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Abstract

Severe obesity is a major global health problem, with the COVID-19 pandemic highlighting that
affected individuals are not only at risk for chronic disease, but also at dramatically increased
risk for a severe course of acute infectious disease. Thus, metabolic diseases have recently
acquired an important additional facet that requires further scientific investigation. Against this
background, the aim of this dissertation was to broadly investigate the interactions between

the metabolic and immune systems in people with obesity and associated comorbidities.

Comprehensive health-related data from the Kiel FoCus cross-sectional cohort, as well as data
collected to assess the impact of weight loss from conservative dietary or surgical bariatric
intervention or severe infection, were available to examine the involvement of the immune
system in obesity pathogenesis, the extent of immunologic impairment associated with
manifest obesity, and, in particular, the role of diet, impairment of immunologically active
tissues, and reversibility by weight loss. In addition, the effects of obesity on immunological

pathogen defense were investigated.

A triangular relationship between diet, immune system, and metabolism is evident, with an
unfavorable dietary composition, as found in the modern "Western Diet," impairing both
immunological and metabolic functions. In this context, neuroendocrine dysregulation of satiety
in the hypothalamus due to inflammatory activity has been identified as a primary pathology
that initiates a vicious cycle of energy-dense food preference, inflammatory progression, and
weight gain that significantly promotes deterioration in health status. In severe obesity, this
translates into increased risk of both chronic noncommunicable diseases, including
immunopathologies, and acute communicable diseases, which also negatively impact overall
life expectancy and survival. Adverse dietary composition emerged, both via direct and indirect
effects through the gut microbiota again as an important determinant. Furthermore in addition
to pathophysiological inflammatory processes, the accumulation of free fatty acids, impairment
of immunologically active lung cells, and changes in the hematopoietic immune cell reservoir

are highly relevant.

Overall, there were strong parallels to immunosenescence in older age, which is why an
acceleration of immunological aging in individuals with obesity is concluded. The reversibility

of these changes holds great potential for personalized obesity medicine.
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Zusammenfassung

Hochgradige Adipositas stellt ein groRes globales Gesundheitsproblem dar, wobei die
COVID-19 Pandemie verdeutlicht hat, dass die betroffenen Menschen nicht nur ein Risiko fur
chronische Krankheiten haben, sondern auch ein drastisch erhdhtes Risiko fiir einen schweren
Verlauf akuter Infektionskrankheiten aufweisen. Damit haben Stoffwechselkrankheiten in
jungster Zeit eine wichtige zusatzliche Facette erhalten, die weiterer wissenschaftlicher
Untersuchung bedarf. Vor diesem Hintergrund war das Ziel dieser Dissertation eine
umfassende Untersuchung der Interaktionen zwischen dem Stoffwechsel und dem

Immunsystem bei Menschen mit Adipositas und assoziierten Begleiterkrankungen.

Umfassende gesundheitsbezogene Daten aus der Kieler FoCus-Querschnittskohorte sowie
Daten, die zur Bewertung der Auswirkungen einer Gewichtsabnahme durch eine konservative
diatetische oder chirurgische bariatrische Intervention oder einer schweren Infektion erhoben
wurden, waren verfugbar. Untersucht wurden die Beteiligung des Immunsystems an der
Adipositas-Pathogenese, das Ausmall der immunologischen Beeintrdchtigung im
Zusammenhang mit manifester Adipositas und insbesondere die Rolle der Ernahrung, die
Beeintrachtigung immunologisch aktiver Gewebe und die Reversibilitat durch
Gewichtsabnahme. Zudem wurden die Auswirkungen von Adipositas auf die immunologische

Pathogenabwehr betrachtet.

Es prasentierte sich eine Dreiecksbeziehung zwischen Erndhrung, Immunsystem und
Stoffwechsel, wobei eine ungulnstige Erndhrungszusammensetzung, wie sie in der modernen
"Westlichen Diat" zu finden ist, sowohl immunologische als auch metabolische Funktionen
beeintrachtigt. In diesem Zusammenhang wurde eine neuroendokrine Fehlregulierung des
Sattigungsgefuhls im Hypothalamus aufgrund von Entziindungsaktivitdten als eine primare
Pathologie identifiziert, die einen Teufelskreis aus energiedichter Nahrungspraferenz,
Entzindungsprogression und Gewichtszunahme in Gang setzt, welcher mafgeblich die
Verschlechterung des Gesundheitszustands fordert. Bei schwerer Adipositas auf3ert sich dies
in einem erhdhten Risiko sowohl fir chronische, nicht Ubertragbare Krankheiten, einschlieflich
Immunpathologien, als auch fir akute, Ubertragbare Krankheiten, die sich ebenfalls negativ
auf die allgemeine Lebenserwartung und Uberlebenschance auswirken. Eine ungiinstige
Nahrungszusammensetzung trat, sowohl Uber direkte als auch indirekte Effekte durch die
Darmmikrobiota erneut als wichtige Determinante hervor. Zudem wird deutlich, dass neben
pathophysiologischen Inflammationsprozessen, auch die Akkumulation freier Fettsauren,
Beeintrachtigungen immunologisch aktiver Lungenzellen, sowie Veranderungen des

hamatopoetischen Immunzellreservoirs von hoher Relevanz sind.
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Insgesamt zeigten sich grof3e Parallelen zur Immunoseneszenz im hoheren Lebensalter,
weshalb eine Beschleunigung der immunologischen Alterung bei Personen mit Adipositas
angenommen wird. Die Reversibilitdt dieser Veranderungen birgt grof3es Potenzial fur eine
personalisierte Adipositas-Medizin. Es bleibt bisher jedoch ungeklart, ob die dargestellten
immunologischen Beeintrachtigungen durch eine Gewichtsabnahme modifizierbar sind.
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General introduction

1 General introduction

The humané Bfestyle has drastically transitioned during the last half century. As a result, new
health challenges are emerging, with one of them being obesity (Caballero, 2019). According
to a recent public health survey in Germany (GEDA 2014/2015-EHIS) by the Robert Koch
Institute and German Federal Statistical Office that included more than 20,000 residents aged
15 and older, 54 % of adults were overweight or obese (Schienkiewitz et al., 2017) following
the body mass index classification of the World Health Organization. These data indicate that
overweight and obesity are of significant public health relevance (Schienkiewitz et al., 2017).
This is also impressively reflected in the resulting costs for the public healthcare system.
Researchers from the Hamburg University in Germany estimate the direct expenses for the
treatment of obesity and comorbidities using data from 146,000 individuals on approximately
29.39 billion Euro per year, whereas the total costs that also include those resulting from the
loss of quality of life, as well as loss of economic productivity because of work inability or early

retirement account for approximately 63.04 billion Euro per year (Effertz et al., 2016).

Overweight and obesity do not only represent public economic burdens but are causing the
effected individuals to forfeit on well-being, quality of life and even life expectancy (Afshin et al.,
2017). Resulting, global efforts are made to unravel the pathophysiology of these diseases
which has emphasized that it is not just the amount of food but a complex reaction of various
body systems ont he i ndividual 6s l'ifestyle that

dysregulation of metabolism. In more detalil, if not intervened appropriately in time, overweight
and obesity result in the induction of low-grade inflammation and insulin resistance that can
systemically invade the whole body. Together with an accumulation of lipids in the circulation,
a latent elevated blood pressure, as well as impairments of nheuroendocrine satiety sensing
these conditions often lead to the manifestation of further non-communicable diseases, like
Type 2 diabetes, diseases of the cardio-vascular or respiratory system and even cancer all of

which show increasing global prevalence (Afshin et al., 2017).

This development can also be seen in communicable infectious diseases (McArthur, 2019). In
fact, while unfavorable living conditions (e.g. poor hygiene and lack of medical infrastructure)
were the crucial determinant for severe infections in the past, obesity and Type 2 diabetes with
subsequent metabolic implications have evolved into equally important independent risk
factors, which was recently demonstrated in the case of severe acute respiratory syndrome
coronavirus-2 responsible for the COVID-19 pandemic (Ejaz etal., 2020; Erener, 2020;
Zhou et al., 2021). Moreover, infectious diseases are evolving much quicker, which makes
treatment and curation especially critical compared to non-communicable chronic diseases

that usually develop over a long period of time. This new dynamic not only accentuates the

ul ti

r
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urgent need to find effective prevention and treatment opportunities for overweight and obesity

themselves but highlights the importance of understanding the complex interaction between

the metabolic and immune system which forms the base of this dissertation.

Precisely, the aim is to distinguish the relation between the presence and severity of obesity

and immunological dysregulation using a large human cohort and intervention studies from

different perspectives. Furthermore, it is intended to understand the regulatory properties of

t he

i ndividual 6s | i fqualityt jyst as the effattveness gf weght mdsbry di et

a potentially joint reversion of metabolic and immunological impairments by raising the

following research questions:

(1)

()

(©)
(4)

(%)

Could obesity be the consequence of diet-induced dysregulation of innate immunity in
the satiety controlling brain area, the hypothalamus?

Are there interactions between obesity and immunological dysregulation beyond
inflammation? What is the role of an unfavorable diet in this?

Does obesity affect immunologically active tissues, e.g. in the lungs?

Is there a relation between metabolic diseases and the immunological pathogen
response?

Besides improvements oftheme t abol i sm, can weightimhumes res
function?

To address these questions, five scientific publications/manuscripts will be presented in the

following that have either already been published, accepted or are prepared to be considered

for

publication in scientific peer-reviewed journals. Key information of each

publication/manuscript including the full list of co-authors are presented on the first page of the

corresponding chapters. Own contribution was approved by all involved co-authors using the

required declaration forms which are attached at the end of this work.
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Background

2 Background

Since obesity and associated common comorbidities have now evolved into independent risk
factors for severe infectious disease courses, these diseases recently acquired an important
additional facet that should receive scientific attention. Hence, it is not only mandatory to further
understand the occurring metabolic dysregulation, but to clarify its interactions with other body

systems, and particularly the human immune system.

Aiming to support the understanding of this work, the following subchapters will provide insights
into the current state of obesity knowledge, addressing key determinants important in obesity
pathogenesis, pathophysiological processes and main treatment strategies. Basic information

about the immune system and selected specific immunological aspects will also be supplied.

2.1 Obesity and metabolic dysregulation

2.1.1 Definition and classification

According to the World Health Organization (WHO), overweight and obesity represent an
excess in body fat mass that is associated with adverse health effects (World Health
Organization, 2000). Classification of overweight and obesity rely on the use of the Body Mass
Index BM)whi ch is cal cul at e dea$ured might dne weight (equationd u a | 6 ¢
provided on Page 54). As presented in Table 2.1, overweight is defined by a BMI 025 kg/m?,

whereas obesity is reached at a BMI O30 kg/m? and is further subclassified with increasing

severity.
BMI, kg/m2 Nutritional status Comorbidities Table 2.1: Definition of
<185 Underweight Low (but risk of other clinical overweight and obesity based on .
problems increased) Worl d Health Organi zat
. classification.
18.5-24.9 Normal weight Average .
(World Health Organization, 2000)
25.0-29.9 Pre-obesity/ Increased
overweight Abbreviation: BMI = Body Mass Index.
30.0-34.9 Obesity class | Moderate
35.0-39.9 Obesity class Il Severe
> 40 Obesity class Il Very severe

Aside from the BMI, the deposition pattern of excessive body fat is distinctive for the

obesity-associated metabolic and cardiovascular risk. Here, a differentiation is made between
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an abdominal, visceral deposition and a peripheral, subcutaneous deposition, whereby visceral
obesity is associated with a higher cardio-metabolic risk. This is assessed by the height of
waist-to-hip ratio (WHR) which can be calculated from waist- and hip-circumference
measurements (equation provided on Page 54).

WHR (women) WHR (men) Associated health risk  1able 2.2: Health risk associated with
obesity based on World Health

00,8 00,95 Low _ _ NP

Organi zat i dasdifcatiotd R
0.81-0.85 0.96-1,0  Moderate (World Health Organization, 2000, 2011)
00,86 01,0 High

The identification of risk by WHR should be supplemented with the assessment of obesity severity and the presence
of other cardio-metabolic risk factors. Abbreviation: WHR = waist-to-hip ratio.

Of interest, since 2000, the WHO considers obesity a separate chronic disease in contrast to
the previous classification as a risk factor for secondary diseases (World Health Organization,
2000). In terms of health insurance law, the German Federal Social Court defined obesity as
a disease in 2003 (BSGE 59, 119 (121)), while the German Bundestag acknowledged the
disease only recently in 2020 (171st session, 03.07.2020).

2.1.2 Energy homeostasis

In simple terms, overweight and obesity are the result from a persistent imbalance of energy
intake and energy expenditure (Engin, 2017). Energy intake accounts to the sum of consumed
calories through dietary carbohydrates, proteins and fats whereas energy expenditure is the
sum of burnt calories from the basal metabolic rate, physical activity and food-induced
thermogenesis. As long as intake and expenditure are in balance, the body weight remains at
its current state. In contrast, a caloric surplus or increase in expenditure are causing a

disbalance which results in weight gain or loss, respectively (Engin, 2017).

Even though this equation looks simple in theory, obesity is in fact determined by a complex
constellation of factors, emviorimerd and biologyhtheat all nd i v i
interrelate with one another and altogether affect energy regulation towards weight gain (Hall

and Guo, 2017) (see Figure 2.1).
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Energy disbalance in obesity

Age Sex + Hormones Genetics Epigenetics
Education Work Social environment
ENERGY INTAKE ENERGY STORAGE ENERGY EXPENDITURE
fat
o | = physical activity
eep
H liver
proteins ’/ food-induced
Western | SN — thermogeneisis Sedentary
diet ” tissue lifestyle
Smoking carbohydrates \ muscle basal metabolic rate
WEIGHT LOSS

BALANCE

Figure 2.1:Energy disbalance in obesity. When energy intake and expenditure are in

balance, body weight remains at its current state. In contrast, a caloric surplus or increase in
expenditure affect the energy regulation either towards weight gain or loss, respectively. In

obesity, energy balance is disturbed by a dynamic network of determinants, comprising the
individual 6s I|ifestyl e, e & with the dietmand phesical activity b i o |
being the most dominant contributors. Own illustration adapted from (Silbernagl et al., 2018)

and created with biorender.com.

2.1.3 Key determinants
2.1.3.1 Individual lifestyle factors

Diet and eating habits

The diet is one of the most influential environmental factors with effects on the phenotype
promoting the development of chronic diseases and above all overweight and obesity (Hall
and Guo, 2017). Unfavorable dietary habits are referring to different conditions like an
increased caloric intake, overall low-quality dietary patterns and the over- or under

consumption of critical single macro- and micronutrients.

The daily energy intake contributes to the development of overweight and obesity when it is
exceeding the daily energy expenditure (Engin, 2017). This does not necessarily mean a daily
extreme caloric overconsumption but will often rather result from a subconscious surplus of
kilocalories (kcal) per day over a long period of time (= passive overconsumption). This
phenomenon, that has become increasingly prevalent during the last half century, has been

linked to an insensitivity to food energy density, which, in turn, is closely related to an
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unfavorably composed diet (Flynn et al.,, 2022). Unfavorable modern dietary patterns are
mostly characterized by an imbalanced intake of macronutrients, processed energy-dense
foods and high consumption of unsaturated fats, sugar and sodium. Additional to departing
from health-maintaining macronutrient patterns, obesity-associated diets are often
accompanied by a high meal frequency and snacking behavior which is a clear expression of
the dissociation of food intake from the sensation of hunger and satiety. These patterns were
initially observed mainly in Western industrialized countries and are therefore also summarized
as the "Western Diet" (Rakhra et al., 2020).

In return, there are also dietary patterns that can be protective against the development of
chronic diseases. These dietary patterns have formerly resulted from a naturally driven
reduced food access and subliminal caloric restriction due to the climate, local agriculture and
limited supply chains in different geographical areas of the world. Usually, benefits of specific
eating habits are being reflected by high centenarian (= people that reach 100 years of age)
and simultaneous low chronic disease rates (Longo and Anderson, 2022). One of these
beneficial patterns is the Mediterranean Diet, which had its origin in South Europe (Davis et al.,
2015) and is characterized by a high consumption of poly-unsaturated fatty acids (PUFA) from
olive oil and sea fish, high consumption of fresh vegetables, fruits and unprocessed cereals
and therefore dietary fibers, moderate consumption of dairy and red meat and, finally, a
moderate consumption of polyphenol-rich red wine. The Mediterranean diet has been
evaluated in various studies revealing anti-inflammatory and anti-atherosclerotic properties
along with an increased overall life expectancy (Tosti etal.,, 2018). Based on these
associations, the Mediterranean diet was widely recognized as the gold standard of a
health-maintaining diet and formed the source for modern dietary recommendations in many
Western countries (Willett et al., 1995). Though, this diet is not feasible for everyone due to
various reasons which led to various adaptations of recommendations, e.g. towards food
supply in non-Mediterranean areas (Bach-Faig etal.,, 2011), and, recently, ecological

sustainability (Serra-Majem et al., 2020).

Sedentary lifestyle

In contrast to the diet, which defines the energy intake, physical activity and exercise are the
major external determinants of the energy expenditure. Similar to the observed changes in
dietary patterns, a clear unfavorable trend towards a more sedentary lifestyle happened in the
course of the last half century especially promoted by socio-economic factors, including local
institutional and social infrastructure and modern work dynamics (Martins et al., 2021).
Importantly, sedentariness does not only refer to a decrease of moderate and vigorous

exercise but also to the lack of everyday activities (Tremblay et al., 2010). It contributes to a
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decrease of cardiorespiratory fitness, which is a key predictor of cardiovascular risk and
all-cause mortality and, moreover, associated with increased body weight, obesity and
Type 2 diabetes (Carbone et al., 2019). Conformingly, an active lifestyle and regular exercise
are linked to various beneficial health outcomes, higher quality of life and life expectancy
(Ruegsegger and Booth, 2018)

Sleep

Another important lifestyle determinant to consider in the development of overweight and
obesity is sleep with approximately one fourth of people not meeting the recommended
duration of seven hours per day (Liu et al., 2016) as it was displayed in a recent meta-analysis
comprising over 200,000 European and American individuals (Kocevska et al., 2021). It has
been shown both in cross-sectional and longitudinal observation studies that the duration of
sleep is linked to the presence and development of obesity, respectively, which proposes a
causal relationship. Importantly, not only the duration of sleep but additional variables decisive
of low sleep quality, including variability, daytime napping and efficiency have also been

independently related to obesity prevalence (Ogilvie and Patel, 2017).

Smoking

Cigarette smoking is a major risk factor of cardiovascular and pulmonary disease as well as
numerous types of cancer (Sasco et al., 2004; Benowitz and Liakoni, 2022). In addition,
tobacco ingredients, with nicotine being the most abundant, are linked to weight regulation by
lowering the sensation of hunger (Perkins, 1992; Chen et al., 2006). However, in contradiction,
when assessing weight structures between smokers and non-smokers, smoking is indeed
rather a determinant of obesity and insulin resistance (Canoy et al., 2005). This observation
corresponds to an alteration of food preferences towards foods high in sugar and fat but low

in dietary fibers due to long-term tobacco exposure (Chen et al., 2007).

2.1.3.2 Environmental factors

Body weight dysregulation in obesity is also dependent on the i n d i v iemvicoanmeldt as it
was well summarized by Nicolaidis in 2019 (Nicolaidis, 2019). Briefly, important determinants
comprise the surrounding infrastructure, like public transportation, schools and educational
guality, TV and smartphone availability. Furthermore, agroalimentary factors, for instance the
accessibility of healthy in relation to fast foods also need to be considered. Sociocultural and
ethnic factors beside the global environmental changes are also of importance in the

development of obesity and associated comorbidities. Pathophysiological traits triggered by
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the environment include the serotonergic and insulin signaling as well as effects on the gut
microbiota (Nicolaidis, 2019).

2.1.3.3 Host biology

Contrary to the above described factors, whose modifiability is of high importance in the
prevention and treatment of overweight and obesity, some non-modifiable factors also need to
be considered when assessing the pathogenesis of obesity and associated comorbidities.
Those involve the i n d i v igehetiesl(@osedarzi, 2018), epigenetic modifications (Ling and
R6nn, 2019), as well as age (Jura and Kozak, 2016), the biological sex assigned at birth
(Cooper et al., 2021) and associated hormonal status (Leeners et al., 2017).

2.1.4 Pathophysiology

The above presented determinants initiate different pathophysiological traits that shape the
obesity phenotype and secondary associated health risks. Pathophysiological impairments
primarily occur from changes in the adipose tissue and the gut microbiota and comprise the
onset of peripheral tissue and systemic inflammation, hormonal disturbances and the
neuroendocrine dysregulation of satiety sensation which will be outlined in more detail in the

following.

2.1.4.1 Role of the adipose tissue

Adipose tissue plays a crucial role in obesity-associated metabolic dysregulation as it is

displayed in Figure 2.2.

Hypertrophy and hyperplasia

The accumulation of fat in white adipose tissue leads to the increase in size of already existing
adipocytes (= hypertrophy) and an enhanced proliferation and differentiation of new adipocytes
(= hyperplasia). This is to improve absorption capacity of fat cells to withstand the increased
levels of free fatty acids (FFA) from the diet. However, those alterations are accompanied by
a decrease in tissue vascularization, resulting in lower oxygen availability, hypoxia and
ultimately cell damage and apoptosis which initiates low-grade inflammation and insulin
resistance through implications of the secretory profile and the recruitment and infiltration of

adipocytes with immune cells (Xu et al., 2022).
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Obesity-associated changes in adipose tissue
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Figure 2.2: Obesity-associated changes in adipose tissue. Obesity-associated changes in
adipose tissue comprise hypertrophy and hyperplasia which are accompanied by a decrease
in tissue vascularization resulting in lower oxygen availability, hypoxia and ultimately cell
damage and apoptosis. Through the infiltration of adipocytes with immune cells, especially
macrophages, adipokine secretion is disturbed and low-grade inflammation processes and
insulin resistance are initiated. Ultimately, this promotes further metabolic deterioration on
systemic level and the onset of cardio-metabolic comorbidities. Own illustration adapted from
(Gonzéalez-Muniesa et al., 2017) and created with biorender.com.

Infiltration of macrophages

Adipose tissue is linked to the accumulation of immune cells, whereby the infiltration of
macrophages is of particular importance. Macrophages present two polarization phenotypes -
M1 and M2. In lean adipocytes, both types are present and involved in adipose tissue
maintenance. In visceral obesity, however, hypertrophy and the increased number of apoptotic
adipocytes enhance the activation of infiltrating monocytes to M1 macrophages. These
arrange around dead cells in a crown-like structure which results in the further recruitment of

inflammation-promoting immune cells to the adipose tissue (Xu et al., 2022).

Adipokine secretion

Adipocytes secrete a series of adipokines that differentially contribute to the humand
metabolism. There are anti-inflammatory adipokines, e.g. adiponectin and secreted
frizzled-related protein 5 (SFRP5) associated with good insulin sensitivity and low risk of
cardio-metabolic comorbidities (Jung and Jung, 2021). In parallel, adipocytes also secrete pro-
inflammatory adipokines, including leptin, tumor necrosis factor (TNF), interleukin (IL)-6, IL-18
and wingless-type mouse mammary tumor virus integration site family member 5a (wnt5a). In
visceral obesity, an unfavorable shift towards the secretion of pro-inflammatory adipokines

occurs (Unamuno et al., 2018).

S
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Systemic metabolic inflammatory infiltration

Under severe conditions, the described processes promote the systemic spread of low-grade

i nfl ammati on, which is also termed #fAmetabolic
regulated through the saturation of hypertrophic adipocyte depots and the degradation of dead
adipocytes by M1 macrophages, causing the adipose tissue to deliver FFAs, reactive oxygen

species (ROS) and pro-inflammatory cytokines into the circulation forcing the body to store

those in other non-adipose organs, including the liver, heart, pancreas and kidneys which
promotes a metabolically unfavorable cell milieu also in these ectopic tissues (Kawai et al.,

2021).

Insulin resistance

In the healthy postprandial state, with an increase in blood glucose, insulin secretion is
stimulated by the incretin hormones glucagon-like peptide 1 (GLP-1) and glucose-dependent
insulinotropic polypeptide (GIP). This then leads to glucose clearance via glucose uptake and
use by skeletal muscles and adipose tissue. The simultaneous reduction of the body's own
glucose production in the liver by inhibiting gluconeogenesis and glycogenolysis ensures a
sufficient glucose clearance (Holst et al., 2021). In severe obesity, insulin signaling is disturbed
and plays a decisive role in the development of metabolic and cardiovascular complications.
Visceral fat deposition is associated with impaired insulin signaling of target tissues even with
compensatively high i nsul i-cellsahich manifeste as fastingppm pa
hyperglycemia. This insulin resistance is primarily introduced through metabolic inflammation
as previously described and lipid toxicity from FFAs. The impaired insulin sensitivity is further
promoted by ROS activity, mitochondrial and lysosomal dysfunction as well as
endoplasmic reticulum (ER) stress both in adipose- and ectopic non-adipose tissues (Ahmed
et al., 2021).

2.1.4.2 Dysbiosis of the gut microbiota

The gut microbiota is an important mediator in the development of obesity and associated
comorbidities. It comprises over 1000 bacterial strains that symbiotically live together from non-
digestible food compounds, mucus and dead cells i n t h e h u tmaretudns theggutt
microbiota produces large quantities of metabolites that exert physiological effects by entering
the blood circulation, regulating gene expression and affecting metabolic and immunological
processes. In a healthy state, the gut microbiota maintains metabolic homeostasis by reacting
to internal and external physiological triggers. Accordingly, disturbances of this sensitive body

system, regarding the microbial composition, produced active molecules and its immunological
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barrier integrity, are associated with unfavorable metabolic outcomes and ultimately the
development of obesity and other metabolic diseases (Boulangé et al., 2016; Gomes et al.,
2018; Green et al., 2020). Important gut microbial alterations related to the obese phenotype

are summarized in Figure 2.3 and detailed below.

Obesity-associated dysbiosis of the gut microbiota
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Figure 2.3: Obesity-associated dysbiosis of the gut microbiota. The gut microbiota
comprises over 1000 bacterial strains that, under physiological conditions, symbiotically live
together the humandéds gut. I n return, the gut mi
that exert physiological effects. Disturbances of the microbial composition, active molecules
produced, and impairments of the barrier integrity are associated with unfavorable metabolic
outcomes and the development of obesity and other metabolic diseases. Own illustration

adapted from (Boulangé et al., 2016) and created with biorender.com.

Microbial ecology

The composition of the gut microbiota is causally related to obesity development (Béackhed
et al., 2005; Turnbaugh et al., 2006; Ridaura et al., 2013). Yet, a clear definition of an obesity-
specific microbiota remains challenging. Nevertheless, studies in the last two decades clarified
that an increased abundance of the microbial phyla Firmicutes (Gram-positive) in relation to
Bacteroidetes (Gram-negative) is important in metabolic disease pathophysiology (Crovesy
et al., 2020). In accordance, the diversity of microbial species has also been identified as an

important health determinant, whereby both a decreased number of species and species
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variation are associated to weight gain, metabolic inflammation and insulin resistance
(Turnbaugh et al., 2009; Le Chatelier et al., 2013). Moreover, low bacterial gene counts
associated to anti-inflammatory properties and high counts associated with oxidative stress
were observed in obesity (Le Chatelier et al., 2013).

Aside from bacterial shifts on higher taxonomical levels, recent studies emphasize that the
presence or absence of specific individual microbial species, also termed pathobiontics, can
exert comparably strong immunological effects (Belkaid and Hand, 2014). Interestingly, this
association has also been demonstrated in the metabolic dysregulation, with a decreased
abundance of e.g. Akkermansia muciniphila (Hasani et al., 2021) and an increased abundance
of e.g. Parasutterella species (sp.) (Henneke et al., 2022) involved in the regulation of energy
metabolism and inflammatory progression of obesity and Type 2 diabetes (Hasani et al., 2021;
Henneke et al., 2022).

Endotoxemia

Metabolic endotoxemia refers to the increased systemic infiltration with lipopolysaccharides
(LPS) from the gut which is observable in obesity. LPS originate from Gram-negative microbial
bacteria and increasingly reach circulation by crossing the gastrointestinal mucosa due to
leaky tight junctions and their ability to infiltrate chylomicrons which are increased by high
dietary fat consumption (Neal et al., 2006; Cani et al., 2007). Once reaching circulation, LPS
infiltrate metabolic adipose and liver tissue, where they promote the obesity-associated innate

immune response by the initiation of M1 macrophage polarization (Neal et al., 2006).

Energy harvest and homeostasis

The gut microbiota also plays a crucial role in energy homeostasis by fermenting otherwise
non-digestible fibers to energetically utilizable short-chain fatty acids (SCFA) like acetate,
butyrate and propionate (Wong et al., 2006). The extent of energy harvested through the gut
microbiota is dependent on the i n d i v icahsumptidn of dietary fibers, microbial diversity
as well as microbiota-host interactions and can thereby make a substantial contribution to the
host 6s awilaliblity fNghra et al., 2016). Obesity is associated with higher intestinal SCFA
concentrations that stand in causal relation to bioavailable energy derived from those

substrates (Fernandes et al., 2014).
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2.1.4.3 Neuroendocrine satiety dysregulation

The hypothalamus is a small part (< 1 %) of the humandés braitm t hat
entire organism. Homeostasis of body temperature, food and water intake, osmolarity and
circadian rhythm as well as the vegetative nervous system and social behaviors are known to
be navigated by this brain area. Above that, in interaction with the hypophysis, the
hypothalamus also acts as an endocrine organ (Kuliczkowska-Plaksej et al., 2012; Rosin and
Kurrasch, 2019). Due to its role in the regulation of energy homeostasis, the hypothalamus
has moved into focus of obesity research and since has been identified as an important
mediator in disease pathophysiology through the onset of inflammation from dietary triggers

and endocrine malfunction.

