS is a major concern for

athletes and the athlete management team. The current work highlights that during

high pressure selection events, in the lead up to a major competition, URS was present

in more than 50% of this cohort.

3. Evidence for the role of sport in susceptibility to URS has been demonstrated. Eleven

of the 12 athletes surveyed from the water polo team reported URS. The result may

reflect the proximity and shared living quarters of the athletes and possible spread of

infectious URS, or it may reflect URS due to aeroallergens through frequent exposure

to chlorinated pool water. In contrast, Rugby 7’s showed a trend for a significant

relationship with remaining asymptomatic for URS. The aetiology of URS and the
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sport and living arrangements of athletes should be considered by physicians when 

considering treatment and URS diagnosis. 

4. The observation that the use of probiotics in the previous month was three times

higher in the URS group compared to the asymptomatic group. This information

could suggest that athletes may have been using probiotics to assist with problematic

URS and potentially may not have been helpful. Further work to identify the

frequency, dosage and strain of the probiotics that are efficacious against URS,

together with improved dissemination of this information with athletes and athlete

management teams is recommended.

5. The incidence of low-energy availability was significantly higher in female athletes

reporting URS. Low-energy availability is linked with possible micro and

macronutrient deficiencies that may contribute to poor immune health and increased

susceptibility to URS. The root cause of low energy availability is essential to identify

and treat as priority, with the benefits to health and athletic performance to follow.

The athlete management team should be aware of the signs of low energy availability

and ways in which to support athletes. Furthermore, an equivalent questionnaire

should be devised for male athletes and should be approached as it is with female

athletes.

6. For the first time in exercise immunology, mass cytometry and machine learning

approaches were used to evaluate the PBMC phenotype in association with

retrospective URS. Mass cytometry provided the opportunity to profile the PBMC

phenotype with more resolution than ever before. Additionally, machine learning was

able to identify differences in the expression of functional PBMC markers that

manual gating could not. The integration of these novel methods into exercise

immunology research will further reveal the intricacies of immune regulation in

response to exercise.

7. The analysis of functional PBMC markers has been more insightful than PBMC

subset quantification alone. The expression of PBMC functional markers including

CLA, CD 49d and CD 86, were significantly higher in athletes reporting URS
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whereas no significant differences in PBMC frequencies were observed. The CLA 

and CD 49d are markers that are involved in the extravasation of PBMCs from the 

circulation to peripheral tissues and CD 86 is a co-receptor that is essential for cell-

cell communication.  

8. IFI27 gene expression is triggered in response to viral infection and in this study

IFI27 was able to classify athletes reporting URS with 78% accuracy. The result

suggests that the majority of URS incidence observed in elite athletes may be due to

viral aetiology. In future, IFI27 gene expression may be a useful marker used to

differentiate viral URS from alternate URS aetiologies, particularly with regards to

athletes with problematic URS.

9. PBMC immunometabolism may be associated with URS susceptibility. Several

mitochondrial parameters (stressed OCR, baseline and stressed ECAR, non-

mitochondrial OC, maximal respiration, ATP production and spare respiratory

capacity) were lower in athletes reporting URS and were negatively correlated with

cells such as NK T cells, NK cells and T regs, that have roles in the innate immune

response, immune regulation and defence against viruses. Further investigation of

mitochondrial parameters using isolated PBMC subsets in athletes reporting URS is

recommended.

10. In a small pilot study comparing the gut microbiota of six female soccer players

reporting URS and six asymptomatic female soccer players, this preliminary data

showed differences that justify further investigation in a larger cohort.
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Appendices 
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Appendix 1: A multifactorial evaluation of illness risk factors in athletes 
preparing for the Summer Olympic Games 
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Appendix 2: Incidence of illness, poor mental health and sleep quality and 
low energy availability prior to the 2016 Summer Olympic Games 
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Appendix 3: Custom Questionnaire 

Q1. In the last month, have you had upper respiratory symptoms such as blocked or runny nose, sore 

throat or sneezing? 

Q1.1. How many days of FULL TRAINING with upper respiratory symptoms? 

Q1.2. How many days of MODIFIED TRAINING with upper respiratory symptoms? 

Q1.3. How many days were there where you COULD NOT TRAIN due to upper respiratory 

symptoms? 

Q2. In the last month, have you had chest infection symptoms such as coughing, sputum, chest 

congestion, wheezing or high temperature? 

Q2.1. How many days of FULL TRAINING with chest infection symptoms? 

Q2.2. How many days of MODIFIED TRAINING with chest infection symptoms? 

Q2.3. How many days were there where you COULD NOT TRAIN due to chest infection 

symptoms? 

Q3. In the last month, have you had aching or swollen muscles and/or joints that are not related to 

injury? 

Q4. In the last month, have you had gastrointestinal symptoms such as nausea, vomiting, diarrhoea, 

abdominal pain, bloating, painful swallowing or loss of appetite? 

Q5. In the last month, have you had head symptoms such as headache, migraine, dizziness, vision 

impairment, vertigo, glare/light intolerance? 

Q6. In the last month, have you had general fatigue symptoms such as lethargy or tiredness? 

Q7. How many times have you been injured in the last month? 

Q8. In the last month, how many times have you travelled to another country? 

Q10. In the last month, have you been regularly taking probiotic supplements? 
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Appendix 4: The coefficient of variation for each PBMC subset 

The figure displays each immune cell population on the x-axis and its mean percent on the y-axis for each of the five control samples. In the graph, the percentages 

represent the coefficient of variation for each immune cell population. Overall the variation between the control samples is small, particularly with regards to the 

larger populations such as CD 4+ and CD 8+ T cells. As expected smaller populations, such as dendritic cells, had more variation.
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Appendix 5: Model error rate assessing immune cell frequency 
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Appendix 6: Features plot displaying stratifying clusters based on cell frequency 
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Appendix 7: Model error rate for the analysis of the expression functional immune 

markers 

247



Appendix 8: Marker trees for all lineage markers. Each plot displays the level of 
expression for each marker across all clusters. The level of expression is indicated by the key 
to the right of the plot with blue being low expression and red being high expression. 

CD 19 CD 45RA CCR5 

CD 56 CD 27 CD 14 

CD 161 CD 127 CD 20 
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Appendix 9: Marker trees for all lineage markers used to cluster cells prior to the 
comparison of functional markers. Each plot displays the level of expression for each marker 
across all clusters. The level of expression is indicated by the key to the right of the plot with 
blue being low expression and red being high expression. 
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CD 4 CD 16 CD 45RO 

IgD CD 38 CD 8 

CD 25 CD 3 HLA_DR 
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Appendix 10: Hierarchic clustering 

 

Unsupervised hierarchic clustering of all 305 immune genes that were expressed above 
background from athletes reporting URS (n=38) and asymptomatic athletes (n=33), shown 
in grey and coral, respectively within the horizontal row above the heat map. Each column 
within the heat map represents a sample and each row represents a gene. The horizontal 
yellow bar at the top of the map represents the quality control (QC) standards (positive 
control, binding density and imaging) the yellow colour indicates that all sample passed QC. 
The grey column to the left of the map represents the gene count threshold and the grey colour 
indicates that all genes met the minimum expression of 50 transcripts. Within the heat map, 
the data is plotted as z-score, orange is indicative of high gene expression and blue is 
indicative of low gene expression. Despite some minor clustering of URS subjects to the 
right of the map no substantial differences in overall immune gene expression can separate 
the groups 
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Appendix 11 Differential gene expression between the URS and the asymptomatic 

group. Most genes reaching p<0.05 were expressed at a higher frequency in the URS group. 

Only IFI27 remained significant following adjustment for multiple comparisons BY.p<0.05.  

Gene 

Log2 

FD 

Linear 

FD 

Confidence limit 

(Log2) P-value BY.p.value 

Lower Upper 

IFI27 2.49 5.62 1.67 3.31 1.28*10^-07 6.7*10-04 

ISG15 1.51 2.85 0.83 2.20 5.71*10-05 0.15 

OAS3 1.42 2.68 0.76 2.09 9.03*10-05 0.16 

IFIT1 1.53 2.89 0.80 2.27 1.30*10-04 0.17 

MX1 1.13 2.19 0.53 1.73 4.90*10-04 0.51 

ITGA2B 0.72 1.65 0.28 1.16 1.93*10-03 1 

CD 38 0.41 1.33 0.15 0.68 3.18*10-03 1 

STAT2 0.54 1.46 0.18 0.91 4.80*10-03 1 

LGALS3 0.54 1.46 0.18 0.91 5.12*10-03 1 

TAP2 0.36 1.28 0.12 0.61 5.41*10-03 1 

ARG1 -1.02 0.49 -1.73 -0.32 6.13*10-03 1 

SERPING1 1.07 2.10 0.28 1.87 0.010 1 

IFIH1 0.53 1.45 0.14 0.93 0.011 1 

STAT1 0.52 1.43 0.13 0.91 0.011 1 

IFI35 0.60 1.52 0.15 1.06 0.012 1 

DDX58 0.54 1.45 0.13 0.95 0.012 1 

CXCL10 1.15 2.22 0.28 2.03 0.012 1 

THBD -0.45 0.73 -0.79 -0.10 0.013 1 

CCL2 1.19 2.28 0.26 2.12 0.014 1 

ITGA5 -0.21 0.86 -0.38 -0.05 0.015 1 

C4B 0.81 1.75 0.17 1.45 0.016 1 

TAB1 0.16 1.12 0.03 0.29 0.017 1 

TOLLIP -0.18 0.88 -0.33 -0.03 0.018 1 

IL18R1 -0.44 0.74 -0.80 -0.08 0.018 1 

APP 0.19 1.14 0.04 0.35 0.019 1 

CYLD 0.14 1.10 0.03 0.25 0.020 1 
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NOD1 0.26 1.20 0.04 0.48 0.022 1 

IFIT2 0.69 1.62 0.11 1.27 0.022 1 

CD H1 0.55 1.46 0.09 1.01 0.022 1 

IL6ST 0.18 1.13 0.03 0.32 0.023 1 

NLRC5 0.28 1.22 0.04 0.52 0.025 1 

IRF7 0.50 1.42 0.07 0.93 0.026 1 

CFP -0.18 0.88 -0.34 -0.02 0.028 1 

BCL2 0.23 1.18 0.03 0.44 0.030 1 

IL12RB1 0.18 1.13 0.02 0.34 0.030 1 

IL4R -0.30 0.81 -0.56 -0.03 0.031 1 

MAP2K4 -0.18 0.89 -0.33 -0.02 0.032 1 

BST2 0.30 1.23 0.03 0.57 0.034 1 

IL18RAP -0.47 0.72 -0.90 -0.04 0.035 1 

IL16 -0.10 0.93 -0.20 -0.01 0.035 1 

FLT3LG 0.16 1.12 0.01 0.31 0.037 1 

CD 83 0.24 1.18 0.02 0.46 0.038 1 

CD 97 -0.21 0.87 -0.40 -0.01 0.040 1 

BID -0.29 0.82 -0.56 -0.01 0.045 1 

ISG20 0.28 1.21 0.01 0.55 0.046 1 

SIGLEC1 0.79 1.73 0.03 1.55 0.046 1 

SELPLG -0.17 0.89 -0.33 -0.01 0.047 1 

UBC -0.14 0.91 -0.27 0.00 0.049 1 

THBS1 0.40 1.32 0.01 0.79 0.049 1 

IRF4 0.23 1.17 0.01 0.45 0.049 1 

PBK 0.49 1.41 0.01 0.97 0.05 1 

TNFSF14 -0.22 0.86 -0.44 0.00 0.05 1 

HLADOB 0.25 1.19 0.00 0.50 0.05 1 

IL1R2 -0.41 0.76 -0.81 0.00 0.05 1 

TRAF3 0.12 1.09 0.00 0.24 0.05 1 

ITGA4 0.13 1.09 0.00 0.26 0.05 1 

S100A12 -0.44 0.74 -0.87 0.00 0.05 1 

POU2F2 0.15 1.11 0.00 0.30 0.06 1 
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HLADMA 0.15 1.11 0.00 0.30 0.06 1 