Hypothalamic inflammation

An increased activation of inflammatory mediators, for instance C-Jun-N-terminal kinase (JNK)
and inhibitorof 8 B k i n a)pathwdy$, Kak been observed in the hypothalamus in reaction
to dietary fatty acids and monosaccharides causing a delay in the sense of satiety (Jais and
Brining, 2017). Of interest, this association is already visible under unfavorable dietary
conditions prior to weight gain which proposes that this dysregulation can possibly be a cause

rather than a consequence of obesity which will be further elaborated in Chapter 4.

Leptin resistance

Leptin is a pro-inflammatory adipokine that is exerted into circulation from adipocytes based
on the levels of triglycerides stored in adipose tissue. Under physiological conditions, this
mechanism is responsible for neuroendocrine satiety mediation in the hypothalamus via leptin
crossing the blood-brain-barrier (BBB) and binding to its respective receptor expressing cells
(Elias et al., 1999; Cowley et al., 2001). However, in obesity, even though circulating levels of
leptin are increased because of both excessive adipose tissue accumulation and deterioration,
leptin signaling and therefore satiety sensing is disturbed through a lack of leptin crossing the
BBB, reduced leptin receptor expression and the resistance of target cells towards leptin

signaling (Izquierdo et al., 2019).

These implications of the hypothalamus are expressed in a vicious circle of increasing dietary
intake and accumulating body fat which extensively potentiates with increasing obesity severity
and associated hormonal disturbances (further details provided in Chapter 4). An overview of

involved dysregulated endocrine axes is given in Figure 2.4.
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Obesity-associated satiety dysregulation
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Figure 2.4:Obesity-associated satiety dysregulation. Obesity is promoted by a
dysregulated, delayed feeling of satiety which is due to the impairment of neuroendocrine axes,
with links from various metabolically and endocrinologically active organs to the central satiety
regulation of the brain: Important hormones are (1) ghrelin which is secreted from the stomach
and initiates appetite, (2) insulin and (3) leptin which are secreted fromp anc r eclisam b
adipocytes, respectively, and initiate satiety. Effectiveness of those hormones is impacted by
further mediators: GLP-1 is a gut-derived peptide that promotes insulin release from the
pancreas. The gut microbiota is involved in energy homeostasis and, when in symbiosis, exerts
various health benefits. In contrast, dysbiosis of the gut favors local inflammation and impacts
the secretion of peptide hormones, which together promote insulin and leptin resistance.
Important brain regions are the hypothalamus that primarily regulates energy homeostasis and
the cortex and limbal areas that centrally regulate cognitive reward control as a reaction to
food intake. Abbreviations: GLP-1 = glucagon-like peptide 1; OXY = oxyntomodulin; PYY =
peptide YY; SCFA = short-chain fatty acid. Black lines indicate stimulants for the control of fat
storage. Green lines indicate dysregulated routes resulting in delayed satiety and by that
promoting obesity. Own illustration adapted from (Majeed et al., 2021) and created with
biorender.com.

2.1.5 Consequences on morbidity and mortality

Diverse health consequences have been linked to the presence of obesity and the associated
metabolic implications either as a direct cause or as an adverse contributor. These include
Type 2 diabetes, arterial hypertension, cardiovascular (e.g. coronary artery disease) and
respiratory (e.g. asthma and chronic obstructive pulmonary disease (COPD)) diseases as well
as different types of cancer (e.g. colon cancer). Above that, obesity is associated with a

decrease in life expectancy and a simultaneous decline in quality of life (Meldrum et al., 2017).
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2.1.6 Treatment strategies

An effective treatment of overweight and obesity is essential for disease control and the
stated-above associated health risks. Effects are best achieved through weight loss with

diverse benefits for both the patient and public healthcare system. Different treatment
approaches for obesity are available, whereby, in Germany, strategies are determined in the

f53 guideline for the pr eventi on and t Hkaunarpeyal., ®017) afdalei t y 0
fi S @uideline for obesity surgery and the treatment of metabolic diseaseso (Dietrich et al.,

2018) of the Association for the Study of Obesity and the Society for General and Visceral
Surgery, respectively. These regulations provide detailed information about treatment options,

which will only briefly be presented in this subchapter.

2.1.6.1 Non-surgical multimodal therapy

In principle, patients are first recommended a conservative therapy concept prior to the
indication of any other therapy options. Multimodal therapy should be composed of a dietary
intervention, behavior modification and regular exercise for at least 6 months aiming to achieve
a significant weight loss and long-term sustainable weight stabilization. As dietary intervention,
a calorie-restricted diet is recommended, with low calorie formula diets (VLCD) limiting energy
intake to 800-1000 kcal per day demonstrated to be highly effective (Burguera et al., 2015).
As physical exercise, a combination of strength and endurance training is suggested at least
two hours per week, since it was demonstrated that the type, intensity and time acquired for
exercise determines the success of weight loss. Another important aspect contributing to a
sustainable weight stabilization is the modification of unfavorable behavior, including stimulus
control, cognitive structures or coping mechanisms (Hauner et al., 2017; Dietrich et al., 2018).
If successful, conservatively induced weight loss initiates the improvement of cardiovascular
health risk and decreases comorbidity rates (Torgerson et al., 2004; Pi-Sunyer et al., 2015).
However, success rates are limited with various participants not reaching the goal of a 5-10 %

weight loss (Hauner et al., 2017).

2.1.6.2 Bariatric surgery

In accordance with the underlying guidelines, surgical obesity therapy is indicated by the failure
of conservative therapy as outlined above. In very severe cases, bariatric surgery can also be
suggested without previous conservative therapy, whereas individual contraindications must
be excluded prior to any surgery indication (Dietrich et al., 2018). Through specific changes to

the gastrointestinal tract, bariatric procedures cause a negative energy balance. Those
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changes include the restriction of food intake and, for some techniques, the decrease of
absorptive capacity (Girolamo and Allin, 2022). In Germany, sleeve gastrectomy and
Roux-en-Y gastric bypass are most commonly performed (Dietrich et al., 2018). The procedure
decision incorporates obesity severity, the presence of comorbidities as well as individual risk
assessment and the patient's preference. Procedure details are displayed in Figure 2.5. Of
interest, studies show that, in contrast to conservative therapy, surgical obesity intervention in
most cases leads to the aimed weight loss (Dixon et al., 2012; Sjostrom et al., 2012) but is
often associated with long-term complications (Lupoli et al., 2017).

Bariatric Surgery Procedures
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Figure 2.5:Bariatric surgery procedures. Bariatric surgery procedures for the treatment of
obesity initiate weight loss by creating a negative energy balance through specific changes in
the gastrointestinal tract. In Germany, sleeve gastrectomy and Roux-en-Y gastric bypass are
mostly performed. Sleeve gastrectomy is a restrictive procedure that reduces food intake by
the resection of up to 85 % of the stomach including the gastric fundus, from where the hunger-
signaling hormone ghrelin is secreted (A). Roux-en-Y gastric bypass is both a restrictive and
malabsorptive procedure meaning that aside from a significant decrease of the stomach
size through the formation of a small gastric pouch with approx. 30 ml remaining capacity,
a malabsorptive situation is created. Through bypassing the remaining stomach and
duodenum, the chyme first meets digestive juices in deeper parts of the jejunum, where
both paths are combined back together resulting in a significant decrease of nutrient
absorption (B). Own illustration based on (Girolamo and Allin, 2022) and created with
biorender.com.
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2.2 The human immune system

The immune system is responsible for the preservation of health and regeneration of disease
throughout the h u man 6 s wh o.llt protdcts theebody &rdmeexternal as well as internal
sources of danger, such as pathogens, toxins and cancer cells. For this purpose, the body is
equipped with different defense mechanisms, including physical and physiological barriers,
along with cellular and humoral contributors that can be divided into two subsequent defense
systems - the innate (non-specific) and the adaptive (specific) immunity (Marshall et al., 2018).
An overview of the immunological defense mediators is given in Figure 2.6. Main factors and

their respective functions, as well as relevant immunopathologies will be further explained

below.
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Figure 2.6: The human immune system. The human body is protected against pathogens
due to a three phase immunological system: (1) physical and physiological barriers protect
against the invasion of pathogens. (2) If the pathogen manages to surpass those barriers,
innate unspecific iImmune cascades are triggered by the activation of different cell types and
circulating mediators. (3) Finally, an antigen-specific defense is initiated including specific
immunological cells and the release of pathogen-corresponding antibodies. Abbreviations:
AMP = antimicrobial peptide; LPS = lipopolysaccharide; APP = acute phase protein. Own
illustration adapted from (Esposito, 2023) and created with biorender.com.
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2.2.1 Innate immunity

The innate immune system refers to a collection of defense mechanisms that quickly react
when the body encounters an antigen in a non-specific manner which is due to its lack of
memory function. These comprise a variety of immunological barriers, immune cells that
interact with one another either directly or through humoral mediators and have the ability to
induce specific defense mechanisms (Turvey and Broide, 2010; Marshall et al., 2018).

2.2.1.1 Immunological barriers

A variety of barriers located at pathogen-encountering body sites (e.g. the skin and gastro-
intestinal tract) are involved in the immune response at the earliest stage (Marshall et al.,
2018). Details on main barriers and their respective mechanism of action are given in
Table 2.3.

Table 2.3: Immunologicalbar ri ers i nvolved in thaAdagieddy ds i n
from (Marshall et al., 2018).

Barrier Mechanism

Anatomic

Skin - Mechanical barrier retards entry of microbes

- Acidic environment (pH 3-5) retards growth of microbes

Mucous - Normal floras compete with microbes for attachment sites
membrane - Mucus entraps foreign microbes
- Cilia propel microbes out of body

Physiologic

Temperature - Body temperature and fever response inhibits growth of some pathogens
Low pH - Acidic pH of stomach kills most indigested microbes

Chemical - Lysosome cleaves bacterial cell walls

mediators - Interferon induces antiviral defenses in uninfected cells

- Complement lyses microbes or facilitates phagocytosis

Phagocytic/endocytic barriers

- Various cells internalize (endocytosis) and break down foreign macromolecules

- Specialized cells (blood monocytes, neutrophils, tissue macrophages) internalize
(phagocytose), kill and digest whole organisms

Inflammation barriers

- Tissue damage and infection induce leakage of vascular fluid containing serum protein with
antibacterial activity, leading to influx of phagocytic cells into the affected area
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2.2.1.2 Cellular factors

Numerous cell types of hematopoietic origin (see Figure 2.6)arei nvol ved i n the bo
immunity. Hematopoietic cells include granulocytes (eosinophils, neutrophils and basophils),
monocytes that can differentiate into macrophages, dendritic cells, mast cells as well as natural

killer cells (Turvey and Broide, 2010; Stone et al., 2010). Important characteristics, as well as

main functions and pathogenic targets of involved cell types are displayed in Table 2.4.

Table24: Characteristics and main functions of cel |
immunity. Adapted from (Marshall et al., 2018).

Cells Lifetime Main targets Functions

Macrophages Months - years - Various - Phagocytosis
- Antigen presentation

Neutrophils 6 Hours - few - Bacteria - Phagocytosis
days - Fungi - Degranulation
Eosinophils 8 - 12 Days - Parasites - Degranulation

- Allergic tissues - Release of enzymes, growth factors, cytokines

Basophils Uncertain - Allergic tissues - Degranulation
- Release of histamine, enzymes, cytokines

Mast cells Months - years - Parasites - Degranulation
- Allergic tissues - Release of histamine, enzymes, cytokines

Monocytes Hours - days - Various - Differentiation into macrophages and dendritic cell to
elicit an immune response

Natural killer 7 - 10 Days - Viruses - Tumor rejection
cells - Tumor cells - Destruction of infected cells

- Release of perforin and granzymes which induce
apoptosis

2.2.1.3 Humoral factors

Aside from the presented cellular components, the innate immune system comprises a hetwork
of humoral factors, including various cytokines and chemokines, the complement protein
system, LPS-binding proteins, acute phase proteins (APP), antimicrobial peptides (AMP) and
interferons. They fulfill important functions in the immune system, such as the direct and
independent elimination of pathogens, the recruitment of immune cells, e.g. macrophages and
the initiation of phagocytosis, the induction of the molecular inflammation cascade, stimulation
of coagulation processes and protection of neighbor cells, which, altogether, contribute to the
prevention of systemic pathogen infiltration (Bottazzi et al., 2010; Mantovani and Garlanda,
2023).
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2.2.1.4 Recognition of pathogens

As mentioned earlier, the innate immune system does not have an antigen memory. Still, there
are receptors that enable the distinction between antigen and host origin. These are called
pathogen recognition receptors (PRR), with Toll-like receptors (TLR) and Nucleotide-binding
oligomerization domain like receptors (NLR) being the most abundant, that detect pathogen
associated molecular patterns (PAMP), such as protein, carbohydrate, lipid or nucleic acid
structures unique for pathogenic mechanisms and not present in the host. Ultimately, binding
of a PAMP to its respective receptor initiates a variety of immunological defense mechanisms
(Janeway and Medzhitov, 2002).

2.2.2 Adaptive immunity

The adaptive immune system is dependent on the strength and actions of the innate immunity.
Its primary function is to recognize specific exogenous antigens and distinguish them from
those originating in the host and to generate pathogen-specific immunological signals.
Adaptive immunity is therefore important for the effective liberation of the body from harmful
pathogens and pathogen-invaded cells. Above that, the adaptive immune system disposes a
memory function which is fundamental for an effective long-term immunization against
infections. These important properties are mediated by two main cell types: T cells and B cells,
the latter being responsible for the production and release of specific humoral antibodies
(Bonilla and Oettgen, 2010; Marshall et al., 2018).

2.2.2.1 Cellular factors

Antigen presenting cells

Antigen presenting cells get their name from the ability to present antigen-specific proteins, so

called major histocompatibility complexes (MHC), on their surface which is mandatory for the
recruitment and activation of adaptive T cells. There are two types of MHCs (I + II) that interact

with different types of T cells and by that fulfill different immunological functions. MHC | binds
peptides that originate from pathogen pre@teins
from virus or bacteria) and can be presented on any nucleic cell. In return, MHC Il are only

found on the surface of specific antigen-presenting cells. Those mainly mean dendritic cells

and macrophages, that decompose pathogens through phagocytosis, leaving them with

specific pathogen-derived peptides that together with the MHC Il complex are expressed on

cell surface (Bonilla and Oettgen, 2010; Marshall et al., 2018).
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T cells

Naive T cells, which derive from the thymus and circulate the body through the lymphatic
system, carry antigen-specific receptors (= T cell receptors, TCR) that can explicitly interact
with an opposed MHC-antigen complex presented by APCs. At primary pathogen encounter,
T cells are activated and consequently secrete cytokines that promote pathogen defense.
Moreover, T cell proliferation expansion and differentiation are initiated, which are responsible
for the antigen-specificity of T cells and essential in receiving immunity against infectious
pathogens. At this first differentiation stage, which is achieved by the presentation of pathogen-
unique clusters of differentiation (CD) on cell surface, naive T cells can only differentiate into
two distinct subtypes: (1) CD4+ helper cells and (2) cytotoxic CD8+ T cells (Bonilla and
Oettgen, 2010; Marshall et al., 2018).

Cytotoxic T cells exert their immunological properties by directly engaging with antigen-
invaded cells and by that are mainly involved in the defense of viral infections, tumor
supervision and transplant rejection. On the contrary, T helper cells do not directly interact with
infected cells. Still, they play a major role in the establishment and maximization of immune
response due to extensive mediating properties. There are different types of Th cells, that are
characterized by unique cytokine secretion profiles and subsequent immunological functions
with Thl, Th2 and Th17 being the most common. Of interest, Th2 cells are involved in the
immunopathology of topical allergic reactions, which will be further outlined below in
Subchapter 2.2.3.3. Another subset of T helper cells are recognized as regulatory T cells
(Treg) which also play a crucial role in the adaptive immune response. Tregs can limit and
suppress immunological activity, which is essential in the control of self-directed antigen
defense responsible of autoimmune disease development. After the resolution of infection,
most T cells will die with only a few remaining as memory cells which can quickly spread and
differentiate at another encounter of the same pathogen due to the expression of
pathogen-specific CDs (Bonilla and Oettgen, 2010; Marshall et al., 2018).

B cells and mast cells

B cells, which derive from the bone marrow, are equipped with a specific antigen-binding
receptor on cell surface which allows them to directly connect with antigens, not being in need
of ATPs. B cells are mainly responsible to produce antibodies against harmful antigens which
is realized through proliferation and differentiation into antibody-secreting plasma cells as a
result of antigen-binding to a respective receptor on B cell surface. Plasma cells can quickly
produce large antibody quantities that are released into circulation where they exert effective
and specific protection against pathogens. Apart from differentiation into plasma cells, B cells

can also differentiate into memory B cells, which similarly to memory T cells, remain alive and
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can be utilized upon re-exposure to their specific receptor-antigens (Bonilla and Oettgen, 2010;
Marshall et al., 2018).

2.2.2.2 Antibodies

Antibodies are the humoral factor of the adaptive immune system. They are secreted by B and
plasma cells and exerted into blood circulation. Here, they can directly bind to antigens on
pathogen surface following a key-lock-principle. By that, they mark the pathogen for the
elimination through downstream immunological processes, including the complement system
and phagocytosis. However, it should be noted, that the antibody is destructed along with the
pathogen. Of interest, antibodies are highly important in the acute phase of infection. Though,
they are not capable of completely eliminating a virus once the infection has become
established. At that point, cell-mediated immunity exerts main effects through cytotoxic T cell
activity, active macrophages and natural killer cells, and the stimulation of cytokine productions
(Schroeder and Cavacini, 2010; Bonilla and Oettgen, 2010; Marshall et al., 2018).

2.2.3 Hypersensitive reactions as important immunopathology

In-depth understanding of the immunopathological process of allergic hypersensitivities is
mandatory for an adequate interpretation when assessed in relation to other diseases, as in
the case of this work, obesity and cardio-metabolic comorbidities. To distinctively evaluate
metabolic alterations between immediate and delayed onsetting allergies, allergic rhinitis,
which is also termed hay fever, and contact dermatitis, were chosen as examples, respectively.

Of these, diagnosis and pathophysiology will be elaborated in more detail in the following.

2.2.3.1 Definition and classification

The term fallergyorefers to a hypersensitive immunological reaction in the form of repeated
reactions towards the exposure of a specific stimulus at a dose generally tolerated by healthy
individuals (Johansson et al., 2004). Based on the type of stimulus, the immune system is
differentially triggered which expresses in varying tissue injuries and symptoms. It can be
distinguished between four types (I-IV) of allergic reactions, whereby Types I-lll are
characterized by an immediate and Type IV by a delayed reaction onset (Marshall et al., 2018).
Main immunological mediators and clinical examples of each allergy type are displayed in
Table 2.5.
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Table 2.5: Classification of hypersensitive reactions. (Marshall et al., 2018).

Type Alternate name Mediators Examples

I Allergy (immediate) IgE Atopy
- Anaphylaxis
- Asthma
- Allergic rhinitis
- Angioedema
- Food allergy

Il Cytotoxic, antibody dependent 19G, IgM Erythroblastosis fetalis
Goodpasture syndrome

Autoimmune anemias,
Thrombocytopenia

1l Immune complex disease Aggression of antigens Systemic lupus erythematosus
19G, IgM Serum sickness
Complement proteins Reactive arthritis

Arthus-reaction

v Delayed-type hypersensitivity, T cells, monocytes, Contact dermatitis
cell-mediated, macrophages Tuberculosis

antibody-independent . L
y P Chronic transplant rejection

Abbreviation: Ig = Immunoglobulin.

2.2.3.2 Diagnosis

The most frequently used in vivo method to diagnose a Type | hypersensitivity is the skin prick
testing (SPT). Itis performed percutaneously by pricking or poking the skin surface on the palm
side of the forearm, where the reactions to the exposure of a small amount of allergen are
monitored. A pathophysiological reaction results in the initiation of typical symptoms including
swelling, redness and itching of the stimulated skin area proportionate to severity of the

hypersensitivity (Portnoy, 2011).

In return, the established tool to diagnose a Type IV contact hypersensitivity is the patch test.
It is performed by the superficial application of a small amount of the suspected allergen to the
pat i batkwhere it remains sealed under taped plastic or metal chambers for 48 hours.
After removal, typical symptoms can be read out at defined time points of two, three and seven

days to assess reaction dynamics and severity (Johansen et al., 2015).

Another method to detect both immediate and delayed allergic reactions is an intradermal test
which is characterized by high sensitivity and low rate of false-negative results and usually
implemented at strong clinical suspicion of allergy despite negative SPT. For this, a small
amount of allergen is injected in the dermis which, in case of an allergic reaction, would express

by the formation of a wheal as well as the development of skin rashes (Ansotegui et al., 2020).
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2.2.3.3 Pathophysiology

Hay fever (Type | hypersensitivity)

Hay fever is one of the most common diseases worldwide. It is triggered by pollen and
associated with symptoms such as sneezing, a runny nose, congestion, and itchy eyes. The
allergic reaction is characterized by a rapid onset and mediated by the release of
Immunoglobulin E (IgE) whereby it is classified as Type 1 hypersensitivity (Dispenza, 2019).

Figure 2.7 illustrates the pathophysiological reaction, which is composed of an early and late
phase. In the early phase, allergens are inhaled through the nose where they can surpass the
epithelium, are taken up and processed by their respective APCs (dendritic cells or
macrophages). This complex serves as a ligand for naive T cell receptors causing their
differentiation to allergen-specific Th2 cells. By the release of specific cytokines, those can
interact with B cells and initiate the production and release of allergen-specific IgE which, in
turn, can bind to a specific mast cell receptor, leading to their activation. Activated mast cells
secrete a variety of soluble mediators, with histamine being the most prominent, ultimately
leading to the onset of allergy-specific symptoms. In the late phase, which sets on after approx.
four to six hours after the first allergen exposure, the further recruitment and activation of
immune cells (T cells, monocytes, basophils, eosinophils and neutrophils) into the nasal
epithelium initiates a local inflammatory process which further amplifies present symptoms
(Nur Husna et al., 2022).

Contact dermatitis (Type IV hypersensitivity)

Contact dermatitis is a delayed T cell-mediated allergic reaction caused by cutaneous
exposure to specific allergens and is therefore classified as Type IV hypersensitivity (Dispenza,
2019). According to an extensive meta-analysis from 2018, nickel, fragrance mixes, cobalt,
Myroxylon  pereirae, chromium, p-phenylenediamine, methylchloroisothiazolinone/
methylisothiazolinone, and rosin are the most common allergens prone to cause
hypersensitive reactions (Alinaghi et al., 2019). Of interest, contact dermatitis irritants are
mol ecularly cl| a®siwfhiiedh a<f @h ap ttheatncasn ordylcduseram | e c u |

immune response after the formation of a complex with a bigger carrier (e.g. a protein).

The pathophysiological process of Type IV hypersensitivities, separated into the first and
further allergen encounter, is displayed in Figure 2.8. At the first skin sensitization and after
passing the skin epithelial barrier, the hapten binds to cellular proteins and by that becomes
immunogenic. The hapten-protein complex is then taken up by two local subtypes of dendritic

cells. Afterwards, this complex migrates to regional lymphoid nodes, where they - as
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antigen-presenting cells - interact with specific T cells causing their proliferation to either
cytotoxic or helper T cells which remain in the lymphoid nodes until further allergen encounters.

At the second encounter, which is called the elicitation phase, the hapten is recognized by the
now sensitized, antigen-specific T cells causing their activation and migration to the contact
site. This is mediated by an inflammatory reaction of cytokines and cellular infiltrates production
from native dendritic cells. These reactions ultimately lead to the expression of clinical
symptoms including redness, rash and itchiness due to tissue damage (Nassau and Fonacier,
2020; Azeem et al., 2020).

Pathophysiology of Type | hypersensitivities
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Figure 2.7:Pathophysiology of Type | hypersensitivities. In the early phase, allergens are
inhaled through the nose, cross the epithelium where they are taken up by antigen-presenting
cells (APC). In complex, they cause the differentiation from naive to Th2 cells initiating the
production and release of Immunoglobin E (IgE) through B cells which, in turn, can bind to a
specific mast cell receptor, leading to their activation. Activated mast cells secrete a variety of
soluble mediators which evokes known allergy symptoms. In the late phase, recruitment and
activation of various immune cells into the nasal epithelium initiates a local inflammatory
process which further amplifies present symptoms. Abbreviations: APC = antigen-presenting
cell; Th = T helper cell; IgE = Immunoglobulin E. Own illustration adapted from (Nur Husna
et al., 2022) and created with biorender.com.
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Figure 2.8: Pathophysiology of Type IV hypersensitivities. At the first skin sensitization and
after passing the skin epithelial barrier, the hapten binds to cellular proteins and by that
becomes immunogenic. The hapten-protein complex is taken up by dendritic cells, which
migrate to regional lymphoid nodes, where they interact with specific T cells causing their
proliferation. At elucidation, the hapten is recognized by the now sensitized, antigen-specific
T cells causing their activation and migration to the contact site. This is mediated by an
inflammatory reaction which ultimately leads to the expression of clinical symptoms. Own
illustration adapted from (Azeem et al., 2020) and created with biorender.com.

2.2.4 Immunologically active tissue: Bronchial club cells

Another question that we wanted to address is whether obesity exerts impairments on
immunologically active tissues. In this regard, the tissue that we assessed are bronchial club
cells (formerly named clara cells or bronchiolar exocrine cells), a secretory cell type located in

the lung epithelium (Komaromy and Tigyi, 1988) and interesting for three main reasons:

(1) The lung as a location of immunological and metabolic interplay has recently been brought
into scientific focus through the COVID-19 pandemic, which displayed a clear association
between the risk of severe respiratory complications with the presence of obesity and other

cardio-metabolic predispositions (Ejaz et al., 2020; Erener, 2020; Zhou et al., 2021).

(2) The immunological properties of club cells are well established comprising the secretion of
defensive materials, involvement in bronchial epithelium repair processes as well as enabling

the detoxification and elimination of hazardous external substances. Above that, it is known
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that a disturbance of club cell function in the maintenance of pulmonary homeostasis by the
secretion of important soluble immunologically active molecules represents an important
mediator in the pathogenesis of various chronic and acute respiratory diseases (Rokicki et al.,
2016; Boei et al., 2017).

(3) Club cells secrete a protein, known as clara-cell 16-kDa protein (CC16), which is well
detectable in the circulation with no other noteworthy origins than the lungs. The quantification
of this protein in blood samples therefore enables an easy, non-invasive evaluation of this
immunologically active tissue (Wang et al., 2012).

Physiological properties of CC16

Although the exact biological functions of CC16 still remain unknown, numerous studies
suggest that CC16 is a multifunctional protein that has potent anti-inflammatory and
immunomodulatory properties (Shijubo et al., 2003). These properties may, at least in part, be
due to its ability to inhibit the activity of phospholipases A2 (PLA2). PLA2 are a family of
esterases that release free fatty acids by hydrolyzing glycerophospholipids. Among others,
PLA2 can release arachidonic acid which constitutes a precursor for potent mediators of
inflammation, such as prostaglandins, leukotrienes, and thromboxanes. Furthermore, PLA2
activity can lead to the formation of platelet-activating factor, one of the most potent
inflammatory lipid mediators (Mukherjee et al., 1992; Mukherjee et al., 2007). Interestingly, the
crystallographic surface structure of CC16 bears distinctive similarity to that of PLA2
(Mukherjee et al., 1992). Through inhibition of these enzymes, CC16 may maintain a low
proliferative rate in cancer cells by regulation of cell proliferation. In consistence, CC16 gene
knockout led to a high incidence of malignancies in murine models (Peri etal., 2003). In
addition, CC16 expression is undetectable in various human tumor cell lines of lung, uterine,
and prostate origin. Treatment of prostate tumor cell lines with recombinant human CC16 can
inhibit the invasiveness of these tumors, demonstrating an anticancer activity of recombinant
CC16 (Patierno et al., 2002).

Studies of CC16 knockout mice reveal several important physiological functions of this protein,
such as a protective effect of CC16 in the lungs against inflammation (Pilon, 2000; Zhang et al.,
2000). Further, a dysregulation of CC16 is often seen in the pathogenesis of pulmonary
diseases in humans, like asthma or COPD, and data indicate that this protein could be helpful
to diagnose and reflect the severity of various lung diseases (Almuntashiri et al., 2020). Beyond
that, murine knockout models exhibit severe fibronectin-deposit glomerulopathy, a lethal renal
phenotype. This finding led to the discovery that CC16 inhibits the formation of a

proinflammatory complex between fibronectin and immunoglobulin A. Other manifestations of
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the CC16 knockout phenotype in mice include cachexia, pancreatic impairment, as well as
elevated circulating levels of PLA2 (Pilon, 2000; Zhang et al., 2000).

Further properties attributed to CC16 include an anti-chemotactic and anti-phagocytic effect
on macrophages and neutrophils (Mukherjee et al., 1999), inhibition of thrombin-induced
platelet aggregation (Patierno et al., 2002), and the ability to bind various small hydrophobic
molecules, for example progestins, retinoids, and toxic xenobiotics (Miele, 2000). Considering
these results and the fact, that CC16 has a cell surface receptor, it seems possible that CC16
may be a multifunctional cytokine (Mukherjee et al., 1999).

CC1606s hi g oténiiabhasdeek kmown for several decades, resulting in it being very
extensively evaluated in various lung diseases and further discussed as a predictive marker of

disease severity, e.g. in COPD. However, the evaluation of CC16 beyond lung diseases has

only recently been addressed in very limited studies. Interestingly, these reveal that CC16

secretion levels are not only impaired by external irritants, like cigarette smoking, but also by

the personds body weight which proposes a poss:s
(Goudarzi et al., 2022).
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3 Cohorts and Methods

Since cohorts and methods were used within multiple subprojects, the following paragraph will
provide detailed cohort descriptions and extended presentation of implemented methods in
addition to the material and methods sections of each project chapter.