BCL2L1 0.37 1.29 -0.01 0.75 0.06 1 

IL2RG 0.12 1.09 0.00 0.25 0.06 1 

STAT5B -0.17 0.89 -0.35 0.01 0.06 1 

TNFRSF10C -0.25 0.84 -0.52 0.01 0.07 1 

LRP1 0.24 1.18 -0.01 0.48 0.07 1 

IL17A -0.50 0.71 -1.02 0.03 0.07 1 

TAP1 0.27 1.20 -0.02 0.56 0.07 1 

CXCR6 -0.32 0.80 -0.66 0.03 0.08 1 

F13A1 0.27 1.20 -0.02 0.55 0.08 1 

LCN2 0.29 1.23 -0.03 0.62 0.08 1 

FOS -0.25 0.84 -0.53 0.03 0.08 1 

CD 36 0.18 1.13 -0.02 0.38 0.08 1 

SMAD3 0.13 1.09 -0.01 0.27 0.08 1 

ICAM3 -0.17 0.89 -0.36 0.02 0.08 1 

CD 74 0.15 1.11 -0.02 0.32 0.08 1 

SLC11A1 -0.30 0.82 -0.63 0.04 0.09 1 

IDO1 0.73 1.66 -0.09 1.55 0.09 1 

CEBPB -0.23 0.86 -0.48 0.03 0.09 1 

ROPN1 0.44 1.35 -0.06 0.93 0.09 1 

MFGE8 0.22 1.17 -0.03 0.48 0.09 1 

PRG2 0.34 1.26 -0.05 0.72 0.09 1 

BCL6 -0.31 0.81 -0.67 0.04 0.09 1 

ITGB3 0.44 1.36 -0.07 0.94 0.09 1 

MAP4K2 0.09 1.06 -0.01 0.19 0.10 1 

FUT7 -0.26 0.84 -0.55 0.04 0.10 1 

CXCR1 -0.23 0.85 -0.51 0.04 0.10 1 

HLADRB4 1.96 3.89 -0.37 4.28 0.10 1 

IKBKE 0.11 1.08 -0.02 0.25 0.11 1 

HAMP -0.48 0.72 -1.06 0.10 0.11 1 

CD 40 0.18 1.13 -0.04 0.40 0.11 1 

CD 1E -0.41 0.75 -0.90 0.09 0.11 1 
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PNMA1 0.14 1.10 -0.03 0.30 0.11 1 

CYBB 0.19 1.14 -0.04 0.43 0.12 1 

IKBKB 0.10 1.07 -0.02 0.22 0.12 1 

TRAF6 -0.09 0.94 -0.20 0.02 0.12 1 

TREM1 -0.24 0.85 -0.54 0.06 0.12 1 

TFRC 0.29 1.22 -0.07 0.64 0.12 1 

RELA -0.13 0.92 -0.28 0.03 0.12 1 

TNFSF10 0.28 1.21 -0.07 0.62 0.12 1 

TLR4 -0.22 0.86 -0.50 0.06 0.12 1 

LTA 0.16 1.11 -0.04 0.36 0.13 1 

IL6 0.39 1.31 -0.11 0.88 0.13 1 

CXCR2 -0.21 0.86 -0.48 0.06 0.13 1 

IL15 0.24 1.18 -0.07 0.54 0.13 1 

CCRL2 0.26 1.20 -0.08 0.60 0.14 1 

IL13 0.41 1.33 -0.13 0.95 0.14 1 

IL15RA 0.32 1.25 -0.10 0.74 0.14 1 

MST1R 0.39 1.31 -0.12 0.91 0.14 1 

IL2 0.42 1.34 -0.13 0.98 0.14 1 

MAPK3 -0.13 0.91 -0.31 0.04 0.14 1 

ICOS 0.16 1.11 -0.05 0.36 0.15 1 

CCL14 0.45 1.36 -0.15 1.04 0.15 1 

SELE 0.46 1.38 -0.16 1.08 0.15 1 

ANP32B 0.12 1.08 -0.04 0.27 0.15 1 

IL11RA 0.14 1.10 -0.05 0.34 0.15 1 

CD 209 0.33 1.26 -0.12 0.77 0.15 1 

HLADMB 0.12 1.08 -0.04 0.28 0.15 1 

CD 99 0.10 1.07 -0.04 0.24 0.15 1 

IFNGR1 -0.14 0.91 -0.33 0.05 0.16 1 

SOCS1 0.41 1.33 -0.16 0.98 0.16 1 

SAA1 0.41 1.32 -0.15 0.96 0.16 1 

LAMP3 0.56 1.47 -0.22 1.34 0.16 1 

IL17B 0.43 1.35 -0.17 1.03 0.17 1 
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FPR2 -0.22 0.86 -0.53 0.09 0.17 1 

GNLY -0.24 0.85 -0.57 0.10 0.17 1 

CD KN1A 0.22 1.16 -0.09 0.52 0.17 1 

CD 244 -0.12 0.92 -0.28 0.05 0.17 1 

CTLA4 0.15 1.11 -0.06 0.35 0.17 1 

ILF3 0.07 1.05 -0.03 0.16 0.18 1 

TAPBP 0.12 1.09 -0.05 0.29 0.18 1 

TNFSF8 0.09 1.06 -0.04 0.21 0.18 1 

TNFSF12 -0.11 0.92 -0.28 0.05 0.18 1 

CD 3G 0.12 1.09 -0.06 0.30 0.19 1 

CD 58 -0.13 0.92 -0.31 0.06 0.19 1 

PSMB9 0.15 1.11 -0.07 0.37 0.19 1 

TFEB -0.12 0.92 -0.30 0.06 0.19 1 

XCR1 0.35 1.27 -0.16 0.85 0.19 1 

C2 0.76 1.69 -0.36 1.87 0.19 1 

IFNAR1 -0.14 0.91 -0.34 0.07 0.19 1 

PSMB10 0.12 1.09 -0.06 0.30 0.19 1 

CD 63 -0.12 0.92 -0.30 0.06 0.19 1 

CRP -0.35 0.79 -0.86 0.17 0.19 1 

MASP1 -0.34 0.79 -0.86 0.17 0.19 1 

TNFSF13B 0.27 1.20 -0.14 0.67 0.20 1 

ICAM2 0.09 1.06 -0.04 0.22 0.20 1 

C3AR1 -0.21 0.87 -0.52 0.11 0.20 1 

IFITM2 -0.21 0.87 -0.52 0.11 0.20 1 

CD 40LG 0.10 1.07 -0.05 0.26 0.20 1 

TLR1 -0.16 0.90 -0.39 0.08 0.21 1 

CCL15 0.35 1.27 -0.19 0.88 0.21 1 

PTGS2 -0.14 0.91 -0.34 0.07 0.21 1 

PSEN1 -0.10 0.93 -0.26 0.06 0.22 1 

CD 180 0.14 1.10 -0.08 0.36 0.22 1 

CTCFL 0.39 1.31 -0.23 1.00 0.22 1 

HLADRB3 0.12 1.09 -0.07 0.31 0.22 1 
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THY1 -0.33 0.79 -0.86 0.20 0.22 1 

CD 274 0.44 1.35 -0.26 1.13 0.22 1 

CFB 0.34 1.26 -0.20 0.88 0.22 1 

ITK 0.10 1.07 -0.06 0.27 0.23 1 

LILRB1 0.13 1.10 -0.08 0.34 0.23 1 

TAL1 0.20 1.15 -0.12 0.51 0.23 1 

TBK1 0.10 1.07 -0.06 0.26 0.23 1 

TFE3 -0.17 0.89 -0.43 0.10 0.23 1 

TRAF2 0.08 1.06 -0.05 0.21 0.23 1 

CD 33 -0.11 0.92 -0.30 0.07 0.24 1 

TCF7 0.10 1.07 -0.06 0.26 0.24 1 

NFKBIA -0.10 0.93 -0.26 0.06 0.24 1 

MAPK11 0.27 1.20 -0.17 0.70 0.24 1 

MAPK14 -0.15 0.90 -0.39 0.09 0.24 1 

LTF 0.30 1.23 -0.19 0.79 0.24 1 

MAPKAPK2 -0.10 0.93 -0.28 0.07 0.24 1 

CD 276 0.31 1.24 -0.21 0.84 0.24 1 

FCER1A -0.17 0.89 -0.47 0.12 0.24 1 

ADORA2A 0.09 1.06 -0.06 0.23 0.24 1 

BTK 0.10 1.07 -0.06 0.26 0.25 1 

CCL19 0.32 1.25 -0.22 0.86 0.25 1 

ATG16L1 0.07 1.05 -0.05 0.18 0.25 1 

CD 28 0.12 1.09 -0.08 0.32 0.25 1 

IFI16 0.19 1.14 -0.13 0.50 0.25 1 

CLEC7A 0.14 1.10 -0.10 0.37 0.25 1 

GTF3C1 0.10 1.07 -0.07 0.27 0.25 1 

SPO11 0.33 1.25 -0.23 0.88 0.25 1 

TNFRSF17 0.26 1.20 -0.18 0.71 0.25 1 

CTSW -0.16 0.90 -0.42 0.11 0.25 1 

CASP8 -0.08 0.95 -0.21 0.06 0.25 1 

IL18 -0.17 0.89 -0.45 0.12 0.26 1 

PIN1 0.08 1.05 -0.05 0.21 0.26 1 
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IFNA8 -0.34 0.79 -0.91 0.24 0.26 1 

CD 96 0.09 1.06 -0.06 0.24 0.26 1 

BCL10 -0.08 0.95 -0.21 0.06 0.26 1 

CCL21 -0.34 0.79 -0.93 0.25 0.26 1 

ELANE 0.25 1.19 -0.19 0.69 0.26 1 

RUNX1 0.08 1.06 -0.06 0.22 0.26 1 

TNFRSF11A -0.23 0.86 -0.62 0.17 0.27 1 

HLADPA1 0.11 1.08 -0.08 0.31 0.27 1 

LILRA5 -0.19 0.88 -0.52 0.14 0.27 1 

LILRB2 -0.12 0.92 -0.32 0.09 0.27 1 

NFATC1 0.08 1.06 -0.07 0.23 0.27 1 

TNFRSF8 -0.12 0.92 -0.32 0.09 0.28 1 

IFNAR2 -0.08 0.95 -0.21 0.06 0.28 1 

CD 6 0.09 1.06 -0.07 0.25 0.28 1 

IRF8 0.09 1.06 -0.07 0.25 0.28 1 

IRAK2 -0.11 0.92 -0.32 0.09 0.29 1 

CD 34 0.29 1.22 -0.24 0.82 0.29 1 

VCAM1 -0.32 0.80 -0.90 0.27 0.29 1 

EPCAM -0.29 0.82 -0.84 0.25 0.29 1 

C9 -0.28 0.82 -0.80 0.24 0.29 1 

CASP1 0.13 1.09 -0.11 0.36 0.30 1 

IL2RA 0.13 1.10 -0.11 0.38 0.30 1 

MAP2K2 0.07 1.05 -0.06 0.20 0.30 1 

CSF3R -0.13 0.91 -0.37 0.11 0.30 1 

TNFRSF1A -0.11 0.93 -0.31 0.10 0.30 1 

C6 0.29 1.22 -0.26 0.84 0.30 1 

STAT4 0.09 1.06 -0.08 0.25 0.30 1 

CEACAM1 0.24 1.18 -0.21 0.68 0.30 1 

HLADRA 0.09 1.06 -0.08 0.26 0.31 1 

TLR8 -0.14 0.91 -0.41 0.13 0.31 1 

DOCK9 0.10 1.07 -0.09 0.29 0.31 1 

CD 4 0.10 1.07 -0.09 0.28 0.31 1 
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LTBR -0.11 0.93 -0.33 0.10 0.31 1 

LY86 0.09 1.06 -0.08 0.26 0.32 1 

NFATC4 -0.28 0.83 -0.81 0.26 0.32 1 

MAGEC1 0.32 1.25 -0.31 0.96 0.32 1 

NLRP3 -0.12 0.92 -0.35 0.11 0.32 1 

NFKB2 0.08 1.05 -0.07 0.23 0.33 1 

TNFAIP3 0.08 1.06 -0.08 0.24 0.33 1 

PLA2G1B 0.31 1.24 -0.30 0.91 0.33 1 

MR1 0.11 1.08 -0.11 0.33 0.33 1 

PSMB8 0.10 1.07 -0.10 0.31 0.33 1 

ZAP70 0.08 1.06 -0.08 0.23 0.33 1 

CLEC4C 0.25 1.19 -0.25 0.74 0.33 1 

TLR2 -0.13 0.92 -0.38 0.13 0.33 1 

CD 47 0.04 1.03 -0.04 0.12 0.34 1 

S100A8 -0.18 0.88 -0.54 0.19 0.34 1 

RELB 0.12 1.08 -0.12 0.35 0.34 1 

MNX1 -0.26 0.84 -0.79 0.27 0.34 1 

NRP1 0.19 1.14 -0.20 0.58 0.34 1 

CD 14 -0.12 0.92 -0.36 0.12 0.34 1 

NUP107 0.07 1.05 -0.08 0.22 0.34 1 

MPPED1 -0.23 0.85 -0.70 0.24 0.35 1 

BATF -0.10 0.93 -0.32 0.11 0.35 1 

CD 3E 0.07 1.05 -0.08 0.22 0.35 1 

CCL3L1 -0.27 0.83 -0.82 0.29 0.35 1 

CCL5 0.10 1.07 -0.11 0.32 0.35 1 

C1QBP 0.06 1.05 -0.07 0.20 0.36 1 

CCND3 -0.06 0.96 -0.20 0.07 0.36 1 

IL6R -0.09 0.94 -0.30 0.11 0.36 1 

MEF2C 0.10 1.07 -0.12 0.31 0.37 1 

CCL3 -0.23 0.86 -0.72 0.27 0.37 1 

LAMP2 -0.09 0.94 -0.27 0.10 0.37 1 

PYCARD -0.09 0.94 -0.29 0.11 0.37 1 
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CX3CL1 0.25 1.19 -0.29 0.79 0.37 1 