3.1 Study cohorts

3.1.1 FoCus: Food Chain Plus cohort

The FoCus cohort is a partly cross-sectional cohort which was funded by the German Federal
Ministry of Education and Research (BMBF, Grant 0315540A to Matthias Laudes) and
approved by the local ethics committee of the Medical Faculty at Kiel University, Germany
(A156/03). The German Clinical trial registration number is DRKS00005285 (registered on

11. May 2013). Prior to the study, written informed consent was obtained from all subjects.

A detailed flowchart of the cohort build-up and data collection is given in Figure 3.1A. In brief,
a total of 1811 human subjects from the Kiel area in Northern Germany were enrolled into the
cohort between 2011 and 2014. Of these, 1309 were recruited through regional registration
offices and 502 from the obesity outpatient clinic of the Department of Internal Medicine | of
the UKSHinKiel.l| ncl usi on was dependenthatlmatohehaweends
and 75 years at enrollment. After acceptance of participation, people were extensively
phenotyped by the completion of a health and lifestyle-related questionnaire as well as physical
examination that was carried out by trained medical staff including anthropometric
measurements and fasting blood sample collection. 12-month food frequency questionnaires
(FFQ) were filled in. 16S rRNA sequencing, high-throughput array-based genotyping as well
as Fourier transform ion cyclotron resonance mass spectrometry (FT-ICR-MS) metabolomics
from urine and blood serum were also available. The baseline study population will be
recontacted at 5-year intervals to collect follow-up data for longitudinal health assessment. The
first follow-up data collection was finished in 2020 and included 820 participants. For subjects
from whom no response was received, vital status was checked in November 2022 through
individual contact of the residents' registration offices, which revealed that 90 subjects

deceased since the baseline inclusion.

tici

F
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Figure 3.1:Flowchart of the FoCus cohort build-up and the composition of project-
specific study subpopulations. Initial enrollment was executed between 2011 and 2014
resulting in a study population of 1795 participants. People were extensively phenotyped by a
health questionnaire and physical examination, 12-month FFQs were filled in and 16S rRNA
sequencing, array-based immunochip genotyping as well as FT-ICR-MS metabolomics from
urine and blood serum are available for Baseline analyses. The first 5-year follow-up data
collection was finished in 2020 and includes data from 820 participants (A). To answer the
research questions raised in this dissertation, appropriate subject subpopulations were
extracted from the FoCus cohort. These include requirements about the presence of specific
phenotypic conditions (e.g. allergies, obesity or Type 2 diabetes) and availability of specific
data or sample materials (B). Abbreviations: HEI-EPIC = Healthy Eating Index specifically
modified to fit the EPIC-FFQ data; CC16 = clara cell 16-kDa protein; FFQ = food frequency
guestionnaire; MHC = metabolically healthy controls; NW = normalweight; O-T2D = obesity
without Type 2 diabetes; O+T2D = obesity with Type 2 diabetes; UW = underweight. Own
illustration partly adapted from (Geisler et al., 2022) and created with biorender.com.
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Figure 3.1B shows the composition and size of subpopulations that were extracted from the

total cohort to answer the research questions raised in this dissertation. The selection of
participants was based on either the presence of specific phenotypic characteristics (e.g.
allergies, obesity or Type 2 diabetes) or the availability of specific data or sample materials.
Detailed information on each subpopul atiialn i s
and methods section.

3.1.1.1 Medical history, health and social status

Data collection

A questionnaire for nutrition-medical study purposes (v.1.1, 18.07.2011, popgen) was used to
obtain data on the participantsdémedical history and current health status. Information were
registered through structured questions on oncological, cardio-metabolic, vascular, internal,
dermatological, neurological, and other diseases. Where appropriate, sections also ask for
information on disease duration, severity and medication. The questionnaire also conducts
informationont h e i n d biolopichlucharaétesistics (e.g. year of birth and sex), lifestyle
(e.g. smoking habits) and social status (e.g. highest graduation degree and current work
situation). Finally, the individual is asked to give information on the medical history and health

status of first degree family members (mother, father and siblings).

Internal data validation

Only subjects who provided at least age and sex information through the questionnaire were
included in the cohort. For the validation of these self-reported information, participants were
encouraged to present their daily medications during physical examination at the study site
which were, together with reported diseases, reviewed and documented by trained medical
staff. Prior to use, the plausibility of given information was manually checked again, and

inconclusive data of any kind were excluded from statistical analyses.

Disease prevalence

The prevalence of specific characteristics (e.g. the presence of obesity) was calculated using

Equation 1.

number of individual siishnisampl e wi !
Preval[eWce= : : : :
tot al numbdieviodbéals in sampl e

Equation 1. Prevalence
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Of note, since the FoCus cohort was partly recruited through the obesity outpatient clinic of the
UKSH, there is an overrepresentation of metabolic disease cases which is particularly useful
for the identification and evaluation of health implications associated with these disease types.
In detail, referred to the GEDA 2014/2015-EHIS public health survey by the RKI and German
Federal Statistical Office, overweight/obesity and Type 2 diabetes are present in 18.1 % and
7.7 % of the participating German population, respectively (Heidemann etal.,, 2017,
Schienkiewitz et al., 2017). In return, the FoCus cohort consists of 39.9 % of overweight/obese
and 14.36 % of people with Type 2 diabetes. Regarding other related diseases, e.g.
cardiovascular conditions, the FoCus cohort represents similar prevalence as those reported

for the whole country (Busch and Kuhnert, 2017).

Medication

Participants listed their regularly needed medication using the respective trade names. After
an initial spell-check, pharmaceuticals were stratified by trained medical staff into the following

31 categories:

A Angiotensin-converting enzyme A Local therapeutics
inhibitors/Angiotensin receptor blockers A Marcumar
(ACEI/ARB) )
; ) A Metformin
A Antacids )
; o A Novel anticoagulants (NOAC)
A Antibiotics ]
i _ A Nonsteroidal anti-inflammatory drugs
A Antidepressants (NSAID)
A Antihistamines A Opioids
A 5-Aminosalicylic acid (ASA) A Other antihypertensives
A Beta blockers A Other hormones
A Biologicals A Other lipid lowering drugs
A Calcium-channel blockers A Other psychotropic drugs
A Contraceptives A Over the counter drugs
A Cortisone A Sodium glucose linked transporter 2
A Disease modifying anti-rheumatic drugs inhibitors (SGLT-2i)
(DMARD) A Statins
A Dipeptidylpeptidase-4 inhibitors A Sulfonylureas
(DPP-4i) )
. . ) A Thyroid hormones
A Glucagon-like peptide 1 analogues )
A Uricosurics

A Insulins
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3.1.1.2 Anthropometry

Anthropometric characteristics were obtained during physical examination by trained medical
staff. Measurements were taken as duplicates and mean values were calculated. Subjects
were weighed on digital scales in light clothing without shoes and weight was determined to
the nearest 0.1 kg. Height was measured using a stadiometer to the nearest 1 cm.
Corresponding Body Mass Index (BMI) was calculated using the following established
equation:

body weight [ kagl]

2:
BML ko hei gtt [ m]

Equation 2: Body Mass Index

Waist and hip circumferences were determined using measuring tape to the nearest 1 cm.
Corresponding waist-to-hip-ratio (WHR) was calculated using the following established
equation:

wai st circumference [ cm]

WH R= . .
hip circumference [ cm]

Equation 3: Waist-to-hip ratio

3.1.1.3 Blood biomarkers

Participants were asked to retain an overnight fast of at least eight hours prior to their
examination appointment. Precise information on the fasting duration was collected within the
medical questionnaire. Blood samples were obtained during physical examination by trained
medical staff, centrifuged and either immediately frozen to -80°C or transferred to the UKSH
central laboratory for the measurement of metabolic and inflammatory markers. At later times,
samples were further used to measure specific target biomarkers and other desired endpoints.
Table 3.1 provides information on the availability and type of measurement blood markers that

are of relevance for this work.
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Table 3.1: Availability and measurement of blood markers of the FoCus cohort. In
accordance with (Geisler et al., 2022).

Biomaterial Type of measurement N

Metabolic markers
Glucose, mg/dl Lithium-Heparin plasma  Photometry, by UKSH central laboratory 1789
Insulin, pu/l Lithium-Heparin plasma  ECLIA, by UKSH central laboratory 1778
Trigl i - . .
mrrlggll;:lerldes, Lithium-Heparin plasma  Enzymatic color test, by UKSH central laboratory 1790
Total chol I - .

otal cholesterol, Lithium-Heparin plasma  Photometry, by USKH central laboratory 967

mmol/l

Inflammatory markers

CRP, ng/ml Lithium-Heparin plasma  Immunoturbidimetric test, by UKSH central laboratory 1209
IL-6, pg/ml Lithium-Heparin plasma  ECLIA, by UKSH central laboratory 1453
wnt5a, ng/ml Serum ELISA,byLaudesés group 883
SFRP-5, ng/ml Serum ELI SA, by Laudesds group 836

Specific biomarkers

NT-proBNP, pg/ml  Serum ELI SA, by Laudesdés group 470
sDPP-4, ng/mi Serum ELISA, by Nathalie Rohmann 551
CC16, ng/dl Serum ELISA, by Nathalie Rohmann 497

Immunological special analysis

TRECs, EDTA whole blood ddPCR, by Nathalie Rohmann and Hematology Lab,

number/10° . . - 90
genomic DNA Medical Clinic Il, UKSH

Lymphocytes

T cell fractions, % EDTA whole blood ddPCR, by Nathalie Rohmann and Hematology Lab, 9

Lymphocytes genomic DNA Medical Clinic II, UKSH

Abbreviations: CRP = C-reactive Protein; IL-6 = Interleukin-6; wnt5a = wingless-type mouse mammary tumor virus
integration site family member 5a; SFRP5 = Secreted Frizzled Related Protein 5; NT-proBNP = N-terminal
pro-brain natriuretic peptide; sDPP-4 =soluble Dipeptidylpeptidase 4; CC16, Clara cell 16-kDa protein;
TREC =T cell receptor excision circle; ECLIA = Electrochemiluminescence immunoassay; ELISA = enzyme linked
immunosorbent assay; ddPCR = droplet digital polymerase chain reaction.

To evaluate the extent of i -cel funttipm HomeostaticModeh c e  ar
Assessment of insulin resistance (HOMA-IR) and beta-cell function (HOMA-b) indices were
calculated. Fasting insulin and glucose values were inserted in the following established

equations:

. mu, - mmo,l

i ns u—||—|]lng [fuc e—q—e] [
22.5

Equation 4: Homeostasis Model Assessment of insulin resistance

HOMA R
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Zdinsumll—l|J]n [

HOMA = p—
gl uce—is—e][B. 5
Equation5: Homeost asi s Model -fefl iecisment of D

3.1.1.4 Serum and urine metabolomics profiles

Serum and urine metabolomics profiling was performed by the Department of Food
Technology at Kiel University.

Sample collection

Spot urine was collected by participants on the study site at the day of physical examination
and immediately frozen to -80 °C until further processing. Serum samples were collected by
trained medical staff after an overnight fast of at least 8 hours and immediately frozen to -80 °C
until further processing. After collection, the same protocol was applied to urine and serum

samples.

Sample preparation

Samples were gently thawed and diluted (urine: 1:500; serum: 1:1000) with methanol and
water (50:50, v/v) prior to mass-spectrometry (MS) analysis. The preparation of quality control
(QC) samples followed the same scheme described in (Demetrowitsch et al., 2015). Briefly,
small amounts of each sample were collected in a pool and the QC samples were prepared
from them. If samples had incomplete measurements and, in case of urine, if creatinine was

indetectable, they were excluded from further processing.

Data acquisition

Data was acquired using a 1260 Infinity high-performance liquid chromatography (HPLC)
(Agilent, Waldbronn, Germany) for direct injection of samples. The HPLC was linked to an
extreme high-resolution FT-ICR-MS (7T, SolariXR, Bruker, Bremen, Germany). Mass spectra
were obtained with electrospray ionization source in both modes (positive and negative
ionization) and two methods with a mass range between 65 and 1500 Da, leading to a total of
four data sets. An intensity threshold of 10° counts was applied. Data was calibrated using an
in-house database in the quadratic mode with a tolerated mass error < 0.5 mDa. Detailed
instrumental parameters can be found in (Seoudy et al., 2023). Blank samples were injected

prior to each batch. Pooled QC samples were injected at the start and end of each batch.
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Data processing

Bruker raw data (.d) were processed in the MetaboScape 2021b software (Bruker, Bremen,

Germany) using the following settings:

A Primary ion (positive mode) [M+H]+

A Seed ions (positive mode) [M+H]+, [M+Na]+
A Primary ion (negative mode) [M+CI]-

A Seed ions (negative mode) [M-H]-

A Tolerated error (HMDB and molecular formulas) 0.5-2 ppm

A Tolerated mSigma (HMDB and molecular formulas) 50-300

A Maximal charge state 1

Most probable chemical formulas were assigned based on accurate measured masses,
isotopic patterns and the seven golden rules (Kind and Fiehn, 2007). Potential compound
names were assigned based on the Human Metabolome Database (HMDB) entries (v.5.0) for
all human biospecimens (Wishart et al., 2022). The raw Bucket tables were exported and
further processed in R (v.4.1.2). Signal correction, peak filtering and imputation of missing
values were conducted using the R package fstatTargetov.1.24.0 (Luan et al., 2018). Signal
correction was applied using QC-based random forest. Peak filtering was conducted by only
including compounds that were detected in at least 80 % of samples. Imputation of missing

values was performed using the k-Nearest Neighbor method.

Data merging

After signal correction, datasets were merged. Data from analytical methods (ultra small
molecules, small molecules) and electrospray ionization modes (positive, negative) were
merged to one final data set. If a metabolite was detected in multiple data sets, the
measurement with the lowest number of missing values, or the highest median intensity, or the
highest mean intensity was selected. In case of ties, those criteria were applied in the
described order. Metabolites only detected in one of the data sets were simply added to the

final data set.

3.1.1.5 Diet

Data collection

The daily dietary intake was captured using the valid semi-quantitative 12-month retrospective
food frequency questionnaire by the European Investigation into Cancer and Nutrition protocol
from the German Institute of Human Nutrition in Potsdam (EPIC-FFQ, v.1(Boeing et al., 1999).
The EPIC-FFQ consists of questions about the frequency of consumption and average portion

sizes of 143 foods. Subsequent calculations were done using EPICsoft software resulting in
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information on the total caloric, food and water intake, as well as data of the micro- and
macronutrient, single food item or food group intake (Noethlings et al., 2003).

Data validation

Two step validation has been performed including an initial validation, which has previously
been described by Nothlings etal. (Nothlings etal.,, 2007) and an additional accuracy
verification via unannounced 24 h-dietary recall in 10 % of subjects by a trained dietician.

Data adjustment

To precisely assess the daily intake of nutrients and food groups in relation to different
phenotypes, data was adjusted to the total energy or food intake, respectively. This allows the
consideration of (1) individual energy requirements and expenditure and (2) potential
measurement errors due to self-reporting. Nutrient-density model was chosen to adjust
macronutrients (Jovanovic et al., 1994). This was performed by calculating respective nutrient
densities (carbohydrates: 17 kJ/g, proteins: 17 kJ/g, fats: 37 kJ7g and alcohol: 29 kJ/g) as the

percentage of energy intake according to Equation 6.

macronutrik‘]tgintake [

Macronutrient d 1100
K :
tot al enea—g]y intake |

Equation 6: Macronutrient density

Micronutrients and foods were adjusted using residual models (Willett and Stampfer, 1986).
The residual from an unadjusted linear regression model (total nutrient intake [mg/day] ~ total
energy intake [kJ/day]) is added to the mean nutrient intake which creates an estimate of
nutrient consumption that better relates to the overall food choice variation and dietary
composition than the initial raw data (Willett and Stampfer, 1986). Using the same process,

the intake of individual foods [g/day] was adjusted to the total food intake [g/day].

Healthy Eating Index

A selected index was calculated for a holistic assessment of the diet quality. This Healthy
Eating Index indicates how cl osel vy t he individual 6s di et
recommendations. The original index was established in the United States and referred to the
fDietary Guidelines for Ame r i c(kennedy et al., 1995), whereas the here used adapted
form (HEI-EPIC) i s i n |Geman foed pyrbmid récemmiéndationsd pu b | ittehed b

German Federal Agency for Agriculture and Food (Groeneveld et al., 2020). We computed the



Cohorts and methods

index adapting the calculation from von Rusten et al. who specifically adjusted each step to fit
the EPIC-FFQ data (Rusten et al., 2009). Detailed information on the composition of the index
is provided in Table 3.2.

Table 3.2: Composition of the HEI-EPIC (= Healthy Eating Index specifically modified to
fit the EPIC-FFQ data). Adapted from (Rusten et al., 2009).

Food arou Maximum score Recommendation, Included foods from the
group servings/day? EPIC-FFQ v.1
Adequation = daily intake/recommendation x 10
Water 10 O 6 Water
Vegetables 10 (+ 10) o 3 All vegetables, ¥ juices
) . . -
Fruits 10 (+ 10) o 2 _Fr_ur[s, mixed fruits, %2
juices
Moderation = recommendation/daily intake x 10
I R
Sweets and salty 10 o 1 Sweets, cake, snacks
shacks
In-betweens (> recommendation) = recommendation/daily intake x 10
In-betweens( O recommendati on) = dak1l0y intake/recommenda

Grains, grain product Potatoes, crispbread,

10 4

and potatoes bread, noodles, pasta, rice
Milk and dairy 10 3 Milk, yoghurt, cheese
products

Meat, meat products, .

fish and eggs 10 1 All meat, fish, eggs

Fats and oils 10 2 All fats

HEI-EPIC (0-100) = scores of al

@ recommended serving sizes according to AID GERMANY: water = 280 ml; juice = 100 ml; vegetables = 140 g;
fruits = 125 g; grains/bread =859 (m), 70 g (f); potatoes/pasta/noodles/rice (cooked)=250g (m), 200g (f);
milk = 250 ml; yoghurt = 150 g; cheese = 30 g; meat = 30 g; fish = 150 g; eggs = 2 4 16 g, fats/oils =20 g (m), 18 g
(f); sweets/salty snacks = 270 kcal (m), 220 kcal (f).

In brief, nine food groups that are split in three scoring-categories are considered: (1)
adequation (drinks, vegetables, and fruits), (2) moderation (sweets/fatty snacks) and (3) in-
betweens (grains/grain  products/potatoes, milk/dairy  produce, meat/processed
meat/fish/eggs, fats and oils). Respectively, scores for are given with either increasing or
decreasing consumption or as a combination of both. In the latter case, if participants whose
consumption of the target category did not exceed the recommendation, scoring was
performed according to adequation. If the recommendation was exceeded, scoring was

performed according to moderation. This considers that, although a moderate amount of these
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foods is recommended, excessive consumption, however, makes a significant contribution to

daily energy intake (Risten et al., 2009).

3.1.1.6 Physical activity and sleep

Through the EPIC-FFQ, additional information on t he dur ati on of sl eep
physical activity were collected. Hours of sleep were given separately for daytime and
nighttime. As presented in Equation 7, these were added up to define the total hours of sleep

in a whole 24 hour day cycle.

Sl

e [=h/ 2 4 h]
sl eep [N

ep
/ daytime] + sleep [h/ night"

Equation 7: Duration of sleep

Information on physical activity were provided as daily mean of the whole year or separate
summer and winter season based on if it is most likely performed in- or outdoor. For the ladder,
mean values were formed. Afterwards, moderate activities were summed as feverydaya ct i vi t y
and vigorous activities as fsports activityd Detailed contributions to these variables are
provided in Equation 8 and Equation 9.
Everyday activsty [ min/ week]
housework [min/week] + crafting [min/wepkk] +

Equation 8: Everyday activity

Sports activizy [min/ week]
cycling [min/week] + other sports [n

Equation 9: Sports

3.1.1.7 Taste perception

Bitter and saline taste perception testing has been performed by the Department of Food
Technology at Kiel University, Germany. After neutralization with water, 0.02 L of bitter solution
(water + 6-n-propylthiouracil, 273 mg/500 mL) was put in the mouth to immediately and
intuitively mark the perceived taste intensity on a general labelled magnitude scale (0-300 mm)
with six orientation tick marksat4mm fAbarely demedwebkdoim®@Ger at e (
83 mm fstrongg 122 mm fvery strongdoand 234 mm fstrongest imaginable sensation of any
k i nbdsed on Green et al. (1993) and Bartoshuk et al. (2004) (Green et al., 1993; Bartoshuk
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et al.,, 2004). After a thorough neutralization with water, the second tasting agent sodium
chloride (water + NaCl, 29 g/500 mL) was evaluated using the identical protocol.

3.1.1.8 Host gut microbiota

When attending physical examination on the study site, participants provided at-home
collected stool samples which were then frozen to -80 °C until further processing. DNA
extraction, bacterial 16S rRNA gut microbiota sequencing, quality control and taxonomic
classification were realized by the Institute of Clinical Molecular Biology at Kiel University,
Germany. Their procedure has previously been well described elsewhere (Trautmann et al.,
2020; Pisani et al., 2022) and will be summarized accordingly in the following.

DNA extraction

DNA extraction from fecal samples was performed with the QlAamp DNA fast stool mini kit
automated on the QIAcube (Qiagen). Material was given into Garnet Bead tubes (Dianova)
which were prepped with InhibitEx lysis buffer. Bead beating was done using the SpeedMill
PLUS (Analytik Jena). Samples were heated to 95°C for 5 min and procedure was continued
according to the manufacturer's protocol. DNA extracts were stored at -20°C until PCR

amplification. During sample extractions, blanks were used as controls.

Bacterial 16S rRNA gene sequencing

16S rRNA gene variable regions V1-V2 were amplified using dual-barcoding according to
Caporaso et al. (Caporaso et al., 2012). DNA was diluted prior to PCR, and PCR products
were confirmed using the electrophoresis in agarose gel and normalized with the SequalPrep
normalization plate kit (Thermo Fischer Scientific). Afterwards, PCR products were pooled
equimolarly and sequenced on the Illumina MiSeq v.3.2 (lllumina Inc.). Demultiplexing after

sequencing was based on 0 mismatches in the barcode sequences hcl2fastq.

Quality control and taxonomic classification

Quality control and taxonomic classification workflow are assessable through GitHub
(@mruehlemann). In brief, data processing was performed using the DADA2 workflow for big
data sets providing abundance tables of amplicon sequence variants (ASV). All sequencing
runs were handled separately for error correction, read merging, and combined chimera
detection. ASVs underwent taxonomic annotation using the naive Bayesian classifier
implemented in DADA2 from the RDP database (v.16) as a taxonomic reference and, if

possible, classified sequences at the species level (Wang et al., 2007; Schloss, 2009).
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Core measurable microbiota

The core measurable microbiota (CMM) was determined to assess main differences in the
composition of bacteria between defined phenotypes. Within the scope of this dissertation, the
CMM was specified to include bacteria that were detectable in more than 40 % of subjects with
a relative abundance of at least 0.5 % in the respective phenotypic groups of interest. Prior to
further evaluation, individualg r o u p  Qudtdlrdesged to obtain one CMM on an individual
study population-scale.

Microbial diversity

The diversity of gut mguwis diverslsassadiated with health @d h u ma n
disease, whereby two main regulators were determined: (1) a decrease in microbial diversity
and (2) a microbial dysbiosis (Mosca et al., 2016). Accordingly, these were assessed to
address the research questions throughout this dissertation using established measures which

will be briefly presented in the following.

The term U-diversity refers to the variety of gut bacteria within one sample and can be applied
to reveal the loss of bacterial diversity in association with defined phenotypes. For a precise
evaluation, the count of observed bacterial species, referred to as species or ASV richness
was determined along with the Shannon and Chaol index. Aside from the bacterial count,
Shannon considers the relative abundance referred to the total microbial community, named
evenness, which allows conclusions about potential microbial domination (Shannon, 1948).
The Chaol index, in turn, considers the number of species and simultaneously weighs them
by their abundance. This enables a conclusion also about strains with only very small counts
(Chao, 1984).

To assess microbial dysbiosis in relation to defined phenotypes, the variance in microbial
composition between samples, which is referred to as b-diversity was determined by the Bray-
Curtis dissimilarity index based on the abundance of bacteria (Bray and Curtis, 1957) and
Jaccard6 sdistance based on the presence/absence of bacteria (Jaccard, 1912). Both
calculations result in big data matrices with values ranging from 0 to 1 of paired sample
comparisons which can be interpreted as follows: For Bray-Curtis, a value of 0 means the two
samples share the same species at the exact same abundances and 1 that the two samples
have completely different species with different abundances (Bray and Curtis, 1957). For
Jaccard, a 0 means that both samples share the exact same species and 1 that both samples
do not have species in common at all (Jaccard, 1912). To reduce the result& complexity,
Principal Coordinates Analyses (PCoA) are applied which transfer data into a three angular
matrix which is then rotated in geometric space. Samples are plotted onto a new linear axis

system which maximizes the linear correlation between dissimilarities. Each axis shows the
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variance (= graphical expansion of all samples) within the data, where axis 1 presents the
largest and axis 2 the second largest variance.

Candidate bacteria

It is well established that for a functioning immune system, a sensitive balance between
commensal and pathogenic gut microbial strains is essential. This does not only apply to the
gut microbiota as a whole, but is also reflected in the effects of individual microbes that can
impact immune functions up to causing infection (Belkaid and Hand, 2014). Interestingly, those
associations of individual microbes with the onset or severity of disease are not limited to acute
infections but also seen in the pathophysiology of obesity and cardio-metabolic comorbidities,
as it was demonstrated for instance in case of Akkermansia muciniphila (Hasani et al., 2021)
and Parasutterella sp. (Henneke et al., 2022) which is why the identification of candidate
bacteria or pathobionts in relation to defined phenotypes was performed within this
dissertation. To account for the zero-inflated character of microbial count data, two-part hurdle
models on ASV levels were applied. The first part uses a logistic regression which compares
values equal to 0 with values unequal to O (zero-part). The second part uses a negative
binomial logistic regression by truncating zero values to only include continuous values greater
than 0 (count-part). Since ASV datasets comprise more than 10,000 variables, result reliability
was increased by the correction of p-values using the false-detection-rate (FDR)-method.
Furthermore, only bacteria with taxonomical classification up to the genus level were

considered in medical interpretation.

3.1.1.9 Host genetics

Genotyping from whole blood samples was performed by the Institute of Clinical Molecular
Biology at Kiel University. DNA extracts were already available, which were processed
following the Infinum® HTS Assay Protocol Guide provided by ilumina® (October 2013) using
the Infinum Global Screening Array v.1.0 - a high-throughput BeadChip microarray designed
for precision medicine research comprising multi-ethnic genome-wide content, curated clinical

research variants and selected quality control markers.

Briefly, BeadChip microarray technology uses a large number of defined nucleotide probe
coated silica microbeads which are designed to distinctively target loci in the genome. Those
are embedded into microwells on an array, also called BeadChip. When combined,
complementary sequences present in the sample DNA fragment bind to the corresponding
beads, which can be measured after amplification using fluorescent labelling by single base

extension. Afterwards, the BeadChips are being stained which enables the imaging of bead



Cohorts and methods

intensity using a microarray scanner (iScan two-channel). Created files containing intensity
images are further processed using the iScan Control and GenomeStudio software. Beads are
sorted and matched to their corresponding single nucleotide polymorphisms (SNP).
Subsequent quality control was performed following internal standard operating protocols
including sample control (e.g. consistency with biological sex information) and SNP control
(e.g. exclusion of SNPs with high missingness). Finally, SNPCHIPDB was used to provide
genetic information in standard PLINK format.

3.1.1.10Data availability statement

Data and biomaterials are stored at the University Medical Center Schleswig-Holstein in Kiel
and can be made available on reasonable request via the P2N biobank platform.

3.1.2 KIK: Kiel Intervention Cohort

The aim of the Kiel Intervention Cohort (KIK) is to identify biomarkers as predictors of
successful weight loss and to assess the metabolic processes that are affected by the
reduction of body mass. The structured intervention for the treatment of severe obesity
(BMI ©40 kg/m?) at the day clinic for internal medicine | of the UKSH in Kiel is based on the
recommendations of the interdisciplinary S3 guideline "Obesity - Prevention and Therapy" from
2014 (Hauner et al., 2017) and was initially described by Seoudy et al. (Seoudy et al., 2021).
The structural build-up of the intervention is presented in Figure 3.2. It is designed as a weekly
medically guided program with elements of nutrition, exercise and behavioral therapy. The total
duration is six months (26 appointments) that are divided into a 10-week reduction phase, a
4-week transition phase and a 12-week maintenance phase. During reduction, patients follow
a hypocaloric diet of 800-1000 kcal/day in the form of high-protein, micronutrient-balanced
formula shakes (recommended are Optifast® and Modifast® products) inducing a state of
fasting metabolism which is accompanied by an average weight reduction of 2 kg/week. The
transition phase aims at gradually reintroducing the patients to the consumption of a
Mediterranean mixed diet by replacing one more shake with a small balanced meal after each
passing week. Adapted to their individual caloric requirement, participants continue to follow
Mediterranean diet recommendations during maintenance phase while receiving weekly
nutritional and behavioral training by specialized staff with the aim of long-term sustainable

weight stabilization.

The KIK cohort comprises an extensive, anonymized biobank from the collected materials and

data of the participants, whereby the included day clinic patients initially documented their
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written consent. In addition to weekly recorded medical and weight-related data, further health
data and biomaterials (blood and stool) are recorded or collected at three defined time points:

(1) before the start of the complex thestapy

(AL

phase (fend of fasto, week 10), and (3) after

therapyo, week 26). Thi s by thaildcsl ethica sommitted of¢cha | | y  a

Medical Faculty at Kiel University, Germany (D523/18).

'I‘ £ KIK: Kiel Intervention Cohort
(Kieler Interventionskohorte)

K
Medical + nutritional information Medical + nutritional information Medical + nutritional information
Body composition Body composition Body composition
Indirect calorimetry Indirect calorimetry Indirect calorimetry
Liver elastography Liver elastography Liver elastography
Functional blood markers Functional blood markers Functional blood markers
165-rRNA microbial composition 165-rRNA microbial composition 165-rRNA microbial composition
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Figure 3.2: Timeline and data collection of the Kiel Intervention Cohort (KIK). The aim of
this cohort is to extensively assess metabolic processes in relation to weight loss in severe
obesity. In brief, the program is sectioned into three parts, a reduction phase that implements
a very-low calorie formula diet, a transition phase for a gradual re-introduction of solid balanced
meals, and a maintenance phase following individually balanced Mediterranean diet
recommendations over the total course of 26 weeks. During weekly appointments, health and
weight-related data are collected and patients are trained on nutritional and behavioral level.
At three defined timepoints (baseline, end of fast and end of therapy) further data and
biomaterials are collected and stored for research purposes in the form of a biobank. Own
illustration created with biorender.com.

In Chapter 7, the effect of dietary induced weight loss has been assessed in association with
the respiratory marker CC16. Participants were chosen based on sample availability which
resulted in a subset of N = 49 subjects. Extensive patient data, regarding the clinical
phenotype, body composition and routine blood parameters were considered. However, since
we did not reveal any relevant associations, only a small part of the analysis has been

incorporated into the presented manuscript.
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Furthermore, we recently enrolled N = 5 patients of the KIK cohort into the pilot study that is
presented in Chapter 10. Here, the extent of adaptive immune capacity was distinguished by
the quantification of naive and memory CD4* T cell compartments at baseline. For the intended
performance of ex vivo pathogen stimulation, participants also underwent an extended blood
collection at baseline and at the end of fasting. They were enrolled after receiving their written

consent.

3.1.2.1 Data availability statement

Data and biomaterials are stored at the Institute of Diabetes and Clinical Metabolic Research
at the University Medical Center Schleswig-Holstein in Kiel and can be made available on

reasonable request via Matthias Laudes.

3.1.3 Bariatric surgery intervention cohort

The Bariatric Surgery Intervention Cohort has been built-up as an observational study by the
Department of General, Visceral, Thoracic, Transplantation and Pediatric Surgery at the UKSH
in Kiel and includes severely obese patients that underwent either sleeve gastrectomy or Roux-
en-Y gastric bypass as a weight reduction. A description of the treatment techniques is
provided in the Subchapter 2.1.6.2 Bariatric surgery. Timeline and data collection are
outlined in Figure 3.3. Written informed consent was obtained from each included patient prior
to data and sample collection. Embedded as a control group of the KIK cohort, this study was
ethically approved (D523/18).

General patient information is obtained before surgery and 6-months after as part of a routine
aftercare appointment. In between, patients follow a restrictive diet which is appropriate for the

respective surgery procedure and has been initiated by nutritional advice given by trained staff.

Advice are based on t he e dund¥erhaltenseanpfehlurgenkacte t

Bariatrischer Operationo. Patients are eg so

protein and B-vitamins) daily or the recommended intervals and perform mild to moderate
physical activities throughout. Collected data include general medical information, weight

related data and selected functional blood markers.

In Chapter 7, the effect of weight loss following bariatric surgery has been assessed in
association with the respiratory marker CC16. Participants were chosen based on sample
availability which resulted in a subset of N = 50 subjects of which 28 received sleeve
gastrectomy and 22 received gastric bypass surgery. Since patient information were limited,

only weight-related anthropometric measurements were assessed.

AnET

a ¢
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Bariatric Surgery Intervention Cohort

Medical information Medical information
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Figure 3.3: Timeline and data collection of the Bariatric Surgery Intervention Cohort. The
Bariatric Surgery Intervention Cohort has been built-up to assess metabolic processes in
relation to bariatric surgery in severe obesity. Briefly, general patient information is collected
prior to surgery and 6-months as follow-up. In between, patients retain a restrictive diet which
is appropriate for the respective surgery procedure and has been initiated by nutritional advice
given by trained staff. Patients are also asked to supplement all critical nutrients and regularly
perform physical activity throughout. Collected data include general medical information,
weight related data and blood markers. Own illustration created with biorender.com.

3.1.3.1 Data availability statement

Data and biomaterials are stored at the Department of General, Visceral, Thoracic,
Transplantation, and Pediatric Surgery Department at the University Medical Center

Schleswig-Holstein in Kiel and can be made available on reasonable request.

3.1.4 Infection cohort

To assess metabolic implications in relation to infectious diseases, a cohort was set-up
comprising patients who were treated for (1) severe sepsis of bacterial origin or (2) COVID-19
disease at the intensive care unit of the UKSH in Kiel. Data collection was performed according
to observational study regulations parallel to routine treatment and comprises information
about the health status, comorbidities, routine blood work and indicators of disease severity.
Studies were approved by the local ethics committee of the Medical Faculty at Kiel University,
Germany (Sepsis: A161/11, COVID-19: D466/20). Prior to inclusion, written informed consent

was obtained for all patients - either directly from the patient or, when needed, from a legal
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representative or authorized relative. Inclusion of sepsis patients was based on age between
20-80 years and the absence of simultaneous HIV, HBV or HCV infection. Inclusion of
COVID-19 patients was based on a positive RT-PCR detection of SARS-CoV-2 (S gene) on
nasopharyngeal swabs, the indication and transfer to intensive care treatment and at least 18
years of age (Bernardes et al., 2020; Tran et al., 2022).

Since the evaluation of interactions between the metabolism and immunologically active lung
tissue was particularly intended, patients with Sepsis were further stratified based on the origin
of infection and only subjects with other than pulmonary focus were considered allowing the
comparison of the respiratory marker CC16 serum levels in Chapter 8 between pulmonary
(SARS-CoV-2) and non-pulmonary (Sepsis) infection.

3.1.4.1 Data availability statement

Data and biomaterials are stored at the University Medical Center Schleswig-Holstein in Kiel

and can be made available on reasonable request.

3.2 Laboratory measurements

3.2.1 CC16 quantification by Enzyme Linked Immunosorbent Assay
(ELISA)

As part of the studies displayed in Chapters 7 and 8, the serum concentration of a selected
biomarker with high potential for the evaluation of the obesity phenotype in relation to
implications of immunologically active lung tissue was determined using a commercial
Sandwich Enzyme Linked Immunosorbent Assay (ELISA) (ab238266, Abcam, Cambridge,
MA, USA). In brief, ELISA is an antibody-based detection method that can be used to quantify
proteins or small molecular compounds like hormones, toxins or pesticides in various body
fluids including blood serum. Antibodies are used to bind with the detection substance. The
CC16 ELISA protocol is displayed in Figure 3.4 and will be described in more detail below.
Technical instruments and materials used aside from those provided with the commercial
ELISA kit are listed in Table 3.3.
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ELISA: Enzyme-linked immunosorbent assay
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Figure 3.4:Workflow of the Sandwich-ELISA. Retrospective ELISA is performed from
previously frozen (-80 °C) and gently thawed blood serum samples. Serial dilution is used to
create standard samples with known CC16 concentration (A). Wells are pre-coated with
capture antibody and standards (pink wells) and serum samples (blue wells) are added (B).
CC16 binds to the capture antibody with high specificity (C). Primary antibody binds to the
immobilized CC16 particles (D). Biotin labeled antibody binds to the detection antibody (E).
Streptavidin binds to biotin and catalyzes an enzymatic color change (F). Absorbance of yellow
color is read out using a photometer. With the help of absorbance from known CC16 standard
concentrations, concentrations can be quantified for all measured samples (G). Abbreviation:
CC16 = Clara-cell 16 kDa protein; ELISA = enzyme-linked immunosorbent assay. Own

illustration partly adapted f r om t he

ESR8AWi ¢ le rbjorenadr.eom (2922).

Retrieved from https://app.biorender.com/biorender-templates.

Table 3.3: Technical instruments and materials used for the CC16 sandwich-ELISA.

Product Provider
Technical instruments
Centrifuge | (Mini-Zentrifuge Rotilabo Unifuge) Roth

Centrifuge Il (Micro Star 17R)
Centrifuge lll (Heraeus Multifuge 1S-R)
Photometer (Mithras LB940)

Plate shaker (TSC Thermo Shaker)
Vortexer | (REAX 2000)

Vortexer Il (Vortex-Genie 2)

VWR International GmbH

Thermo Fisher Scientific Germany
Berthold Technologies

biometra by Jena Analytics
Heidolph

Scientific Industries

Materials

Research® plus micropipettes (20ul, 100pl, 200pl, 1000pl)
Research® plus 8-channel multipipette (300 pl)
(filter)-micropipette tips (20pl, 100ul, 200ul, 1000ul)

Low-protein binding SafeSeal micro tubes (1.5 ml, 2.0 ml)

Eppendorf
Eppendorf
Sarstedt

Sarstedt
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Serum blood samples that have previously been frozen at -80 °C and were carefully thawed,
homogenized and centrifuged prior to use. A standard series was prepared with known CC16
concentrations, allowing a detection range of 6.3-400 pg CC16/ml. Samples and standards
were run in duplicates. The blood serum samples were diluted 1:200, 1:250, 1:400, or 1:1000
depending on the expected serum concentration.

96-well plates coated with anti-tag antibodies were used for the SimpleStep ELISA®. After
preparation of reagents, samples, and standards according to the manufacturer's instructions,

50el of standard or sample wasehddédanoi bbdyweb

antibody cocktail consisted of affinity tag-labeled human CC16 capture antibodies and detector
horseradish peroxidase (HRP) conjugated antibodies. During one-hour incubation in the dark
at room temperature on a 400 rpm plate shaker, CC16 antigens were encircled by the detector
and capture antibodies. In parallel, affinity tags of the capture antibodies were recognized by

anti-tag antibodies coating the well, which allowed immobilization of the antibody-CC16

complex. The well was then washed three times with 300 ¢ | 1X Wash Buffer

excess serum and unbound antibody residuégs.

development solution was added to each well, followed by another 12 + 2 min incubation.
During incubation, TMB was catalyzed by the reporter enzyme HRP, resulting in blue staining.
Finally, 100 ¢l of stop solution was added
plate was shaken for 1 minute to allow the substances to mix. Stopping the enzymatic reaction

resulted in a color change from blue to yellow.

The optical density of the yellow color was measured at a wavelength of 450 nm in a
photometer (Mithras LB940) using MicroWin2000 software (Berthold Technologies). Averages
were formed from duplicate measurements. The absorbance values were fitted to the standard
CC16 serum concentrations in pg/ml by "4-parameter logistic curve fit" which was performed

using GraphPad Prism v.7 software.

F
Ne

1
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3.2.2 Thymic output quantification by digital droplet Polymerase
Chain Reaction (ddPCR)

Evaluation of thymic output was realized by the quantification of T cell receptor excision circles
(TREC) in relation to T cells from DNA samples as part of the outlook about the effects of
obesity and Type 2 diabetes on T cell-driven pathogen defense in Chapter 10. TREC and
T cell quantification were performed in cooperation with the Hematology Lab at the UKSH in
Kiel where the procedures are well-established. Internal standard operating protocols which
were set-up in accordance with the work from Hazenberg et al. (2001) and Zoutman et al.
(2017) were followed and are schematically displayed in Figure 3.5.

Thymic output quantification

A (1) T cell receptor excision circles B { T N x 20.000
e FAM-labelled probe — TREC =
— mmmmm - HEX-|abelled reference gene — Albumin . y -
extracted [ ¥ ) s -\ AN
o - \
DNA (2) T cell fraction o VU em -
¥ e FAM-labelled probe — AD Partitioning '
e HEX-|labelled reference gene — DNM3 into droplels e e -
\
aD+ .
target cells E REF. ; wAgLZ- D C
— £ 2R
/ N\ 3 - : —

\ poisson g L i .

[ @ statistics E . ]

| @EP ®EP | 3 aD- AD- .

\ absolute o REF Juan's REFs 4
N ) e o =
~— quantification et
non-target cells = Droplet readout PCR amplification

Figure 3.5:Workflow of the thymic output quantification assay. Thymic output was
guantified as TREC to T cell ratio using ddPCR. Genomic DNA samples were prepared by
supplementing with appropriate FAM-labelled primers and a genomically stable HEX-labelled
reference gene (A). With a droplet maker, sample-mastermix solutions were emulsified in oil
resulting in approximately 20,000 water-in-oil droplets with 0.75 copies per haploid genomes
(B). Emulsions were pipetted into 96-well PCR plates and amplified in a Thermal Cycler using
defined cycle parameters (C). With a droplet reader, FAM and HEX positive and negative
droplets were counted (D) and absolute quantification was performed using associated
software (E). Abbreviations: FAM = 6-Carboxylfluorescin; HEX = Hexachlorofluorescein; TREC
=T cell receptor excision circles, PCR = polymerase chain reaction. Own illustration based on
(Zoutman et al., 2017) and created with biorender.com.

Technical instruments, reagents and further materials are displayed in Table 3.4.
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Table 3.4:Technical

Product Provider .
instruments, reagents and
Technical instruments other materials used for
Droplet Generator (OX200AE ) Bio-Rad the thymic output
) _ guantification assay.
Droplet Reader (QX100AE ) Bio-Rad
_ Abbreviation: ddPCR = digital
PCR Plate Sealer (PX1) Bio-Rad droplet Polymerase Chain
i, . . Reaction; UTP = Uridi
96-well Thermal Cycler (VeritiPro) Applied biosystems tri(:)i%;%r;ate. rine
Reagents
ddPCR supermix for probes (No dUTP) Bio-Rad
Droplet Generation Oil for probes Bio-Rad

LightCycler® 480 Probes Master H,O (PCR-grade) Roche

Other materials

Research® plus micropipettes

(range: 2 pl - 200 pl) Eppendort
Research® plus 8-channel multipipette

(100 ) Eppendorf
(filter)-micropipette tips Sarstedt
Pierceable PCR plate heat seal foll Bio-Rad
8-strip PCR micro tubes (0.2 ml) Eppendorf

In more detail, genomic DNA was previously extracted from whole blood samples and available
in 40 ng/ul concentration. Samples that have been frozen at -80 °C, were thawed and
homogenized prior to use. DNA samples were diluted in PCR-grade H,O, mixed with ddPCR
supermix (Bio-Rad) and supplemented with a 6-Carboxylfluorescin (FAM)-labelled primer and
a genomically stable Hexachlorofluorescein (HEX)-labelled reference gene (REF, TREC:
albumin, T cell: DNM3). DNA from thymus tissue (TREC only) and PCR-grade H-O were used

as positive and negative controls, respectively (Figure 3.5A).

With a droplet maker (Bio-Rad), sample-mastermix solution and Droplet Generation Oil (Bio-
Rad) were combined to create 20,000 water-in-oil droplet emulsions with 0.75 copies per
haploid genomes (Figure 3.5B). Emulsions were pipetted into 96-well PCR plates, sealed
using pierceable heat seal foil and amplified using a T100 Thermal Cycler (Applied biosystems
by Thermo Fisher Scientific). Cycle parameters were adapted from Zoutman et al.: (1) enzyme
activation: 10 min at 95 °C, (2) denaturation: 30 sec at 94 °C, (3) annealing: 1 min at 60 °C,
(4) extension: 1 min at 60 °C for 40 cycles (ramp rate: 2 °C/sec), (5) enzyme deactivation: 10
min at 98 °C, (6) infinite cooling: 10 min at 4 °C (Figure 3.5C). With a droplet reader (Bio-Rad),
FAM and HEX positive and negative droplets were counted (Figure 3.5D). Absolute
quantification was performed with QuantaSoftE software (Bio-Rad) (Figure 3.5E). Further

analysis and normalization was realized using QuantaSoftE Analysis Pro 1.0 (Bio-Rad). All
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samples were assessed in duplicates and i me r gveed MWesred formed using the given
software setting.

Thymic output was assessed by calculating the TRECs to T cells ratio derived from the TREC
count per 10° Leukocytes (A) and the T cell fraction from Leukocytes (B) as displayed in the
following Equation 10.

_ RECs [tOuedldcytes]
Thymic OutpmﬁqumE*PT cel%lsejkocyt es]

counts f[cogies/ Ol ]
n counts [copies/ OlI]/2

(A)TRECs [dﬁ&mM&bcyg%%

0 unt C0 |e /I O1]
(B)Tcel I's % Le(‘n'kDNf\_/lg coun‘][ ) cioples/OI]

Equation 10: Thymic output.

3.2.3 Naive and memory T cell compartment quantification by
multiparameter flow cytometry

The quantification of naive and memory T cell compartments was realized by surface marker
phenotyping via multiparameter flow cytometry as part of the outlook in Chapter 10. The
analysis was performed in cooperation with the Petra Bacher Lab at the Institute of
Immunology at the UKSH in Kiel where this procedure is well established. Internal standard
operating protocol was followed which is very similar to the workflow provided by Flynn and

Gorry (Flynn and Gorry, 2019) and is schematically displayed in Figure 3.6.

To determine the frequencies of naive and memory CD4* Tcellswithinasubj ect 6s poc
peripheral blood mononuclear cells (PBMC), the original fraction staining method was used.

Per definition, PMBCs include lymphocytes (T, B and NK cells) and monocytes. PBMCs were

isolated from day fresh EDTA samples using Ficoll-Paque gradient technique (Figure 3.6A).

Cells were centrifuged at 400 x g for 5 minutes at 4°C and the supernatant was removed.
Afterwards, they were resolved in 25 pl of protein extraction buffer (PEB), supplemented with

distinctive antibodies for the staining of naive and target memory CD4+ T cell compartments

(see Table 3.5).
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CD4* T cell compartment quantification

A Cell isolation B Cell surface staining
. == ; ) Flurochrome-linked antibodies
5 ™ T CD4 4 < CDasr
day fresh | ' L cD8 ¥« CD45™
EDTA | FicollPaque | 1T Sy CD14 ¥, CD127
& v peripheral blood ) P CD25 >¥ CCR7
! gradient U mononuclear cells isolated
(PBMC) PBMCs
D Data gating and read-out C Multiparameter
8 " flow cytometric
w . L0 cell sorting
nnnnn TCM . " O
; m a @ ﬁ. . .
i i : °) @
TEM TEMRA ol () e —

Figure 3.6: Workflow of the flow cytometric CD4* T cell compartments quantification. To

determine the frequencies of specific CD4* T cell compartments wi t hin a subject ¢

peripheral blood mononuclear cells (PBMC), the original fraction staining method was used.
PBMCs were isolated from day fresh EDTA (A), supplemented with distinctive antibodies for
the staining of target cell compartments and appropriately incubated (B). Quantitative
measurement and sorting of antibody-tagged cells was then performed by multiparameter flow
cytometry using a flow cytometer (C). Data were gated using appropriate setting to determine
the naive as well as central memory (TCM), effector memory (TEM) and effector memory re-
expressing CD45F* (TEMRA) T cell compartments from CD4* T cells (D). Own illustration
created with biorender.com.

Antibody Fluorochrome Titer | Antibody Fluorochrome Titer Table 3.5: Antibodies
used to differentially stain

CD4 VioBlue 50 CD45R°  PE-Vio770 50 CD4+ T cell
cos PerCP 50 VioGreen 100 Subpopulations.
CD45RA . _ Ultimately, the antibody cocktail is
CD14 PerCP 50 Propidium lodid 100 filled up to 25 pl with protein
CD20 PerCP 50 CD127 APC 50 extraction buffer._Abbre\_/ia_tions:
CD = cluster of differentiation;
CD25 PE 50 CCR7 FITC 50 CCR = chemokine receptor.

Those include central memory T cells (TCM), effector memory T cells (TEM) and effector
memory T cells re-expressing CD45R** (TEMRA). Of interest, CD4 and CD8 antibodies were
also added to determine the total T cell quantity as well as total CD4* and CD8* compartments
which simultaneously act as positive and negative controls, respectively. For high staining
efficiency, cell-antibody mixtures were incubated for 15 minutes at 4°C (Figure 3.6B). To
terminate the staining process, cells were washed with 1 ml and resuspended in 400 ul of PEB.
Quantitative measurement of antibody-tagged cells was then performed with the addition of
propidium iodide (PI) to identify dead cells by multiparameter flow cytometry using a flow
cytometer (MACSQuant analyzer 16, Miltenyi Biotec) (Figure 3.6C). Program settings for data

acquisition and gating were manually determined by an experienced scientist and are therefore
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not further explained (Figure 3.6D). Finally, read-outs are expressed as the percentage of
target compartment of total CD4* T cells.

3.3 Statistical analyses

Data were available either in .text or .csv file format and processed with R (2020/21: v.3.6.2;
2022/23: v.4.1.2; R Core Team). Statistical analyses were performed with RStudio (2020/21:
v.1.3.1093; 2022/23: v.1.4.1717) using Markdown interface. Since R is a collaborative project
with many contributors, Table 3.6 provides a list of used packages and respective creator
credits. For all projects, source code can be made available upon reasonable request. Prior to
analysis, data was manually checked for plausibility and inconclusive data of any kind were
excluded from further evaluations. Study designs were tailored to the respective research
guestions and accordingly defined study populations were extracted, e.g. based on the

presence/absence of a target phenotype or data availability.

Generally, descriptive statistics were performed including the evaluation of data distribution
using Shapiro-Wilk test and the aligned calculation and display of means (+ standard deviation)
or medians (25th; 75th percentiles). Statistical univariate differences of continuous variables
between groups were either assessed using Mann-Whitney U (2 groups) or Kruskal-Wallis (> 2
groups) tests. Statistical univariate comparisons between two categorical variables were
perfor med tasts The gelatien2of two continuous variables was assessed using
Spear manés r an k Whepoapprapliate tunivariate anahses were extended using
general regression models. Logistic regression was applied to binomial endpoint variables
(e.g. presence/absence of phenotype) whereas linear regression was implemented to
continuous endpoint variables. Accustomed to the research question, models were adjusted
to account for non-modifiable influencing factors, including biological age, sex and selected

genetic mutations, as well as the co-occurrence of other conditions, e.g. active smoking.
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Table 3.6: R packages implemented for data processing and statistical analyses.

Package Credit

Data preparation

Hadley Wickham, Romain Francois, Lionel Henry and Kirill Miller (2021). dplyr: A Grammar of

dplyr Data Manipulation. R package version 1.0.7. https://CRAN.R-project.org/package=dplyr

DT Yihui Xie, Joe Cheng and Xianying Tan (2021). DT: A Wrapper of the JavaScript Library
'‘DataTables'. R package version 0.20. https://CRAN.R-project.org/package=DT

gtools Gregory R. Warnes, Ben Bolker and Thomas Lumley (2021). gtools: Various R Programming

Tools. R package version 3.9.2. https://CRAN.R-project.org/package=gtools

Joe Cheng, Carson Sievert, Barret Schloerke, Winston Chang, Yihui Xie and Jeff Allen (2021).
htmltools htmltools: Tools for HTML. R package version 0.5.2.
https://CRAN.R-project.org/package=htmltools

Yihui Xie (2021). knitr: A General-Purpose Package for Dynamic Report Generation in R. R
package version 1.36. ISBN 978-1466561595

Daniel E. Ho, Kosuke Imai, Gary King, Elizabeth A. Stuart (2011). Matchlt: Nonparametric
Matchit Preprocessing for Parametric Causal Inference. Journal of Statistical Software, Vol. 42, No. 8,
pp. 1-28. https://doi.org/10.18637/jss.v042.i08

Rohart F, Gautier B, Singh A, and Le Cao K-A (2017). mixOmics: An R package for 'omics
feature selection and multiple data integration. PLoS computational biology 13(11):e1005752

knitr

MixOmics

Hadley Wickham (2007). Reshaping Data with the reshape Package. Journal of Statistical

reshape2 Software, 21(12), 1-20. URL http://www.jstatsoft.org/v21/i12/

Luan H, Ji F, Chen Y, Cai Z (2018). statTarget: A streamlined tool for signal drift correction
statTarget and interpretations of quantitative mass spectrometry-based omics data. Anal Chim Acta
1036:66-72. https://doi.org/10.1016/j.aca.2018.08.002

Hadley Wickham (2021). tidyr: Tidy Messy Data. R package version 1.1.4.

tidyr https://CRAN.R-project.org/package=tidyr

Gut microbiota

Achim Zeileis, Christian Kleiber, Simon Jackman (2008). Regression Models for Count Data in

pscl R. Journal of Statistical Software 27(8). URL http://www.jstatsoft.org/v27/i08].
microbiome Leo Lahti et al. microbiome R package. URL: http://microbiome.github.io
hvlose phyloseq: An R package for reproducible interactive analysis and graphics of microbiome
phyloseq census data. Paul J. McMurdie and Susan Holmes (2013) PLoS ONE 8(4):e61217.
Jari Oksanen, F. Guillaume Blanchet, Michael Friendly, Roeland Kindt, Pierre Legendre, Dan
vegan McGlinn, Peter R. Minchin, R. B. O'Hara, Gavin L. Simpson, Peter Solymos, M. Henry H.

Stevens, Eduard Szoecs and Helene Wagner (2020). vegan: Community Ecology Package. R
package version 2.5-7. https://CRAN.R-project.org/package=vegan

Regression models

David Robinson, Alex Hayes and Simon Couch (2021). broom: Convert Statistical Objects into

broom Tidy Tibbles. R package version 0.7.10. https://CRAN.R-project.org/package=broom

Chung-hong Chan, Geoffrey CH Chan, Thomas J. Leeper, and Jason Becker (2021). rio: A

ro Swiss-army knife for data file I/0. R package version 0.5.29.

Data visualization

ggplot2 H. Wickham. ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag New York, 2016.
ubr Alboukadel Kassambara (2020). ggpubr: 'ggplot2' Based Publication Ready Plots. R package
99p version 0.4.0. https://CRAN.R-project.org/package=ggpubr

Erich Neuwirth (2014). RColorBrewer: ColorBrewer Palettes. R package version 1.1-2.

RColorBrewer https://CRAN.R-project.org/package=RColorBrewer

Hanbo Chen (2021). VennDiagram: Generate High-Resolution Venn and Euler Plots. R

VennDiagram package version 1.7.0. https://CRAN.R-project.org/package=VennDiagram




Cohorts and methods

3.4 References

Bartoshuk, L. M., Duffy, V. B., Green, B. G., Hoffman, H. J., Ko, C.-W., and Lucchina, L. A., et al. (2004): Valid
across-group comparisons with labeled scales. The gLMS versus magnitude matching. Physiology &
behavior. 82(1): 1091 114. DOI: 10.1016/j.physbeh.2004.02.033. PMID: 15234598.

Belkaid, Y., and Hand, T. W. (2014): Role of the microbiota in immunity and inflammation. Cell. 157(1): 1217 141.
DOI: 10.1016/j.cell.2014.03.011. PMID: 24679531.

Boeing, H., Wahrendorf, J., and Becker, N. (1999): EPIC-Germany--A source for studies into diet and risk of
chronic diseases. European Investigation into Cancer and Nutrition. Annals of nutrition & metabolism. 43(4):
1957 204. DOI: 10.1159/000012786. PMID: 10592368.

Bray, J. R., and Curtis, J. T. (1957): An Ordination of the Upland Forest Communities of Southern Wisconsin.
Ecological Monographs. 27(4): 3251 349. DOI: 10.2307/1942268.

Busch, M. A, and Kuhnert, R. (2017): [12-month prevalence of a coronary heart disease in Germany]. 12-Monats-
Prévalenz einer koronaren Herzkrankheit in Deutschland. Journal of Health Monitoring. (2 (1)): 641 69.

Caporaso, J. G., Lauber, C. L., Walters, W. A., Berg-Lyons, D., Huntley, J., and Fierer, N., et al. (2012): Ultra-
high-throughput microbial community analysis on the lllumina HiSeq and MiSeq platforms. The ISME journal.
6(8): 16211 1624. DOI: 10.1038/ismej.2012.8. PMID: 22402401.

Chao, A. (1984): Nonparametric Estimation of the Number of Classes in a Population. Scandinavian Journal of
Statistics. 11(4): 2651 270.

Demetrowitsch, T. J., Petersen, B., Keppler, J. K., Koch, A., Schreiber, S., and Laudes, M., et al. (2015):
Validation of a two-step quality control approach for a large-scale human urine metabolomic study conducted
in seven experimental batches with LC/QTOF-MS. Bioanalysis. 7(1): 103i 112. DOI: 10.4155/bi0.14.270.
PMID: 25558939.

Flynn, J., and Gorry, P. (2019): Flow Cytometry Analysis to Identify Human CD4+ T cell Subsets. Methods in
molecular biology (Clifton, N.J.). 2048: 15i 25. DOI: 10.1007/978-1-4939-9728-2_2. PMID: 31396925.

Geisler, C., Schlicht, K., Knappe, C., Rohmann, N., Hartmann, K., and Turk, K., et al. (2022): Cohort profile. The
Food Chain Plus (FoCus) cohort. European journal of epidemiology. 37(10): 10871 1105.
DOI: 10.1017/S0007114514002098. PMID: 36245062.

Green, B. G., Shaffer, G. S., and Gilmore, M. M. (1993): Derivation and evaluation of a semantic scale of oral
sensation magnitude with apparent ratio properties. Chem Senses. 18(6): 683i 702.
DOI: 10.1093/chemse/18.6.683.

Hasani, A., Ebrahimzadeh, S., Hemmati, F., Khabbaz, A., Hasani, A., and Gholizadeh, P. (2021): The role of
Akkermansia muciniphila in obesity, diabetes and atherosclerosis. Journal of medical microbiology. 70(10).
DOI: 10.1099/jmm.0.001435. PMID: 34623232.

Hauner, H., Moss, A., Berg, A., Bischoff, S. C., Colombo-Benkmann, M., and Ellrott, T., et al. (2017):
Interdisziplin2re Leitlinie der Qualit AdiposBad-UrsachenAPr 2 v en
Folgeerkrankungen, Therapie. 08(04): 179i 221. DOI: 10.1055/s-0037-1618857.