FYN 0.06 1.04 -0.07 0.18 0.37 1 

ATG10 -0.08 0.94 -0.27 0.10 0.38 1 

TLR6 -0.11 0.93 -0.36 0.14 0.38 1 

ENTPD1 -0.13 0.92 -0.40 0.15 0.38 1 

CD 3D 0.08 1.05 -0.09 0.24 0.38 1 

PECAM1 -0.08 0.95 -0.26 0.10 0.38 1 

NOD2 0.13 1.09 -0.16 0.42 0.38 1 

EWSR1 0.04 1.03 -0.05 0.12 0.38 1 

IFITM1 0.16 1.12 -0.20 0.52 0.38 1 

CARD9 0.09 1.06 -0.11 0.29 0.39 1 

IL1RAP -0.12 0.92 -0.40 0.15 0.39 1 

PPARG 0.23 1.18 -0.29 0.76 0.39 1 

PIK3CD -0.06 0.96 -0.21 0.08 0.39 1 

ANXA1 -0.06 0.96 -0.19 0.07 0.39 1 

REL 0.06 1.04 -0.08 0.19 0.40 1 

TLR10 -0.08 0.95 -0.27 0.11 0.40 1 

TANK 0.09 1.06 -0.12 0.30 0.41 1 

IFNL2 0.24 1.18 -0.32 0.79 0.41 1 

NCF4 -0.11 0.93 -0.35 0.14 0.41 1 

CD 8B -0.11 0.93 -0.36 0.14 0.41 1 

IL17F 0.24 1.18 -0.32 0.80 0.41 1 

IL8 0.16 1.12 -0.23 0.55 0.42 1 

FCER1G -0.14 0.91 -0.47 0.19 0.42 1 

HCK -0.09 0.94 -0.31 0.13 0.42 1 

IRF5 0.09 1.06 -0.12 0.30 0.42 1 

LIF 0.25 1.19 -0.35 0.84 0.42 1 

JAK2 0.10 1.07 -0.14 0.33 0.42 1 

CR1 -0.12 0.92 -0.43 0.18 0.42 1 

IFNB1 0.22 1.17 -0.32 0.77 0.43 1 

TICAM1 -0.07 0.95 -0.25 0.10 0.43 1 

SPANXB1 0.25 1.19 -0.36 0.85 0.43 1 
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NOTCH1 -0.09 0.94 -0.30 0.13 0.43 1 

BLK 0.14 1.10 -0.21 0.49 0.43 1 

IRAK4 -0.05 0.96 -0.19 0.08 0.43 1 

PTPRC -0.11 0.93 -0.37 0.16 0.44 1 

PDCD1LG2 0.39 1.31 -0.59 1.36 0.44 1 

ALCAM 0.08 1.05 -0.12 0.27 0.44 1 

CD 27 0.07 1.05 -0.10 0.24 0.44 1 

IRAK1 -0.05 0.97 -0.16 0.07 0.44 1 

CXCL13 0.23 1.17 -0.36 0.81 0.45 1 

LILRA1 -0.07 0.95 -0.27 0.12 0.45 1 

KLRK1 -0.08 0.94 -0.30 0.13 0.45 1 

CXCR4 -0.06 0.96 -0.20 0.09 0.45 1 

TXNIP -0.05 0.96 -0.20 0.09 0.45 1 

CD 5 0.07 1.05 -0.11 0.24 0.45 1 

USP9Y -0.29 0.82 -1.03 0.45 0.45 1 

SH2B2 -0.09 0.94 -0.33 0.15 0.45 1 

ETS1 0.06 1.04 -0.10 0.23 0.45 1 

C7 0.24 1.18 -0.38 0.85 0.45 1 

CCL11 -0.21 0.87 -0.75 0.33 0.45 1 

ITGB1 0.06 1.04 -0.10 0.23 0.46 1 

MSR1 0.46 1.38 -0.76 1.68 0.46 1 

AICDA -0.17 0.89 -0.62 0.28 0.46 1 

EP300 0.04 1.03 -0.07 0.15 0.46 1 

CXCL11 0.54 1.45 -0.89 1.96 0.47 1 

LTB 0.05 1.04 -0.09 0.19 0.47 1 

CXCL16 -0.09 0.94 -0.33 0.15 0.47 1 

ECSIT 0.08 1.06 -0.14 0.29 0.47 1 

IGF2R -0.09 0.94 -0.33 0.16 0.47 1 

TNFSF11 -0.19 0.88 -0.69 0.32 0.48 1 

MAP3K5 0.06 1.04 -0.11 0.24 0.48 1 

PASD1 0.21 1.15 -0.36 0.77 0.48 1 

FUT5 0.21 1.15 -0.36 0.78 0.48 1 
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ULBP2 0.17 1.13 -0.30 0.64 0.48 1 

LRRN3 0.13 1.09 -0.23 0.49 0.48 1 

TIGIT 0.10 1.07 -0.17 0.36 0.48 1 

CCR1 0.13 1.10 -0.24 0.50 0.48 1 

HSD11B1 -0.17 0.89 -0.65 0.31 0.49 1 

SYT17 -0.17 0.89 -0.65 0.31 0.49 1 

SBNO2 -0.09 0.94 -0.36 0.17 0.49 1 

IL26 -0.16 0.90 -0.61 0.29 0.49 1 

CD 22 0.08 1.06 -0.16 0.32 0.50 1 

TLR5 -0.16 0.90 -0.61 0.29 0.50 1 

CCR7 0.08 1.05 -0.14 0.29 0.50 1 

CCL22 0.21 1.16 -0.40 0.82 0.50 1 

MAF 0.06 1.04 -0.12 0.24 0.51 1 

KIR3DL1 0.35 1.28 -0.69 1.40 0.51 1 

IL13RA1 -0.08 0.95 -0.32 0.16 0.51 1 

TNFRSF11B 0.21 1.16 -0.42 0.85 0.51 1 

KLRB1 -0.10 0.94 -0.38 0.19 0.51 1 

CD 24 0.07 1.05 -0.15 0.30 0.51 1 

CCR6 0.08 1.06 -0.17 0.34 0.51 1 

KIR Activating 

Subgroup 2 0.31 1.24 -0.62 1.24 0.51 1 

C8G 0.14 1.10 -0.27 0.54 0.51 1 

IL22 0.20 1.15 -0.40 0.80 0.52 1 

IL1RN 0.12 1.09 -0.25 0.49 0.52 1 

TNFSF4 0.09 1.06 -0.18 0.36 0.52 1 

KLRC1 0.12 1.09 -0.25 0.49 0.52 1 

KIR Inhibiting 

Subgroup 1 0.45 1.37 -0.92 1.82 0.52 1 

BTLA 0.06 1.04 -0.12 0.24 0.52 1 

MAGEA12 0.18 1.13 -0.37 0.73 0.52 1 

FCGR2B 0.10 1.07 -0.21 0.41 0.52 1 

C1QB 0.36 1.29 -0.76 1.48 0.53 1 
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PRM1 0.18 1.13 -0.37 0.73 0.53 1 

KIR_ Inhibiting 

Subgroup 2 0.43 1.34 -0.91 1.76 0.53 1 

CD 207 0.17 1.13 -0.37 0.72 0.54 1 

CCR2 0.06 1.04 -0.13 0.25 0.54 1 

ITGAL 0.03 1.02 -0.07 0.14 0.54 1 

FCGR2A -0.09 0.94 -0.37 0.19 0.54 1 

CXCR5 0.08 1.06 -0.17 0.33 0.54 1 

RORA 0.06 1.04 -0.12 0.24 0.54 1 

MRC1 -0.12 0.92 -0.52 0.27 0.54 1 

CD 84 0.05 1.04 -0.12 0.23 0.54 1 

HMGB1 0.02 1.02 -0.05 0.09 0.54 1 

ICAM1 -0.08 0.95 -0.34 0.18 0.54 1 

TBX21 -0.08 0.95 -0.33 0.17 0.55 1 

YTHDF2 0.03 1.02 -0.07 0.14 0.55 1 

VEGFA -0.08 0.95 -0.34 0.18 0.55 1 

IL3 0.19 1.14 -0.42 0.80 0.55 1 

LCP1 -0.06 0.96 -0.24 0.13 0.55 1 

PIK3CG -0.04 0.97 -0.16 0.09 0.55 1 

CD 86 0.06 1.04 -0.14 0.26 0.56 1 

IL24 -0.13 0.91 -0.58 0.31 0.56 1 

IGLL1 0.17 1.12 -0.40 0.73 0.57 1 

MEFV -0.07 0.95 -0.31 0.17 0.57 1 

SMPD3 0.32 1.25 -0.78 1.43 0.57 1 

MME -0.10 0.93 -0.44 0.24 0.57 1 

CCR5 -0.07 0.95 -0.32 0.18 0.57 1 

CFI 0.17 1.12 -0.40 0.73 0.57 1 

IFNA7 0.14 1.10 -0.33 0.60 0.57 1 

MARCO 0.39 1.31 -0.96 1.74 0.57 1 

IL7R 0.05 1.04 -0.12 0.22 0.57 1 

NFKB1 -0.05 0.97 -0.21 0.12 0.58 1 

CSF2RB -0.07 0.96 -0.30 0.17 0.58 1 
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CFD 0.15 1.11 -0.39 0.70 0.58 1 

CTSL 0.44 1.36 -1.15 2.04 0.59 1 

CD 19 0.07 1.05 -0.19 0.34 0.59 1 

SLAMF7 0.08 1.05 -0.20 0.35 0.59 1 

APOE 0.15 1.11 -0.39 0.69 0.59 1 

MAGEA1 -0.17 0.89 -0.79 0.45 0.59 1 

LAMP1 -0.03 0.98 -0.15 0.09 0.59 1 

IL25 -0.15 0.90 -0.70 0.40 0.59 1 

CD 53 -0.04 0.97 -0.21 0.12 0.59 1 

TREM2 0.14 1.10 -0.37 0.65 0.59 1 

IFNA17 0.14 1.10 -0.36 0.63 0.60 1 

MAPK8 -0.03 0.98 -0.16 0.09 0.60 1 

ATF1 -0.03 0.98 -0.12 0.07 0.60 1 

IL1RL2 0.14 1.10 -0.39 0.68 0.60 1 

MAVS -0.03 0.98 -0.15 0.09 0.61 1 

IL23A 0.07 1.05 -0.19 0.33 0.61 1 

ITGA1 0.43 1.35 -1.20 2.06 0.61 1 

CYFIP2 -0.02 0.99 -0.11 0.06 0.61 1 

LYN -0.06 0.96 -0.28 0.17 0.61 1 

CMA1 0.14 1.10 -0.40 0.67 0.61 1 

SPP1 0.24 1.18 -0.69 1.18 0.61 1 

TYK2 -0.03 0.98 -0.17 0.10 0.62 1 

IL22RA1 0.16 1.11 -0.45 0.76 0.62 1 

C8B 0.14 1.10 -0.40 0.68 0.62 1 

CCR3 -0.09 0.94 -0.46 0.27 0.62 1 

CD 1C -0.06 0.96 -0.30 0.18 0.62 1 

VEGFC 0.32 1.25 -0.93 1.56 0.62 1 

CD H5 0.12 1.09 -0.36 0.61 0.62 1 

CCL8 0.35 1.27 -1.04 1.74 0.62 1 

KLRD1 -0.07 0.96 -0.33 0.20 0.63 1 

CKLF -0.07 0.96 -0.33 0.19 0.63 1 

NFATC2 0.04 1.03 -0.13 0.21 0.63 1 
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LILRB3 -0.06 0.96 -0.31 0.19 0.63 1 