Hazenberg, M. D., Verschuren, M. C., Hamann, D., Miedema, F., and van Dongen, J. J. (2001): T cell receptor
excision circles as markers for recent thymic emigrants. Basic aspects, technical approach, and guidelines for
interpretation. Journal of molecular medicine (Berlin, Germany). 79(11): 6317 640.

DOI: 10.1007/s001090100271. PMID: 11715066.

Heidemann, C., Kuhnert, R., Born, S., and Scheidt-Nave, C. (2017): [12-month prevalence of known diabetes
mellitus in Germany]. 12-Monats-Pravalenz des bekannten Diabetes mellitus in Deutschland. Journal of
Health Monitoring. (2 (1)): 481 56.

Henneke, L., Schlicht, K., Andreani, N. A., Hollstein, T., Demetrowitsch, T., and Knappe, C., et al. (2022): A
dietary carbohydrate - gut Parasutterella - human fatty acid biosynthesis metabolic axis in obesity and type 2
diabetes. Gut microbes. 14(1): 2057778. DOI: 10.1080/19490976.2022.2057778. PMID: 35435797.

Jaccard, P. (1912): THE DISTRIBUTION OF THE FLORA IN THE ALPINE ZONE.1. New Phytol. 11(2): 37i 50.
DOI: 10.1111/j.1469-8137.1912.tb05611.x.

Jovanovic, B., Freels, S., Davis, F., and VanEenwyk, J. (1994): Nutrient density model revisited. Nutrition
Research. 14(5): 765i 774.



Cohorts and methods

Kennedy, E. T., Ohls, J., Carlson, S., and Fleming, K. (1995): The Healthy Eating Index. Design and applications.
Journal of the American Dietetic Association. 95(10): 11037 1108. DOI: 10.1016/S0002-8223(95)00300-2.
PMID: 7560680.

Kind, T., and Fiehn, O. (2007): Seven Golden Rules for heuristic filtering of molecular formulas obtained by
accurate mass spectrometry. BMC bioinformatics. 8: 105. DOI: 10.1186/1471-2105-8-105. PMID: 17389044.

Luan, H., Ji, F., Chen, Y., and Cai, Z. (2018): statTarget. A streamlined tool for signal drift correction and
interpretations of quantitative mass spectrometry-based omics data. Analytica chimica acta. 1036: 661 72.
DOI: 10.1016/j.aca.2018.08.002. PMID: 30253838.

Mosca, A., Leclerc, M., and Hugot, J. P. (2016): Gut Microbiota Diversity and Human Diseases. Should We
Reintroduce Key Predators in Our Ecosystem? Frontiers in microbiology. 7: 455.
DOI: 10.3389/fmich.2016.00455. PMID: 27065999.

Nothlings, U., and Krawczak, M. (2012): PopGen. Eine populationsbasierte Biobank mit Langzeitverfolgung der
Kontrollkohorte. Bundesgesundheitsblatt, Gesundheitsforschung, Gesundheitsschutz. 55(6-7): 831 835.
DOI: 10.1007/s00103-012-1487-2. PMID: 22736164.

Pisani, A., Rausch, P., Bang, C., Ellul, S., Tabone, T., and Marantidis Cordina, C., et al. (2022): Dysbiosis in the
Gut Microbiota in Patients with Inflammatory Bowel Disease during Remission. Microbiology spectrum. 10(3):
€0061622. DOI: 10.1186/1752-0509-1-54. PMID: 35532243.

Ruhlemann, M. C., Hermes, B. M., Bang, C., Doms, S., Moitinho-Silva, L., and Thingholm, L. B., et al. (2021):
Genome-wide association study in 8,956 German individuals identifies influence of ABO histo-blood groups on
gut microbiome. Nature genetics. 53(2): 147i 155. DOI: 10.1038/s41588-020-00747-1. PMID: 33462482.

Schienkiewitz, A., Mensink, G. B. M., Kuhnert, R., and Lange, C. (2017): [Overweight and obesity in Adults
in Germany]. Ubergewicht und Adipositas bei Erwachsenen in Deutschland. Journal of Health Monitoring.
2(1): 21i 28.

Schloss, P. D. (2009): A high-throughput DNA sequence aligner for microbial ecology studies. PLoS ONE. 4(12):
€8230. DOI: 10.1371/journal.pone.0008230. PMID: 20011594.

Seoudy, A. K., Beckmann, A., Wietzke-Braun, P., Settgast, U., Ziegenbruch, U., and Tirk, K., et al. (2021):
Tagesklinische Versorgungsstruktur zur Komplextherapie der Adipositas IlI°. Diabetologie und Stoffwechsel.
16(05): 393i 400. DOI: 10.1055/a-1482-8115.

Seoudy, A. K., Schlicht, K., Kulle, A., Demetrowitsch, T., Beckmann, A., and Geisler, C., et al. (2023): A
PROSPECTIVE ANALYSIS OF THE METYRAPONE SHORT TEST USING TARGETED AND
UNTARGETED METABOLOMICS. Neuroendocrinology. DOI: 10.1159/000529146. PMID: 36646062.

Shannon, C. E. (1948): A Mathematical Theory of Communication. Bell System Technical Journal. 27(3): 379i
423. DOI: 10.1002/j.1538-7305.1948.th01338.x.

Tran, F., Harris, D. M. M., Scharmacher, A., GraRhoff, H., Sterner, K., and Schinke, S., et al. (2022): Increased
protease-activated receptor 1 autoantibodies are associated with severe COVID-19. ERJ open research. 8(4).
DOI: 10.1183/23120541.00379-2022. PMID: 36575710.

Trautmann, T., Bang, C., Franke, A., Vincent, D., Reinshagen, K., and Boettcher, M. (2020): The Impact of Oral
Sodium Chloride Supplementation on Thrive and the Intestinal Microbiome in Neonates With Small Bowel
Ostomies. A Prospective Cohort Study. Frontiers in immunology. 11: 1421.

DOI: 10.1093/bioinformatics/btw725. PMID: 32754153.

Wang, Q., Garrity, G. M., Tiedje, J. M., and Cole, J. R. (2007): Naive Bayesian classifier for rapid assignment of
rRNA sequences into the new bacterial taxonomy. Applied and environmental microbiology. 73(16): 52611
5267. DOI: 10.1128/AEM.00062-07. PMID: 17586664.

Willett, W., and Stampfer, M. J. (1986): Total energy intake. Implications for epidemiologic analyses. American
journal of epidemiology. 124(1): 171 27. DOI: 10.1093/oxfordjournals.aje.a114366. PMID: 3521261.

Wishart, D. S., Guo, A., Oler, E., Wang, F., Anjum, A., and Peters, H., et al. (2022): HMDB 5.0. The Human
Metabolome Database for 2022. Nucleic acids research. 50(D1): D622-D631. DOI: 10.1093/nar/gkab1062.
PMID: 34986597.

Zoutman, W. H., Nell, R. J., Versluis, M., van Steenderen, D., Lalai, R. N., and Out-Luiting, J. J., et al. (2017):
Accurate Quantification of T cells by Measuring Loss of Germline T-Cell Receptor Loci with Generic Single
Duplex Droplet Digital PCR Assays. The Journal of molecular diagnostics: JMD. 19(2): 2367 243.

DOI: 10.1016/j.jmoldx.2016.10.006. PMID: 28012713.



Hypothalamic inflammation in obesity pathogenesis

4 Hypothalamic inflammation in obesity
pathogenesis

4.1 Publication information

Title

Authors

Article type
Journal

Year

Impact factor
Volume

DOI

Copyright
statement

Is human obesity an inflammatory disease of the hypothalamus?

Lena Sonnefeld, Nathalie Rohmann#, Corinna Geisler!, Matthias
Laudes'?

! Institute of Diabetes and Clinical Metabolic Research, University
Medical Center Schleswig-Holstein, Kiel, Germany

2 Division of Endocrinology, Diabetes and Clinical Nutrition, Department
of Medicine |, University Medical Center Schleswig-Holstein, Kiel,
Germany

# These Authors contributed equally.
Scientific Review

European Journal of Endocrinology (EJE)
2023

6.558

Online ahead of print
10.1093/ejendo/lvad030

EJE (published by Oxford Academic) allows the use of articles in a
dissertation if it is not published for commercial purposes independent of
the chosen copyright license. Displayed is an earlier manuscript version
of the article whereby language was edited to a consistent American
English all throughout.



Hypothalamic inflammation in obesity pathogenesis [EIS

4.2 Abstract

Obesity and its comorbidities are longstanding, challenging global health problems. Lack of
exercise, overnutrition and especially the consumption of fat-rich foods are some of the most
important factors leading to an increase in prevalence in modern society. The pathophysiology
of obesity as a metabolic inflammatory disease has moved into focus since new therapeutic
approaches are required. The hypothalamus, a brain area responsible for energy homeostasis,
has recently received special attention in this regard. Hypothalamic inflammation was identified
to be associated with diet-induced obesity and new evidence suggests that it may be, beyond
that, a pathological mechanism of the disease. This inflammation impairs the local signaling of
insulin and leptin leading to dysfunction of the regulation of energy balance and thus, weight
gain. After a high-fat diet consumption, activation of inflammatory mediators such as the
nuclear factor-aB or c-Jun N-terminal kinase pathway can be observed, accompanied by
elevated secretion of pro-inflammatory interleukins and cytokines. Brain resident glia cells,
especially microglia and astrocytes, initiate this release in response to the flux of fatty acids.
The gliosis occurs rapidly before the actual weight gain. Dysregulated hypothalamic circuits
change the interaction between neuronal and non-neuronal cells, contributing to the
establishment of inflammatory processes. Several studies have reported reactive gliosis in
obese humans. Although there is evidence for a causative role of hypothalamic inflammation
in the obesity development, data on underlying molecular pathways in humans are limited.
This review discusses the current state of knowledge on the relationship between

hypothalamic inflammation and obesity in humans.

Keywords

Obesity, Hypothalamus, Inflammation, Energy Homeostasis.

4.3 Significance statement

Obesity is defined as an excessive accumulation of body fat and is recognized as the cause
of diverse health implications, including the onset of low-grade metabolic inflammation in both
peripheral tissues and the hypothalamus, the brain area responsible for appetite and satiety
regulation. Interestingly, increasing evidence indicates that this pivotal energy balancing brain
area is already affected by inflammation before the onset of weight gain due to unfavorable
dietary compounds, especially fatty acids. Observations led to the discussion, whether
hypothalamic inflammation could actually rather be a cause of obesity than a consequence.
However, evidence, especially in humans, is still rare. This review therefore discusses the

current state of knowledge on this topic of high therapeutic potential.



Hypothalamic inflammation in obesity pathogenesis

4.4 Introduction

In May of this year, the World Health Organization released a report on the state of the obesity
pandemic in Europe, indicating that 60% of the adult citizens are either overweight or obese
(World Health Organization, 2022). Obesity is a risk factor for several diseases including
Type 2 diabetes, hypertension, hyperlipidemia, gout, cardiovascular diseases as well as
several types of cancer (Global et al., 2016; Whitlock et al., 2009) and interferes with longevity
(Flegal et al., 2013). Besides those adverse health outcomes, the obesity epidemic also faces
an economic burden. Obesity is understood as an imbalance between energy intake and
energy output (Organization, 2000) but reconsidering this oversimplified view in favor of
exploring the complex underlying pathogenesis allows the identification of involved molecular
pathways and thus the development of new therapeutic approaches. One aspect to be further
examined with respect to this idea is the chronic low-grade inflammation associated with
obesity, call admédmebtmadbobrc imet Bf |l ammati ono. |t
tissues i such as the liver or adipose tissue i and the hypothalamus (Gregor and Hotamisligil,
2011), a crucial center for the regulation of body weight by mediating appetite and satiety
(Whitlock etal., 2009). De Souza and associates were the first to detect an association
between hypothalamic inflammation (HI) and obesity in rats after high-fat feeding (Souza et al.,
2005). Since then, the occurrence of inflammatory processes in the hypothalamus in the
context of obesity has been demonstrated in human individuals (Thaler et al., 2012). Recent
studies challenge the previous assumption that obesity is solely an initiator of metabolic
inflammatory processes, raising the hypothesis that obesity may instead be a consequence of
an already existing metabolic inflammation. With growing evidence for this assumption, the
underlying processes of HI have been studied with increasing interest to prepare the ground
for the research on novel therapeutic targets. The aim of this literature review is to investigate

whether human obesity is an inflammatory disease of the hypothalamus.

4.5 Hypothalamic Regulation of Energy Homeostasis

Energy homeostasis is mainly regulated by the hypothalamus, integrating various peripheral
signals, whereby the mediobasal part (MBH) is the crucial area. Especially the arcuate nucleus
(ARC) within the MBH plays a pivotal function in integrating several endocrine factors from the
periphery via the melanocortin system into appetite or satiety feeling (Cone, 2005; Yeo et al.,
2021). In this nucleus, two neuronal populations that act functionally antagonistic are located:
orexigenic agouti-related peptide (AgRP) and neuropeptide Y (NPY) neurons on the one hand
and anorexigenic proopiomelanocortin (POMC) as well as cocaine and amphetamine
regulated transcript (CART) neurons on the other. NPY/AgRP and POMC/CART are first-order
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neurons with efferent features that lead to the center of appetite and satiety, respectively
(Belgardt et al., 2009; Timper and Briining, 2017). Both groups of neurons express receptors
for leptin and insulin (Yeo et al., 2021; Cone, 2005) (Figure 4.1).
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Figure 4.1:Hypothalamic regulation of energy homeostasis. An overview of satiety
signaling in the healthy body. ARC neurons are stimulated by peripheral signals from
adipocytes, pancreas and gastrointestinal tissue. In the postprandial or feeding state, POMC
neurons are induced to release U-MSH to the PVN. PVN neurons further secrete orexigenic
neurohormones and, moreover, deliver the integrated signals to the NTS where feeding
behavior is modulated. These anorexigenic effects of POMC/CART neurons are further
enhanced by SF-1 neurons in the VHM via glutaminegic innervation. ARC neurons also have
projections to the lateral hypothalamus (LH) which are mainly stimulated by AgRP/NPY
neurons and release orexigenic neurohormones that are directly involved the regulation of
feeding behavior. Abbreviations: AgRP: agouti-related peptide, ARC: Nucleus arcuatus, CCK:
cholecystokinin, CRH: corticotropin-releasing hormone, GLP-1: glucagon-like peptide-1,
MC3R/Mc4R: melanocortin  receptors, NTS: Nucleus tractus solitariii, POMC:
proopiomelanocortin, PPY: peptide YY, PVN: Nucleus paraventricularis, SF-1: steroidogenic
factor-1, TRH: thyrotropin-releasing hormone, VMH: Nucleus ventromedialis, U-MSH: U
melanocyte stimulating hormone. Own illustration created with biorender.com.

This is important, since circulating levels of both leptin and insulin are proportionate to the
nutritional status of the body and energy storage in adipose tissue (Jais and Briining, 2017).

In addition, hormones from the gastrointestinal tract, including ghrelin, glucagon-like peptide 1
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(GLP-1), cholecystokinin (CCK) and peptide YY (PYY) can stimulate various ARC neurons
thereby mediating appetite and satiety feeling, also acting as important players in energy
regulation (Muller et al., 2015; Mdller et al., 2019; Al Massadi et al., 2017). By passing the
blood brain barrier (BBB) and binding to the neuronal receptors, insulin and leptin are inhibitors
of AgRP neurons and activators of POMC neurons, respectively (Seong et al., 2019; Benoit
et al.,, 2002; Cowley et al., 2001). On the contrary, under fasting conditions or low energy
stores, AgRP/NPY neurons are stimulated due to depleted fat storage, while POMC
expression is reduced (Cowley et al., 1999). AgRP is an inverse agonist of the melanocortin
receptors MC3R and MC4R and inhibits their activity (Ollmann et al., 1997). In turn, energy
expenditure is exhibited, feeding is stimulated, and glucose metabolism is regulated (Gropp
et al., 2005; Konner et al., 2007) (Figure 4.1).

4.6 The Concept of Metabolic Inflammation

The discovery of the secretion of pro-inflammatory molecules by adipose tissues of obese
individuals first indicated that obesity itself initiates an inflammatory response (Hotamisligil
et al., 1995; Hotamisligil et al., 1993). These studies first connected immune and metabolic
pathways and paved the way for the research field studying metabolic inflammation in obesity
(Gregor and Hotamisligil, 2011; Relling et al., 2018; Rohmann et al., 2021). This pathology is
caused by aseptic triggers and mediated by metabolic cells such as adipocytes (Le Thuc et al.,
2017). The metabolic inflammation, characterized by a moderate overexpression of pro-
inflammatory mediators, is maintained over a longer period of time (Gregor and Hotamisligil,
2011). It was first described in adipose tissue (Hotamisligil et al., 1993), but now it is known
that the contributions of not only peripheral tissues (e.g. liver and pancreas) but also, for
instance, of areas of the hypothalamus make it a multi-organ involvement (Gregor and
Hotamisligil, 2011; Le Thuc et al., 2017). The underlying causes of HI, however, are still not
fully understood. At this point, though, it is clear that various metabolic triggers but not the body
weight of obese individuals per se initiate inflammatory processes in the hypothalamus (Gao
et al., 2014). Overnutrition, consumption of saturated fatty acids (SFA) or a high-fat diets (HFD)
in general as well as the increased consumption of carbohydrates are discussed as possible

triggers of HI as described in the following chapters.
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4.7 Cellular Contributors to Hypothalamic Inflammation

The cellular contributors that are involved in HI are neurons, microglia, astrocytes and
perivascular macrophages. Communication between these cell types is a crucial driver in the
development of neuroinflammation and chronic HI (Rahman et al., 2018; Garcia-Caceres
et al., 2019). Their complex interaction is visualized in Figure 4.2.
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Figure 4.2:Interaction of hypothalamic cell populations in the development of
neuroinflammation. Neurons control microglial activation via CX3CL1. Activated microglia
release pro-inflammatory mediators T mainly chemokines i that affect not only neurons, but
also astrocytes. Reactivated astrocytes may also contribute to microglial activation. BBB may
be disrupted due to astrocytic and tanycytic VEGF-A secretion. This leads to an increased flux
of FAs, enhancing the inflammatory process. Abbreviations: BBB: blood brain barrier, CX3CL1:
C-X3-C motif ligand-1, FAs: fatty acids, VEGF-A: vascular endothelial growth factor A. Own
illustration created with biorender.com, adapted from (Rahman et al., 2018) and (Lee et al.,
2020).

The inter-glial (astrocyte i microglia) crosstalk may play a crucial role in the induction of Hl.
Determining each ot her 6s functions by autocri
microglia and astrocytes are implicated in both CNS health and disease (Jha et al., 2019). The
feedback is mainly mediated by chemokines, a group of cytokines expressed by glia cells as
well as neurons, even in the healthy brain (Rahman et al., 2018). Some chemokines have been

reported in association with obesity-induced metabolic inflammation, including CCL2 and
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CXCL12 and their corresponding receptors (Rahman et al., 2018). When triggered, microglia
alter their phenotype into an activated form (Thaler et al., 2012; Valdearcos et al., 2014) and,
thereupon, may induce reactivation of astrocytes by secreting pro-inflammatory molecules
(Liddelow et al., 2017). In turn, reactive astrocytes contribute to the sustained activation and
migration of microglia (Kwon et al., 2017; Lee et al., 2020). Furthermore, astrocytes express
both insulin and leptin receptors which implies active regulatory properties of energy
homeostasis. Astrocytic insulin sensing allows the co-regulation of CNS glucose sensing via
control of glucose uptake across the BBB, whereas leptin sensing is associated to
hypothalamic synaptic remodeling which ultimately lead to the control of food intake (Garcia-
Céceres et al., 2019; Kim et al., 2014).

Besides, the inter-glial crosstalk may also be mediated by costimulatory molecules (Rahman
et al., 2018). These include for example TNF receptor superfamily (TNFRSF) members and
their corresponding ligands. CD137 (alternatively titled as TNFRSF9 or 4-1BB) and/or its ligand
CD137L, were recently outlined as mediators in the microglia-astrocyte crosstalk in HI. When
activated, CD137 is known to release costimulatory or inflammatory signals (Rahman et al.,
2018). CD137/CD137L stimulation in both astrocytes and microglia activated their
inflammatory signaling pathways (Kim etal., 2018). This system was found to transmit
signals bidirectional via so-called reverse signal transduction between two cells (Shao and
Schwarz, 2011). Besides, microglia and neurons can interact through the secretion of bioactive
molecules or by contacting each other directly (Szepesi et al., 2018). Under normal conditions,
microglia remain in a resting state (Lee et al., 2020), whereas during inflammation, reactive
microglia release pro-inflammatory molecules such as cytokines and chemokines. The
microglial activation is controlled by neurons via chemokine CX3CL1 (also known as
fractalkine) and its receptor CX3CR1. Thus, the CX3CL1-CX3CRL1 signal represses microglial
activation (Lee et al., 2020) and, in doing so, protects against HI (Dorfman et al., 2017). In
another study, inhibition of CX3CL1 reduced the recruitment of monocytes from the bone-
marrow and not only protected against HI but the subsequent development of obesity and
associated glucose intolerance emphasizing its regulatory role in energy homeostasis (Morari
et al., 2014). Interestingly, sex differences in microglia activation were found with female mice
being less susceptible to the CX3CR1i CX3CL1 signaling which was indicated in both the
induction of weight gain in female CX3CR1 knockout mice and, vice versa, the absence of
weight gain in male mice with pharmacologically increased CX3CL1 levels (Dorfman et al.,
2017).
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4.8 Dietary Triggers of Hypothalamic Inflammation

4.8.1 Fatty acids

Feeding rats a hyperlipidic diet induced the expression of cytokines and inflammatory
responsive proteins in the hypothalamus. Additionally, the authors of that study stated an
impairment of insulin signaling under these conditions (Souza et al., 2005). The impact of a
chronic HFD has since then consistently been linked to pro-inflammatory signaling in various
studies (Valdearcos et al., 2014; Zhang et al., 2008; Posey et al., 2009; Milanski et al., 2009;
Gupta et al., 2012; Kénner and Briining, 2012), whereby many of these studies focus on free
fatty acids. In particular, SFA have been identified as driving forces in the production of pro-
inflammatory mediators (Zhou et al., 2020). Directly injected stearic acid was demonstrated to
be the most potent pro-inflammatory FA besides arachidic acid (C20:0) and behenic acid
(C22:0) (Araujo et al., 2016). Indeed, dietary fats can flux into the hypothalamus easily and
accumulate there. This leads to microglial activation as shown in SFA fed mice (Valdearcos
et al., 2014). In fact, one to three days of HFD feeding in the rodent model was shown to be
sufficient to induce HI (8). These data clearly indicate that the neuronal regulation of energy
homeostasis is disrupted by HFD-triggered HI (Thaler et al., 2012; Dalvi et al., 2017). Authors
suggest that the observed inflammatory activation is mainly mediated by the activation of
microglia and astrocytes as previously described (Thaler et al., 2012; Valdearcos et al., 2014;
Kim et al., 2014). On the contrary, polyunsaturated fatty acids (PUFAS) are reported to act anti-
inflammatory (Schmitz and Ecker, 2008) and are capable of attenuating HI at least in an obese

mouse model (Cintra et al., 2012).

4.8.2 Carbohydrates

Besides SFAs, recent studies suggest other dietary mediators to induce HI. Mice fed with a
high-carbohydrate high-fat diet have shown a hypothalamic inflammatory response occurring
as activated microglia (Szepesi etal., 2018; Dorfman etal., 2017). Conversely, in low-
carbohydrate diet fed mice, microglia remained in a quiescent state. In contrast to microglia,
astrocytic activity is mainly induced by fat intake, indicating a determination by lipid metabolism
(Gao et al., 2017). Accordingly, HI without astrogliosis was reported in a rat study in response
to a diet rich in sucrose (Fuente-Martin et al., 2013). In turn, another in vitro and in vivo rat
study has shown that fructose induced astrogliosis and a subsequently increased cytokine
production (Li et al., 2015).
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SFAs and monosaccharides are both commonly found in Western diets. A link between the
Western lifestyle to metabolic inflammation is generally assumed (Christ et al., 2019), so this
dietary form is regarded to strongly contribute to the triggering of HI.

4.8.3 Other triggers

Other possible triggers of HI are factors such as the gut microbiota (Heiss etal., 2021),
neuronal overactivity (Xanthos and Sandkuhler, 2014) or age-related changes (Koellhoffer
et al., 2017), which in a systems medicine view might all together integrate with the nutritional

triggers into one combined model of disease development and progression.

4.9 Molecular and Cellular Mechanisms in Hypothalamic
Inflammation

Several mechanisms by which a HFD triggers obesity-induced HI have been identified. These
include the TLR4 pathway, the JNK pathway, induction of ER stress as well as the ceramide
and protein kinase C pathway. These and several other important signaling pathways are well-
reviewed elsewhere (Chen et al., 2018). In this review, the major pathways are summarized in

Figure 4.3.
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Figure 4.3:Overview of relevant molecular and cellular pathways inducing
Hypothalamic Inflammation. Leptin induces the STAT3 pathway by binding to LEP-R. After
nucleolytic translocation, STAT3 suppresses AGRP/NPY gene expression and induces POMC
gene expression. Insulin binds to IR which induces binding of IRS1 to the receptor. This allows
the activation of PI3K signaling. PI3K binds Akt which in turn inactivates FoxOl by
phosphorylation and cytosolic translocation. By this exclusion of FoxO1, insulin inhibits its
proper activation and repression of target genes. SFAs bind on TLR4 and thereby activate
IKKb, which promotes activation of NF-aB. NF-aB induces transcription of pro-inflammatory
cytokines. TLR4 further activates JNK, an activator of ER stress inducers. ER stress also
causes activation of IKKb, triggering the downstream signaling cascade. In addition, SFAs act
as precursors of ceramide. Ceramide activates PKCd, which inhibits the PISK pathway.
Abbreviations: AgRP: agouti-related peptide, elF2A: eukaryotic translation initiation factor 2A,
ER: endoplasmic reticulum, FoxO1: forkhead box protein O1, IKKb: inhibitor of nuclear factor
kappa-B kinase subunit b, IL-1b: interleukin-1b, IL-6: interleukin-6, IR: insulin receptor, IRS1:
insulin receptor substrate 1, JNK: c-Jun N-terminal kinase, LEP-R: leptin receptor, MyD88:
myeloid differentiation primary response protein 88, NF-aB: nuclear factor a-light-chain-
enhancer of activated B cells, PI3K: phosphatidylinositol 3-kinase, PKCd: protein kinase C d,
POMC: proopiomelanocortin, SFA: saturated fatty acids, STAT3: signal transducer and
activator of transcription 3, TNF-U: tumor necrosis factor-U, TLR4: toll-like receptor 4, Xbp1ls:
X-box binding protein 1. Own illustration created with biorender.com, adapted from (Timper
and Brlning, 2017) and (Belgardt et al., 2009).
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4.10 Studies in Rodent Models on Hypothalamic Inflammation

4.10.1 Acute Hypothalamic Inflammation

In circumstances of overnutrition, even before metabolic inflammation in peripheral tissues
(e.g. adipose tissue and liver), an early occurrence of inflammation in the hypothalamus could
be detected (Jais and Bruning, 2017). Indeed, HFD or SFA consumption for a period of only
three days leads to activation of microglia in a mouse model (Thaler et al., 2012; Valdearcos
et al., 2014). Thereby, inflammation occurs even before weight gain, suggesting that HI is not
only associated with obesity but reflects a causative nature (Thaler et al., 2012). Reactive
gliosis, including the recruitment of microglia and astrocytes, is a marker of HI induced
neuronal injury. In HFD fed rats, the microglial number increased as early as by day three of
the investigation period. The cell number kept elevated during the initial two weeks (Thaler
et al., 2012). Those first inflammatory responses temporally attenuated between week two and
three of HFD feeding. The authors suggest that neuroprotective mechanisms may limit or
reverse the damage. Of interest, in contrast to chronic inflammation (see below) in the acute
situation microglia seem to be the cells mediating these neuroprotective effects. This finding
suggests that acute inflammatory pathways in the hypothalamus may, in a beneficial sense,
serve as effectors to preserve normal brain function (Valdearcos et al., 2015). With ongoing
HFD consumption, however, microglia are considered as pathogenic cells (Thaler et al., 2012).
Similarly, after one week of HFD exposure, coalesced astrocytic processes could be detected
to promote active gliosis. This effect was initially transient and disappeared between the
second and third week. However, it reappeared during prolonged HFD feeding of 8 months
(Thaler etal., 2012). In contrast to peripheral inflammation, HI caused by HFD is rapidly
associated with local resistance to both insulin and leptin in the hypothalamus (Thaler et al.,
2012; Souza et al., 2005; Milanski et al., 2009; Thaler et al., 2012; Thaler and Schwartz, 2010).
Moreover, nutritional SFAs triggered acute HI without increasing circulating cytokine levels in
the blood. This suggests that HI is not just a byproduct of a systemic peripheral inflammation

but a pathophysiological entity on its own (Valdearcos et al., 2014).

4.10.2 Chronic Hypothalamic Inflammation

There is no clear border between acute and chronic HI (Mravec et al., 2019). ARC gliosis
reestablishing under continued HFD consumption is seen as a quality of chronic HI. In addition,
blood vessels become more permeable in chronic HI (Lee etal.,, 2019) allowing SFAs to
access the ARC even easier (Lee et al., 2018; Valdearcos et al., 2017). Chronic gliosis is

assumed to be an exhaustion of the early neuronal protective mechanisms (Thaler et al., 2012;
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Dalvi et al., 2017) and therefore distinguishes the nature of the inflammation in this phase from
that in the first days of HFD (see above) (Thaler etal., 2012). It was shown that TNF-U
expression increased in NPY/AgRP neurons in mice that were chronically fed with a HFD for
20 weeks. This promotes a dysregulation of neuropeptides towards energy intake. Thus, TNF-
U may mediate neurotrophic or neurotoxic effects time-dependently (Dalvi et al., 2017). In
rodents, the number of POMC neurons reduces under chronic HFD feeding (Thaler et al.,
2012). Another study showed that hypercaloric feeding of mice led to mitochondrial stress in
POMC neurons which was explained by microglia reactivity and corresponding high TNF-U
secretion (Yi et al., 2017). Taken together, the loss of their protective features against excess
weight gain may thereby determine obesity (Kénner et al., 2007). In summary, the progression
from the acute to the chronic form shifts HI to a more detrimental stage, as it can lead to a
significant disturbance of the energy balance (Mravec et al., 2019). Moreover, chronic HI may
contribute to the development of abnormalities in peripheral tissues, which can in turn enhance

inflammatory responses in the hypothalamus (Mravec et al., 2019).

4.11 Translational Human studies on Hypothalamic Inflammation

In 2012, Thaler et al. have shown that HI in obese humans can be detected using specific
Magnetic Resonance Imaging (MRI) techniques (Thaler et al., 2012). Thereby, hyperintensity
in T2-weighted MRI is an established indicator of gliosis (Thaler et al., 2012; Kreutzer et al.,
2017; Marshall et al., 1988; Schur et al., 2015). To not only detect visual changes due to
neuroinflammation but to normalize for unspecific changes in the brain, ratios to compare the
region of interest (ROI) with control areas have been established, e.g., the MBH/amygdala
signal ratio. Moreover, another evaluation tool is T2 relaxation time, whereby longer T2
relaxation time is proposed as a marker of hypothalamic gliosis in various studies (Thaler et al.,
2012; Schur et al., 2015; Lee et al., 2013). Besides data on MR, also analyses of post-mortem
tissue biopsies have been reported. Thereby, commonly immunohistochemical staining for
glial fibrillary acidic protein (GFAP) is used, since during active gliosis the number of GFAP+
astrocytes increases (Thaler etal., 2012), GFAP staining can be applied as an astrocyte
marker. Of interest, a previous study by Lee et al. found a positive correlation between T2
relaxation times and staining for GFAP. Also, Schur et al. found a positive association between
GFAP staining intensity and mean T2 relaxation time for examination in the bilateral MBH
(Schur et al., 2015). While GFAP can be used as a marker for astrocytes, ionized calcium-
binding adapter molecule 1 (lbal) is widely used as a marker for activated microglia
(Valdearcos et al., 2017).
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Human studies on the role of HI in the development of obesity are still rare. A postmortem
study revealed a correlation between altered glia cells and a higher BMI. Gliosis was found in
the hypothalamus of obese humans with BMI > 30 kg/m2 (Baufeld et al., 2016). T2-weighted
MRI studies done by Schur et al. (Schur et al., 2015) as well as Thaler et al. (Thaler et al.,
2012) were the initial evidence for markers of HI in the context of obesity in humans. As typical
markers of gliosis were not seen in the latter, the authors created a signal density ratio of the
left MBH and amygdala tissue. Proving an increased signal ratio to be positively associated
with BMI, the authors assume that HI may occur not only in rodents but also in humans (Thaler
et al., 2012). Of interest, Sewaybricker et al. recently performed T2-weighted MRI in children
with obesity confirming hypothalamic gliosis and an association with disease severity. Authors
further presented gliosis to be associated to glucose ingestion which not only proposes
structural but also functional affection of the hypothalamus in obesity (Sewaybricker et al.,
2019). In another in vivo study, voxel-wise MRI was applied to examine hypothalamic volume
and mean diffusivity, an indicator for intact cellular microstructure. Indeed, a higher BMI was
associated with a higher hypothalamic proton diffusivity (Thomas et al., 2019). The cross-
sectional research design is listed as a limitation of this study. Therefore, no statement can be
made about causality since it remains unclear whether the hypothalamic alternations in
humans are a precondition or a consequence of obesity at this point (Thomas et al., 2019). A
human in vivo study performed by our group combined MRI examinations of obese and non-
obese participants with a nutritional and microbiome analysis as well as a candidate gene
approach to further investigate environmental and genetic factors (Kreutzer et al., 2017). This
prospective study confirmed the association between obesity in humans with hypothalamic
gliosis. Interestingly, in both the Thaler (Thaler et al., 2012) and our study (Kreutzer et al.,
2017) the MBH T2 intensity analyzed was increased in the left, but not the right hypothalamus.
It is suggested that the left MBH T2 intensity is physiologically lower compared with the right
as shown in nonobese controls, measuring a large number of neurons (Kreutzer et al., 2017,
Briellmann et al.,, 2002). Further, disturbances in the gut microbiota were found to be
associated with the inflammation in the MBH, showing a correlation between Parasutterella sp.
and fat intake (Kreutzer et al., 2017). In rodents, the number of POMC neurons reduces under
chronic HFD feeding (Thaler et al., 2012). Thereby, it is suggested that the loss of their
protective features against excess weight gain may be responsible for obesity development in
mice (Gropp et al., 2005). These findings could so far not be reproduced in human obese
individuals, as the neuronal cell count estimated by MR spectroscopy in our human study
showed no significant difference between non-obese and obese individuals suggesting a more
functional than structural impairment in human HI (Kreutzer et al., 2017). Another topic to be
addressed is the effect of body mass reduction on hypothalamic morphology changes in obese

patients. A massive reduction of body weight due to bariatric surgery increased the secretion



Hypothalamic inflammation in obesity pathogenesis

of anti-inflammatory interleukins and provoked a partial correction of the prior hypothalamic
dysfunction in a study with 13 obese patients (van de Sande-Lee et al., 2011). In our study,
the weight loss only resulted in an improvement of the peripheral insulin sensitivity while HI or
gliosis was not reduced after ten months of a bariatric surgery (Kreutzer etal., 2017). The
sample size of ten obese patients was comparatively small in that study, so that the missing
statistical significance was not presumed to preclude clinical significance, especially since the
post-bariatric MBH/amygdala ratios tended to be reduced (Kreutzer etal., 2017). It is
suggested that reversibility of HI may be observed after longer observational periods (Kreutzer
et al., 2017), as inflammation in peripheral tissues is also known to reverse slowly (Kratz et al.,
2016; Furuya et al., 2007). Thus, the impact of weight reduction on HI needs to be monitored
for longer observational periods.

While these studies point towards a major impact of HI on obesity development in humans,

several aspects need to be addressed in future translational research projects:

(1) As the sedentary lifestyle strongly contributes to the development of obesity, the link
between exercise and the prevention of HI needs to be examined. It was already found that
exercise reduced microglial activation and improved glucose tolerance in HFD fed mice
showing markers of HI under a Western diet (Yi et al., 2012). While exercising, the unfolded
protein response (UPR) pathway is activated in skeletal muscle as an adaptive response (Wu
et al., 2011). It is hypothesized that this adaption provides a mechanism for improving HI (Yi
et al., 2012). The decline of markers of HI was the first evidence in a mouse model for a reverse
of the inflammation process via moderate, regular exercise, independent of weight loss. These

results now need to be verified in humans.

(2) There is evidence that maternal obesity causes metabolic imprinting in offspring (Sullivan
and Grove, 2010; Howie et al., 2009). The childés hypothalamic fun
by the mother's diet. Indeed, maternal inflammatory markers resulting from HFD are also
activated in the offspring as seen in a hon-human primate study (Grayson et al., 2010). Thus,
future human studies should also focus on the role of HI in the concept of perinatal priming of

obesity development.

(3) Finally, besides nutrients, other influencing factors including the role of the microbiome and

genetic variations that modulate the inflammation need further investigation. The above

mentioned study (Kreutzer et al., 2017) and a review (Szalanczy et al., 2022) have already

shown interesting associations between HI and microbiome changes suggesting an
Ainflammbhtarp gui so in addition t o-btrhaei nwd.gdxeilsyo &
via GLP-1).
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4.12 Conclusion

The concept of the gut-brain-axis assumes that obesity is not only caused by the dysfunctional
activity of peripheral organs but may mainly arise from dysfunctions in the appetite and satiety
regulation of the hypothalamus (Léon et al., 2021). The fact that inflammation starts much
earlier in the hypothalamus than in peripheral tissues implies that different processes are
involved (Thaler et al., 2012). This is especially of importance, since the occurrence of HI as
early as after several days of a HFD even before body weight gain suggests that Hl is a cause
and not just a consequence of obesity (Thaler and Schwartz, 2010). Following initial animal
studies, in recent years translational human studies have demonstrated that HI is also
important in the development of obesity in humans. Thus, HI may continue to be studied in
translational human studies in the future using established techniques such as MRI with the

potential to identify novel targets for pharmacological approaches to treat obesity.
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5.2 Abstract

Background

Alongside metabolic diseases (esp. obesity), allergic disorders are becoming increasingly
prevalent. Since both obesity and allergies are highly impacted by environmental determinants,
with this study we assessed the potential link between metabolic implications and two distinct
types of allergies.

Methods

Using cross-sectional data from the German FoCus cohort, n = 385 allergy cases, either hay
fever (= type | allergy, n = 183) or contact allergy (= type IV allergy, n = 202) were compared
to age- and sex-matched healthy control subjects (1:1 ratio, in total n= 770) regarding their
metabolic phenotype, diet, physical activity, sleep, gut microbial composition, and serum

metabolite profile using suitable BMI-adjusted models.

Results

Obesity and metabolic alterations were found significantly more prevalent in subjects with
allergies. In fact, this relation was more pronounced in contact allergy than hay fever.
Subsequent BMlI-adjusted analysis reveals particular importance of co-occurring
hyperlipidemia for both allergy types. For contact allergy, we revealed a strong association to
the dietary intake of poly-uns at ur at ed f at t y-linaenit atid, as welhas the
enrichment of the corresponding metabolic pathway. For hay fever, there were no major
associations to the diet but to a lower physical activity level, shorter duration of sleep, and an
altered gut microbial composition. Finally, genetic predisposition for hyperlipidemia was

associated to both contact allergy and hay fever.

Conclusions

Reflected by higher allergy prevalence, our findings indicate an impaired immune response in
obesity and hyperlipidemia, which is differentially regulated in type | and type IV allergies by

an unfavorable lifestyle constellation and subsequent microbial and metabolic dysfunctions.

Keyword

Allergy, obesity, hyperlipidemia, diet and lifestyle.
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5.3 Introduction

The prevalence of allergies has been increasing in the last few decades. According to the

101

findings of the Study of Healthy Adults in Germany (or i g . titl e: ARStudie

Erwachsener i n De i20%1¢ appraximatedy )20% of GeBmrD &Riults had at
least one allergy, with women being more likely to be affected than men (Langen et al., 2013).
Furthermore, the World Health Organization (WHO) estimated that over 1.9 billion adults were
overweight, with over 650 million obese (World Health Organization, 2021). Since both obesity
and allergies are highly influenced by environmental determinants, significant studies have
been conducted on both. Besides that, obesity has also been known as a major health issue
not only related to modulators of the innate but also the adaptive immune response. On that
note, previous studies have reported a link between obesity and an increased prevalence of
different allergic disorders including asthma (Sybilski et al., 2015), food (Visness et al., 2009),
and drug allergies (Abbassi et al., 2021; Dias de Castro et al., 2021). While these previous
studies have reliably reported an increased prevalence of allergies in overweight and obese

people, the causes of this association are not very well under-stood yet.

The aim of our study is therefore a comprehensive analysis of potential contributing factors for
the development of allergies covering various lifestyle-associated determinants, including the
diet, physical activities, sleep and smoking habits, the gut microbial composition, serum
metabolite profiles, as well as selected genetic variations. In order to account for possible
distinctions between different types of allergies, we will mostly be conducting separate
analyses for differentially regulated allergy types. Here, distinction will be made between the
presence of either hay fever representative for IgE-mediated type | or contact allergy

representative for T cell-mediated type IV allergic hypersensitivities.

For this exploratory approach, we made use of the extensively characterized German
population-based FoCus cohort (n = 1800). Information on the occurrence of allergies were
used to define a subset of n =770 subjects equally distributed into allergy cases (n = 202
stratified by contact allergy, n = 183 stratified by hay fever) and allergy-free healthy control
subjects. Using a case-control study design which reduces the possible confounding effects of
participantsdéd age and bi ol ogi-msedl healtle data, obesity-
associated anthropometric measures, as well as metabolic and inflammatory serum markers.
Furthermore, nutritional information collected using a valid food frequency questionnaire
(FFQ), microbial 16S rRNA sequencing data from fecal samples, untargeted FT-ICR-MS
serum metabolomics, and microarray-based data on genetic variation were available for

analysis.

asses
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5.4 Material and Methods

5.4.1 Study Design and Population

For a comprehensive assessment of allergy occurrence in relation to obesity, we made use of
the German population-based Food Chain Plus (FoCus) cohort. Data collection took place
between 2011 and 2014 including a total of 1800 adults of different ages. Extensive
anthropometric data, metabolic and inflammatory parameters measured in serum, intestinal
microbiome 16S rRNA sequencing data, information about dietary habits, physical activities,
sleeping duration, and smoking status, as well as genetic variation have been collected and

are available for analysis.

Complete allergy information was available for n = 1674 subjects. As a first step, general
allergy occurrence, defined by the presence of at least one allergy of any kind, has been
assessed regarding potenti al associations wi t
Subsequently, a case-control study design was selected to remove the possible confounding
effects of the stated variables. Furthermore, stratification of participants was conducted in
order to account for the differing mediation of type | (IgE-mediated) and type IV (T cell-
mediated) allergies based on the most present kind of both types (hay fever vs. contact
allergy). By that, n = 183 with hay fever and n =202 participants with contact allergy were
extracted for detailed analyses. Healthy, allergy-free control sub-jects were identified by the
absence of any allergy as well as inflammatory, cardiovascular, metabolic, and pulmonary
chronic diseases and matched to the nearest fitting allergy case regarding the biological sex

and age in a 1:1 ratio (see Figure 5.1).

FoCus cohort i i
1,800 subjects Figure 5.1:. Flowchart of the defined

study populations.

Using the cross-sectional population-

Complete allergy information based FoCus cohort (total n = 1800), we
1,656 subjects (m: 626, f: 1030) selected subjects with complete allergy
stratified by information (n=1656) for an overall
hay fever and allergy analysis. We then stratified these

contact allergy

subjects by the presence of either
contact allergy (n=202) or hay fever

Contact allergy cases Hay fever cases _ .
202 subjects (m: 31, f: 171) 183 subjects (m: 85, f: 98) (n - 183) and matched them to their
nearest healthy allergy-free controls
1:1 (age + sex) 770 ‘::jlsjreg:t:l;:‘p:g:lzatfw:ns_j’g) 1:1 (age + sex) gn = 7|70) . w m = malea f =
’ emale.

Contact allergy controls Hay fever controls
202 subjects (m: 31, f: 171) 183 subjects (m: 87, f: 96)
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5.4.2 Allergy Information

Using a medical guestionnaire, information on
lifestyle, and health status were obtained. The questionnaire consists of 58 questions in total,
including questions regarding present allergies. Participants with a contact allergy were
recognized through the question AiHave you ever
Airasho at contact points caused by jewelry, pe
work materials, ointments,orother substances) by a doctor?0. Ha

the question fAiHave you ever been diagnosed witt

5.4.3 Anthropometric Measurements

Patients were weighed on digital scales in light clothing without shoes. Using a stadiometer,
height was measured. Using measuring tape, waist and hip circumferences were measured.
All physical examinations were performed in duplicates by trained medical staff. For data
analyses, mean values were formed. Body mass index (BMI) and waist-to-hip ratio (WHR)

were calculated using respective established formula.

5.4.4 Biochemical Analysis

Blood samples were collected by venipuncture after an overnight fast. In the central laboratory
of the University Medical Center in Kiel, clinical metabolic and inflammatory markers were
analyzed from the collected blood samples, including C-reactive protein (CRP), interleukin-6
(IL-6), fasting glucose, fasting insulin, and triglycerides. Fasting glucose and fasting insulin
were then used to calculate Homeostatic Model Assessment of Insulin Resistance
(HOMA-IR/insulin sensitivity).

5.4.5 Taste Perception

Bitter and saline taste perception testing has been performed by all included sub-jects. In brief,
after neutralization with water, 0.02 L of bitter solution (6-n-propylthiouracil, 273 mg/500 mL)
was put in the mouth to subsequently mark the perceived taste intensity immediately and
intuitively on a general labelled magnitude scale (07 300). This procedure was repeated for the

second taste solution, containing the tasting agent sodium chloride (NaCl, 29 g/500 mL).
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5.4.6 Dietary Assessment

Dietary intake was assessed using a valid semi-quantitative 12-month retrospective food
frequency questionnaire (FFQ, European Investigation into Cancer and Nutrition protocol,
German Institute of Human Nutrition, Potsdam) (Boeing et al., 1999). Validation of the FFQ
has been previously described in detail by NOthlings etal. (NOthlings etal., 2007).
Supplementary, accuracy was internally validated via unannounced 24 h-dietary recall in 10%

of subjects.

The FFQ consists of questions regarding frequency of consumption and average portion sizes
of 134 foods. Subsequent analysis was realized
of micro- and macronutrients (Noethlings et al., 2003). Furthermore, the FFQ also includes

information on participantds physical activity

5.4.7 Gut Microbiome Analysis

For the evaluation of gut microbiome, stool samples were collected. DNA from stool samples

was extracted using the QIAamp DNA stool mini kit automated on the QlAcube. Analysis was

done using R and RStudio. Aphyl oseqo, Aimi crobi c
used in R. To measure gut microbiome diversity, several indices were used. Intra-individual

v ar i a wligeesity] was measured using two indices: (1) Species Richness and (2) Shannon

index. Inter-i ndi vi du al-diversity) wasmeasuref bsing two approaches: (1) Brayi

Curtis dissimilarity approach and (2) binary Jaccard approach on presence and absence of

core microbes (= amplicon sequencing variants (ASVs) present in >40% of participants with a

rel ati ve abun dRiinenannetfl., 2021). 5 %)

5.4.8 Serum Metabolomics Analysis

For a subset of participants (n = 404), untargeted detection data of 955 metabolites from serum
samples were available for analysis. Procedures of sample collection and processing have
recently been described in detail by Henneke et al. (Henneke et al., 2022). In brief, serum
samples were extracted by a modified SIMPLEX approach (Matyash et al., 2008) of which a
lipophilic methyl-tert-butyl ether (MTBE) phase, a hydrophilic methanol-water phase, and a
protein pellet were obtained, dried under vacuum, and resuspended with specific solvents:
isopropanol/chloroform (3/1, v/v) with 0.1% acetic acid (lipophilic); and water/methanol (50/50,
v/v) with 0.1% acetic acid (hydrophilic), both supplemented by specific internal standard

mixture. Mass spectrometry was conducted using an FT-ICR-MS in flow-injection mode being
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facilitated by HPLC autosampler. The eluent was water/methanol (50/50, v/v) with 0.1% acetic
acid (hydrophilic) and isopropanol/chloroform (3/1, v/v) with 0.1% acetic acid (lipophilic). All
samples were ionized with an electrospray ionization source. Different methods were used,
each optimized to the respective detection range (in total, the range was from 65 to 3000 m/z).
Evaluation of mass features was conducted with DataAnalysis 5.0 and MetaboScape 4.0.1.
(Bruker Corporation, Bremen, Germany). Sum formulas were calculated and the seven golden
rules of Kind and Fiehn (Kind and Fiehn, 2007) were applied.

Based on the results of mass spectrometry metabolite analysis, which we realized using two-
part hurdle models of binomial logistic regression and negative binomial logistic regression for
the zero-inflated detection data, we performed a pathway analysis in MetaboAnalyst 5.0 aiming
to identify common pathways among selected metabolites (enrichment) and their impact to the
respective pathways (topological). Here, all metabolites that remained significant after an FDR

correction of p-values in the count part of the hurdle model were included.

5.4.9 Genetic Variation Analysis

Depending on availability of whole blood samples, participants were genotyped using the Iscan
Immunochip Opticall and the Iscan Omniexpress Exome Chip (n = 671). Quality control and
preprocessing of genetic data have previously been described elsewhere (Heinsen et al.,
2016). Quality control of genetic data was done in PLINK v.1.9. A total of 19 SNPs in the low-
density lipoprotein receptor (LDL-R) gene (chr19, 11.2071 11.24 Mb), 70 SNPs in the very-low-
density lipoprotein receptor (VLDL-R) gene (chr9, 26.22i 26.53 Mb), 14 SNPs in the proprotein
convertase subtilisin/kexin type 9 (PCSK9) gene (chrl, 55.507 55.52 Mb), and 15 SNPs in the
apolipoprotein B (apoB) gene (chr2, 21.221 21.26 Mb) passed quality control and filtering. BMI-
and hyperlipidemia-adjusted logistic regression was used to test for associations between
genetic variations and allergy occurrence. For all analyses, the SNP wildtype was defined as

the reference group.

5.4.10 Statistical Evaluation

Statistical analysis and visualization were realized using R (R Core Team, 2022) and R Studio
Version 1.3.1093 (Rstudio., Inc., Boston, MA, USA) with case-control matching being
performed to the nearest retalh20ldsi ng AMatchl t o

Continuous variables were tested for normal distribution with Shapiroi Wilk test. Normally

distributed data are displayed as mean + standard deviation, and non-normally distributed data
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as mean (interquartile range). Categorical variables are expressed as counts and
corresponding percentages. Univariate compassion of categorical variables between two
i ndependent groups was performed wusing 62 Tes
variables between two independent groups was performed using Mann-Whitney U Test. For
allergy contribution assessment, BMI-adjusted logistic regression models were used
subsequently. In order to account for the zero-inflated character of microbial count and
metabolite detection data, we performed BMI-adjusted two-part hurdle models for the
assessment of these data in relation to allergy occurrence. The first part uses a logistic
regression comparing Vv al 4pats Thesedndwarttuses anagativee s | C
binomial logistic regression by truncating zero values hence only including continuous values
>0 (count-part). To prevent the description of false positive results, hurdle models (>500
independent variables per dataset) were supplemented by the correction of p-values using the

FDR-method. For all analyses, statistical level was at alpha < 0.05.

5.5 Results

Using comprehensive cross-sectional cohort data from our German population-based FoCus
cohort, we aim to precisely investigate the occurrence of allergies in relation to obesity at

metabolic, inflammatory, dietary, microbiome, metabolome, and genetic level.

5.5.1 Overall Allergy Prevalence in the FoCus Cohort

As a first analysis, we assessed the overall allergy prevalence within the n = 1656 subjects

who provided complete questionnaire-based allergy information.

Of these, 782 reported at least one type of allergy reflecting an overall allergy prevalence of
47.22% for the FoCus cohort. Comparing the age of participants with and without allergy, it
appears that allergies are associated with a younger age (see Figure 5.2A). Regarding the
biological sex, the proportion of women affected by allergy is significantly higher than that of

men (see Figure 5.2B).
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Figure 5.2:Overall allergy occurrence in relation to age and biological sex. Using
guestionnaire-based information from the FoCus cohort on any reported allergy reveals a
significant relation to both age and participa
younger age (A) statistical significance tested using Mann-Whitney U Test) and are more
prevalentinfemales(B) st ati stical si gaTesfh.i cance tested us

In order to account for possible confounding effects of the above associations, we decided to
perform all the following analyses in an age- and sex-matched case-control manner. To further
account for known regulatory differences of different allergy types, we stratified participants
according to either the presence of contact allergy as the most prevalent T cell-mediated
type IV allergy or hay fever as the most prevalent IgE-mediated type | allergy (also see 5.4.1
Study Design and Population) resulting in an extracted subpopulation of 770 subjects equally
distributed into allergy cases and healthy, allergy-free control subjects. Clinical characteristics,
including anthropometric measures, metabolic and inflammatory serum markers as well as
metabolic comorbidities are provided in Table 5.1.
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Table 5.1: Clinical characterization of the study population.
CONTACT ALLERGY HAY FEVER
Cases Controls p Cases Controls p
Subjects, n (%)? 202 (50) 202 (50) 1.0 183 (50) 183 (50) 1.0
Female sex, n (%)? 171 (84.65) 171 (84.65) 1.0 83 (45.36) 96 (52.46) 0.75
Age, years® 50 (44; 61) 50 (44; 61) 0.99 50 (44; 61) 50 (44; 61) 0.99
Anthropometric measures
Height, cm® 132 gégs; 169 (164; 175) 0.65 172.89+£897 175.05+9.27 0.04
. 88.08 (70.7; 75.57 (65.95; 4 83.55(71.83; 80.9(69.97;
b 4
weight, kg 118.36) 96.34) 1.88x 107 193 1) 98.45) 0.42
31.1 (24.6; 26.46 (22.93; 4 28.05(23.94; 26.01(23.14;
2,b 4
BMI, kg/m 41.58) 34.27) 176107 53 79 31.14) 0.07
. . . 0.87 (0.81; 0.84 (0.78; .
-to- b 2
Waist-to-hip ratio 0.92) 0.91) 1.03 x 10 0.89 £ 0.10 0.88 = 0.09 0.29
Metabolic markers
Glucose, mg/dI® 95 (89; 104) 93 (86; 101) 1.81x 102 96 (89; 105) 94 (88; 102) 0.14
. 10.9 (7.1; 8.5 (6.07; 10.3 (6.5;
b -4 .
Insulin, pu/l 20.5) 14.2) 5.38 x 10 20.4) 8.8(6.4;15.8) 0.12
2.67 (1.53; 1.94 (1.35; 4 2.51(1.51; 2.07 (1.44;
_IRDb 4
HOMA-IR 4.84) 3.31) 7.05 x 10 5.03) 4.09) 0.07
Total cholesterol, 4.74 (4.19; 4.57 (4.44; - 4.67(4.55; .
mmol/P 5.26) 5.07) 2.67 x 10 5.14) 4.43 £ 0.77 0.06
. . b ) . 3 101 (76; .
Triglycerides, mmol/I° 114 (78; 154) 98 (68; 131) 4.59 x 10 140.5) 98 (67; 151) 0.26
Inflammatory markers
CRP, ng/ml® ?'gz)(lj; 2.9(1.5;6.2) 0.14 2.7(1.5;6.1) 3.5(15;7.45 0.37
IL-6, pg/mP 4.1(2.9;59) 3.5(2.6;5.1) 2.4 x107? i';)(Z'GS; 3.5(2.6;5.3) 0.79
Metabolic comorbidities
Obesity, n (%) 109 (53.96) 71 (35.15) 2.13 x10* 69 (37.7) 55 (30.05) 0.15
&g’f 2diabetes, n - 45 16.75) 20 (10.00) 0.07 23 (12.64) 18 (9.84) 05
g}:;e”'p'dem'a’ n 69 (35.38) 46 (23.35) 122x102 69 (35.38) 41 (22.53) 0.06
ﬁr(t;:)'il hypertension, 1 4752y 71 (35.68) 212x102 68 (37.57) 58 (31.69) 0.29
Data was tested for normal distribution using Shapiroi Wilk test. Normally distributed data are presented as mean
+ standard deviation, skewed data as mean (interquartile range), and categorical variables as counts (percentage).
p:3Uni variate statistical si gni°nivariatestatistical sighificanceavbseeatusged usi n g

using Mann-Whitney U Test. Because of missing values, number of subjects can differ. Variable highlighted in bold
will be used as a confounder in all the following analyses. Abbreviations: HOMA-IR = homeostatic model
assessment for insulin resistance; CRP = C-reactive protein; IL-6 = interleukin 6.
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5.5.2 Assessment of Allergy Prevalence in Obesity

We evaluated allergy prevalence in relation to obesity and associated measures. This revealed
a significant higher prevalence of allergies in obese (BMI O30) compared to non-obese
(BMI < 30) subjects (58.55%, p =1.67 x10'%, see Figure 5.3A), which is in line with a
significant higher BMI (p = 6.78 x 10", see Figure 5.3B) and waist-to-hip ratio in allergy cases
(p = 1.28 x 10'?). Subsequent individual evaluation of contact allergy and hay fever shows that

obesity is in fact more prevalent in contact allergy, while this is not the case in hay fever.

Because of the differing mediation of contact allergy and hay fever and the disparity regarding
obesity association, we decided to perform all further analyses separately for contact allergy
and hay fever. Furthermore, BMI was included as an additional confounder in all the following

analyses to assess whether effects may rather be caused by obesity than allergy.

A ¥'=1414 p=167x10" x'=13.72 p=213x10" ¥’ =2.06 p=0.15
aller: contact aller, hay fever
1.0 9y 1.0 gy 1.0 Y
0.8 DG 0.8 0.46 0.8
0.65 0.62
< 0.67 07
206 06 06
€
o
[=%
204 04 04
o
0.54
0.2 0.33 0.4 02 035 0.2 0.38
. 0.3
0.0 0.0 0.0
control case control case control case
Obesity [ ] nor-obese [] abese
B
allergy contact allergy hay fever
80 p=678x10° 0 p=176x10" 80 p =007
L] . -
| ] .
60 - 80 " 60 .
& i H .
E : i '
2 1
— 40 40 40
=
m
20 | 20 | 20

control case control case control case

Figure 5.3: Allergy prevalence in relation to obesity. Case-control comparison of age- and
sex-matched subjects with and without allergies reveals significantly higher obesity proportion
and BMI in allergy cases. Subsequent individual evaluation of contact allergy and hay fever
shows that obesity is actually more prevalent in contact allergy, while this is not the case in
hay fever(A) statistical s i g n i?flasth @hese eesuks\ara in lina with d
significant higher BMI of contact allergy but not hay fever subjects (B) statistical significance
tested by Mann-Whitney U Test).
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5.5.3 Impact of Metabolic Alterations on Allergy Occurrence

We next evaluated the impact of metabolic alterations on the occurrence of the two allergy
types. Results of BMI-adjusted binomial logistic regression are presented in Table 2. Here,
changes in the lipid metabolism, represented by elevated serum cholesterol levels and the
presence of manifest hyperlipidemia, contribute to an increased occurrence of both contact
allergy (hyperlipidemia: OR = 1.62, p = 3.57 x 10'?) and hay fever (hyperlipidemia: OR = 1.49,
p =4.15 x 10'?; cholesterol: OR = 1.63, p = 3.05 x 10'2). Apart from that, neither impairment
of glucose metabolism, nor inflammatory activity, nor other comorbidities had direct effects on

the presence of contact allergy or hay fever.