PRAME 0.14 1.11 -0.44 0.73 0.63 1 

SYCP1 -0.15 0.90 -0.78 0.47 0.63 1 

RIPK2 0.05 1.04 -0.16 0.26 0.63 1 

PDGFRB 0.41 1.32 -1.25 2.06 0.63 1 

TARP -0.08 0.95 -0.39 0.24 0.64 1 

ITGAE 0.04 1.03 -0.13 0.21 0.64 1 

SIGIRR 0.04 1.02 -0.11 0.18 0.64 1 

CX3CR1 0.06 1.04 -0.19 0.31 0.64 1 

BST1 -0.06 0.96 -0.32 0.19 0.64 1 

PDCD1 0.36 1.29 -1.15 1.88 0.64 1 

C1S 0.10 1.08 -0.33 0.54 0.64 1 

IL17RB -0.11 0.93 -0.55 0.34 0.64 1 

MICA 0.07 1.05 -0.22 0.36 0.64 1 

ARG2 0.40 1.32 -1.29 2.09 0.65 1 

IL34 -0.10 0.93 -0.52 0.32 0.65 1 

CARD11 0.04 1.03 -0.15 0.23 0.65 1 

CLEC6A 0.37 1.29 -1.22 1.96 0.65 1 

CCL28 -0.14 0.91 -0.73 0.46 0.65 1 

FLT3 -0.41 0.76 -2.18 1.37 0.66 1 

ABCB1 -0.05 0.97 -0.26 0.16 0.66 1 

SELL 0.06 1.04 -0.21 0.33 0.66 1 

MYD88 -0.04 0.97 -0.24 0.15 0.66 1 

ITGA6 0.04 1.03 -0.14 0.23 0.66 1 

CTSG 0.30 1.23 -1.02 1.62 0.66 1 

TNFRSF13C 0.06 1.04 -0.21 0.33 0.66 1 

SMAD2 -0.02 0.99 -0.12 0.08 0.66 1 

GZMM 0.05 1.03 -0.17 0.26 0.66 1 

CAMP -0.08 0.95 -0.45 0.29 0.67 1 

CD 48 0.04 1.03 -0.13 0.21 0.67 1 

IRF1 0.05 1.04 -0.19 0.30 0.67 1 

EBI3 -0.11 0.93 -0.63 0.40 0.67 1 
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MERTK -0.37 0.77 -2.08 1.34 0.67 1 

MAP2K1 -0.03 0.98 -0.14 0.09 0.67 1 

CD K1 0.33 1.26 -1.22 1.88 0.68 1 

CD 160 -0.08 0.95 -0.45 0.29 0.68 1 

CD 2 0.03 1.02 -0.13 0.20 0.68 1 

SH2D1B -0.06 0.96 -0.34 0.22 0.68 1 

CD 1B 0.12 1.08 -0.44 0.67 0.69 1 

CEACAM8 0.27 1.21 -1.04 1.58 0.69 1 

EGR1 0.10 1.07 -0.37 0.56 0.69 1 

CXCL1 -0.06 0.96 -0.34 0.22 0.69 1 

JAM3 0.09 1.06 -0.34 0.52 0.69 1 

IFNA2 0.12 1.09 -0.48 0.72 0.69 1 

PSMB7 0.02 1.01 -0.08 0.13 0.70 1 

GZMK 0.05 1.03 -0.20 0.30 0.70 1 

CD 46 0.03 1.02 -0.13 0.19 0.70 1 

MASP2 0.12 1.09 -0.49 0.73 0.70 1 

NEFL 0.24 1.18 -0.97 1.44 0.70 1 

MCAM 0.10 1.07 -0.42 0.62 0.70 1 

HLADPB1 0.03 1.02 -0.14 0.20 0.71 1 

IL3RA 0.08 1.06 -0.34 0.50 0.71 1 

CHUK -0.03 0.98 -0.17 0.12 0.71 1 

MBL2 -0.11 0.93 -0.70 0.47 0.71 1 

LCK 0.03 1.02 -0.12 0.18 0.71 1 

CXCL14 -0.11 0.93 -0.69 0.47 0.71 1 

GPI -0.03 0.98 -0.16 0.11 0.71 1 

IL1RAPL2 0.08 1.05 -0.33 0.48 0.71 1 

ITGAM -0.04 0.97 -0.25 0.18 0.72 1 

ATF2 0.02 1.01 -0.08 0.11 0.72 1 

TPSAB1 -0.19 0.88 -1.25 0.88 0.73 1 

BMI1 0.03 1.02 -0.12 0.17 0.73 1 

CCL26 0.11 1.08 -0.49 0.70 0.73 1 

SLAMF1 0.04 1.03 -0.18 0.25 0.74 1 
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MAP3K1 -0.02 0.98 -0.16 0.11 0.74 1 

CD 247 0.03 1.02 -0.13 0.19 0.74 1 

LBP 0.10 1.07 -0.50 0.71 0.74 1 

KIR3DL2 0.44 1.36 -2.16 3.04 0.74 1 

JAK3 0.04 1.02 -0.18 0.25 0.74 1 

DUSP4 0.08 1.06 -0.41 0.58 0.74 1 

A2M 0.09 1.06 -0.45 0.62 0.74 1 

CD 37 -0.02 0.98 -0.17 0.12 0.75 1 

HLAC -0.06 0.96 -0.41 0.30 0.75 1 

BIRC5 0.22 1.16 -1.12 1.55 0.75 1 

IL1R1 -0.32 0.80 -2.26 1.63 0.75 1 

IL17RA -0.04 0.98 -0.25 0.18 0.75 1 

CXCL6 -0.27 0.83 -1.96 1.42 0.75 1 

PPBP 0.06 1.05 -0.35 0.47 0.76 1 

STAT6 -0.02 0.98 -0.17 0.12 0.76 1 

HLAG -0.06 0.96 -0.46 0.33 0.76 1 

CD 9 0.04 1.03 -0.23 0.31 0.76 1 

PVR -0.04 0.97 -0.29 0.22 0.76 1 

AKT3 -0.02 0.99 -0.17 0.12 0.77 1 

C5 0.29 1.22 -1.62 2.19 0.77 1 

TLR7 0.30 1.23 -1.70 2.30 0.77 1 

CXCR3 0.04 1.03 -0.21 0.28 0.77 1 

IL12B 0.08 1.06 -0.46 0.63 0.77 1 

CD 79B -0.03 0.98 -0.25 0.19 0.78 1 

PRF1 -0.03 0.98 -0.28 0.21 0.79 1 

KIR3DL3 -0.09 0.94 -0.74 0.56 0.79 1 

ATG5 0.02 1.01 -0.11 0.14 0.79 1 

MS4A1 0.04 1.03 -0.23 0.30 0.79 1 

IFNA1 -0.08 0.94 -0.69 0.52 0.79 1 

MAGEC2 0.08 1.06 -0.50 0.66 0.79 1 

CD 1D -0.02 0.98 -0.19 0.14 0.79 1 

TNFRSF9 -0.28 0.82 -2.36 1.79 0.79 1 

268



  

 
 

MUC1 0.23 1.17 -1.45 1.91 0.79 1 

IL13RA2 0.09 1.06 -0.56 0.74 0.79 1 

FOXJ1 -0.28 0.83 -2.31 1.76 0.79 1 

CCL18 0.07 1.05 -0.42 0.55 0.79 1 

PMCH -0.08 0.95 -0.64 0.49 0.79 1 

CTSS 0.02 1.02 -0.16 0.21 0.79 1 

C1QA 0.14 1.10 -0.91 1.19 0.80 1 

KLRC2 -0.05 0.97 -0.40 0.30 0.80 1 

CCL25 -0.06 0.96 -0.54 0.42 0.80 1 

TGFB1 -0.02 0.99 -0.13 0.10 0.80 1 

KLRF1 -0.04 0.97 -0.33 0.25 0.80 1 

CCL27 -0.06 0.96 -0.53 0.41 0.80 1 

ZNF205 0.07 1.05 -0.48 0.62 0.80 1 

LAG3 0.04 1.03 -0.28 0.36 0.81 1 

RRAD 0.07 1.05 -0.47 0.60 0.81 1 

IL5 0.08 1.06 -0.55 0.71 0.81 1 

STAT3 -0.02 0.98 -0.22 0.17 0.81 1 

IL2RB -0.03 0.98 -0.26 0.20 0.81 1 

S100B 0.08 1.06 -0.56 0.72 0.81 1 

CD 80 0.20 1.15 -1.42 1.82 0.81 1 

IRF2 0.02 1.02 -0.17 0.22 0.81 1 

TNFRSF1B -0.02 0.99 -0.18 0.14 0.81 1 

ADA 0.02 1.01 -0.15 0.19 0.81 1 

DUSP6 -0.02 0.98 -0.23 0.18 0.82 1 

TNFSF13 -0.02 0.98 -0.22 0.17 0.82 1 

ATG7 0.02 1.01 -0.15 0.18 0.82 1 

TNFRSF4 0.27 1.20 -2.04 2.57 0.82 1 

HLADQA1 -0.26 0.83 -2.51 1.99 0.82 1 

SLAMF6 -0.02 0.99 -0.22 0.17 0.82 1 

CXCL5 0.06 1.04 -0.47 0.59 0.82 1 

RUNX3 -0.02 0.99 -0.18 0.14 0.83 1 

MS4A2 -0.17 0.89 -1.63 1.30 0.83 1 
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CCL7 -0.07 0.95 -0.67 0.53 0.83 1 

LY9 0.02 1.01 -0.14 0.18 0.83 1 

CCL4 0.03 1.02 -0.22 0.28 0.83 1 

SYK -0.02 0.99 -0.19 0.15 0.83 1 

CCL20 0.33 1.25 -2.76 3.42 0.84 1 

NOS2A 0.06 1.05 -0.55 0.68 0.84 1 

TICAM2 -0.03 0.98 -0.27 0.22 0.84 1 

ITGAX -0.02 0.98 -0.25 0.20 0.84 1 

IL27 0.17 1.12 -1.42 1.75 0.84 1 

GZMA -0.02 0.98 -0.26 0.21 0.84 1 

CXCL9 0.20 1.15 -1.72 2.12 0.84 1 

LILRA4 0.16 1.12 -1.37 1.69 0.84 1 

TNFSF18 0.06 1.04 -0.51 0.62 0.84 1 

CLEC4A 0.02 1.02 -0.20 0.24 0.84 1 

IL7 0.22 1.16 -1.90 2.33 0.84 1 

ITGB2 0.02 1.01 -0.14 0.17 0.84 1 

CEACAM6 0.12 1.09 -1.08 1.33 0.84 1 

CHIT1 -0.17 0.89 -1.84 1.51 0.84 1 

IL32 -0.02 0.99 -0.23 0.19 0.85 1 

PTGDR2 -0.04 0.97 -0.47 0.38 0.85 1 

PLA2G6 0.01 1.01 -0.12 0.15 0.85 1 

MAGEA4 0.05 1.04 -0.50 0.61 0.85 1 

IGF1R -0.02 0.99 -0.21 0.18 0.86 1 

FN1 0.05 1.04 -0.54 0.65 0.86 1 

IL19 -0.05 0.97 -0.61 0.51 0.86 1 

CSF3 0.04 1.03 -0.44 0.53 0.86 1 

SPINK5 -0.05 0.96 -0.64 0.53 0.86 1 

CMKLR1 -0.03 0.98 -0.36 0.30 0.86 1 

HAVCR2 0.02 1.01 -0.17 0.21 0.86 1 

CASP10 0.20 1.15 -1.98 2.38 0.86 1 

GATA3 0.18 1.14 -1.87 2.24 0.86 1 

IL9 0.05 1.04 -0.55 0.66 0.86 1 
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CXCL3 -0.18 0.88 -2.19 1.84 0.86 1 

TP53 -0.01 0.99 -0.14 0.12 0.86 1 

C3 0.25 1.19 -2.63 3.13 0.87 1 

CD 200 0.03 1.02 -0.28 0.33 0.87 1 

DDX43 -0.12 0.92 -1.47 1.23 0.87 1 

MAPK1 0.02 1.01 -0.19 0.23 0.87 1 

TTK 0.13 1.09 -1.38 1.63 0.87 1 

REPS1 0.02 1.01 -0.19 0.23 0.87 1 

IL1RL1 -0.09 0.94 -1.24 1.05 0.87 1 

FEZ1 -0.17 0.89 -2.18 1.85 0.87 1 

GZMB -0.02 0.98 -0.33 0.28 0.87 1 

MAP3K7 0.01 1.00 -0.08 0.10 0.88 1 

CREB5 -0.02 0.99 -0.29 0.25 0.88 1 

TIRAP -0.02 0.99 -0.21 0.18 0.88 1 

EOMES -0.14 0.91 -1.84 1.57 0.88 1 

F2RL1 -0.03 0.98 -0.37 0.32 0.88 1 

SPACA3 -0.04 0.97 -0.62 0.53 0.88 1 

CD 163 0.02 1.02 -0.29 0.34 0.88 1 

MAGEB2 0.04 1.03 -0.46 0.54 0.88 1 

IL21R 0.02 1.01 -0.21 0.25 0.88 1 

CSF2 -0.05 0.97 -0.64 0.55 0.88 1 

TNFRSF18 0.16 1.12 -1.91 2.23 0.88 1 

TNFRSF12A 0.20 1.15 -2.42 2.81 0.88 1 

IL23R 0.10 1.07 -1.18 1.37 0.88 1 

IRF3 -0.01 0.99 -0.20 0.17 0.88 1 

ELK1 0.13 1.09 -1.55 1.80 0.88 1 

BAGE -0.04 0.98 -0.51 0.44 0.88 1 

SPA17 0.20 1.15 -2.43 2.83 0.88 1 

SPN 0.01 1.01 -0.16 0.18 0.89 1 

TLR3 -0.11 0.92 -1.67 1.44 0.89 1 

AMICA1 -0.01 0.99 -0.20 0.18 0.89 1 

TNFRSF13B -0.13 0.92 -1.91 1.65 0.89 1 
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C8A 0.04 1.03 -0.54 0.62 0.89 1 

PSEN2 0.23 1.17 -2.98 3.44 0.89 1 

PRKCE 0.17 1.13 -2.23 2.58 0.89 1 

GAGE1 0.19 1.14 -2.44 2.82 0.89 1 

S100A7 0.04 1.03 -0.52 0.60 0.89 1 

LTK -0.11 0.93 -1.68 1.46 0.89 1 

IKBKG -0.01 0.99 -0.16 0.14 0.89 1 

DMBT1 0.17 1.13 -2.36 2.70 0.90 1 

PRKCD -0.01 0.99 -0.20 0.18 0.90 1 

BAX -0.01 1.00 -0.10 0.09 0.90 1 

CD 79A 0.02 1.01 -0.24 0.27 0.90 1 

CD 59 -0.02 0.99 -0.30 0.27 0.90 1 

RPS6 0.01 1.01 -0.19 0.21 0.90 1 

XCL2 0.02 1.01 -0.31 0.35 0.91 1 

IL5RA -0.07 0.95 -1.33 1.18 0.91 1 

OSM 0.08 1.06 -1.32 1.48 0.91 1 

IFNG 0.09 1.06 -1.43 1.60 0.91 1 

MIF 0.01 1.01 -0.14 0.16 0.91 1 

CR2 0.16 1.12 -2.69 3.02 0.91 1 

ITGB4 -0.10 0.93 -1.89 1.69 0.91 1 

CD 1A 0.12 1.08 -1.92 2.16 0.91 1 

CLEC5A 0.09 1.06 -1.48 1.66 0.91 1 

HLAA -0.01 0.99 -0.19 0.17 0.91 1 

CCL13 0.16 1.12 -2.65 2.96 0.91 1 

SH2D1A -0.01 0.99 -0.21 0.19 0.91 1 

IL11 -0.03 0.98 -0.64 0.58 0.92 1 

RAG1 0.03 1.02 -0.44 0.49 0.92 1 

ITCH -0.01 1.00 -0.10 0.09 0.92 1 

FADD -0.13 0.91 -2.56 2.30 0.92 1 

TPTE -0.02 0.99 -0.43 0.39 0.92 1 

CD 44 -0.01 1.00 -0.11 0.10 0.92 1 

CTAG1B -0.10 0.93 -1.93 1.74 0.92 1 
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IL22RA2 0.03 1.02 -0.51 0.57 0.92 1 

CD 70 0.09 1.06 -1.61 1.79 0.92 1 

RORC 0.02 1.01 -0.32 0.35 0.92 1 

KIT -0.11 0.93 -2.30 2.08 0.92 1 

TNFRSF10B -0.01 0.99 -0.20 0.18 0.92 1 

JAK1 0.00 1.00 -0.10 0.09 0.92 1 

CD 164 -0.01 1.00 -0.16 0.15 0.93 1 

CCR4 0.12 1.09 -2.44 2.68 0.93 1 

PLAUR -0.01 0.99 -0.27 0.25 0.93 1 

MAGEA3 -0.03 0.98 -0.61 0.55 0.93 1 

SEMG1 0.11 1.08 -2.26 2.48 0.93 1 

TNF 0.01 1.01 -0.16 0.17 0.93 1 

COLEC12 0.03 1.02 -0.52 0.57 0.93 1 

IL12RB2 -0.09 0.94 -2.08 1.90 0.93 1 

KLRG1 -0.02 0.99 -0.36 0.33 0.93 1 

CREB1 0.01 1.01 -0.16 0.18 0.93 1 

COL3A1 -0.13 0.92 -2.98 2.73 0.93 1 

CD 68 -0.01 0.99 -0.21 0.19 0.93 1 

HLAB -0.01 1.00 -0.18 0.16 0.93 1 

CD 81 -0.01 1.00 -0.18 0.16 0.94 1 

IL4 0.05 1.04 -1.32 1.43 0.94 1 

CCR9 0.06 1.04 -1.37 1.48 0.94 1 

TMEFF2 -0.02 0.99 -0.56 0.52 0.94 1 

IRGM -0.06 0.96 -1.82 1.69 0.94 1 

CREBBP -0.10 0.93 -2.93 2.73 0.95 1 

CTSH -0.01 1.00 -0.17 0.16 0.95 1 

EGR2 -0.09 0.94 -2.64 2.46 0.95 1 

ATG12 0.10 1.07 -2.76 2.96 0.95 1 

POU2AF1 0.07 1.05 -2.06 2.20 0.95 1 

AXL 0.02 1.01 -0.44 0.47 0.95 1 

GZMH 0.01 1.01 -0.39 0.42 0.95 1 

FAS 0.01 1.01 -0.30 0.32 0.95 1 
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FCER2 0.01 1.01 -0.29 0.31 0.95 1 

ENG 0.09 1.06 -2.61 2.79 0.95 1 

PDGFC 0.09 1.06 -2.53 2.71 0.95 1 

AMBP 0.02 1.01 -0.62 0.66 0.95 1 

HLADQB1 -0.06 0.96 -1.82 1.71 0.95 1 

CXCL12 0.02 1.01 -0.60 0.64 0.95 1 

CD 55 0.12 1.09 -3.65 3.90 0.95 1 

DPP4 -0.11 0.93 -3.65 3.42 0.95 1 

IL21 -0.02 0.99 -0.55 0.52 0.95 1 

TNFRSF14 0.00 1.00 -0.15 0.16 0.95 1 

IL1B -0.01 0.99 -0.39 0.36 0.95 1 

IL10RA 0.00 1.00 -0.11 0.11 0.95 1 

PSMD7 0.00 1.00 -0.08 0.08 0.96 1 

C1R 0.08 1.06 -2.99 3.15 0.96 1 

TXK 0.00 1.00 -0.18 0.19 0.96 1 

NFATC3 0.00 1.00 -0.10 0.09 0.96 1 

F12 -0.04 0.97 -1.72 1.63 0.96 1 

C4BPA 0.03 1.02 -1.05 1.10 0.96 1 

DEFB1 0.01 1.01 -0.54 0.57 0.96 1 

BLNK 0.06 1.04 -2.57 2.68 0.97 1 

PLAU -0.05 0.97 -2.17 2.08 0.97 1 

IL12A -0.04 0.97 -1.85 1.78 0.97 1 

SERPINB2 0.04 1.03 -2.09 2.18 0.97 1 

TGFB2 -0.01 1.00 -0.45 0.44 0.97 1 

CSF1 0.04 1.02 -2.20 2.27 0.98 1 

CXCL2 -0.03 0.98 -1.89 1.83 0.98 1 

CCL1 0.04 1.03 -2.50 2.58 0.98 1 

TNFSF15 0.10 1.07 -6.98 7.17 0.98 1 

TLR9 -0.07 0.96 -5.19 5.06 0.98 1 

CTAGE1 -0.01 0.99 -0.65 0.63 0.98 1 

FCGR1A 0.01 1.01 -0.64 0.65 0.98 1 

CD 3EAP 0.04 1.03 -3.28 3.36 0.98 1 
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INPP5D 0.00 1.00 -0.12 0.13 0.98 1 

CSF1R -0.02 0.98 -2.30 2.25 0.98 1 

SSX1 -0.01 1.00 -0.57 0.55 0.98 1 

ICAM4 -0.02 0.98 -2.40 2.35 0.98 1 

NCR1 0.00 1.00 -0.29 0.28 0.99 1 

CCL24 -0.01 1.00 -0.70 0.68 0.99 1 

ATM 0.03 1.02 -2.77 2.82 0.99 1 

HRAS 0.03 1.02 -2.94 2.99 0.99 1 

ST6GAL1 0.00 1.00 -0.15 0.15 0.99 1 

LY96 0.00 1.00 -0.36 0.36 0.99 1 

MICB 0.00 1.00 -0.21 0.21 0.99 1 

HLAE 0.00 1.00 -0.15 0.15 0.99 1 

CCL16 0.00 1.00 -0.60 0.59 0.99 1 

IL1A 0.00 1.00 -0.56 0.57 0.99 1 

CD 8A 0.00 1.00 -0.28 0.27 0.99 1 

CASP3 0.00 1.00 -0.10 0.10 0.99 1 

AIRE 0.01 1.01 -2.02 2.05 0.99 1 

KIR Activating 

Subgroup 1 -0.01 1.00 -0.91 0.89 0.99 1 

NT5E -0.01 0.99 -2.00 1.98 0.99 1 

FOXP3 0.01 1.01 -1.78 1.80 0.99 1 

CLU 0.00 1.00 -0.57 0.56 0.99 1 

FCGR3A 0.00 1.00 -0.28 0.28 0.99 1 

ICOSLG 0.01 1.01 -2.38 2.40 0.99 1 

NCAM1 -0.01 0.99 -2.10 2.08 0.99 1 

ITGA2 -0.02 0.99 -3.84 3.81 0.99 1 

LAIR2 0.00 1.00 -0.18 0.18 0.99 1 

CCL17 0.00 1.00 -0.58 0.59 0.99 1 

IL10 0.01 1.01 -2.99 3.01 1.00 1 

CCL23 0.00 1.00 -1.36 1.37 1.00 1 

CD 7 0.00 1.00 -0.19 0.19 1.00 1 

PAX5 0.00 1.00 -1.87 1.87 1.00 1 
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CT45A1 0.00 1.00 -1.74 1.75 1.00 1 

ABL1 0.00 1.00 -5.41 5.40 1.00 1 

SSX4 0.00 1.00 -5.40 5.40 1.00 1 
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Appendix 12: KEGG pathway (Influenza) A KEGG pathway of the genes involved 

in the immune response to Influenza A. Genes shown in white are known to be involved in 

the pathway however, are not represented within the Pan Cancer Immune Profiling Panel. 

Genes and gene families that are over-expressed in the KEGG pathway are shown in shades 

of orange (log2 fold-difference 0 to 2.5). Genes and genes families within the plot that are 

represented within the Pan Cancer Immune Profiling Panel shown in colour or in grey. 
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Appendix 13: KEGG pathway (Herpes Simplex) A KEGG pathway of the genes 

involved in the immune response to Herpes Simplex virus. Genes shown in white are known 

to be involved in the pathway however, are not represented within the Pan Cancer Immune 

Profiling Panel. Genes and gene families that are over-expressed in the KEGG pathway are 

shown in shades of orange (log2 fold-change 0 to 2.5). Genes and genes families within the 

plot that are represented within the Pan Cancer Immune Profiling Panel shown in colour or 

in grey. 
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Appendix 14: Group characteristics; Sex, the main sport of the athletes, the time 
and intensity of the training session immediately prior to sampling, age and self-reported 
training load (* indicates p<0.05) 
 Asym (n=28) 

N (%) 

URS 
(n=33) 
N (%) 

χ2 
Yates’ 

continuity 
correction 

Phi or 
Cramer’s 
coefficient 

Sex 
 Male 13 (46.4) 5 (15.2) 0.01 0.02* 0.34  Female 15 (53.6) 28 (84.8) 
Sport    
 Triathlon 2 (7.1) 0 (0) 

0.01* - 0.46 
 

 Rugby 7’s 16 (57.1) 9 (27.3) 
 Water polo 1 (3.6) 11 (33.3) 
 Rowing 3 (10.7) 6 (18.2) 
 Soccer 8 (21.4) 7 (21.2) 
Previous training session; time between the session and sampling; intensity/rest 
interval 
 >12 hrs; overnight 

rest 19 (67.9) 13 (39.4) 

0.05 - 0.31 
  <3 hrs; light session 5 (17.9) 7 (21.2) 

 <3 hrs; typical 
session 4 (14.3) 13 (39.4) 

 Asym 
mean (SD) 

URS  
mean (SD) p-value 

Age 25 (4.2) 23.7 (3.7) 0.18 
Self-reported training hrs/week 
 Resistance 3.9(1.1) 4.1(1.6) 0.67 
 Endurance 16.2(11.5) 9.1(9.4) 0.21 
 Team 9.3(2.4) 9.6(2.0) 0.7 

URS: upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; 

N: number of observations; (%): percentage of total cohort; (SD): standard deviation. 
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Asym: no upper respiratory symptoms reported; URS: upper respiratory symptoms reported; N: number of observations;  

(%): percentage of total cohort. 