Table 5.2: Impact of metabolic alterations on allergy occurrence.

CONTACT ALLERGY HAY FEVER

OR (LCI; UCI) p OR (LCI; UCI) p

Metabolic markers

Glucose, mg/dl 1.00 (0.99; 1.00) 0.83 1.00 (0.99; 1.01) 0.46
Insulin, pu/l 1.00 (0.99; 1.00) 0.39 1.01 (0.99; 1.03) 0.22
HOMA-IR 1.00 (0.99; 1.03) 0.48 1.03 (0.98; 1.09) 0.21

Total cholesterol, mmol/I 1.33(0.98; 1.82) 0.07 1.49 (1.04; 2.14) 3.05 x 10"
Triglycerides, mmol/l 1.00 (0.99; 1.00) 0.06 1.00 (1.00; 1.00) 0.80
Inflammatory markers

CRP, ng/ml 1.00 (0.96; 1.04) 0.93 0.94 (0.88; 1.00) 0.05

IL-6, pg/ml 1.04 (0.99; 1.09) 0.17 0.95 (0.89; 1.00) 0.05
Metabolic comorbidities

+ Type 2 diabetes, n (%) 1.32 (0.7; 2.48) 0.39 1.18 (0.59; 2.34) 0.64

+ Hyperlipidemia, n (%) 1.62 (1.03; 2.55) 3.57 x 100 1.63 (1.01; 2.61) 4.15 x 100
+ Arterial hypertension, n (%) 1.24 (0.79; 1.24) 0.35 1.18 (0.74; 1.9) 0.49

p: Statistical significance was evaluated using BMI-adjusted binomial logistic regression. For the assessment of
metabolic comorbidities, absence and presence (+) of disease have been compared. Abbreviations: OR = odds
ratio; LCI = lower confidence interval (5%); UCI = upper confidence interval (95%); HOMA-IR = homeostatic model
assessment for insulin resistance; CRP = C-reactive protein; IL-6 = interleukin 6.

5.5.4 Impact of Different Lifestyle Determinants on Allergy
Occurrence

In the next step, we assessed different lifestyle determinants regarding their contribution to
allergy occurrence comprising detailed information on dietary intake, physical activities,

duration of sleep, and smoking habits.
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5.5.5 Dietary Intake in Relation to Allergy Occurrence

t he i
that may be associated to the occurrence of allergies, we assessed dietary information that

For the evaluatio n o f mpact of participantos diet a

was collected using 12-months retrospective FFQ. Selected characteristics of the subj ect s 6
diet are shown in Table 5.3.

Table 5.3: Dietary characterization of the study population.

CONTACT ALLERGY HAY FEVER
Cases Controls p Cases Controls p
Subjects, n (%) 202 (50) 202 (50) 1.0 183 (50) 183 (50) 1.0
Taste perception
. ) 123 (104.5; 123 (99.25; 123 (101.5;
Saline, 0-300 123 (105; 165) 171.25) 0.74 169) 165.25) 0.63
Bitter, 0-300 82 (42; 123) 81.75 (41; 122) 0.16 81.5(42; 114) 67 (41; 102) 0.12
Overall intake
8,578 (7,175; 8164 (6821, 9076 (7227 9197 (7356;
Energy, kJ/day 10,330) 9552) 0.05 11199) 11194) 0.83
3607 (2979; 3395 (2776; 5 3609 (2802, 3718 (2989;
Food, g/day 4394) 3995) 2.39 x 10 4416) 4395) 0.57
Macronutrient intake
Carbohydrates, 42.64 (39.31; 41.43 (38.75; 2 41.16 (37.97;
EN% 47.21) 45.36) 2.91x 102 41.32+6.96 45.28) 0.68
. 14.52 (13.23; 14.63 (13.02;
0,
Protein, EN% 14.84+2.01 15.9) 0.24 15.98) 1449+ 2.15 0.58
38.32 (34.91; 39.68 (36.31; , 38.88(36.47; 40.16 (36.47;
0, 2
Fats, EN% 41.44) 43.07) 141x10% 45 92) 42.98) 0.55
. 21.7 (18.94; 22.15 (19.44; 21.29 (18.72;
Fiber, g/day 25.82) 25.84) 0.38 21.68 £ 5.36 24.63) 0.88
Micronutrient intake
_— 7.78 (6.36; 7.48 (6.46; 6.62 (5.05; 7.26 (5.23;
Vitamins, g/day 9.59) 9.07) 0.32 8.89) 9.25) 0.32
. 16.83 (15.5; 16.6 (15.68; 16.58 (15.53;  16.7 (15.67;
Minerals, g/day 17.93) 17.54) 0.75 17.91) 17.91) 0.77

Data was tested for normal distribution using Shapiro-Wilk test. Normally distributed data are presented as mean +
standard deviation, skewed data as man (interquartile range), and categorical variables as counts (percentage). p:
aUni variate statistical si?Jest fUhivarate statistisaksignifieanca was avaleakd
using Mann-Whitney U Test.

BMI-adjusted binomial logistic regression of dietary information shows significant contribution
of different dietary compounds to contact allergy and hay fever risk. Analyzing four main dietary

compounds (carbohydrates, fats, proteins, and fibers), contact allergies were significantly

using
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related to a reduced intake of dietary fats (OR =0.96, p=2.73 x 10). In more detail, it
becomes clear that this effect was mostly due to long-chain fatty acids (LCFA, OR = 0.96,
p = 2.63 x 10?) of poly-unsaturated nature (PUFA: OR = 0.88, p = 4.35 x 10%; linolenic acid:
OR =0.94, p = 1.78 x 10?) which is plausible regarding the previously identified association to
alterations of the lipid metabolism. Considering mineral and vitamin intake, iodine
(OR =6246.45, p=5.37 x10%) and fluorine (OR =2.49, p=2.65x 10%) supply were
significantly increased, while vitamin E (OR = 0.93, p = 3.43 x 10?) and niacin (OR =0.91,
p =2.2 x 10°) supply were significantly increased in contact allergy. We were not able to
identify a contribution of any of the main nutrient classes regarding hay fever occurrence. Still,
detailed micronutrient assessment reveals low calcium (OR=0.23, p=3.17 x 10 and
lactose (OR =0.96, p =8.87 x 10®) supply, while a high iron intake was observed to be
associated to higher hay fever rates (OR =1.17, p = 2.28 x 10?).

5.5.6 Taste Perception in Relation to Allergy Occurrence

Due to the allergy specific symptoms of swollen mucosal membranes, mainly in the nose and
mouth, we were interested in potential associations to an impairment of taste perception.
However, neither contact allergy nor hay fever were associated with an altered bitter or saline

taste perception.

5.5.7 Physical Activity, Sleep, and Smoking Habits in Relation to
Allergy Occurrence

I n addition to the information on subjectsd di
and smoking habits were assessed in regard to their potential contribution to allergy risk.

Characterization of these determinants is displayed in Table 5.4.

BMI-adjusted logistic regression reveals protective properties of vigorous physical activity
(OR = 0.94, p = 6.76 x 10®) against the development of hay fever. Further assessment reveals
that this effect is specifically associated to outdoor cycling activity (OR = 0.86, p = 1.29 x 10®).
A sufficient duration of sleep is also associated to reduced hay fever occurrence (OR = 0.75,
p=2.32x103).

Of interest, we were not able to identify any effect for the tested variables with contact allergy

occurrence.
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Table 5.4: Physical activity, sleep, and smoking habit characterization of the study
population.

CONTACT ALLERGY HAY FEVER
Cases Controls p Cases Controls p
Subjects, n (%) 202 (50) 202 (50) 1.0 183 (50) 183 (50) 1.0

Physical activity

Spors, minweele 7290038 ZIOGO o0 OGO 0020 g s
Everyday activity, 975 (588.75; 1039 (634, 051 907.5 (480; 990 (525; 0.14
min/week? 1620) 1620) 1305) 1552.5)
Watch TV, hiweek? 21 (14; 28) 14(10.5, 416x102 = (10.5: 21 (14; 28) 0.7

21.0) 21)
Duration of sleep
Total sleep, h/24h®  7.25 (7; 8) 7 (7;8) 0.42 7(7:8) 75(7;8.12) 2.13x103
Night sleep, h? 7(6; 8) 7 (6; 8) 0.54 7 (6; 8) 7(7;8) 8.13 x 103
Day sleep, h? 0(0; 1) 0 (0; 0.5) 1.89 x 102 0 (0;0.5) 0 (0; 0.5) 0.53
Smoking habit
+ Smoker, n (%)° 34 (17.71) 41 (21.13) 0.47 32 (17.78) 29 (16.11) 0.78

Data was tested for normal distribution using Shapiroi Wilk test. Normally distributed data are presented as mean
+ standard deviation, skewed data as mean (interquartile range), and categorical variables as counts (percentage).
p: @Univariate statisticals i gni f i cance wa $Test.V@nivariatd setstical significanceavas evaluated
using Mann-Whitney U Test.

5.5.8 Impact of the Gut Microbial Composition on Allergy
Occurrence

Since obesity and an associated lifestyle are known to be strongly linked to the composition of
the gut microbiome, we next investigated the potential role of the intestinal microbiota in the
development of allergic diseases. For this purpose, 16S rRNA sequencing data of the gut
microbiome was used to assess the composition of a core microbiome, a variety of indices of

microbial diversity, and potential candidate microbial strains.

First, we extracted core microbes by selecting amplicon sequence variants (ASVs) that were
present in at least 40 % of subjectswithar e | at i v e a bOsi/d By that,ave identifigd
47 core microbial strains (= amplicon sequencing variants (ASVs) present in > 40 % of
participants with a 0B5%)Ifoathe contact allbrgyradabd forethe baly
fever subpopulation. Using BMI-adjusted logistic regression of relative abundances on phylum
level, we did not reveal any major differences in neither contact allergy nor hay fever compared

to their respective control subjects (see Figure 5.4A).
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Figure 5.4:Relation of the gut microbial composition in relation to the occurrence of
contact allergy and hay fever. We assessed the composition of a core microbiome and a
variety of indices of microbial diversity. Composition of the core microbiome on phylum levels
proposes no major differences between the two types of allergies and their respective controls
(A). When further assessing inter-individual differences, hay fever displayed significant
microbial variance using both Bray-Curtis and Jaccard indices (B). Regarding intra-individual
variance, there were no distinct differences (C). All displayed p-values refer to BMI-adjusted
calculations.

For the evaluation of microbial diversity, we assessed both inter- and intra-individual variance
using appropriate indices. As displayed in Figure 5.4B, inter-individual variance, also referred
t o daisershy, did not differ between contact allergy cases and controls using PERMANOVA
based on the Brayi Curtis dissimilarities index (p = 0.49) or on the Jaccard presence/absence
index of core microbes (p = 0.55). In contrast, hay fever reveals significant differences of both
Brayi Curtis (p = 0.005) and Jaccard (p = 0.003) index.

Regarding intra-i ndi vi dual mi cr obi al -divarsity, aa differances veetes o0 k n
found between cases and controls assessing the species richness or Shannon index (see
Figure 5.4C).
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We additionally performed BMI-adjusted hurdle models of microbial counts not restricted to
core microbes (16,385 ASVs, FDR-corrected) in order to identify potential single microbial
candidates. By that, we identified 411 ASVs that contributed and were altered in contact
allergy, of which 282 ASVs were taxonomically classified up to genus level. For hay fever, we
were able to identify a total of 393 significant ASVs, of which 242 ASVs were taxonomically
classified up to genus level. Of note, significant associations were exclusively seen in the zero-
truncated negative binomial regression (count) part of the hurdle model.

The strongest contributors, both decreased (five lowest estimates) and increased (five highest

estimates) in allergies, are displayed in Figure 5.5.

Al contact allergy | | hay fever |
Butyricimaonas —_— -13(-167,092) Pp=669x 101 Dialister — 489(544435)  p=375x10%
Faecalibacterium — 064(094-033) p=847x10* Bacteroides —a— AT753L422)  p=164x10%
Fusicatenibacter —=— 040502 p=155x107 Faecalibacterium — 392(467,318)  p=423x102
Coprabacter — 034{05-018 p=507x10* Anaerotruncus —s— -114(-179,-05) p=782x10°
Bacteroides = 071(0.38,03) p=14x10% Olsenella = 07085055  p=14x107

T T e
A5 4 050 -55 45 .35 25 -15 -0.50
Estimate (95% ClI) Estimate (95% CI)

Bl contact allergy | | hay fever |
Escherichia/Shigella —s—  375(293451) p=669x10% Alloprevotella ——  593(503;683) p=110x10%
Bacteroides —_— 237{094,38) p=847x10* Oscillibacter — 411(307,5.15) p=562x10"
Ruminococcus — 231(157:3.06) p=415x10% Bacteroides 393(35L,4.34) p=291x107
Acinetobacter — 188(097,2.79) p=995x10* Prevotella gan 185(150,221) p=844x105
Collinsella —— 181(122:24) p=483x108 Proteus — 184(1.23;245) p=131x10%

Frrrrrrr1rrr11 T 1
00511522533.5445 01 2 3 45 6 7
Estimate (95% CI) Estimate (95% CI)

Figure 5.5:Impact of selected candidate bacteria on the occurrence of contact allergy
and hay fever. Using a BMI-adjusted two-part hurdle model, we assessed a total of 16,385
ASVs in relation to allergy occurrence. Significant associations were exclusively seen in the
zero-truncated negative binomial regression part of the hurdle model. We found a total of 282
taxonomically well characterized ASVs significantly contributing to contact allergy, of which 71
were reduced (estimate < 0) (5 highest estimates, (A), and 211 which were increased in contact
allergy (estimate > 0) (5 highest estimates, (B). For hay fever, we identified a total of 242 well
characterized ASVs, of which 65 were reduced (5 highest estimates, (A) and 177 which were
increased in hay fever (2i 6 highest estimates, (B). Notably, the most altered ASV of the genus
Clostridium cluster XIVb in hay fever is not displayed due to a very high estimate of 29.49
(15.43; 35.55, p = 2.02 x 10).
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We identified ASVs of the genera Butyricimonas, Faecalibacterium, Fusicatenibacter,
Coprobacter, and Bacteroides reduced in contact allergy. By contrast, ASVs of the genera
Escherichia/Shigella, Bacteroides, Ruminococcus, Acinetobacter, and Collinsella were
increased in contact allergy. Dialister, Bacteroides, Faecalibacterium, Anaerotruncus, and
Olsenella were reduced in hay fever, while ASVs of the genera Clostridium cluster XIVb,
Alloprevotella, Oscillibacter, Bacteroides, Prevotella, and Proteus were more abundant in hay

fever.

5.5.9 Impact of Serum Metabolites on Allergy Occurrence

FT-ICR-MS metabolomics data were available for 403 subjects (118 with contact allergy, 106
with hay fever, and 224 control subjects) of the study population. Using BMI-adjusted two-part
hurdle models, we assessed a total of 955 detected metabolites. As for the microbiome
analysis, significant associations were only seen in the zero-truncated negative binomial
regression (count) part of the hurdle model. Here, 118 metabolites were nominally associated
with the presence of contact allergy, of which 23 remained significant after FDR-adjustment for
multiple comparisons. A total of 124 metabolites were nominally associated with the presence

of hay fever, of which 35 remained significant after FDR-adjustment for multiple comparisons.

A subsequent pathway analysis (enrichment and topological) of the significant metabolites
resulted in three nominally significant enriched pathways for contact allergies and one pathway

for hay fever that are displayed in Table 5.5 and Table 5.6, respectively.

Table 5.5: Metabolic pathways associated to contact allergy.

CONTACT ALLERGY

Pathway Metabolites Impact p

Phosphatidylethanolamine
Phosphatidylcholine

Glycerophospholipid metabolism 0.22 2.19 x 10
1-Acyl-sn-glycero-3-
phosphocholine

o . ) OPC6-CoA

U-Linolenic acid metabolism ) . 0.33 4.09 x 108
Phosphatidylcholine

Phenylalanine, tyrosine and tryptophan biosynthesis  L-Phenylalanine 0.5 3.06 x 107

Metabolic pathways were identified using MetaboAnalyst 5.0. Enrichment method was set at hypergeometric test
(p-values) and topology analysis at relative-betweenness centrality (impact). Analysis was carried out within the
KEGG pathway library.
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Table 5.6: Metabolic pathways associated to hay fever.

HAY FEVER

Pathway Metabolites Impact p

. ) Phosphatidylethanolamine
Glycerophospholipid metabolism . . 0.2 0.06
Phosphatidylcholine

U-Linolenic acid metabolism Phosphatidylcholine 0 0.13

Phenylalanine, tyrosine and tryptophan biosynthesis  L-Phenylalanine 0.5 4.06 x 107

Metabolic pathways were identified using MetaboAnalyst 5.0. Enrichment method was set at hypergeometric test
(p-values) and topology analysis at relative-betweenness centrality (impact). Analysis was carried out within the
KEGG pathway library.

5.5.10 Impact of Genetic Predisposition on Allergy Occurrence

Finally, since we identified direct effects of alterations in the lipid metabolism on the prevalence
of both allergy types, we assessed selected hyperlipidemia-associated variations of the LDL-R,
VLDL-R, apoB, and PCSK9 gene in relation to allergy occurrence using BMI- and
hyperlipidemia-adjusted binomial logistic regression. Out of the 118 tested SNPs, 9 were
directly associated to an increased prevalence of contact allergy. In detail, eight of these
originated from the VLDL-R and one from the PCSK9 gene (see Figure 5.6A). Regarding hay
fever, two SNPs of the LDL-R and one SNP of the LDL-R showed a direct association to allergy

occurrence (see Figure 5.6B). For all analyses, the wildtype was set as the reference group.
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contact allergy contact allergy contact allergy
PCSK9 VLDL-R
chr1:55517344 (T) chr9:26222987 (C)
wildtype wildtype
heterozygous heterozygous 0.4
homozygous homozygous
0.2 0.2 0.2
0.45 (0.20; 0.98) 0.37 (0.14; 0.97) *
0.0 G 0 A 0.0
= control case p=4.44x107 ~ control case p=4.24x107 "~ control case
contact allergy
VLDL-R VLDL-R
chr9:26261340 (A) chr9:26276367 (A)
wildtype wildtype
0.4 heterozygous 0.4 heterozygous 0.4
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0.2 * 0.2 0.2
00 0.52 (0.28; 0.297) 0 * 2.22 (1.96; 4.64) 00 *
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Figure 5.6:Impact of selected hyperlipidemia-associated single

118

VLDL-R
¢hr9:26230579 (C)
wildtype
heterozygous
homozygous
0.43 (0.2; 0.9)
p=258x10?

LDL-
chr9:26296319 (T)
wildtype
heterozygous
homozygous

0.48 (0.25; 0.93)
p=2.96x10?

VLDL-R
chr9:26453356 (G)

wildtype
heterozygous
homozygous

0.49 (0.26; 0.96)
p=3.65x%x107

LDL-R

chr19:11228965 (A)
wildtype
heterozygous
homozygous

2.00 (1.04; 3.82)
p=3.68x%x107

nucleotide

polymorphisms (SNPs) on the development of contact allergy and hay fever. We
assessed selected hyperlipidemia-associated genetic variations in relation to allergy
occurrence using BMI- and hyperlipidemia-adjusted binomial logistic regression (odds ratios +

confidence intervals,

p-values,

and significance

levels (*:

p <0.05) are displayed

corresponding to each analysis). Out of the 118 tested SNPs originating from either the PCSK9
(n=14), LDL-R (n=19), VLDL-R (n=70), or apoB (n =15) gene, 9 SNPs were directly
associated to an increased prevalence of contact allergies. In detail, eight of the identified
SNPs were variations in the VLDL-R and one in the PCSK9 gene (A). Regarding hay fever,
two SNPs of the LDL-R and one SNP of the LDL-R showed a direct association to allergy
occurrence (B). For all analyses, the wildtype was set as reference group.
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5.6 Discussion

The prevalence of allergies has, similar to that of metabolic diseases, rapidly increased during
the past few decades (Langen et al., 2013). Moreover, both allergies and obesity are strongly
influenced by lifestyle determinants, especially the diet. These parallels propose a relation
between these two diseases, which in fact has been proven in previous studies on asthma
(Sybilski et al., 2015), food (Visness et al., 2009), and drug (Abbassi et al., 2021; Dias de
Castro et al., 2021) allergies. However, despite the evidence, causes of this association are
not very well understood yet. With our study, we aim to expand current knowledge about the
regulation of allergies in the context of metabolic comorbidities, especially obesity. We used
data from the German population-based FoCus cohort enabling us to identify distinctions
between allergy-affected and non-affected participants on metabolic, inflammatory, lifestyle,
microbiome, metabolome, and genetic level. Further information on the present allergy type
also ensured the differentiation between IgE-mediated type | and T cell-mediated type IV
allergies. We identified a positive relation between the presence of allergies, obesity, and

hyperlipidemia different in type | and type IV allergies.

With our data, we can display a co-occurrence of allergies and obesity as well as a positive
association with related anthropometric and metabolic measures. This relation is more
pronounced in contact allergies than in hay fever, supporting already known differing regulatory
mechanisms. The strong association of BMI and contact allergies is in line with the results of
Lusi et al., who found an increased prevalence of nickel allergy in overweight participants (Lusi
etal.,, 2015). An ltalian case-control study including 1128 participants also reported an
increased BMI and further identified alterations in the glucose metabolism and inflammatory
activity in nickel allergy participants (Watanabe et al., 2018). These alterations are also present
in our study popul ation; however, considering
proposes that these are rather associated to the presence of obesity than directly to the contact
allergy. Additionally, Watanabe et al. were also able to display significant alterations in the
body composition of increased fat and decreased lean mass with the presence of nickel allergy
(Watanabe et al., 2018), which is complementing the significant higher waist-to-hip ratio as a
marker of body composition, particularly body fat distribution within our study. These findings
might propose immunological properties of the adipose tissue in the relation of contact allergies

and obesity. However, for a precise conclusion on this relation, further studies are needed.

Above that, we were able to identify a direct contribution of alterations in the lipid metabolism
to both the risk for contact allergy and hay fever. This is of interest since previous studies have
not yet allowed for a clear valuation of this association mostly due to the lacking assessment

of potential influencing factors (Manti et al., 2017). Consistent with a higher proportion of
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hyperlipidemia in contact allergy in comparison to the respective control group, we found a
significant association with the participantso
participants reported an association of allergic rhinitis with a high-fat and low-carbohydrate diet
proposing a positive association of dietary fat intake and allergy occurrence overall (Kim et al.,
2016), another study by Trak-Fellermeier et al. revealed allergic sensitization in females with
imbalanced fat intake in particular (Trak-Fellermeier et al., 2004). On micronutrient level, an
investigation of dietar y -linblenic acid-rich linseed oil showed dampening effects of allergic
symptoms by 15-hydroxyeicosapentaenoic acid, a metabolite of eicosapentaenoic acid (EPA),
which was eosinophile-dependently produced in a mouse study (Sawane et al., 2019). Another
study by Kunisava et al. identified 17,18-epoxyeicosatetraenoic acid, another metabolite of
EPA, as an anti-allergic lipid metabolite in the same mouse model (Kunisawa et al., 2015).
These findings postulate the generation of lipid anti-allergic metabolic mediators out of dietary
omega-3 fatty acids for the counteraction of allergic reactions. This is of particular interest since
we did not only find poly-unsaturated fatty acids a nd s p elindlehid acidn the dietary,
but alindeaic udd glycerophospholipid metabolism on the metabolome level associated
to contact allergy occurrence. Hence, with our data we can clearly underline the important role
of a favorable, omega-PUFA-rich dietary fat constitution and involvement of lipid metabolites

for the prevention or improvement of contact allergies.

Even though hay fever is equally associated to the presence of hyperlipidemia and cholesterol
serum levels, we were not able to identify major differences in the dietary compaosition on
macronutrient level proposing other regulatory factors. On that note, hay fever was negatively
associated to the duration of sleep which is consistent with results from a US-based cross-
sectional study that has also reported an association between hay fever and sleep parameters,
such as insomnia and sleep apnea (Roxbury et al., 2018). However, to the best of our
knowledge, there is no further evidence on this relation yet. Hay fever was associated to lower
weekly rates of sports activity compared to their respective controls. There has been previous
research that revealed that elite athletes had an increased risk for asthma and allergy (Silva
and Moreira, 2015). An explanation for this was given by their frequent exposure to pollen
allergens during exercise in spring, summer, and winter, which might have led to bronchial
hyper-responsiveness (Helenius and Haahtela, 2000). Granted that the protective properties
observed within our study was not constituted of athletes, there might be a dose- and intensity-
dependent relation between sports and allergy risk possibly further affected by the
performance of either indoor or outdoor activities. Nevertheless, a short duration of sleep and
the lack of physical activity are strongly associated to multiple unfavorable health outcomes
and specifically conveyed by alterations of the lipid metabolism (Muscella et al., 2020;

Poggiogalle et al., 2018). Regarding the differences between contact allergy and hay fever,
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our findings indicate that they both are mediated by the impairments of the lipid metabolism
but might be regulated by different lifestyle determinants of either dietary fat, physical inactivity,

or an insufficient amount of sleep.

Apart from the regulation by lifestyle determinants, alterations in the lipid metabolism can also
be caused by a genetic predisposition. Here, variations in the PCSK9, apoB, LDL-R, and
VLDL-R gene are possible reasons for dysregulated blood lipids. Of interest, we were able to
identify mild associations between hyperlipidemia-associated genetic single nucleotide
polymorphisms (SNPs) of the stated genetic loci to both contact allergies and hay fever. While
contact allergy showed impairment in the PCSK9 and VLDL-R SNPs, hay fever displayed
alterations in the LDL-R and VLDL-R receptor considering both the BMI and the presence of
hyperlipidemia as confounding factors. These findings indicate that aside from the lifestyle,
genetic predisposition of metabolic implications might shape the risk of allergies in obesity and

hyperlipidemia.

The gut microbiome also plays a key role in the development of chronic conditions for
numerous reasons. As a result, one explanatory approach for the increasing allergy prevalence
is centered around the gut microbial changes caused by the rapid changes in diet and general
lifestyle patterns over the last century (Pascal et al., 2018). For a functioning immune system,
a sensitive balance between commensal and pathogenic microbial strains is mandatory.
However, not only the microbiome as a whole, but also the increased occurrence of individual
microbial strains can unbalance the immune function or even cause infection (Belkaid and
Hand, 2014). To assess if this holds true in our study, we performed broad microbial analysis.
By that, we were able to identify differences in the inter-individual microbial variance as well
as a clear trend towards impaired microbial intra-individual diversity between hay fever and
their respective control subjects. This finding is in line with the results of Watts et al., who
presented altered microbial composition reflected in reduced diversity and a shift in microbes
on phylum, genus, and species level (Watts et al., 2021). Notably, a high microbial diversity
majorly contributes to a sufficient defense against exogenous pathogens (Backhed et al.,
2012). We were not able to identify major differences in the microbial composition of contact
allergies. Still, alterations were present in the abundance of single microbial strains that may
contribute to contact allergy risk. Of note, several butyrate-producing genera (Butyricimonas,
Faecalibacterium, Fusicatenibacter, Dialister, Anaerotruncus) were reduced in allergic
individuals. Butyrate has been associated with the induction of regulatory T cells which may
counteract allergic Th2 induction (Ohnmacht, 2016). Above the diverse immune-regulatory
properties of the microbiota, the intestinal system also represents an important barrier against
environmental, and especially dietary pathogens. Obesity and an excessive dietary fat intake

in particular can impact this barrier function and by that directly contribute to an imbalanced
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immune response by the initiation of local and systemic inflammation (Bona et al., 2021). On
that note, there is reliable evidence on increased gut permeability in subjects with allergic
diseases (Majamaa and Isolauri, 1996; Ukabam et al., 1984) which might also be the case in
contact allergy within our study and could be an explanation for the strong effects seen related
to the obese phenotype and dietary pattern.

Limitations

With our study, we can only shed light on the associations seen with the co-occurrence of
contact allergy and obesity but are not able to conclude on the exact causality of this (1)
because we do not have information on the order of disease onset and (2) further information
especially regarding the immune function, e.g., cytokine profiles, would be necessary for a

precise biochemical interpretation.