Appendix 15: Psychological and lifestyle factors (* indicates p<0.05) 
 Asym  URS  

Χ2 
Yates’ 

continuity 
correction 

Phi 
coefficient No 

N (%) 
Yes 

N (%) 
No 

N (%) 
Yes 

N (%) 
Illness and injury in the last month (n=71) 
Any aches; e.g., muscular aches, joint aches  26(92.9) 2(7.1) 26(78.8) 7(21.2) 0.12 0.24 0.2 
Any symptoms of fatigue; e.g., malaise, 
lethargy 

22(78.6) 6(21.4) 15(45.5) 18(54.5) 0.01 0.02* 0.34 

Any head symptoms; e.g., headache, dizziness 24(85.7) 4(14.3) 23(69.7) 10(30.3) 0.14 0.24 0.19 
Any gastrointestinal symptoms; e.g., 
vomiting, diarrhoea 

23(82.1) 5(17.9) 23(69.7) 10(30.3) 0.26 0.41 0.14 

Any injury 14(50) 14(50) 22(67.7) 11(33.3) 0.19 0.29 0.17 
Travel in the last month (n=71) 18(64.3) 10(35.7) 24(72.7) 9(27.3) 0.48 0.67 0.09 
Probiotic use (n=71) 21(75) 7(25) 15(45.5) 18(54.5) 0.02 0.04* 0.3 
Psychology 
Depression (DASS-21) (n=62) 19(86.4) 3(13.6) 25(83.3) 5(16.7) 0.77 1 0.04 
Anxiety (DASS-21) (n=62) 15(68.2) 7(31.8) 24(80) 6(20) 0.33 0.52 0.14 
Stress (DASS-21) (n=61) 20(90.9) 2(9.1) 25(86.2) 4(13.8) 0.61 0.94 0.07 
Perceived Stress Scale (n=67) 9(36) 16(64) 15(46.9) 17(53.1) 0.41 0.58 0.11 
Dispositional Resilience (DRS) (n=65) 23(92) 2(8) 28(90.3) 3(9.7) 0.83 1 0.03 
Sleep 
Epworth Sleepiness Scale (n=61) 17(73.9) 6(26.1) 21(72.4) 8(27.6) 0.9 1 0.02 
Pittsburgh Sleep Quality (n=59) 15(65.2) 8(34.8) 19(67.9) 9(32.1) 0.84 1 0.3 
Low-energy availability in females 11(73.4) 4(26.7) 13(48.1) 14(51.9) 0.11 0.21 0.24 
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URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; ±: plus, or minus; (SD): standard 

deviation; SE: standard error 

 

 

 

Appendix 16 Standard clinical measurements taken from blood 
 Asym 

mean±(SD) 
URS 

mean±(SD) 
Mean 

difference 
SE of 

difference p-value 

Full blood count and Vitamin D 
Red cell count 4.76(0.49) 4.57(0.37) 0.19 0.12 0.13 
Total white blood cell count 7.86(3.6) 7.59(1.93) 0.28 0.79 0.73 
Neutrophils 5.13(3.46) 4.7(1.69) 0.43 0.74 0.57 
Eosinophils 0.12(0.08) 0.12(0.11) 3.1x10-4 0.03 0.99 
Lymphocytes 2.06(0.59) 2.24(0.61) 0.18 0.17 0.28 
Basophils 0.03(0.04) 0.02(0.04) 0.01 0.01 0.49 
Monocytes 0.56(0.24) 0.51(0.16) 0.04 0.06 0.46 
Vitamin D 113.1(27.6) 107(24.9) 6.09 7.36 0.41 
C-reactive protein 1.7(2.41) 1.47(2.47) 0.23 0.68 0.73 
Hormones      
Progesterone 4.15(5.57) 1.87(3.42) 2.28 1.41 0.12 
Testosterone 4.69(5.6) 2.16(4.19) 2.53 1.37 0.07 
Oestradiol 26.96(33.84) 44.92(58.39) 17.96 14.01 0.21 
Cortisol 9.94(4.39) 10.78(4.49) 0.83 1.2 0.49 
Male athletes only      
Progesterone 1.35(0.84) 0.4(0.2) 0.95 0.51 0.1 
Testosterone  11.17(3.77) 12.15(4.45) 0.98 2.38 0.69 
Oestradiol  17.01(18.29) 18.1(16.12) 1.09 10.65 0.92 
Cortisol  9.4(4.33) 14.48(7.12) 5.07 3.15 0.14 
Female athletes only      
Progesterone 6.02(6.6) 2.07(3.6) 3.95 2.04 0.07 
Testosterone  0.81(0.69) 0.69(0.62) 0.12 0.21 0.56 
Oestradiol  33.85(40.68) 49.4(61.83) 15.55 19.11 0.42 
Cortisol  10.27(4.55) 10.25(3.89) 0.03 1.39 0.99 

281



  

 
 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; ±: plus, or minus; (SD): standard 

deviation; SE: standard error 

 

 

 

 

Appendix 17: A comparison of the cytokine concentrations between the groups 

 Asym 
mean±(SD) 

URS 
mean±(SD) 

Mean 
difference p-value q-value 

Cytokines 
IL-12 p70- pleiotropic cytokine; active heterodimer of the p35 & p40 subunits 11.44(7.11) 13.73(15.72) 2.29 0.52 0.67 
IFN-γ - type II interferon; triggers response to bacterial and viral pathogens 22.19(12.07) 33.76(24.07) 11.57 0.04 0.67 
IL-1B - interleukin 1 cytokine family, inflammatory response 0.99(0.6) 1.38(0.89) 0.38 0.09 0.67 
IP-10 - CXC chemokine family, IFN-γ induced chemoattractant 290.9(166.89) 810(2546.1) 519.1 0.32 0.67 
IL-10 - class 2 cytokine with anti-inflammatory effects 6.37(2.13) 7.51(4.89) 1.14 0.3 0.67 
IL-7 - cytokine B and T cell development 1.78(1.91) 4.43(8.61) 2.65 0.15 0.67 
IL-17 - pro-inflammatory cytokine with regulatory function 153(68.56) 179.25(96.99) 26.25 0.28 0.67 
RANTES - chemotactic cytokine 9525(1897) 9999(2459) 473.56 0.45 0.67 
IL-1RA - interleukin 1 cytokine family, inhibits the inflammatory response 34.67(34.62) 43.1(37.55) 8.41 0.41 0.67 
IL-13 - immunoregulatory cytokine with broad functionality 1.18(0.93) 1.65(1.45) 0.47 0.19 0.67 
MIP-1A - chemotactic cytokine, immune response to infection/ inflammation 2.34(1.45) 2.91(1.89) 0.57 0.24 0.67 
PDGF - growth factor; cell growth and division, particularly in angiogenesis 2189(1177) 2540(1209) 351.96 0.29 0.67 
VEGF - growth factor involved in angiogenesis 25.1(24.97) 30.4(36.49) 5.3 0.56 0.67 
FGF - multifunctional growth factor with broad effect 34.78(24.42) 42.72(36.62) 7.93 0.37 0.67 
IL-9 -regulatory cytokine of hematopoietic cells, promotes cell proliferation  39.95(44.93) 38(22.44) 1.95 0.84 0.88 
IL-4 -broad acting cytokine produced by activated T cells  2.99(1.4) 3.24(1.52) 0.25 0.53 0.67 
EOTAXIN - a chemotactic cytokine for eosinophils 46.84(34.92) 47.42(28.67) 0.58 0.95 0.95 
G-CSF - a cytokine that promotes the granulocyte production 15.16(10.41) 16.28(12.96) 1.11 0.74 0.82 
IL-8 - chemotactic cytokine for neutrophils and other granulocytes 8.62(5.34) 10.4(7.84) 1.78 0.35 0.67 
TNF-α - pro-inflammatory cytokine from the TNF superfamily  37.75(34.35) 43.69(36.21) 5.94 0.55 0.67 
MIP-1b - chemotactic cytokine, immune response to infection/ inflammation 49.28(39.44) 57.76(63.09) 8.48 0.57 0.67 
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Appendix 18 PBMC vs Immunometabolism  A comparison of within group correlations to determine significant differences 
between the URS and asymptomatic groups. Bolded text indicates (p<0.05) and italic text indicates a trend (p<0.1). 

Cell subset Baseline 
OCR 

Stressed 
OCR 

Baseline 
ECAR 

Stressed 
ECAR 

Metabolic 
Potential 

OCR 

Metabolic 
potential 
ECAR 

Non-
mito 
OC 

Basal 
resp. 

Maximal 
resp. 

Proton 
leak 

ATP 
production 

Spare 
resp. 

capacity 
CD 3+ cells             

z-score -0.82 -1.08 -0.30 -0.59 -0.61 -0.15 -0.87 -0.55 -0.71 -0.56 -0.56 -1.05 
p-value 0.41 0.28 0.76 0.55 0.54 0.88 0.39 0.58 0.48 0.57 0.58 0.29 

NK T cells             
z-score 1.81 1.08 -0.04 0.89 -0.45 -0.15 1.31 1.82 0.60 -0.49 2.08 0.44 
p-value 0.07 0.28 0.97 0.37 0.66 0.88 0.19 0.07 0.55 0.63 0.04 0.66 

CD 161+ NK T cells            
z-score 1.97 1.94 0.35 1.02 0.50 1.65 2.78 1.18 1.25 -0.97 1.38 0.89 
p-value 0.049 0.05 0.73 0.31 0.62 0.10 0.01 0.24 0.21 0.33 0.17 0.35 

CD 4+ cells             
z-score -1.19 -0.70 -1.38 -1.58 1.01 1.83 -0.55 -1.50 -0.52 -1.27 -1.00 0.15 
p-value 0.23 0.48 0.17 0.12 0.31 0.07 0.58 0.13 0.60 0.20 0.32 0.88 

Regulatory T cells            
z-score -0.45 0.59 -0.72 -0.15 2.11 1.34 0.19 -0.41 0.52 -0.18 -0.18 1.31 
p-value 0.66 0.55 0.47 0.88 0.04 0.18 0.85 0.68 0.60 0.85 0.85 0.19 

CD 8+ cells             
z-score -0.15 -0.48 0.18 -0.11 -0.60 -1.12 -0.63 -0.48 -0.48 1.45 -0.26 -0.85 
p-value 0.88 0.63 0.85 0.91 55.00 0.26 0.53 0.63 0.63 0.15 0.80 0.39 

B cells             
z-score -0.23 0.84 0.56 0.68 1.73 0.49 -0.85 0.53 1.56 0.56 0.19 1.21 
p-value 0.82 0.40 0.58 0.50 0.08 0.62 0.40 0.60 0.12 0.58 0.85 0.23 

NK cells             
z-score 0.26 -0.41 -0.93 -0.90 -1.02 1.10 0.18 0.30 -0.48 -0.07 0.18 -0.94 
p-value 0.80 0.68 0.35 0.37 0.31 0.27 0.85 0.77 0.63 0.94 0.85 0.35 

CD 56int CD 16+ NK cells           
z-score 1.13 0.15 0.22 0.56 -1.21 0.73 1.07 0.94 -0.30 -0.90 1.52 -0.37 
p-value 0.26 0.88 0.83 0.58 0.23 0.47 0.29 0.35 0.77 0.37 0.13 0.71 

CD 56hi CD 16- NK cells 
 

          

z-score 0.30 0.56 1.08 0.63 -0.15 -1.38 0.04 0.30 0.82 0.70 0.18 0.70 
p-value 0.77 0.57 0.28 0.53 0.88 0.17 0.97 0.77 0.41 0.48 0.85 0.47 
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Appendix 19 Low prevalence bacterial families List of bacterial families with low prevalence (detected in below 
33% of all athletes) 

Taxa (phylum, order, family) 
URS Asym Prevalence 

across all 12 
athletes (%) 

 N 
(%) 

N 
(%) 

Actinobacteria 
Actinobacteria  Micrococcaceae 2(33) 1(17) 25 
Firmicutes 
Firmicutes Unclassified Unclassified 2(33) 1(17) 25 
Firmicutes Clostridiales Catabacteriaceae 1(17) 1(17) 17 
Firmicutes Lactobacillales Enterococcaceae 2(33) - 17 
Firmicutes Lactobacillales Carnobacteriaceae - 1(17) 8 
Fusobacteria 
Fusobacteria Fusobacteriales Unclassified 1(17) - 8 
Fusobacteria Fusobacteriales Fusobacteriaceae - 1(17) 8 
Proteobacteria Rhodospirillales Rhodospirillaceae 1(17) 2(33) 25 
Proteobacteria Pseudomonadales Pseudomonadaceae 1(17) 1(17) 17 
Proteobacteria Caulobacterales Caulobacteraceae - 1(17) 8 
Proteobacteria Rhodobacterales Rhodobacteraceae - 1(17) 8 
Proteobacteria Burkholderiales Comamonadaceae - 1(17) 8 
Tenericutes 
Tenericutes Acholeplasmatales Acholeplasmataceae 1(17) - 8 
Tenericutes Entomoplasmatales Spiroplasmataceae - 1(17) 8 
Unclassified 
Unclassified Unclassified Unclassified 1(17) 1(17) 17 
Verrucomicrobia 
Verrucomicrobia Verrucomicrobiales Verrucomicrobiaceae  1(17) 8 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; n: count; %: percent. 
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Appendix 20 Bacterial species detected in 33–100% of all athletes and their distribution across the groups 

Taxa (phylum, family, species) 
URS Asym Prevalence across 

all 12 athletes (%) N (%) N (%) 
Actinobacteria 
Actinobacteria Unclassified Asaccharobacter celatus 6(100) 6(100) 100 
Actinobacteria Coriobacteriaceae Collinsella aerofaciens 6(100) 6(100) 100 
Actinobacteria Bifidobacteriaceae Bifidobacterium longum 4(67) 5(83) 75 
Actinobacteria Bifidobacteriaceae Bifidobacterium adolescentis 4(67) 5(83) 75 
Actinobacteria Unclassified Eggerthella lenta 4(67) 2(33) 50 
Actinobacteria Unclassified Raoultibacter timonensis 3(50) (50) 50 
Actinobacteria Unclassified Atopobium parvulum 3(50) 2(33) 42 
Actinobacteria Unclassified Slackia isoflavoniconvertens 2(33) 3(50) 42 
Actinobacteria Coriobacteriaceae Senegalimassilia anaerobia 2(33) 3(50) 42 
Bacteroidetes 
Bacteroidetes Unclassified Barnesiella intestinihominis 6(100) 6(100) 100 
Bacteroidetes Unclassified Parabacteroides distasonis 6(100) 6(100) 100 

Bacteroidetes Bacteroidaceae Bacteroides 
thetaiotaomicron 6(100) 6(100) 100 

Bacteroidetes Bacteroidaceae Bacteroides uniformis 6(100) 6(100) 100 
Bacteroidetes Bacteroidaceae Bacteroides vulgatus 6(100) 6(100) 100 
Bacteroidetes Rikenellaceae Alistipes onderdonkii 6(100) 6(100) 100 
Bacteroidetes Rikenellaceae Alistipes putredinis 6(100) 6(100) 100 
Bacteroidetes Bacteroidaceae Bacteroides ovatus 6(100) 5(83) 92 
Bacteroidetes Unclassified Parabacteroides merdae 6(100) 5(83) 92 
Bacteroidetes Rikenellaceae Alistipes obesi 5(83) 6(100) 92 
Bacteroidetes Bacteroidaceae Bacteroides stercoris 5(83) 6(100) 92 
Bacteroidetes Bacteroidaceae Bacteroides caccae 6(100) 5(83) 92 
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Bacteroidetes Unclassified Odoribacter splanchnicus 5(83) 6(100) 92 
Bacteroidetes Rikenellaceae Alistipes indistinctus 5(83) 5(83) 83 
Bacteroidetes Unclassified Butyricimonas faecihominis (67) 6(100) 83 
Bacteroidetes Unclassified Coprobacter fastidiosus 4(67) 5(83) 75 
Bacteroidetes Unclassified Butyricimonas paravirosa 2(33) 6(100) 67 
Bacteroidetes Rikenellaceae Alistipes ihumii 2(33) 6(100) 67 
Bacteroidetes Rikenellaceae Alistipes finegoldii 5(83) 3(50) 67 
Bacteroidetes Rikenellaceae Tidjanibacter massiliensis 2(33) 5(83) 58 
Bacteroidetes Unclassified Coprobacter secundus 2(33) 4(67) 50 
Bacteroidetes Bacteroidaceae Bacteroides massiliensis 2(33) 4(67) 50 
Bacteroidetes Bacteroidaceae Bacteroides eggerthii 2(33) 4(67) 50 
Bacteroidetes Bacteroidaceae Bacteroides nordii 3(50) 3(50) 50 
Bacteroidetes Bacteroidaceae Bacteroides fragilis 3(50) 2(33) 42 
Bacteroidetes Bacteroidaceae Bacteroides xylanisolvens 2(33) 3(50) 42 
Bacteroidetes Bacteroidaceae Bacteroides timonensis 2(33) 3(50) 42 
Bacteroidetes Rikenellaceae Alistipes shahii 2(33) 3(50) 42 
Bacteroidetes Flavobacteriaceae Coenonia anatina 2(33) 3(50) 42 
Bacteroidetes Prevotellaceae Prevotella bivia 2(33) 3(50) 42 
Bacteroidetes Unclassified Parabacteroides goldsteinii 2(33) 2(33) 33 
Bacteroidetes Unclassified Odoribacter laneus - 4(67) 33 
Bacteroidetes Prevotellaceae Paraprevotella clara 2(33) 2(33) 33 
Bacteroidetes Prevotellaceae Prevotella copri 1(17) 3(50) 33 
Bacteroidetes Bacteroidaceae  3(50) 1(17) 33 
Cyanobacteria 
Cyanobacteria Unclassified Aerosakkonema funiforme 2(33) 2(33) 33 
Euryarcharota 
Euryarcharota Methanobacteriaceae Methanobrevibacter smithii 3(50) 6(100) 75 
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Firmicutes 
Firmicutes Lachnospiraceae [Ruminococcus] torques 6(100) 6(100) 100 
Firmicutes Streptococcaceae Streptococcus thermophilus 6(100) 6(100) 100 
Firmicutes Unclassified Gracilibacter thermotolerans 6(100) 6(100) 100 

Firmicutes Unclassified Pseudoflavonifractor 
phocaeensis 6(100) 6(100) 100 

Firmicutes Erysipelotrichaceae [Clostridium] spiroforme 6(100) 6(100) 100 
Firmicutes Unclassified Flavonifractor plautii 6(100) 6(100) 100 
Firmicutes Unclassified Flintibacter butyricus 6(100) 6(100) 100 

Firmicutes Unclassified Intestinimonas 
butyriciproducens 6(100) 6(100) 100 

Firmicutes Lachnospiraceae Fusicatenibacter 
saccharivorans 6(100) 6(100) 100 

Firmicutes Lachnospiraceae Lachnoclostridium pacaense 6(100) 6(100) 100 

Firmicutes Lachnospiraceae 
[Clostridium] 
clostridioforme 6(100) 6(100) 100 

Firmicutes Lachnospiraceae Murimonas intestini 6(100) 6(100) 100 
Firmicutes Lachnospiraceae [Clostridium] propionicum 6(100) 6(100) 100 

Firmicutes Lachnospiraceae 
[Clostridium] 
saccharolyticum 6(100) 6(100) 100 

Firmicutes Lachnospiraceae Blautia luti 6(100) 6(100) 100 
Firmicutes Lachnospiraceae [Clostridium] xylanolyticum 6(100) 6(100) 100 
Firmicutes Lachnospiraceae [Eubacterium] rectale 6(100) 6(100) 100 
Firmicutes Lachnospiraceae Blautia wexlerae 6(100) 6(100) 100 
Firmicutes Lachnospiraceae Coprococcus catus 6(100) 6(100) 100 
Firmicutes Lachnospiraceae Dorea formicigenerans 6(100) 6(100) 100 
Firmicutes Lachnospiraceae Roseburia inulinivorans 6(100) 6(100) 100 
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Firmicutes Lachnospiraceae Hespellia porcina 6(100) 6(100) 100 
Firmicutes Lachnospiraceae Dorea longicatena 6(100) 6(100) 100 

Firmicutes 
Clostridiales Family 
XIII. Incertae Sedis Anaerovorax odorimutans 6(100) 6(100) 100 

Firmicutes Eubacteriaceae Eubacterium 
coprostanoligenes 6(100) 6(100) 100 

Firmicutes Eubacteriaceae [Eubacterium] hallii 6(100) 6(100) 100 
Firmicutes Eubacteriaceae [Eubacterium] eligens 6(100) 6(100) 100 
Firmicutes Oscillospiraceae Oscillibacter ruminantium 6(100) 6(100) 100 
Firmicutes Oscillospiraceae Oscillibacter valericigenes 6(100) 6(100) 100 
Firmicutes Peptostreptococcaceae Romboutsia timonensis 6(100) 6(100) 100 

Firmicutes Ruminococcaceae Agathobaculum 
butyriciproducens 6(100) 6(100) 100 

Firmicutes Ruminococcaceae Ruminiclostridium 
thermocellum 6(100) 6(100) 100 

Firmicutes Ruminococcaceae 
Anaeromassilibacillus 
senegalensis 6(100) 6(100) 100 

Firmicutes Ruminococcaceae Neglecta timonensis 6(100) 6(100) 100 
Firmicutes Ruminococcaceae Faecalibacterium prausnitzii 6(100) 6(100) 100 
Firmicutes Ruminococcaceae Gemmiger formicilis 6(100) 6(100) 100 
Firmicutes Ruminococcaceae [Clostridium] leptum 6(100) 6(100) 100 

Firmicutes Ruminococcaceae [Clostridium] 
methylpentosum 6(100) 6(100) 100 

Firmicutes Ruminococcaceae Sporobacter termitidis 6(100) 6(100) 100 
Firmicutes Ruminococcaceae Ruminococcus bromii 6(100) 6(100) 100 

Firmicutes Ruminococcaceae Ruminococcus 
champanellensis 5(83) 6(100) 92 
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Firmicutes Ruminococcaceae [Eubacterium] siraeum 5(83) 6(100) 92 

Firmicutes Ruminococcaceae Ruthenibacterium 
lactatiformans 5(83) 6(100) 92 

Firmicutes Lachnospiraceae Lachnospira pectinoschiza 6(100) 5(83) 92 
Firmicutes Lachnospiraceae Coprococcus eutactus 5(83) 6(100) 92 
Firmicutes Lachnospiraceae Coprococcus comes 5(83) 6(100) 92 
Firmicutes Lachnospiraceae Anaerostipes hadrus 6(100) 5(83) 92 
Firmicutes Eubacteriaceae Eubacterium ramulus 5(83) 6(100) 92 
Firmicutes Eubacteriaceae Eubacterium ventriosum 6(100) 5(83) 92 
Firmicutes Eubacteriaceae Eubacterium xylanophilum 5(83) 6(100) 92 

Firmicutes lostridiales Family 
XIII. Incertae Sedis 

Ihubacter massiliensis 6(100) 5(83) 92 

Firmicutes Erysipelotrichaceae Holdemania filiformis 5(83) 6(100) 92 
Firmicutes Clostridiaceae Caloramator australicus 5(83) 6(100) 92 
Firmicutes Erysipelotrichaceae Turicibacter sanguinis 6(100) 5(83) 92 
Firmicutes Christensenellaceae Christensenella massiliensis 6(100) 5(83) 92 
Firmicutes Ruminococcaceae Ruminococcus faecis 5(83) 5(83) 83 
Firmicutes Christensenellaceae Christensenella minuta 4(67) 6(100) 83 
Firmicutes Clostridiaceae Clostridium saudiense 4(67) 6(100) 83 
Firmicutes Streptococcaceae Streptococcus parasanguinis 4(67) 6(100) 83 
Firmicutes Lachnospiraceae Abyssivirga alkaniphila 5(83) 5(83) 83 
Firmicutes Lachnospiraceae Anaerobium acetethylicum 5(83) 5(83) 83 
Firmicutes Lachnospiraceae Blautia faecis 5(83) 5(83) 83 
Firmicutes Peptostreptococcaceae Intestinibacter bartlettii 5(83) 5(83) 83 

Firmicutes Ruminococcaceae Anaerobacterium 
chartisolvens 5(83) 5(83) 83 
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Firmicutes Lachnospiraceae [Clostridium] 
lactatifermentans 4(67) 5(3) 75 

Firmicutes Clostridiaceae Lutispora thermophila 4(67) 5(3) 75 
Firmicutes Lachnospiraceae Anaerotaenia torta 4(67) 5(3) 75 
Firmicutes Lachnospiraceae Lachnobacterium bovis 6(100) (50) 75 
Firmicutes Ruminococcaceae Negativibacillus massiliensis 4(67) 5(3) 75 
Firmicutes Ruminococcaceae Anaerotruncus rubiinfantis 4(67) 5(3) 75 

Firmicutes Ruminococcaceae Acetanaerobacterium 
elongatum 5(83) 3(50) 67 

Firmicutes Ruminococcaceae Ruminococcus callidus 4(67) 4(67) 67 
Firmicutes Ruminococcaceae Harryflintia acetispora 6(100) 2(33) 67 
Firmicutes Lachnospiraceae Roseburia faecis 4(67) 4(67) 67 
Firmicutes Lachnospiraceae Roseburia hominis 5(83) 3(50) 67 
Firmicutes Lachnospiraceae [Clostridium] asparagiforme 5(83) 3(50) 67 
Firmicutes Lachnospiraceae [Clostridium] oroticum 5(83) 3(50) 67 
Firmicutes Veillonellaceae Veillonella dispar 4(67) 4(67) 67 