5.7 Conclusions

Our data clearly indicate the co-occurrence of allergies, obesity, and hyperlipidemia
differentially mediated depending on the type of present allergy (see Figure 5.7). While contact
allergies are strongly linked to obesity coupled to the presence of hyperlipidemia, an imbalance
in dietary fat intake, and lipid metabolic pathways, hay fever is stronger associated with
alterations of the lipid metabolism than obesity which is predominantly mediated by reduced
levels of physical activity, decreased duration of sleep, and altered gut microbial compaosition.
Taken together, our results support the complex effects of exogenous lifestyle determinants
and subsequent metabolic implication on the adapted immune response resulting in higher
rates of both IgE- and T cell-mediated allergies. For the effective counteraction of both these
metabolic and immunological disorders, their complex interaction should be the subject of

further studies, especially on a functional level.
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Figure 5.7:Differential effects of obesity, hyperlipidemia, dietary intake, and physical
inactivity on type | versus type IV allergies. Our data clearly indicate the co-occurrence of
allergies, obesity, and hyperlipidemia differentially mediated depending on the type of present
allergy. While contact allergies are strongly associated to obesity coupled to the presence of
hyperlipidemia, an im-balance in dietary fat intake, and lipid metabolic pathways, hay fever is
stronger associated to alterations of the lipid metabolism than obesity which is predominantly
mediated by reduced levels of physical activity, decreased duration of sleep, and altered gut
microbial composition. Abbreviations: | = iodine; F = fluorine; PUFAs = poly-unsaturated fatty
acids; Vit = vitamin; Fe = iron; Ca = calcium; PCSK9 = proprotein convertase subtilisin/kexin
type 9; VLDL-R = very low-density lipoprotein receptor; LDL-R = low-density lipoprotein
receptor.
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6.2 Abstract

The prevalence of chronic nonZommunicable, lifestyle associated diseases is continuously
increasing. In this context, we aimed to re-evaluate the role of the diet by calculating an
adapted Healthy Eating Index (HEI-EPIC) and considering the nutrition - gut microbiota
modulation. We used data of N = 1220 human subjects from our FoCus cohort at baseline and
N = 592 at 5 year follow-up. Low diet quality, independent of caloric intake, was associated
with BMI and predictive of obesity manifestation over 5 years. Furthermore, it was associated
to a decreased age-at-onset of type 2 diabetes, arterial hypertension, hyperlipidemia and
cancer. Low diet quality was further related to a high gut Parasutterella abundance, which is a
bacterium linked to oxidative stress and involved in metabolic disease pathophysiology. So far,
our data indicate that low diet quality is associated with metabolic abnormalities and especially
weight accumulation and could above that be involved in accelerated immunological aging
reflected in reduced age-at-onset of several non-communicable diseases. This could possibly
be mediated by the promotion of gut microbial dysbiosis which is currently still under

evaluation.

Keywords

Diet quality, non-communicable diseases, weight regulation, gut microbiota, host metabolism.

6.3 Introduction

Human nutrition has drastically transitioned during the last half century. Simultaneously, the
healthcare system is facing rising global rates of various non-communicable diseases (Ronto
et al., 2018). This clearly indicates a causal relationship. Accordingly, it is well established that
a nutritious diet is one of the most important determinants of human health with protective
properties against chronic disease onset (Schwingshackl et al., 2018) and the preservation of
physiological functions at older age (Yeung et al., 2021). Still, its effective implementation for
medical purposes remains a major challenge, even though extensive nutritional research

efforts were made for years (Downer et al., 2020).

One dietary pattern that has been in the focus of scientific attention during recent decades is
the Mediterranean Diet, which is recognized for its anti-inflammatory and anti-atherosclerotic
properties and its association to longevity (Tosti et al., 2018) and has formed the basis for
modern dietary recommendations in many Western countries (Willett et al., 1995). For a

precise and individual utilization of diet-associated health benefits, the understanding of the
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underlying physiology is mandatory. However, fundamental studies on healthy-assumed single
dietary compounds, e.g. omega-3 fatty acids, derive rather heterogenous and even conflicting
results (Quispe et al., 2022), whereby the assessment of single compounds rather than the
diet as a synergistic whole has been discussed as important source of misconception (Schulze
et al., 2018). Another important reason for conflicting results, which has only recently gained
major scientific attention, could be the lacking consideration of the effects of the diet exerted
through interactions with the gut microbiota. In this regard, it has been outlined that unfavorable
dietary patterns reduce both the microbial diversity and variation, which transfers to an altered
uptake and excretion profile of metabolites from the microbial community and, by that, to the
modulation of alternate, pathophysiological metabolic pathways (Armet et al., 2022). One
recent example is the increased abundance of a specific Proteobacterium named
Parasutterella in people with obesity and Type 2 diabetes which formed a pathophysiological
link between an altered dietary intake towards high carbohydrate amounts and an impaired
glucose regulation and insulin resistance likely mediated through Parasutterellad Bigh cysteine

production (Henneke et al., 2022).

With this study, we want to re-evaluate the effects of the diet in the onset and severity of chronic
diseases, including cardio-metabolic, inflammatory, pulmonary and cancerous disease types
by taking into consideration the important axis of diet - gut microbiota - host metabolism
interactions. For this purpose, we calculated the Healthy Eating Index, which assesses the
nutritious value of the diet in a holistic manner by reflecting the adherence to resident dietary
recommendations and then evaluated the index values in relation to extensive cross-sectional

and longitudinal data from the Northern German FoCus cohort.

6.4 Material and methods

6.4.1 Study design and population

To evaluate the diet quality in relation to chronic non-communicable diseases and to identify
microbial mediators, comprehensive data from the German population-based Food Chain Plus
(FoCus) cohort have been used. A detailed description of the study cohort was recently
published by (Geisler et al., 2022). In brief, initial data collection was performed between 2011
and 2014 including a total of 1811 adults aged 18-83 years. Information about daily food intake
and other lifestyle habits, broad medical records, anthropometric and serum blood
measurements, intestinal microbiota 16S-rRNA sequencing data and metabolite profiles from
serum and urine samples have been conducted and are available for analysis. Furthermore,

5-year follow-up data from a subset (N = 592) are available for longitudinal assessment
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comprising information about the vital status, disease diagnoses and alterations in the lifestyle.
N = 1220 participants recruited through local registration offices with complete dietary records
were included into the study at baseline.

6.4.2 Ethical statement

Written informed consent was obtained from each included participant. The study protocol
conforms to the ethical guidelines of the 1975 Declaration of Helsinki and has been priorly
approved by the local ethics committee of the Medical Faculty at Kiel University, Germany
(A156/03).

6.4.3 Assessment of the diet quality

For a precise assessment of the diet quality, an adapted form of the Healthy Eating Index was
calculated from the valid semi-quantitative 12-month retrospective food frequency
guestionnaire according to the European Investigation into Cancer and Nutrition protocol
(EPIC-FFQ v.1) (Boeing et al., 1999). Data acquisition and processing as well as validation

procedure have been previously described elsewhere (Rohmann et al., 2022).

The Healthy Eating Index indicatesh ow ¢l osel y t he i msiddefined dicdakryé s di
recommendation, whereby the here used adapted form (HEI-EPIC)i s i n | i Gemawi t h t
food pyramid recommendations0 p u b | ithe Berrdan Begleral Agency for Agriculture and

Food (Groeneveld et al., 2020). We computed the index by adapting the calculation from von

Rusten et al. who specifically adjusted each step to fit the EPIC-FFQ data (Riisten et al., 2009).

Index values range from 0-80 with higher values reflecting a better conformation to guidelines

and nine food groups that are split in three scoring-categories are considered: (1) adequation

(drinks, vegetables, and fruits), (2) moderation (sweets/fatty snacks) and (3) in-betweens
(grains/grain products/potatoes, milk/dairy produce, meat/processed meat/fish/eggs, fats and

oils). Respectively, scores for are given with either increasing or decreasing consumption or

as a combination of both. In the latter case, if participants whose consumption of the target

category did not exceed the recommendation, scoring was performed according to adequation.

If the recommendation was exceeded, scoring was performed according to moderation. This

considers that, although a moderate amount of these foods is recommended, excessive
consumption, however, makes a significant contribution to daily energy intake (Rusten et al.,

2009).
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6.4.4 Health, social status and lifestyle

A gquestionnaire for nutrition medical studies provided by the popgen biobank (v.1.1) was used
to obtain information on p ar t i c mauiaah record, including both personal and family
history, and current health status by structured questions regarding oncological, cardio-
metabolic, vascular, internal, dermatological, neurological, and other diseases. To assess the
influence of the diet quality on various diseases, disease diagnoses were considered together
with other relevant information, including the disease onset age and, if appropriate,

subclassification.

6.4.5 Anthropometric measurements

Participants were weighed on digital scales in light clothing without shoes. Using a stadiometer,
height was measured. Using measuring tape, waist and hip circumferences were determined.
All physical examinations were performed in duplicates by trained medical staff. Mean values
were used for analyses. Body mass index (BMI) and waist-to-hip ratio (WHR) were calculated

using established equations.

6.4.6 Biochemical analysis

Blood samples were collected by venipuncture after an overnight fast. Clinical metabolic and
inflammatory markers were analyzed at the central laboratory of the UKSH in Kiel. Fasting
glucose and fasting insulin were further used to calculate Homeostatic Model Assessment
indices (HOMA-IR = (fasting glucose [mg/dl] x fasting insulin [uU/l] / 405); HOMA-b =
360 x fasting insulin [uU/l] / (fasting glucose [mg/dl] - 63)).

6.4.7 Gut microbiota

Stool samples were available for the assessment of the gut microbiota. Sample processing,
including DNA extraction, and 16S rRNA sequencing of the V1-V2 region were performed at
the Institute of Clinical Molecular Biology at Kiel University. Procedures were previously
described in detail by (Trautmann et al., 2020; Pisani et al., 2022).
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6.4.8 Serum and urine metabolite profiles

Serum and urine metabolomics profiling was performed from serum and spot urine samples
by the Department of Food Technology at Kiel University. In brief, samples were gently thawed
and diluted (urine: 1:500; serum: 1:1000) with methanol and water (50:50, v/v) and quality
controls were prepared following (Demetrowitsch et al., 2015). Data was acquired using the
high performance liquid chromatography (1260 Infinity System, Agilent, Waldbronn, Germany)
which was linked to an extreme high-resolution Fourier transform ion cyclotron resonance
mass spectrometry (7T, SolariXR, Bruker, Bremen, Germany). Mass spectra were obtained by
electrospray ionization in both positive and negative ionization mode and a mass range of
65-1500 Da. More details can be found in (Seoudy et al., 2023). Pooled QC samples were
injected at the start and end of each batch. Data were processed in the MetaboScape 2021b
software (Bruker, Bremen, Germany). Most probable chemical formulas were assigned based
on accurate measured masses, isotopic patterns and the seven golden rules (Kind and Fiehn,
2007), whereas compound names were matched to the Human Metabolome Database v.5.0
(Wishart et al., 2022). Signal correction, peak filtering and imputation of missing values were
conducted using R packdlgam etidls 2048). Bignalgarecton was 1 . 2 4 .
applied using QC-based random forest. Peak filtering was conducted by only including
compounds that were detected in at least 80 % of samples. Imputation of missing values was
performed using the k Nearest Neighbor method. Afterwards, datasets were merged to one

final data set, abundance data was log-transformed and pareto-scaled.

6.4.9 Statistical analysis

Statistical analysis and data visualization were performed with R (R Core Team, 2022) and R
Studio Version 1.4.1717. Using Shapiro-Wilk test, distribution of continuous variables was
determined. Normally distributed data are displayed as mean * standard deviation, and non-
normally distributed data as mean (interquartile range). Categorical variables are expressed
as counts and corresponding percentages. Univariate comparison of continuous variables was
performed using Mann-Whitney U Test (two independent groups) or Kruskal-Wallis test (> two
independent groups). Correlation of two continuous variables was performed using
Spearmanés r ank Totesttheeffeetstof dietrqualityeon disease occurrence and
phenotype, linear regression models adjusted for variables age and sex with HEI-EPIC values
as independent variables were performed. Of note, to prevent possible overcorrection, instead
of using t he Jatexaminatian,phe wiseasé dueatipe was used to assess the
parti ci pa-onsesdl cheprgcediseases. In case of gut microbiota and metabolomics

analyses, participants were stratified by HEI-EPIC values into groups of low (< 35), moderate
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(35-65) and high (> 65) diet qualities and, since we identified an association between diet

quality and the presence of obesity on phenotype level, linear regression models were
additionally adjusted for the presence of obesity regarding gut microbial composition and

metabolite profiles. To account for the high number of variables available for metabolite

analyses (> 500 independent variables per dataset), the 50 most predictive variables were

selected prior to adjusted regression analysis using a sparse Partial least squares-discriminant

analysis (PLS-DA) whi ch was performed usi n¢roharhetal,i Mi x O]
2017). For all analyses, statistical level was at alpha < .05.

6.5 Results

6.5.1 Characterization of the FoCus study population

Using cross-sectional data from our Northern German population-based FoCus cohort
(N = 1220), we extensively investigate the effect of low diet quality on the development and
severity of chronic non-communicable diseases. For this purpose we calculated an established
dietary index based on local Mediterranean-style dietary recommendations - the Healthy
Eating Index - from available FFQ data (HEI-EPIC) to address its interactions with other health
determinants, disease occurrence and severity markers as well as its interactions on the gut
microbiota and host metabolite profiles. Finally, low diet quality is evaluated regarding the

part i c irypaaweigts éhanges and morbidity using longitudinal health-related data.

Basic characterization of the study population and initial correlation of variables with the
HEI-EPIC are displayed in Table 6.1.



Table 6.1: Clinical characterization of the study population and association analysis of
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variables with HEI-EPIC values.

FoCus cohort

Diet quality assessed by the HEI-EPIC

All participants I's p
HEI-EPIC, 0-80 51 (46; 58) - -
Subjects, n 1220 - -
Female sex, n (%)? 716 (58.69) - 1.34 x 107
Age, yearsP 54 (44; 65) 0.074 1.02 x 102
Anthropometric measures
Height, cm® 172 (167; 180) -0.106 2.19 x 104
Weight, kg® 76.3 (65.95; 88.3) -0.15 1.51 x 107
BMI, kg/m?® 25.47 (22.71; 28.72) -0.118 3.74 x 10°
Waist-to-hip ratio® 0.87 (0.79; 0.94) -0.141 8.85 x 107
SBP, mmHg® 130 (120; 140) -0.035 0.22
DBP, mmHg® 80 (80; 80) -0.074 9.96 x 103
Metabolic markers
Glucose, mg/dI° 93 (88; 101) -0.079 9.08 x 10
Insulin, pu/I® 8.2 (5.9; 11.9) -0.109 3.13x 10*
HOMA-IRP 1.95 (1.34; 2.92) -0.112 1.95 x 10
HOMA-b® 97.09 (68.21; 142.75) -0.065 3.03 x 107?
Triglycerides, mmol/I° 96 (69.25; 134.75) -0.063 3.64 x 107?
Inflammatory markers
CRP, ng/ml° 2.3(1.4;4) -0.035 0.38
IL-6, pg/ml° 3.4 (2.4;4.9) -0.067 4.97 x 1072
wnt5a, ng/mlP 0.33(0.21; 0.5) -0.022 0.63
SFRP5, ng/ml® 5.59 (2.05; 13.03) -0.038 0.41

Using Shapiro-Wilk test, variables were tested for normal distribution. Normally distributed data are presented as

mean + standard deviation, non-normally data as median (interquartile range), and categorical variables as number

of subjects and percentages. 2 Statistical significance was tested using univariate Mann-Whitney U test.  Statistical
signfficance was tested wusing univar i at éAbb®ypatoas HE-BFICs=Headhgy k cor r
Eating Index for EPIC-FFQ data; BMI = Body Mass Index; SBP = systolic blood pressure; DBP = diastolic blood

pressure; HOMA-IR = Homeostatic Model Assessment of Insulin Resistance; HOMA-b = Homeostatic Model

Assessment of beta-cell function; CRP = C-reactive Protein; IL-6 = interleukin 6; wnt5a = wingless-type MMTV

integration site family, member 5A; SFRP5 = Secreted Frizzled Related Protein 5.
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6.5.2 Calculation and evaluation of the Healthy Eating Index
(HEI-EPIC) in the FoCus study population

The HEI-EPIC is calculated from the intake of individual food items that have been conducted
using a semi-quantitative Food Frequency Questionnaire (EPIC-FFQ v.1) and stratified into
nine food groups. Those groups whose scores are determined based on German dietary
recommendations differentially contribute to the overall index values dependent on their
nutritional value and energy density. Figure 6.1A displays the resulting index distribution
throughout the study population with a median value of 51 (46; 58).

As indicated in Figure 6.1B, participants reached highest score values in the ffruitsdcategory,
whereas the categories fAmeat, fish, thglonesd and
scores. In regard of nutrient intake, the HEI-EPIC index strongly correlates with the daily intake

of fibers (rs = 0.524, p = 3.12x 10®), minerals (rs = 0.323, p = 3.38x 10!), and organic acids

(rs = 0.23, p = 3.61x 10%%). In turn, high protein intake inversely affects the diet index values

(rs = -0.203, p = 7.88x 10*%). Overall, HEI-EPIC values do not correlate with the total energy

or food intake, proposing that this index is well suited for an independent assessment of diet

guality (see Figure 6.1C).



Role of low diet quality in chronic disease development

HEI-EPIC distribution [n]
150 - sex
[ ] remate p=134x107
- male
1004
504
O.
0 30 40 50
HEI-EPIC
HEI-EPIC categories
salt| -0.13 0.08 | -0.16 | -0.31 = 031 @ 0.07 | -0.35 | -0.04 | 0.24
sweets/snacks{ —
organic acids || 0.23  -0.06 | 0.13 | 029 | -045 | -0.09 | 0.39 | -01 0.2
meat/fish/eggs | ‘H"“' minerals || 032 023 | 041 | 032 007 | 046 | -024 | 007 0.9
o dairy{ — — fibres || 052 012 | 027 | 052 031 01 | 025 | -0.07 -0.09
= Spearman &
[=] 1.0 5
[=2] . [ | -« carbchydrates || 0.18 -0.09 | 0.03 0.3 0.2 -005 | 044 | -0.16 | -0.22
g fats/oils{e e — 05 5
8 : |
1) 0.0 fats || -0.03 0.08 | -001 | -0.2 0 005 | -0.29 | 017 0
@ grains/potatoes e 4D7 . 05
E T proteins | -0.2 006 | -009 023 021 01 |-049 | 01 | 029
L
* frits 1 l
gramm || -0.01 | 0.54 | 032 | 0.26 | 0.17 | 022 | -0.24 | 0.06  -0.1
- LA LR LR
vegetables . energy || 001 005 | 038 | 023 | 055 034 -052| 02 | -042
J ¥} 5 ] 2@ N R & S
water —- X ,?4?\ ‘s@\o \éc\e o \&OBE‘ \‘5\0\ d'e‘\d \EQ’Q (\'ag*
< P @ ERAT
™ 2 3 W& e
' : y ¥ y A & @
0 5 10 15 20 g‘\"‘ «
score HEI categories

Figure 6.1: Assessment of the diet quality using the Healthy Eating Index (HEI-EPIC) in

the FoCus study population. The HEI-EPIC is constituted of nine food groups that
differentially contribute to the overall score values ranging from 0-100 (A). Participants reached

hi ghest score valoastegor thheawtidgaandess Ameat , fi
ipotatoes, glisptay lonest achievesd tsares (B). Regarding nutrient intake, the
HEI-EPIC index significantly correlated with the daily intake of fibers, minerals and organic

acids. In turn, high protein intake inversely affects diet score values. Overall, HEI-EPIC values

do not correlate with the total energy or food intake (C). Abbreviations: HEI-EPIC = Healthy

Eating Index for EPIC-FFQ data.
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6.5.3 Relation of diet quality with other health determining factors

In the first set of analysis, we want to assess how closely the diet quality correlates with other

health determining factors, including age and sex, social status and lifestyle activities. Lifestyle

characterization is displayed in Table 6.2 and correlations selectively shown in Figure 6.2.

Table 6.2: Lifestyle characterization of the study population and association analysis
of variables with HEI-EPIC values.

FoCus cohort

Diet quality assessed by the HEI-EPIC

All participants Is p
HEI-EPIC, 0-80 51 (46; 58) - -
Subjects, n 1220 - -
Education, work and television exposure
Education? - 2.2 x107?
- Low, n (%) 56 (5.56)
- Moderate, n (%) 540 (53.62)
- High, n (%) 411 (40.81)
Work? - 2.73 x 10
- Unemployed, n (%) 36 (2.97)
- Pension, n (%) 379 (31.3)
- Part-time, n (%) 249 (20.56)
- Full-time, n (%) 426 (35.18)
Television, h/week? 2 (1.5; 3) -0.141 9.68 x 1077
Physical activity
Everyday, h/week® 15.75(9.12; 25.5) 0.089 1.96 x 103
Sports, hiweek® 4 (1.75;7) 0.164 9.20 x 10°
Smoking
Smoker? - 9.80 x 10°®
- Never, n (%) 459 (38.47)
- Former, n (%) 531 (44.51)
- Current, n (%) 203 (17.02)
Start age, years® 17 (16; 20) 0.238 4.39e-04

Using Shapiro-Wilk test, variables were tested for normal distribution. Normally distributed data are presented as

mean + standard deviation, non-normally data as median (interquartile range), and categorical variables as number

of subjects and percentages. St at i sti cal significance was tested using ur
Abbreviations: HEI-EPIC = Healthy Eating Index for EPIC-FFQ data; BMI = Body Mass Index; SBP = systolic blood

pressure; DBP = diastolic blood pressure; HOMA-IR = Homeostatic Model Assessment of Insulin Resistance;

HOMA-b = Homeostatic Model Assessment of beta-cell function; CRP = C-reactive Protein; IL-6 = interleukin 6;

wnt5a = wingless-type MMTV integration site family, member 5A; SFRP5 = Secreted Frizzled Related Protein 5.
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Figure 6.2:Relation of diet quality with other health determining factors. The relation of
HEI-EPIC values representative of diet quality was associated to other established health
determinants using suitable univariate statistical methods. This shows that the diet quality
correlates with the participants age (A). On social level, education degree (B) and the type of
employment (C) also affected the diet quality. Furthermore, smoking participants reveal lowest
diet quality compared to former smokers and participants who claimed to have never smoked
before (D). Similarly, the duration of television exposure is negatively associated with the diet
quality (E) and, regarding physical activities, both moderate and vigorous activities correlate
with HEI-EPIC values (F + G). Abbreviations: HEI-EPIC = Healthy Eating Index for EPIC-FFQ
data.

Age and sex

Male subjects display lower diet quality reflected in lower index values compared to female
participants (p = 1.34 x 107). Additionally, the HEI-EPIC mildly correlateswitht he parti ci p.
age (rs = 0.074, p = 1.02 x 10?).

Education, work and television exposure

Low educational levels were associated with lower diet quality compared to participants with
high college or university degrees (p = 5.08 x 10-%). Unemployment is also associated with low

diet quality in comparison with part or fulltime employment and pension (p =2.73 x 10°).
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Television watching, and therefore assumingly the exposure to food advertisement, is also
associated with a decrease in HEI-EPIC (rs = -0.145, p = 3.93 x 107).

Physical activity, sleep and smoking

Physical activity was evaluated as everyday activity comprising moderate tasks around the
house and walking, as well as sports activity like cycling which both positively correlated with
the HEI-EPIC (everyday activity: rs = 0.089, p = 1.96 x 107; sports: rs = 0.164; p = 9.20 x 10°).
In contrast, the duration of sleep did not relate to the diet quality. Regarding smoking behavior,
current smokers showed lower HEI-EPIC values compared to participants who never smoked

as well as former smokers (p = 1.27 x 107).

6.5.4 Effects of the diet quality on non-communicable disease
phenotypes

As a next step, we evaluate the effects of the diet quality on the development and phenotype
of chronic non-communicable diseases including cardio-metabolic, inflammatory, pulmonary
and cancerous diseases. Since we revealed the relation between diet quality and the
partici pant swéaduged furthardnalgsesxior these important health determinants
or, in the case of disease onset age assessment, disease duration. Results of this linear

regression analysis are presented in Table 6.3.

The initial cohort characterization already displayed an association of the HEI-EPIC with the
BMI and waist-to-hip ratio as indicators of body fat accumulation and metabolism-affecting
distribution (Table 6.1). Using age- and sex-adjusted linear regression, the contribution of diet
guality to the development of severe obesity can be confirmed. HEI-EPIC further correlates
with blood markers of the glucose and lipid metabolism as well as the systemic inflammation
marker IL-6. However, these associations diminish after confounder adjustment suggesting a

more complex association with metabolic implications not regulated through diet quality alone.

We also assessed the relation of HEI-EPIC values and Type 2 diabetes, arterial hypertension,
hyperlipidemia and cancer. Interestingly, even though we are not able to display direct effects

of the diet quality on disease occurrence, it significantly affectsthep ar t i c i pakdistkased a g e
onset, even after accounting fort he parti ci pant s6 s dmxconaastdthedi s e a
assessment of atherosclerotic cardiovascular, respiratory and inflammatory diseases does not

reveal significant alterations through diet quality.
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Table 6.3: Effects of the diet quality on non-communicable disease phenotypes.

FoCus cohort

Diet quality assessed by the HEI-EPIC

All participants OR (95% ClI) p
Subjects, n (%) 1220 - -
Obesity
Obesity, n (%) 236 (19.36) -1.67 (-2.96; -0.39) 1.1 x 102
Obesity degree -0.82 (-1.32; -0.32) 1.24 x 108
-1, n (%) 158 (12.97)
- 11, n (%) 54 (4.43)
- 111, n (%) 24 (1.97)
Type 2 diabetes
Type 2 diabetes, n (%) 86 (7.10) -1.08 (-3.09; 0.93) 0.29
- Age-at-onset, years 52.5(42; 62) 0.18 (0.06; 0.31) 4.95 x 10°®
Arterial hypertension
Arterial hypertension, n (%) 397 (32.84) -1.16 (-2.3; 0) 4.95 x 107
- Age-at-onset, years 50 (42; 58) 0.14 (0.06; 0.22) 7.74 x 104
Hyperlipidemia
Hyperlipidemia, n (%) 333 (27.87) -0.31 (-1.52; 0.9) 0.62
- Age-at-onset, years 51 (42; 60) 0.22 (0.1; 0.34) 6.24 x 10
Atherosclerotic cardiovascular disease (ATCVD)
ATCVD?, n (%) 86 (7.05) 1.39 (-0.66; 3.44) 0.19
- Age-at-onset, years 56 (48.75; 63) 0.2 (0; 0.39) 0.05
Inflammatory disease
Inflammatory disease®, n (%) 184 (15.08) 0.37 (-1.06; 1.8) 0.61
- Age-at-onset, years 40 (23; 52) 0.07 (-0.02; 0.16) 0.13
Respiratory disease
Respiratory disease®, n (%) 170 (14.44) 0.1(-1.38; 0.11) 0.9
- Age-at-onset, years 31 (16; 48) 0.01 (-0.08; 0.11) 0.78
Cancer
Cancerd, n (%) 112 (9.32) 0.5 (-1.29; 2.29) 0.59
- Age-at-onset, years 54 (42; 61) 0.25(0.11; 0.39) 5.57 x 10*

a Atherosclerotic cardiovascular disease variable comprises the diagnosis of chronic heart failure and coronary
artery disease as well as the experience of an acute myocardial infarction. ® Inflammatory disease variable
comprises the diagnoses of psoriasis ar t hr i t i s, rheumatoid arthritis,© Crohn
Respiratory disease variable comprises the diagnosis of asthma, chronic bronchitis and other specified diseases. ¢
Cancer variable comprises any type of cancer diagnosis. Using Shapiro-Wilk test, variables were tested for normal
distribution. Normally distributed data are presented as mean + standard deviation, non-normally data as median
(interquartile range), and categorical variables as number of subjects and percentages. Statistical significance was
tested using linear regression models adjusted for biological sex, age/disease duration. Abbreviations:
HEI-EPIC = Healthy Eating Index for EPIC-FFQ data; BMI = Body Mass Index; SBP = systolic blood pressure;
DBP = diastolic blood pressure; HOMA-IR = Homeostatic Model Assessment of Insulin Resistance; HOMA-b =
Homeostatic Model Assessment of beta-cell function; CRP = C-reactive Protein; IL-6 = interleukin 6; wnt5a =
wingless-type MMTV integration site family, member 5A; SFRP5 = Secreted Frizzled Related Protein 5.
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6.5.5 Effects of different diet qualities on the gut microbiota

Dependent on the availability of 16S rRNA sequencing data, N = 1021 participants of the
FoCus cohort were included into the evaluation of effects of the diet quality on the gut
microbiota. For this purpose, participants were stratified into groups based on established cut-
offs (Rusten et al., 2009) of low (< 35, N = 90), moderate (35-65, N = 828) and high (> 65, N =
103) HEI-EPIC values. Initial extraction and assessment of the core measurable microbiota
(CMM = bacteria present in at least 40 % of participants with a relative abundance of at least
0.5 %) reveals the presence of 19 bacterial genera (Figure 6.3A).

Adjusted linear regression of their C M M Orslative abundance emphasizes that the genera
Parasutterella and Dialister are significantly more and the genus Sutterella is less abundant in
participants with low diet quality independent of the participants age, sex and obesity status

(Figure 6.3B). The microbi al vari ati on, -@versitpwas &sdessedrugngtwo o a s
established approaches: (1) Bray-Curtis that is based on dissimilarities throughout the whole
microbiota and (2) Jaccard that is based on the presence or absence of core bacteria. Using
adjusted permutational multivariate analysis of variance (PERMANOVA) both approaches

indicate diet quality effects on the microbial variation (Bray-Curtis: p =0.006; Jaccard:

p =0.048, Figure 6.3C).

The comparison of the species ri cHivaestysinratutny even

shows no alterations by the diet quality (Figure 6.3D).
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Figure 6.3: Effects of different diet qualities assessed by the HEI-EPIC on the gut
microbiota. The effects of different quality diets on the gut microbiota were assessed by
stratifying participants into three HEI-EPIC groups of low (< 35), moderate (35-65) and high
>65) wvalues. Linear regression models adjusted
of obesity were used to assess effects between groups. Extraction and assessment of the core
measurable microbiota reveals the dominating presence of 19 bacterial genera (A).
Subsequent adjusted linear regression of relative abundances reveals that the genera
Parasutterella and Dialister are relatively more abundant whereas the genus Sutterella is
relatively less abundant in participants with low diet quality (B). Further evaluation displays an
effect of diet quality on the microbial variation (= b-diversity) of participants using Bray-Curtis
and Jaccard approaches (C). In return, no effect of the diet quality on the number and
evenness of -divgrsity was sbsefved (D). Statistical significance was defined as
U < .05 with * ipx@.05c* p<®od and a.$. p ©s 0 oAblGeviations:
HEI-EPIC = Healthy Eating Index for EPIC-FFQ data; PERMANOVA = Permutational
Multivariate Analysis of Variance.


























































































































































