Firmicutes Acidaminococcaceae Phascolarctobacterium 
faecium 3(50) 5(83) 67 

Firmicutes Unclassified Vallitalea pronyensis 4(67) 4(67) 67 
Firmicutes Unclassified Colidextribacter massiliensis 3(50) 4(67) 58 
Firmicutes Lactobacillaceae Lactobacillus rogosae 3(50) 4(67) 58 
Firmicutes Clostridiaceae Clostridium swellfunianum 3(50) 3(50) 50 
Firmicutes Lachnospiraceae [Clostridium] sphenoides 4(67) 2(33) 50 

Firmicutes Lachnospiraceae 
[Clostridium] 
polysaccharolyticum 4(67) 2(33) 50 

Firmicutes Lachnospiraceae Parasporobacterium 
paucivorans 3(50) 3(50) 50 
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Firmicutes Lachnospiraceae Pseudobutyrivibrio ruminis 4(67) 2(33) 50 
Firmicutes Erysipelotrichaceae Holdemanella biformis 4(67) 2(33) 50 
Firmicutes Ruminococcaceae Agathobaculum desmolans 4(67) 2(33) 50 
Firmicutes Ruminococcaceae Ethanoligenens harbinense 4(67) 2(33) 50 
Firmicutes Ruminococcaceae Papillibacter cinnamivorans 3(50) 3(50) 50 
Firmicutes Unclassified Natranaerovirga pectinivora 2(33) 3(50) 42 
Firmicutes Erysipelotrichaceae Dielma fastidiosa 3(50) 2(33) 42 
Firmicutes Lachnospiraceae [Eubacterium] contortum 3(50) 2(33) 42 
Firmicutes Clostridiaceae [Clostridium] hathewayi 4(67) 1(17) 42 
Firmicutes Eubacteriaceae Eubacterium ruminantium 2(33) 3(50) 42 

Firmicutes Clostridiales Family 
XIII. Incertae Sedis 

Emergencia timonensis - 4(67) 33 

Firmicutes Clostridiaceae Butyricicoccus 
pullicaecorum 3(50) 1(17) 33 

Firmicutes Ruminococcaceae [Clostridium] cellobioparum 3(50) 1(17) 33 

Firmicutes Peptococcaceae 
Desulfonispora 
thiosulfatigenes 2(33) 2(33) 33 

Firmicutes Ruminococcaceae [Clostridium] clariflavum 2(33) 2(33) 33 

Firmicutes Ruminococcaceae [Clostridium] 
straminisolvens 3(50) 1(17) 33 

Firmicutes Ruminococcaceae Acetivibrio cellulolyticus 2(33) 2(33) 33 
Firmicutes Acidaminococcaceae Acidaminococcus intestini 2(33) 2(33) 33 

Firmicutes Acidaminococcaceae Phascolarctobacterium 
succinatutens 2(33) 2(33) 33 

Proteobacteria 
Proteobacteria Desulfovibrionaceae Desulfovibrio simplex 5(83) 6(100) 92 
Proteobacteria Pasteurellaceae Haemophilus parainfluenzae 6(100) 4(67) 83 
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Proteobacteria Sutterellaceae Parasutterella 
excrementihominis 5(83) 5(83) 83 

Proteobacteria Sutterellaceae Sutterella wadsworthensis 5(83) 4(67) 75 
Proteobacteria Desulfovibrionaceae Desulfovibrio desulfuricans 4(67) 4(67) 67 
Proteobacteria Enterobacteriaceae Escherichia fergusonii 4(67) 3(50) 58 
Proteobacteria Oxalobacteraceae Oxalobacter formigenes 4(67) 2(33) 50 
Proteobacteria Sutterellaceae Sutterella massiliensis 1(17) 3(50) 33 
Verrucomicrobia 
Verrucomicrobia Unclassified Akkermansia muciniphila 6(100) 3(50) 75 
Unclassified 
Unclassified Unclassified Unclassified 5(83) 5(83) 83 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; n: count; %: percent. 
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Appendix 21 List of bacterial species with low prevalence (detected in below 33% of all athletes) 

Taxa (phylum, family, species) 
URS Asym Prevalence 

across all 12 
athletes (%) N (%) N (%) 

Actinobacteria 
Actinobacteria Micrococcaceae Rothia mucilaginosa 2(33) 1(17) 25 
Actinobacteria  Enterorhabdus muris - 2(33) 17 
Actinobacteria Bifidobacteriaceae Bifidobacterium animalis 2(33) - 17 
Actinobacteria  Adlercreutzia equolifaciens - 1(17) 8 
Actinobacteria Coriobacteriaceae Collinsella bouchesdurhonensis - 1(17) 8 
Actinobacteria Bifidobacteriaceae Bifidobacterium bifidum - 1(17) 8 
Actinobacteria Coriobacteriaceae Collinsella intestinalis - 1(17) 8 
Euryarchaeota 
Euryarchaeota Methanobacteriaceae Methanosphaera stadtmanae 1(17) 2(33) 25 
Bacteroidetes 
Bacteroidetes Prevotellaceae Prevotella corporis 1(17) 2(33) 25 
Bacteroidetes Bacteroidaceae Bacteroides caecimuris 1(17) 1(17) 25 
Bacteroidetes Bacteroidaceae Bacteroides finegoldii 1(17) 1(17) 17 
Bacteroidetes Bacteroidaceae Bacteroides stercorirosoris 1(17) 1(17) 17 
Bacteroidetes Rikenellaceae Alistipes timonensis 1(17) 1(17) 17 
Bacteroidetes  Muribaculum intestinale 2(33) - 17 
Bacteroidetes  Butyricimonas virosa 1(17) 1(17) 17 
Bacteroidetes Porphyromonadaceae Gabonibacter massiliensis 2(33) - 17 
Bacteroidetes Porphyromonadaceae Porphyromonas asaccharolytica - 1(17) 8 
Bacteroidetes Porphyromonadaceae Porphyromonas gulae - 1(17) 8 
Bacteroidetes Bacteroidaceae Bacteroides clarus - 1(17) 8 
Bacteroidetes Bacteroidaceae Bacteroides paurosaccharolyticus 1(17) - 8 
Bacteroidetes Bacteroidaceae Bacteroides sartorii 1(17) - 8 
Bacteroidetes Bacteroidaceae Bacteroides plebeius 1(17) - 8 
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Bacteroidetes Prevotellaceae Metaprevotella massiliensis 1(17) - 8 
Bacteroidetes Prevotellaceae Prevotella disiens - 1(17) 8 
Bacteroidetes  Parabacteroides gordonii - 1(17) 8 
Bacteroidetes Rikenellaceae Alistipes senegalensis - 1(17) 8 
Firmicutes 
Firmicutes Veillonellaceae Dialister invisus 2 1(17) 25 
Firmicutes Ruminococcaceae Anaerotruncus colihominis 2 1(17) 25 
Firmicutes Clostridiaceae Clostridium paraputrificum 1(17) 2 25 
Firmicutes Erysipelotrichaceae Solobacterium moorei 1(17) 2 25 
Firmicutes Erysipelotrichaceae Faecalicoccus acidiformans 2 1(17) 25 
Firmicutes  Howardella ureilytica 1(17) 2 25 
Firmicutes  [Bacteroides] coagulans 2 1(17) 25 
Firmicutes Lachnospiraceae Butyrivibrio crossotus 2 1(17) 25 
Firmicutes Peptococcaceae Desulfotomaculum halophilum 2 1(17) 25 
Firmicutes Ruminococcaceae Phocea massiliensis 2 1(17) 25 
Firmicutes Ruminococcaceae [Clostridium] aldrichii 2 - 17 
Firmicutes Ruminococcaceae Drancourtella massiliensis 1(17) 1(17) 17 
Firmicutes Lachnospiraceae [Ruminococcus] gnavus - 2 17 
Firmicutes Erysipelotrichaceae Breznakia pachnodae 2 - 17 
Firmicutes Erysipelotrichaceae [Eubacterium] cylindroides - 2 17 
Firmicutes Erysipelotrichaceae Catenibacterium mitsuokai - 2 17 
Firmicutes Enterococcaceae Enterococcus faecalis 2 - 17 
Firmicutes Erysipelotrichaceae Erysipelatoclostridium ramosum 2 - 17 
Firmicutes Lachnospiraceae [Clostridium] aldenense 1(17) 1(17) 17 
Firmicutes Lachnospiraceae [Clostridium] colinum - 2 17 
Firmicutes Lachnospiraceae Anaerosporobacter mobilis 1(17) 1(17) 17 
Firmicutes Clostridiaceae Clostridium perfringens - 2 17 
Firmicutes  Fenollaria massiliensis 1(17) 1(17) 17 
Firmicutes Clostridiaceae Clostridium butyricum 2 - 17 
Firmicutes Catabacteriaceae Catabacter hongkongensis 1(17) 1(17) 17 
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Firmicutes Ruminococcaceae Hydrogenoanaerobacterium 
saccharovorans 1(17) 1(17) 17 

Firmicutes Ruminococcaceae Ruminococcus albus 2 - 17 
Firmicutes Ruminococcaceae Ruminococcus flavefaciens 1(17) 1(17) 17 
Firmicutes Lachnospiraceae Eisenbergiella massiliensis 1(17) 1(17) 17 
Firmicutes Acidaminococcaceae Succiniclasticum ruminis 1(17) - 8 
Firmicutes Veillonellaceae Dialister succinatiphilus 1(17) - 8 
Firmicutes Veillonellaceae Megasphaera massiliensis - 1(17) 8 
Firmicutes  [Bacteroides] pectinophilus 1(17) - 8 
Firmicutes  Pseudoflavonifractor capillosus 1(17) - 8 
Firmicutes Erysipelotrichaceae [Clostridium] innocuum - 1(17) 8 
Firmicutes Clostridiaceae Tindallia californiensis 1(17) - 8 
Firmicutes Carnobacteriaceae Granulicatella adiacens - 1(17) 8 
Firmicutes Lactobacillaceae Lactobacillus acidophilus 1(17) - 8 
Firmicutes Lactobacillaceae Lactobacillus paracasei 1(17) - 8 
Firmicutes Clostridiaceae Mordavella massiliensis - 1(17) 8 
Firmicutes Lachnospiraceae Anaerocolumna cellulosilytica - 1(17) 8 
Firmicutes Clostridiaceae Caloramator mitchellensis 1(17) - 8 
Firmicutes Lachnospiraceae Frisingicoccus caecimuris 1(17) - 8 
Firmicutes Lachnospiraceae Blautia obeum - 1(17) 8 
Firmicutes Peptococcaceae Desulfitobacterium hafniense - 1(17) 8 
Firmicutes Lachnospiraceae Roseburia intestinalis 1(17) - 8 
Firmicutes Peptococcaceae Peptococcus niger - 1(17) 8 
Firmicutes Ruminococcaceae Mageeibacillus indolicus - 1(17) 8 
Firmicutes Ruminococcaceae [Clostridium] papyrosolvens 1(17) - 8 
Fusobacteria 
Fusobacteria  Sneathia sanguinegens 1(17) - 8 
Fusobacteria Fusobacteriaceae Fusobacterium periodonticum - 1(17) 8 
Proteobacteria 
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Proteobacteria Desulfovibrionaceae Desulfovibrio intestinalis 1(17) 2 25 
Proteobacteria Rhodospirillaceae Novispirillum itersonii 1(17) 1(17) 17 
Proteobacteria Enterobacteriaceae Klebsiella variicola - 2 17 
Proteobacteria Desulfovibrionaceae Desulfovibrio piger 1(17) 1(17) 17 
Proteobacteria Pseudomonadaceae Pseudomonas stutzeri 1(17) 1(17) 17 
Proteobacteria Caulobacteraceae Brevundimonas albigilva - 1(17) 8 
Proteobacteria Comamonadaceae Delftia tsuruhatensis - 1(17) 8 
Proteobacteria Enterobacteriaceae Shigella boydii - 1(17) 8 
Proteobacteria Pasteurellaceae Haemophilus massiliensis 1(17)  8 
Proteobacteria Pasteurellaceae Haemophilus pittmaniae - 1(17) 8 
Proteobacteria Rhodobacteraceae Paracoccus laeviglucosivorans - 1(17) 8 
Proteobacteria Rhodospirillaceae Aestuariispira insulae - 1(17) 8 
Proteobacteria Rhodospirillaceae Rhodospirillum rubrum - 1(17) 8 
Proteobacteria Sutterellaceae Duodenibacillus massiliensis 1(17) - 8 
Tenericutes 
Tenericutes Acholeplasmataceae Acholeplasma parvum 1(17) - 8 
Tenericutes Spiroplasmataceae Spiroplasma velocicrescens - 1(17) 8 
Verrucomicrobia 
Verrucomicrobia Verrucomicrobiaceae Fucophilus fucoidanolyticus - 1(17) 8 

URS: Upper respiratory symptoms reported; Asym: no upper respiratory symptoms reported; n: count; %: percent.
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